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Abstract

Electric vehicles have received substantial atbenti the past few years since they provide
a more sustainable, efficient, and greener tramnapon alternative in comparison to
conventional fossil-fuel powered vehicles. Lithidom batteries represent the most
important component in the electric vehicle powaenrand thus require accurate
monitoring and control. Many challenges are stltihg the mass market production of
electric vehicles; these challenges include battesy, range anxiety, safety, and reliability.
These challenges can be significantly mitigatedirmorporating an efficient battery
management system. The battery management systespansible for estimating, in real-
time, the battery state of charge, state of healt, remaining useful life in addition to
communicating with other vehicle components andsgsiiems. In order for the battery
management system to effectively perform thesestaskigh-fidelity battery model along
with an accurate, robust estimation strategy muskweollaboratively at various power
demands, temperatures, and states of life. Lithiombatteries are considered in this
research. For these batteries, electrochemical imoel@resent an attractive approach since
they are capable of modeling lithium diffusion peeses and track changes in lithium
concentrations and potentials inside the electroded the electrolyte. Therefore,
electrochemical models provide a connection tophgsical reactions that occur in the
battery thus favoured in state of charge and sfdtealth estimation in comparison to other

modeling techniques.



The research presented in this thesis focuses waneithg the development and
implementation of battery models, state of chaage, state of health estimation strategies.
Most electrochemical battery models have beeniedrifising simulation data and have
rarely been experimentally applied. This is becamsst electrochemical battery model
parameters are considered proprietary informatdheir manufacturers. In addition, most
battery models have not accounted for battery agimydegradation over the lifetime of
the vehicle using real-world driving cycles. Theref, the first major contribution of this
research is the formulation of a new battery sihtharge parameterization strategy. Using
this strategy, a full-set of parameters for a redudorder electrochemical model can be
estimated using real-world driving cycles while @@tely calculating the state of charge.
The developed electrochemical model-based statehafge parameterization strategy
depends on a number of spherical shells (modedsgtat conjunction with the final value
theorem. The final value theorem is applied in otdealculate the initial values of lithium
concentrations at various shells of the electrdden, this value is used in setting up
constraints for the optimizer in order to achieweumate state of charge estimation.
Developed battery models at various battery statdge can be utilized in a real-time
battery management system. Based on the developéelsn estimation of the battery
critical surface charge using a relatively newmation strategy known as the Smooth
Variable Structure Filter has been effectively agahl The technique has been extended to

estimate the state of charge for aged batteriaddition to healthy ones.

In addition, the thesis introduces a new batteryngagmodel based on

electrochemistry. The model is capable of captubagery degradation by varying the



effective electrode volume, open circuit potensigte of charge relationship, diffusion
coefficients, and solid-electrolyte interface remige. Extensive experiments for a range
of aging scenarios have been carried out overiagef 12 months to emulate the entire
life of the battery. The applications of the propdgparameterization method combined
with experimental aging results significantly impeothe reduced-order electrochemical
model to adapt to various battery states of lifertlkermore, online and offline battery
model parameters identification and state of chaggenation at various states of life has
been implemented. A technique for tracking changethe battery OCV-R-RC model
parameters as battery ages in addition to estimafithe battery SOC using the relatively
new Smooth Variable Structure Filter is presentdtk strategy has been validated at both
healthy and aged battery states of life using dgvscenarios of an average North-
American driver. Furthermore, online estimationtloé battery model parameters using
square-root recursive least square (SR-RLS) witlgefiting factor methodology is
conducted. Based on the estimated model paramet&rs)ation of the battery state of

charge using regressed-voltage-based estimatiaiegyrat various states of life is applied.

The developed models provide a mechanism for camdpithe standalone
estimation strategy that provide terminal voltag®te of charge, and state of health
estimates based on one model to incorporate thiéseedt aspects at various battery states
of life. Accordingly, a new model-based estimatsmategy known as the interacting
multiple model (IMM) method has been applied bylizing multiple models at various
states of life. The method is able to improve ttaesof charge estimation accuracy and

stability, when compared with the most commonlydusteategy. This research results in a



number of novel contributions, and significantlyvadces the development of robust
strategies that can be effectively applied in teak onboard of a battery management
system.

Keywords: Lithium-lon Batteries, genetic Algorithnmoptimization, electrochemical
battery model, parameter identification, state dfarge estimation, Battery management
systems (BMS), interacting multiple models (IMM}as$e of charge (SOC), state of health
(SOH), filtration, estimation.
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Chapter 1: Introduction

This chapter provides an introduction to the refeaonducted; including the problem
statement, research contributions and novelty,cagdnization of the thesis.

1.1  Problem Statement

Recently, the automotive industry is experiencingmajor technology shift from
conventional, fossil-fuel propelled vehicles toottéied hybrids (HEVS), plug-in hybrids
(PHEVSs), and battery electric vehicles (BEVs). Ashicles become more electrified, this
brings technical challenges that must be addressadier to accelerate the wide adoption
of this emerging technology. Batteries represectira component for the electric vehicle
powertrain and therefore require accurate real-thngervisory control and monitoring.
The battery management system (BMS) is responfiblaccurate monitoring of critical
parameters such as the battery pack state of c{8@QE), state of health (SOH), and
remaining useful life (RUL). Furthermore, the BM8Snmumunicates with other critical
onboard controllers and subsystems, maintains balancing, performs thermal
management, and ensures safety.

As an example to demonstrate the necessity of paaimobust SOC and SOH
estimation technique on board of an electric vehiconsider the following: As per
October, 2012, there are 112 documented casesstdrmers complaining of capacity loss
in their electric vehiclés [1]. In addition, around 11.8% of the total nuenlof Nissan Leaf
vehicles sold in Arizona have exhibited a lossapacity gauge bars (Note: first capacity

bar represents 15% capacity loss and 6.25 in theesuent bars), [1].
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For the SOH, BEVs and HEVs have been on the méokejuite a short period of
time thus possible malfunctions in batteries areg@at concern. Therefore, adaptive
control of batteries is necessary to account famgagnd degradation in performance that
might affect vehicle range of operation and chaygifficiency, [2]. Furthermore, safety is
of great concern, since EVs are relatively nethtbautomotive market (E.g. Ford focus
and Nissan Leaf have been on the market for oylgads) as such new vehicles typically
need some time for the assessment of their perfazenan real-world operations (until
odometer reaches 150,000 miles), [3]. Any sevees filue to battery overcharge or short
circuits would result in loss of market share atwm,customers moving away from
acquisition of electric vehicles. Accordingly, h#salmonitoring and estimating the
remaining useful life for battery systems is extegmmportant.

Since electric and hybrid vehicles have been réc@mroduced to the market, it
will require some time to assess their performancesal-world driving conditions. In
particular, batteries might suffer from irreversillegradation due to cycling and that in
turn adversely affects the SOC estimation accuvaugh is of great concern to drivers.
Accordingly, the battery management system (BMS) thabe adaptive to at least partly
compensate for aging and degradation in perform#ratemight affect the vehicle range
of operation and charging efficiency.

In order for the BMS to accurately estimate thadsgtSOC, SOH, and RUL, the
BMS needs an accurate, high-fidelity battery mathigral model along with a robust
estimation strategy to work collaboratively at wvals states, power demands, and

temperatures. This is a tremendously challengisly &ince battery packs run under
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dynamic charging and discharging currents basetth@ariving pattern (acceleration and
regenerative braking) of the driver.

As demonstrated in the literature, and reinforeethis thesis, most battery models
that currently exist in the literature do not aauofor aging and degradation. Models have
been developed based on single battery stateeo&lifa fresh (healthy) state. As battery
ages, most battery models suffer from divergenoblpms in terminal voltage calculation
which in turn affects the state of charge estinmafiocuracy. It is therefore the goal of this
research to further advance and develop battengagiodels based on electrochemistry
and equivalent circuit based models and track abmtitat occur in the battery parameters
as battery degrades.

Regarding electrochemical battery models, a larggomty of electrochemical-
based models presented in the literature are bas@dmputer simulations and have not
been parameterized using experimental data. Irtiaddihe full-set of the reduced-order
electrochemical model parameters have not beenifieelrusing real-world driving cycles
while calculating the state of charge. Furthermow@,state of charge parameterization
model has been developed to adjust the spherib@esbased state of charge calculation
accordingly. Therefore, this thesis overcomes fap in the literature and provides a
generic technique for parameter identification gsiavolutionary algorithms. The
technique has been used to estimate the full-gbeatduced-order electrochemical model
parameters based on a 3.3V, 2.3Ah Lithium Iron Bhate (LiFePO4) battery at various
states of life. Furthermore, the thesis includesewa electrochemical model-based SOC

parameterization strategy based on the numberefrgal shells (model states) and on the
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final value theorem. The final value theorem islegojin order to calculate the initial values
of lithium concentrations at various shells of gtectrode. Then, this value has been used
in setting up a constraint for the optimizer in@rdo achieve accurate SOC estimation.
Developed battery models at various battery statdge can be utilized in a real-time
battery management system.

1.2  Research Contributions and Novelty

The overview of the research conducted in thisishesas shown below in Figure 1.1. The
first main contribution of this research projecths development of a new state of charge
parameterization strategy based on the numberegtretie shell concentrations and the
final value theorem. This creates new opportunitefit current and voltage experimental
data and identify the reduced-order electrochenmuzadel parameters while evaluating the
state of charge based on the electrode concemtrgpiberical average. Extensive testing
using real-world driving cycles such as the Urbam&mometer driving Schedule (UDDS)
have been conducted on fresh lithium-lron Phosphatis at controlled temperatures.
Identification of the full-set of the electrochemliecnodel parameters have been carried out.
The model has been validated using an aggressmegicycle such as the US06 driving
cycle.

In addition, the parameterized electrochemical modsates new opportunities and
possibilities for developing aging models by vagyitme effective electrode volume. An
extensive array of accelerated aging tests have bagied out at elevated temperature
over a period of 12 months. This period was useag® the cell from 100% capacity to

their end-of-life specified by most automotive meuturers at 80%. The proposed
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electrochemical model has been validated and exquhmglon to enable tracking parametric
changes that would reflect battery aging. Thesamaters include the open circuit voltage-
state of charge relationship, the solid particliéudion coefficient, the solid-electrolyte-
interface resistance, and the stoichiometry radiaes. The model has been validated using
different driving cycles that have not been presigwsed during the optimization phase.

The methodology can be applied to any battery chieynith different specifications.
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A robust estimation strategy known as the Smootiielsée Structure Filter (SVSF)
has been applied to estimate the electrode créindace charge and the state of charge at
various battery states of life. The strategy woirksa predictor-corrector form and is
computationally efficient to be implemented on labaf a battery management system.

In addition to the aforementioned research conduictéhe electrochemical battery
modeling, tracking of parametric changes for tha\eent-circuit-based models has been
implemented in both online and offline settingseTdffline tracking technique utilizes
Genetic Algorithm optimization to estimate modetgraeters while the online tracking
methodology uses the Square-Root Recursive Leasar8gestimation to track model
parameters. An extensive array of aging tests kas lsonducted over the course of 12
months simulating the entire lifetime of a batteényan all-electric vehicle. The tests
encompass the driving habits of an average Nortledgan driver in regular weekdays
and weekends. A mix of benchmark driving cyclesehlbgen used in this study separated
by a series of reference performance tests (R®Tagdess degradation over the lifetime of
the vehicle. Furthermore, a state of charge estomatrategy has been applied to estimate
the state of charge based on the SVSF and thesesgt@oltage-based estimation strategy.
The techniques have shown robustness to modelegytamties and sensor noise and work
relatively well at all battery states of life.

Using the developed models at various batteryst#tife, a technique widely used
in radar and tracking applications have been adioptéhe battery management field. The
technique is known as the interacting multiple niedsased on the Smooth Variable

Structure Filter (IMM-SVSF). Instead of relying one single battery model in calculating
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the terminal voltage and estimating the state dorgh, the IMM-SVSF works by
incorporating multiple models at various statedifef Results indicate the necessity of
having an adaptive technique that accounts foeha#tging and degradation.

The results of this research represent significantributions to the area of battery
modeling and state of charge estimation, as wel #se body of knowledge in the battery
management systems field. In order to provide ansamy of research contributions, a list
of original research goals presented in this thes@disted below:

Primary Contributions:

1. Development of a new SOC parameterization strategped on the number of
spherical shells and the final value theorem.

2. Development of an aged battery model based onretdemistry by varying the
effective electrode volume.

3. Estimation of the battery state of charge and thieal surface charge at various
states of life based on the developed model.

4. ldentification of the full set of the reduced-orderodel parameters at fresh
(healthy) state.

5. Tracking changes of the battery electrochemical ehpdrameters such as the
diffusion coefficient, solid-electrolyte interfacesistance, open-circuit voltage-
state of charge relationship, and the cathode aadeastoichiometry ratio values.

6. Development of an aged battery model based on algmtscircuit-based models.

7. Application of the Smooth Variable Structure Filbesed on the developed models

to estimate the state of charge at various stétée.o
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Development of an adaptive method to estimate @€ 8nd the terminal voltage
based on the IMM-SVSF.
Estimation of the battery parameters using the &gjRaot Recursive Least Square

estimation at fresh and healthy battery states.

10. Application of the regressed voltage-based strategstimate the state of charge

at various states of life.

Secondary contributions rely on the attained pnnwares as follows:

Secondary Contributions:

1.

Identification and quantification of the paramettrat contribute to battery aging
such as the depth of discharge and temperatures.

Estimating the battery effective electrode voluntech can provide an indication
of the battery state of health.

A better understanding of how the SVSF performgamparison to the IMM-
SVSF according to its smoothing boundary layer, gnedexistence of modeling
uncertainties and sensor noise.

Estimating the OCV-R-RC battery model parameteosiges an indication of the
battery state of health.

A better understanding of battery aging and failmechanisms that might occur

in traction battery packs.

These contributions have been reported in manustripnitted or accepted for publication

in scientific journals as listed in the next segtio
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1.3  Organization of the thesis

This thesis presents a combination of analyticdl@perimental research used to propose
advancements in battery mathematical modelinge sttcharge, and state of health
estimation based on fresh and aged batteries.hiHsgstis organized as follows:

Chapter 2 provides a literature review of battery modelstestof charge, state of
health, and aging models.

Chapter 3 proposes a new state of charge parameterizatiaegyr for identifying the
full-set of parameters in a reduced-order eleceaubal model for a fresh battery. The
major contributions of the paper include the depaient of a new electrochemical model-
based SOC parameterization strategy based on thieenwf spherical shells (model states)
and the associated application of the final vate®tem. The final value theorem is applied
in order to calculate the initial values of lithiuconcentrations at various shells of the
electrode. Then, this value has been used in gaffina constraint for the optimization
strategy used in estimating the SOC. The propoatdry models for various battery states
of life are computationally efficient and can bdized in a real-time battery management
system.

In addition, the chapter presents a detailed aizabyfsthe proposed models in the
context of battery usage in a mid-sized electribicle. The vehicle model is used to
generate the current profile for the battery acegydo the velocity profile from driving
cycles. Furthermore, the chapter describes theremeetal setup that was used for data
collection, including battery cyclers and enviromtz¢ chambers. A detailed analysis of

the battery reference performance tests includiivgd cycles have been presented. These
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tests have been used for model fitting and valdatExperimental results of the terminal
voltage and state of charge, based on the develpaeineterization model have been
presented.

Chapter 4 includes the development of an aging battery modphble of capturing
battery degradation by varying the effective eled#r volume. Furthermore, tracking the
electrochemical model parameters that contribut@gimg as battery degrades is also
presented. These parameters include diffusion icomit, solid-electrolyte interface
resistance, and the OCV-SOC relationship.

The chapter summarizes the extensive accelerated tasgt that has been conducted
on battery cells until the battery reaches the @Hrlife (80% of its capacity). In addition, a
reference performance test using driving cycles lleen conducted on aged batteries.
Finally, a battery critical surface charge estimatstrategy has been designed to estimate
the state of charge based on the identified battergel parameters. A strategy known as
the Smooth Variable Structure Filter (SVSF) hasnbesed for battery critical surface
charge estimation.

Chapter 5 involves a detailed description of the aging sttitht simulates the entire
lifetime of the electric vehicle. The chapter sumizes the proposed parameter
identification and SOC estimation techniques baseaquivalent circuit-based models.
Two different approaches for battery SOC estimaéind model parameters identification
have been implemented and compared. Battery madahpeters identification using both
online and offline techniques at various batteayest of life has been conducted. In the first

approach, an online recursive least square methsdbhen applied to estimate battery
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model parameters and to estimate the open cirolidge (OCV). A square-root version of
the recursive least square method (SR-RLS) has pessented in this research with
forgetting factor since it represents a robustestion strategy. Based on the estimated
battery OCV, a regressed-voltage method has bgaedpo map the OCV to the battery
SOC thus provides an estimate of the battery SO@rabus states of life. In the second
approach, a Genetic Algorithm (GA) optimizationasdgy has been applied offline to
estimate the battery model parameters at varicatessof life. Based on the identified
model parameters, a battery SOC estimation stratagybeen designed to estimate the
SOC based on the identified battery model parameldre SVSF has been presented for
battery SOC estimation. The proposed strategy kas Iselected since it demonstrates
robustness to modeling uncertainties, sensor naiseé,to SOC initial conditions. The
strategy has been applied to estimate the battefy & various battery states of life from
fresh (healthy) state (100% capacity) to 80% rethicapacity.

Chapter 6 presents a new SOC estimation strategy knowneataracting Multiple
Models using the Smooth Variable Structure FiltéMM-SVSF). The proposed
methodology can adapt to various aging conditionts@n provide an accurate approach
that can be implemented in a real-time on-boartebhatanagement system (BMS). The
proposed method presents a proof of concept foapbécability of adaptive techniques in
battery SOC estimation. The IMM-SVSF techniquesisdufor extracting the state of charge
(SOC) information based on an equivalent circugdsh battery aging model. This
technique is capable of tracking the battery SO@ terminal voltage under aging

conditions. As battery ages, parameters such astdraal resistance and capacity change
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overtime and thus, the battery model has to adapetse variations and provide an accurate
SOC estimate over various charging/discharging esyaintil the end-of-life (EOL).
Computer simulations and experimental results stimveffectiveness of the proposed
technique for real-time BMS applications.

Chapter 7 provides a summary of the thesis, the major cormhss and the

recommendations for future research.
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Abstract

Electric vehicles have received substantial atberiti the past few years since they provide a more
sustainable, efficient, and greener transportaditernative in comparison to conventional fossil-
fuel powered vehicles. Lithium-lon battery packe amcreasingly used and are an important
component in the electric vehicle powertrain. débatteries pose many challenges in the mass
market production of electric vehicles. These idellbattery cost, range anxiety, safety, and
reliability. These challenges can be significantlitigated by incorporating an efficient battery
management system. The battery management syst&spagnsible for estimating, in real-time,
the battery state of charge, state of health, anthining useful life in addition to communicating
these parameters with other vehicle components sandmsystems. In order for the battery
management system to effectively perform thesestashigh-fidelity battery model along with an
accurate, robust estimation strategy must be degdldg work collaboratively at various power
demands, temperatures, and states of life. Thascisallenging task in safety critical applications
such as in the automotive sector. This paper pesvedreview of the publications related to battery
models, aging models, and the associated stateaofe, state of health, and remaining useful life
estimation strategies Keywords:Battery literature review, battery modeling, staté charge
estimation, state of health, lithium-lon batteries.
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2.1 Introduction

Battery management systems (BMS) play an importdatin hybrid and electric vehicles
since the battery pack is safety critical and ohhe most important and expensive parts
of the vehicle. They therefore require accurate itnong and control. In order to
efficiently manage the battery, an accurate estonaif the battery state of charge (SOC),
state of health (SOH), and remaining useful lif&J(Ris needed. SOC is defined as the
remaining battery capacity in comparison to thédogtoverall capacity, thus providing an
indication of the vehicle remaining driving ranffd, SOH is a measure of the irreversible
degradation that occurs in the battery performahaeto cycling, [1]. The SOH provides
a comparison of the current state of the battergugethe fresh (healthy) battery before any
cycling, [1]. SOH is a measure of the battery’satality to respond to the required power
demand and thus an indicator of potential needrfaintenance or replacement, [1]. Two
main critical factors affect the battery SOH, naynddattery capacity fadandpower fade
The batterycapacity fadehas a significant impact on the vehicle drivingga which is
critical since it is associated with customer raageiety. The second factor is thewer
fade which impacts the vehicle performance and drivigbiThe RUL is used to predict
the battery remaining useful time across its pedened lifetime thus represents a

proactive indicator for battery maintenance, [1].

Since the aforementioned parameters cannot betlgirmeasured with a sensor, a
high-fidelity mathematical model along with a robastimation algorithm is necessary. A
trade-off between model accuracy and complexityprissent in relation to real-time

implementations; models must be accurate to caph@&esystem dynamics while being
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simple to be implemented in real-time embedded opi@cessors, [2]. Extensive research
has been conducted to achieve accuracy in modtimglynamic characteristics of the
battery while keeping the models simple enouglofdine implementation in a real-time
vehicle BMS, [1]. In this paper, a literature rewvief the current research advancements in
BMS is provided specifically directed to the follmg areasbattery cell and pack-level
modeling and parameter identificatigrtechniquesfor state of charge estimatigrstate

of health estimation, remaining useful lifeendaging models

The paper is organized as follows. Section 2 dises various battery models found
in recent literature in addition to various stragsgapplied for model parameters
identification. Section 3 involves various statechairge estimation techniques. Section 4
outlines various aging models that works collabieedy with other techniques for model
parameters identification. Section 5 reports otesté health estimation strategies used in
BMS. The conclusion are provided in Section 6. Aargiew of the topics reviewed in this

paper is shown in Figure 2.1.
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2.2  Battery Models

Battery models are commonly classified under or@ffollowing: (i) equivalent circuit-
based models, (ii) electrochemical battery modgisbehavioural models (empirical), (iv)
hydrodynamic models, (v) tabulated data models,(andlack-box battery models (such
as artificial neural network and fuzzy logic-basealdels), [3, 4]. These modeling strategies

are reviewed in this section.

2.2.1 Equivalent Circuit-Based Models

Equivalent circuit-based models use simple elemsuth as resistors and capacitors to
model the charging and discharging behavior olnbatteries. Equivalent circuit models

are simple to implement, computationally efficiand simple for implementing parameter
and model identification. Therefore, equivalentgit models can be easily implemented
in real-time on-board of a vehicle microcontrollelowever, model parameters have little
or no physical meaning which makes them restrictive state of health estimation.

Equivalent-circuit based models are divided inttategories as follows, [1].

2.2.1.1Thevenin Electrical Model:

The Thevenin model, is shown in

Figure2.2 It consists of one voltage source §, a resistor connected in series), and a
parallel combination of a resistor and a capacgitor ). The output is the battery terminal
voltage ( ), [5]. The resistance () is used to model the battery internal resistaarut

the RC branch is used to model the overvoltages itadel has limited capability since it
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does not take into consideration the variatiorhaliattery parameters as they change with

time and according to operating conditions, [5].

C
v, Dc<+ V oc

Figure 2.2. Thevenin Battery Model, [5]
2.2.1.2Linear Electrical Model:

These models represent an improvement over the éhivebased models, [5]. These
models provide more accuracy as they are capabieodtling the battery self-discharge

() and other overvoltage using different elementshasvn in Figure 2.3, [6, 7].

R.’. R]
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Figure 2.3. Linear Battery Model, [7]
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In Figure 2.3 - is the open circuit voltage of a fully-dischardeattery cell and
4+ is the cell capacitance. These elements add tigetopen circuit voltage of the battery
cell g&'(, [7].  is the self-discharge resistance; ,  are the battery resistances;
, , ) are the battery capacitances that represent theyoamics;*; &'( is the battery
current; and & ( represents the battery terminal voltage which lsutated as follows,

[7]:

+&( +. .ty (. 196&( (2.1)
Note that the battery overvoltadg &'( represents the difference between the
battery terminal voltage and the battery open dirgoltage [7]. This model is not
appropriate for real-time implementation as it usasous values for electrical elements to
model the variation of the model with the battegtes of charge, [5]. Furthermore, it does

not take into account temperature dependence anthbia limited accuracy, [5].

2.2.1.3Non-linear electric model

A more accurate battery model that takes into autcdemperature variations, self-
discharge, internal resistance, overvoltage, atainal storage capacity has been proposed
in [5] as shown in Figure 2.4. In this model, , is the self-discharge resistanceg,is the
battery capacity, o, is the charge overvoltage resistance, is the discharge overvoltage
resistance, is the overvoltage capacitance, is the internal resistance for charge,

is the internal resistance for discharge, ands the open circuit voltage, [5].
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Figure 2.4. Equivalent Circuit-based model with Tgrarature Dependence, [5]

In nonlinear equivalent circuit based models, bgfb@rameters are not constants and they

change according to the battery voltage [5] a®¥adt

45 G789 &< =s0(C (2.2)
Where45 is the model parametes,is a gain multiplierAg is a width factor, o
is the mean voltagegq, is the open circuit voltage, afiLis the flatness factor. The battery
resistance elements vary with temperature thuatan due to temperature can be modeled

as follows, [5]:

§ gH:= (I Gh:
D S (2.3)
EFE

Where,D is the temperature compensation coefficient ferrésistance, is the

resistance at temperatube grgis the resistance at temperatlgeg [5].

2.2.1.4First, second, and third-order RC Models
RC models consists of an open circuit voltage sowitich is a function of the battery state
of charge (SOC). .« represents the battery internal resistance whildbRinches are used

to model battery dynamics. The third-order modehs shown below in Figure 2.5, [8].
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The terminal voltage relationship from the standalérst, second, and third-order models
are as shown below in Table 2.1, [8]. In additiamy of these models can be enhanced by
incorporating a hysteresis state to account faebahysteresis that occurs in charging and

discharging, [8].

R R. R
R,
—
C C C,

73 2 e N
v, bC () V. (50C)

Figure 2.5. Third-Order RC Battery Model, [8]

The parallel RC elements correspond to the dynasrder of the circuit. The
equations for the first, second, and third-orderdat® with and without hysteresis are
presented in Table 2.1. HeleKJKJ are the voltage of the first, second, and third RC
elements, respectively while KL K{ ) ) are the associated time

constants, [8].

Table 2.1. First, second, and third RC Models wihd without hysteresis equations,

[8]

Model Output equations
J IVN OPéRS'I L (J v - 1
The first-order RC model [9, 8] R OPé&RS'IL (L\y

v W & (R «\WRJ
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The first-order RC model with hysteresis
state [10, 11]
The second-order RC model v W &(R \WRJ \WRJ

The second-order RC model with

v W &(R -\WRJI . Yy

_ v W &(R «WRJ WRJI pn. Yy
hysteresis state

v W &R «\WRJ yRJI
The third-order model RC model

R J ) IV
The third-order model RC model with v W (R \WRJ \WRJ
hysteresis state RJyw. Y

2.2.1.5Randles (Impedance-based) Equivalent circuit models

Randles equivalent circuit based models are magpisaenodels that can be developed
using data obtained from electrochemical Impedapeetroscopy laboratory experiments,
[12]. These models, as shown in Figure 2.6, usssiatance (g7 ) which represents the
resistance of the electrolyte and current colledi8, 12], 1, represents the double layer
capacitance at the cathode/electrolyte and lithéleotrolyte interface, o, is the charge
transfer resistance, aigl is the Warburg impedance which is the impedanegallithium

ion diffusion, [12].

C DL
I { ROHA[
— e
—AM—F
Re Z,

Figure 2.6. Randles Equivalent Circuit-based modgl2]
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In general, the battery is excited at frequendiasiange from 1 to = Hz. The battery

model parameters can be obtained using the outputthe impedance spectroscopy, [12].

2.2.2 Electrochemical-Based Models

Electrochemical battery models, also known as -firgicipal models, use partial
differential equations to describe lithium diffusianside both electrodes and the
electrolyte, [14]. Electrochemical models are galgrcomplex and require more
computational power compared to equivalent-cirbaged models, [1]. Even though they
are mostly complex, they are preferred since threycapable of modeling the physical
phenomenon that occurs in the battery. Therefdeetrechemical models can provide a
better indication of the battery state of charge state of health. In order to implement the
electrochemical models on board of a battery mamageé system, model reduction has to
be carried out to reduce their computational comiple Another major difficulty with
electrochemical models is that they require numeroumber of parameters such as
diffusion coefficients and electrode physical disiens, [8]. In this section, a summary of
the full-order electrochemical model is presentdtbived by a review of the most recent

developments.

2.2.2.1Summary of the Electrochemical Model

The battery model structure and an overview of géleztrochemical battery model, as
shown in Figure 2.7, is illustrated in this sectibhe common approach here is to consider
the diffusion dynamics in one dimension and onlgngl the X-axis, [15, 16]. At any
specified time' and at any location across the x-axis, the folignstate variables are

evaluated:
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1. Electric potential in the solid electrode& K'(
2. Electric potential in the electrolyte-& K'(
3. Lithium concentration in the solid phas& KaK'(

4. Lithium concentration in the electrolyte& K'(

") ! !
$$* $$*

Figure 2.7. Lithium-lon Battery Structure and the &luced-Order Model
Assumption (Adopted from [17])

The full-order electrochemical model consists maiof 4 partial differential
equations, [18]. The model has one input represgritie cell current | and one output
representing the terminal voltage. The following equations summarize the relatiopshi
between the input and the output, [14]. The satid alectrolyte potentials are described

by the following two equations, [17]:
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The diffusion of lithium in the electrolyte is mddd using Fick’s law for linear

coordinates as shown by equation (2.6), [17],

bir e b reebr R' |
o b Ke E'- 9 (2.6)

while the solid (electrode) phase diffusion is medeby Fick’s laws of diffusion

for spherical coordinates as follows, [17]:

b, b b
o batKepat 2.7)

The Butler-Volmer current density{) is described, [17]:

qr I q m

\9 f 17 pj
r 0,f 17_pj 5

Where andm are the universal gas constant and Faraday’s aan§l is the

absolute temperature ahds the over potential, [17].

/ C2RC|:R\]8\2|:( (29)
The model output representing the terminal voliaggelated to the measured cell

solid potential as followg17]:

c,§ s(Rcys (R g\ &2. (
In equation (2.9),J is the open circuit voltage which is a function thie lithium

concentration at the solid-electrolyte interfage& K( ~ ,& K,K'( The concentration at
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the interface between the solid and the electraf/telated to the critical surface charge
(CSC), which is lithium concentration at the sadigctrolyte-interface, [17].

t & — R Uy (2.11)
Uwy R Uy '

By defining the normalized solid-electrolyte conration was follows, [17]:

xyz*{ R 727 'ayz|'7 "y} 7}ao™y}
~0_*~o~ xyz*Z{F‘y}‘7}'aO'*y} (2 . 12)

‘2I0r€
where,u,, anduw, are the normalized concentrations corresponding to

(fully discharged) and v (fully charged). u~, can be defined by obtaining the
concentration corresponding to the maximum fullgrged battery. Subsequently, the
reference value can be calculated by subtractiadp#ittery capacity as, [19]:

, (2.13)
U- Um, R—&——
Y Y f.mi oo (

where g is the electrode film resistance at the electraaidace, this resistance
increases after charging and discharging cycletseflyaaging). As mentioned earlier, the
full-order model is relatively complex so furthemslifications are necessary to make it
useful for control and estimation purposes. Thenopecuit voltage is obtained from the
cathode and anode potentials and is function of dta@e of charge. An empirical
relationship is used to relate the open circuitage to the normalized state of charge which
is given by [20]:

Jé&u( t1F . % S« u R ¥ %OTU.".] RtSELe :ZU._. RS

)_ b4 A ol
« Ju R SS7p Tw& SRu (U (2.14)

R %% E7_pIRt<«EF%u R "1 (L
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For the positive electrode, the empirical equaisoas follows, [21]:
Jeus T%STU RE% Ul . SET UZR%%SW . $t Su
(2.15)
RSSdu . ETER Et 7_p&%Skhou ! (

The coefficientf depends on the solid and electrolyte concentratemcording to the

following equations, [17]:

fo o &r(" oo Rpe &or(? (2.16)

In the following subsections the ongoing research main areas are reviewed, namely:
full-order electrochemical model enhancements, redwd-order model enhancements,

model parameters identificatiorgndstate of charge estimation.

2.2.2.2 Full-Order Electrochemical Models Enhancements

Even though equivalent circuit based models arepleirand easy to implement, their
application is limited to portable electronics.High power and energy applications such
as the automotive field, relying on equivalent gitdased models is questionable since
these models do not capture the underlying physibalactions and diffusion processes in
the cell and can compromise accuracy and safe?y, [f2order for equivalent circuit-based
models to be implemented in high energy and powpli@tions, battery parameters have
to be adaptive and change at various states ofjehstates of life, and temperatures which
significantly increases the complexity of the model a level comparable to
electrochemical models, [22]. Since equivalent wirbased models provide minimal

physical insight to the battery internal stateshsas solid and electrolyte potentials,
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extensive research is being conducted on electnoicaémodels to overcome the problem

associated with their computational complexity.

Electrochemical-based battery models have beenywiesearched in the literature.
In 1975, Newman and Tiedemann presented a newajsweht in the theory of flooded
porous electrodes. In this theory the electrode tw@sted as a superposition of the
electrolytic solution and the solid matrix, [15].hd solid matrix was modeled as
microscopic spherical particles where the lithiumng diffuse and react on the spheres
surface. Later in [23], Fuller et al. expanded thdel by considering the one dimensional
transport of lithium ions from the negative eledeacomposite through the separator into

the positive electrode composite.

The first principals of electrochemical modelingybdeen presented in [23]. In this
paper, the lithium insertion in the active elecesdnaterials due to galvanostatic charge
and discharging process is modeled and simula2&4l, The main advantage of this model
is that it has generic characteristics thus cargfyglied to any active electrodes and
electrolyte materials. This model was further emeanby Ramadass et al. in [24] by
accounting for the cell capacity decay. In 1998 n@/at al [25] introduced a new model
that integrates the microscopic concepts of pordastrode theory into a macroscopic
battery model, hence reducing the effect of elel@rporosity on the model complexity.
Wang et al. model was adapted to a wide rangetivieamaterials and electrolyte solutions.

The model was applied to lithium-ion batteries26][
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Although electrochemical battery models provideaaourate prediction of lithium
concentration across the electrode, a real-timédicgbion of full-order electrochemical
models is difficult because of their high complgxccordingly, to allow real-time battery
state of charge (SOC) estimation, approximatiorthédbattery model were introduced in

[27, 28].

2.2.2.3Reduced-Order Electrochemical Model

Full-order models are usually used during the battlesign phase since they are capable
of predicting the physical interactions inside tedl such as potential distribution and
electrochemical species diffusion. In order to iempént the electrochemical model for
real-time applications on a battery managemenesysor SOC and SOH estimation, a
reduced-order form has to be realized. In theditee, two common forms of reduced-
order electrochemical models are: #lectrode average modgl9], andthe states value
model[29]. In theelectrode average modedeveral assumptions have been made for real-
time applications, including: (1) high electrolyithium concentration ') thus can be
assumed constant, and (2) utilizing one represeatparticle for each electrode instead of
having several particles in the spatial x-direct{fuil-order model). These assumptions
result in a computationally efficient model thahdae used for real-time estimation and
control. This reduction results in some loss obinfation. However, the model still
maintains a connection with the cell physics thatrnot be attained using empirical or

equivalent circuit-based models, [30].

Regarding thestates value modgethe full-order model has to be transformed into

linear functions that relate the model input corré&x({to model outputs, solid lithium
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concentration (& K§&), electrolyte concentration & K&), solid phase potential
(c,& KK), and electrolyte phase potential& K &). Afterwards, by combining the output
of sub-models, the battery terminal voltage carcddeulated. The key assumptions that
have to be made are as follows: (1) Butler-Volmerrent n9&x( is assumed to be
decoupled from the electrolyte concentratip® Kx(and (2) the model has a linear

behaviour.

In [30], a comparison between the electrode averagéel and the linear states
value model is presented. Experiments were condweter 37 V 10 Ah lithium-lon battery
cells using multiple driving cycles and pulse te$80]. The electrode average model
provides various advantages compared to the statee model as follows [30]: (1) The
electrode average model provides a better estiofatiee state of charge, (2) it requires
fewer parameters in comparison to the states valhael, (3) it is easier to tune since it
requires setting one initial parameter only repméag the initial state of charge, [30].
However, its main disadvantages include: (1) highlimearity in parameters compared to
the linear state value model, and (2) the modeharmaters are hard to identify, [30].
Reduced order models are mainly used for estimatiohcontrol purposes such as state of

charge and state of health estimation.

2.2.3 Behavioural Battery Models

Behavioural battery models use various empiricatfions and formulas to describe the
behaviour of the battery cells. Similar to equivaleircuit-based models, these are simple
to implement with less parameters to tune andetbex can readily be used in real-time

applications on a BMS. These models are considastxiv.
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2.2.3.1Shepherd/Unnewehr/Nernest Equations
The shepherd equation represents a simple appfoabhttery modeling; it is represented

in the following form, [31]:

O

(2.17)

where,! is the initial cell voltage, - is the cell internal resistance,&'( is the
instantaneous stored charge, dnds a constant, [31]. Another further approximatisn

represented in the Unnewehr model, [31]

LE( 1 . & (.7 e,E&( (2.18)

Another similar form is known as the Nernest Moakefollows, [31]:
* 58 , Rey&
2 g 22}8—2(( (2.19)

1&( 1. (.7 -

where,, is the total charge capacity of the cell and tiestants’ K" K, and” ; can be

obtained by fitting experiential data, [32].

In [33], Plett introduced a series of behaviouraldels based on the previously
mentioned models, namelghe combined model, the simple model, the zeroestat
hysteresis model, one state hysteresis moaetl the enhanced-self-correcting model
These models can account for hysteresis effecyrigation time constants, and ohmic loss

effects, [33]. A summary of the abovementioned noeas follows, [33]:
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2.2.3.2The Combined Model
By combining the three above mentioned behaviolets and discretizing them in time,

[34], the combined model is obtained as shown below

Iv 7 ROWRSRT Xy 7y dex (L 7 zde R (2.20)
v

/.S
XN O Rj—=—I %, (2.21)

In this model,| y is the cell terminal voltage, is the cell internal resistance,
representing both charge and discharge resistahdes K’ K's are tunable constants that
can be used to fit experimental data to the md@84], The main advantage of this model
is that parameters can be easily identified froendtirrent/voltage data using least square

optimization.

2.2.3.3The Simple Model
The simple model is derived from the combined mduelgrouping all terms that are

functions of the state of chardfg in one group as follows, [34]:

Con( "o RR™ . ") dedx(. " 2dd R (2.22)

And, by grouping all terms that are functions o turrent:
C&( * ™
Equation (2.22) represents the open circuit padénthich is a function of the battery state

of charge. Thus the simple model can be formulatefbllows, [34]:

/S
N X Rj—=—I *, (2.23)

Iy W &(R * (2.24)
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WhereW refers to the open circuit voltage.

2.2.3.4The Zero-State Hysteresis Model

Even though the previous models can capture thairal voltage dynamics with
acceptable accuracy, they do not account for hgsiereffect, [34]. The zero-state
hysteresis model is capable of modeling hystetagithe addition of the following term

x4 &4 to the simple model, [34]:

| v W 8><N( R x\4 8><N( R * (223)

wherexy, represents the sign of the current 4nf( is half the difference between
the charge and discharge values (i.e., some vdllwgysteresis), [34]. For a small and

positive value , Xy can be defined as follows:

* TMi

. M
xv -~ R *uSRi
Xm= O el

The zero-state hysteresis model provides a betteage estimate compared to the simple

model, [34].

2.2.3.5The One-State Hysteresis Model
The hysteresis voltage can be modeled using aaepstater&K( which is function of

the battery state of charge. The hysteresis voltagde modeled as follows, [34]:

{YEXH (
X

4 &XK (¥ the maximum polarization due to hysteresiss @ ffunction of the state

oxZ} &X(14 &XIX( R Y&XI' (L (2.24)

of charge and also its rate-of-change. Xhp&X(Yis used to model both battery charging

and discharging operations, [34]is a positive constant that describes the ratolbhge
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decay, [34].4 &KMR Y indicates that the rate-of-change of hysteresisagel which is
proportional to the distance away from the mairténgsis loop; leading to a kind of voltage

decay in the major loop, [34]. The model can begsgnted in a state space form as follows,

[34]:
R &y, (
YN . & ( Y. : RV
><I\/N i q f ><'\/| . CR/gS ¥ 4 8)<|)<(| (225)
v W &&(R *. Yy (2.26)

Wherem&( OPQER>/ & (sl (.

2.2.3.6The Enhanced Self-Correcting Model

A further enhancement over the one state hystegetie enhanced self-correcting model,
[34]. The model is capable of capturing the batthnyamics and accommodates for ohmic
losses, hysteresis, and polarization time constf8#tk The model has two inputs, namely:
the battery input currerty, and the maximum polarization due to hysterds&K (XY34].
The model has one outpy;, which is the terminal voltage. The ESC modelha state

space form is as follows, [34]:

*028 ° .
e o & v, Ree. w (2.27)
P TMN S M Simse o LS -4 &XX( )
XN Xy .R— )
v W &&(R *. Yy. GG (2.28)

whereX, is the state of chargg,is the states of the low pass filter fpwhich is
used to characterize the polarization time consjaftis the state representing charging or

discharging hysteresis effe®/ is the open circuit voltage, is the battery nominal
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capacity, is the battery internal resistan@®js the output matrix of the low pass filter,

and are the poles of the low pass filter.

2.2.3.7 Hydrodynamic (Kinetic) Battery Models

In this model, filling and draining of fluid in avb-tank reservoir are assumed to be
analogous to the process of charging and dischaugjithe battery, [35, 36, 37]. As shown
in Figure 2.8, the fluid pressure, flow, volumegdapipe area in the two-tank reservoir are

analogous to the voltage, current, capacity, asstance, respectively, [35].

h, Y2 hy Y1

D=dE=dE

Bound Charge Available Charge

Figure 2.8. Schematic Diagram of Battery Model, [358]

This model has two main advantages: it is capatieooleling two phenomena that
occur in most battery chemistries, namebte capacity effecandrecovery effect[38].
The rate capacity effect is the phenomenon of liplaas battery capacity represented in
Ampere-hours that can be drawn from the batterlpighh C-rates, [38]. This indirectly

incorporates the Peukert phenomenon stated eirsection 1. The recovery effect is that
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the unattained capacity at high C-rates will belalte after a short period of time (after

allowing the battery to relax), [38, 39].

The Kinetic battery model is relatively simple, teown in Figure 8, the overall
battery charge is divided into two tanks, namehe bhound chargeand theavailable
chargetanks, [38]. The two tanks are connected via & pipd a valve. The charge in the
two tanks are divided according to the capacitprat S S ), [38]. The bound charge
is not accessible under high discharge rate treisitdel is able to model the rate capacity
effect. However, after allowing for some time, éidfrom the bound charge tank starts to
flow across the valvé to the available charge tank until the heightedtdhceY andY

are at the same level. Accordingly, the model is &domodel the recovery effect.

The rate of charge flow from the bound tank to #wailable charge tank is
controlled by the difference in heights of the ttmaksY andY and on the value of the
valve 6. The change in the charge in both tanks are espdesy the following equations,

[40] where| and| are the available and bound charges, respectively:

8I
{l{,—( R*' (. 61Y &§(RY & (L (2.29)
8I
{l{,—( R6TY & (RY & (L (2.30)
Assuming the initial conditions of x» | &-( "° and | x» | &-(

&R (° .Where isthe total battery capacity defined in Amperetiso The differential
equations can be solved as follows, [28ld these equations can be solved for every

piecewise constant discharge currént
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4623 2 ( 8' " 6"‘ R \(-l R 7: Ni‘gﬂ:ﬂ' (L
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f&C YE&E(RY&( %R!I'--oe'oe' (2.33)
&( & R (f&( (2.34)
Where, 6" T&'\S(U describes the charge flow diffusion rafé& ( represents the

height difference between the two tanks, e8if represents the battery unavailable charge.
The hydrodynamic battery model has been scarcslyarehed, it has been applied and
expanded in few published papers as follows. If,[@&ovel hybrid battery model that
combines both the electrical equivalent circuitdzamodels and the hydrodynamic model
has been presented. The model has been validatsanioyation and experimental data
from lithium polymer cells, [38]. The proposed mbecomputationally effective and can
be applied for real-time applications on a battemgnagement systems. In [35], a
hydrodynamic battery model has been used as aparybrid vehicle simulation model
of a turbo generator-based powertrain. The modelden validated using experimental

data from a 14.4 V battery module, [35].
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2.2.3.8 Black-Box Models

Artificial neural networks (ANNSs) are black box neld that are capable of modeling any
nonlinear, complex, input-output relationship. ANMan be used in modeling the
behaviour of various battery parameters such asethanal voltage, state of charge, and
to various inputs such as the current, temperated C-rates. Even though ANNs
represent an attractive approach in battery mogledimd SOC estimation, they require
extensive input-output experimental training datacl is time consuming to generate. In

addition, ANNs generally require high computatiopaiver for real-time applications.

In [41], a one-layer ANN has been trained usingage# data from a real-world
driving cycles on 60 x 100 Ah lithium polymer battgpack. The ANN is trained using
back-propagation technique with a 700 input-outfataiset that covers the entire range of
battery operating currents and voltages, [41].Harrhore, a multilayer neural network is
trained and the accuracy of the model was sigmflgeenhanced by increasing the number
of neurons in the hidden layer. Simulation and expental results show the accuracy and

effectiveness of the proposed model, [41].

In [42], a recurrent ANN has been used to prediethiattery state of charge using
values of the input current, temperature, and S@@ fprevious time steps. With this
network, a parameter estimation strategy has begalabed using the Recursive Least
Squares (RLS) algorithm with time-dependant forggttactor, [42]. This strategy allows
for more accurate estimation of the cell terminaltage. In that research, experimental

data from a 4.2 V, 100 Ah lithium polymer cell wased for ANN training, [42]. Currents,
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voltages, and state of charge data from a Europdzemn driving test has been used for

testing, [42].

2.2.3.9 Tabulated Data Models

Across the entire battery range of operation, \&alfevarious battery parameters such as
internal resistance and open circuit voltage (OCAf) be recorded and tabulated at various
states of charge and temperatures, [13]. In [4@&] battery pack has been modeled using
look-up tables that relates the OCV to the SOCaather column that relates the battery
charging and discharging resistance to the SOG,18B Tabulated data models can be

used onboard of a battery management system.

2.3  Model Parameters Identification
This section reviews the methods that are used pframeter identification for

electrochemical (ECM), equivalent circuit, and babaral models.

2.3.1 ECM Parameters ldentification

A challenging task in electrochemical modeling avhto tune model parameters, most
manufacturers treat the parameters as being caoiddleAccordingly several attempts at

obtaining the model parameters for lithium ion &adts have been reported in the literature.
Battery parameters were obtained either by condg@idestructive test (i.e.: measuring
all parameters by opening the cell) or by non-desitre test using optimization techniques

to fit models to experimental data.

In [44], experimental identification of the redueedler electrochemical model

parameters of a lithium-polymer cell is proposedsing continuous and pulse
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charging/discharging Experimental data on a 6.8 Amodel parameters are identified,
[44]. The identified model parameters considereduthed: solid particle diffusion

coefficients, electrode surface area, and maximalid slectrode potentials, [44].

In [45], a genetic algorithm has been applied fdentifying the full set of
parameters of the full-order electrochemical madghg experimental data consisting of
the input current and the measured terminal volt&gethermore, the fisher information
technique has been applied to identify the accucddiie resulting parameters, [45]. The
test has been conducted using Lithium Iron Phogppa0°%» 5) cells from A123. The
cells are used in high power applications sucmaani automotive traction battery pack,

[45].

2.3.2 Behavioural models parameter identification

In [46], the parameters of behavioural models wesemated by using the extended
Kalman filter (EKF). The behavioural models consateincludedthe combined model,
the simple model, the zero-state hysteresis moolet state hysteresis modelnd the
enhanced-self-correcting modelA state space representation of these models is
formulated as required by the EKF, [46]. Experitaémlata using a benchmark Urban
Dynamometer Driving Schedule (UDDS) cycle in adufitito data from a pulsed

charge/discharge test have been used for idertiifica

In [47], a dual estimation strategy was appliedestimate the battery model
parameters and SOC for behavioural models. Furthverna comparative study of Li-lon

battery models showed that the enhanced self-dcorgemodel is the most accurate model
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since it is capable of modeling ohmic losses, poddion time constants, and hysteresis
effects. Two estimation strategies have been apgbe estimation. A new estimation
strategy known as the Smooth Variable Structure={EVSF) has been compared to the

well-known Kalman filter, [47].

2.3.3 Equivalent circuit-based models Parameter identifiation

In [48], a multi-objective optimization strategyimg genetic algorithms is applied to
identify the parameters of a simple RC model. Mgadghmeters such as the resistance and
the open circuit potential are assumed to be anpofyal function of the C-rate and the
battery cell state of charge, [48]. The multi-olijE optimization algorithm is then applied
to obtain the polynomial coefficients. The techmduas been verified on a 2.5 V, 8 Ah
capacity cell and the models show good fit to eixpental data at various charge/discharge

rates, [48].

In [49], a parameter identification strategy uslegst squares has been applied to
an equivalent circuit-based model. Since the maimce of a battery model’s nonlinearity
arises from the SOC-OCYV relationship, this relaglip has been divided into 8 piece-wise
linear regions and model identification has beepliag to each of these regions, [49].
Further to the resulting linear models, an obselmasrbeen applied to estimate the state of

charge. This technique has been experimentallyiegpp Lithium polymer cells, [49].

In [50], an identification procedure for an eleeth@rmal model is presented. The
model parameters have been estimated at variotes sté charge (15% to 90%) and

temperature conditiondR(%0% t0 <%0%). Model parameters are evaluated using a multi-
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step genetic algorithm, [50]. This procedure hankegpplied to a 2.3Ah, 3.2V lithium-Iron

Phosphate cells from A123, [50].

Particle swarm optimization has been used for patantuning for 12 different
battery models in [11] over several driving cydiesluding Dynamic Stress Test (DST),
Hybrid Pulse Power Characterization test (HPPCJ, Rederal Urban Dynamic Schedule
(FUDS). The technique has been applied and verdretivo different battery chemistries
including lithium-lron Phosphate, {O%> 5) and Lithium Nickel-Manganese-Cobalt oxide
(-,%2%4 ), [11]. One of the main conclusions of this resharoject is that the first-order
RC model is the preferred choice for LINMC, whiletone-state hysteresis and the first-

order RC model are the best fgiO°» >, [11].

2.4  State of Charge Estimation

In battery management systems (BMS), three mairsatements are readily available,

namely: current, voltage, and temperature. The BidSto utilize these measurements to
obtain a robust estimate of the battery pack sthtdharge, [51]. Estimating battery SOC

with high accuracy is a challenging task sinceaasikey elements contribute to the change
of the SOC including charging and discharging @satemperature, self-discharge, and
battery aging, [1]. SOC is extremely importanttdeeips in optimizing energy consumption

in HEVs and BEVs, and avoiding undesirable incidestich as overheating due to

overcharging, accelerated aging due to underamgrg@ir running out of energy due to

false estimation (in case of battery electric vigsg [52]. Several SOC estimation

techniques have been presented in the literatuesettechniques are classified under one
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of the following: conventional coulomb counting, direct method, Elemotive force

(EMF), and adaptive techniques

2.4.1 Conventional Coulomb Counting
In this simple method, which is also known lagok keeping current integration is
performed and is compared to the nominal battepaciéy thus SOC can be calculated.

The equation used is as follows:

w  REL (2.35)

where is the battery nominal capacity for a fresh baitéris the measured
current, and is the time. The main advantage of coulomb cognrthat it is simple to
be implemented and it can be applied to all battbgmistries, [1]. Its major disadvantages
include the need for regular calibration since resicumulation occurs (due to sensor noise
and inaccuracies) over time due to integration].[B®10ther disadvantage is that this
method requires an accurate initial SOC in ordeprtwvide an acceptable accuracy, [52].
By incorporating further information to the coulornbunting technique such as the cell
temperature, charge/discharge efficiency, and dgpdegradation due to cycling, the
technique can provide an acceptable estimate. Henven order to perform regular
calibration, a complete charge and discharge hbs ttonducted which limits its practical

applications.

In the literature, various enhancements to couleoumting have been proposed.
In [54], an enhanced technique that takes intoidenation the charging and discharging

efficiencies is proposed for compensating for colddosses, [54]. Since the initial SOC
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can significantly affect the accuracy of the coutooounting technique, the paper presents
a strategy to calculate the initial state of chdrgen the terminal voltage evaluated from
the constant current constant voltage (CCCV) chnargurve, [54]. Furthermore a state of
health estimation technique is presented by evialydhe maximum releasable capacity

during the calibration process, [54].

2.4.2 Direct Methods
In these methods, direct measurements of voltaggmdances, and relaxation time are
carried out; the SOC is then inferred out of thesasurements, [52]. These methods are

classified as follows.

2.4.2.1Peukert Method
Peukert introduced an empirical method to estirttedoattery’s remaining capacity, [55].
In the literature, many researchers have introducaibnts of Peukert's equation in
estimating the battery state of charge, [56]. Reutonducted different experiments using
constant discharge test on a battery and propdsadotlowing equation to relate the
discharge rate to the remaining capacity (or theaiaing discharge time) as follows, [55]:
A% ol (2.36)
Where,Ais the discharge currentjs the maximum discharge time a?# is the
Peukert Coefficient which ranges from 1 to 2, [SBje battery capacity can be calculated

as follows, [56]:

e (2.37)
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_is the battery remaining capacity at the dischaxgeent ofV , [56]. One of
the main drawbacks of using Peukert equation fatestf charge estimation is that it can
only be used for constant current discharge pofled at constant temperatures only, [56].
Therefore, this technique is not suitable for aggilons such as in hybrid an all-electric
vehicles which have aggressive, fast changing nupefiles associated with acceleration

and deceleration demands.

2.4.2.2Terminal Voltage-based SOC Calculation

Based on the terminal voltage measurement, SOeanferred using look-up tables.
This method is extremely simple but it suffers franaccuracies since SOC varies
significantly with temperature, aging, and C-ratfs?]. In addition, this method is
inaccurate for a flat voltage curve, in cases wimeudtiple states of charge can have the

same terminal voltage.

2.4.2.3Impedance Measurement-based SOC Calculation

This method needs an electrochemical impedancérepeapy (EIS) device which is hard
to be equipped in-vehicle and is thus limited tbolatory settings. In this method,
impedance characterization is carried out by exgithe battery at a range of frequencies.

The SOC can then be estimated based on the measyedance.

A review of various SOC and SOH estimation stragsdoased on impedance
measurements has been presented in [57]. One ohédm conclusions presented in this
research survey is that the ambient temperatutgreitly influence the battery impedance

and accordingly its SOC estimate especially at feguencies. Therefore, in order to
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estimate the battery SOC and SOH based on impedagasurements in an un-controlled
environment, high frequencies (10 Hz to 100 Hz) trhes used, [57]. At these high

frequencies, the temperature effects are minimfess than 10%), [57].

The main disadvantages of relying on impedancstimate the battery SOC is that
the changes in the impedance from half chargeltp ¢harge is negligible especially for
lithium-lon batteries, [58]. Therefore, relying onpedance measurement to estimate the
battery SOC will induce large errors, [58]. In aduh, as battery ages, battery impedance
significantly changes therefore expressing the $8@ function of the impedance will
result in SOC errors and misleading estimates,. [B8}thermore, at high C-rates, the
impedance varies in a nonlinear fashion with SO@kwhesults in further errors, [59]. To
overcome this problem, current values along withithpedance have to be considered to

provide an accurate SOC estimate, [58].

2.4.2.40CV Measurement-based SOC Calculation

In this method, SOC can be calculated by meastinm@attery open circuit voltage (OCV)

since a good agreement exists between SOC and OKY .relationship is assumed to

remain fixed at different C-rates and at variousgeratures, [53]. This relationship can be
derived by allowing the battery to relax to the O@Nér a certain current excitation. This
can be done by cycling the battery using full ck#&tgcharge cycles at a very low C-rates
and calculating the average of the two curves,.[B0Ernative method is calculating the

OCV (or EMF) using Nernest equation (Equation (P.1®is a simple method to estimate

the SOC by measuring the OCV. However, it requee® current measurements thus
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cannot be implemented during vehicle runtime asqtires the battery to rest completely

after the relaxation effect.

Even though the OCV-based SOC estimation is exisesm@ple to implement, it
sometimes lead to misleading SOC estimates. Shisi¢ to the existence of flat voltage
regions where multiple values of SOC can have #meesOCV. In order to demonstrate
this phenomenon, an experiment has been condunted?d3 Ah lithium Iron Phosphate
(LiFePO4) cell as follows. The test has been cotetlat a very low C-rate of C/15 in
order to obtain the OCV-SOC relationship. The OQ@¥sus time for both charging and
discharging is plotted in Figure 2.9. The OCV curi@ both charging and discharging are

plotted versus SOC as shown in Figure 2.10.

Charging/Discharging OCV Vs. Time

OCV Vs. Time During Charging

36+ - OCV Vs. Time During Discharging |-

Voltage [V]

T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
0 5 10 15
Time [hours]

Figure 2.9. Charging/Discharging OCV vs. Time (-G
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The very low C-rate (C/20 or C/15) here minimizes battery dynamics. It is clear
from Figure 2.10 that the battery’s behaviours niyircharging and discharging are not
identical due to the hysteresis effect. In ordeoldtain one curve to represent the OCV-
SOC relationship, data has been resampled to B@sdor each of the charging/discharging

curves and then averaged as shown in Figure 2.11.

Charging/Discharging SOC - OCV Relationship

B SOC - OCV During Charging /
SOC - OCV During Discharging [
——

"

Voltage [V]

SOC [%]
Figure 2.10. SOC-OCYV relationship for both chargirend discharging

As shown in Figure 2.11, relying on the OCV to restie the state of charge will
lead to misleading SOC estimate since there isla flat area between 20% and 90% SOC.
Accordingly, this method is relatively challengifay estimating the SOC in case of flat

OCV-50C curves.
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Averaged Charging/Discharging SOC - OCV Relationshi p
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Figure 2.11. Charging and Discharging Averaged SG@:V Curve

In order to measure the OCV, the battery has toectmma complete rest which is
not practical in real-time applications. In [58]S®C estimation strategy was developed
by estimating the OCV based on currents, voltagied resistance measurements, and then
calculating the SOC by correlating the OCV to tiCS [54]. The method divides the SOC
range into two distinct ranges, namely: the linsad the hyperbolic regions. The rate of
change in the hyperbolic region (at extreme vakfeSOC) varies much faster compared

to the linear region, [58].

2.4.3 Adaptive Techniques
Adaptive techniques for SOC estimation are extrgnmeportant especially for automotive
applications where having an accurate, reliabld,rahust estimate is necessary to mitigate

the driver range anxiety concerns and ensure safetyhe literature, adaptive SOC
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estimation techniques are classified as one dbileving: Fuzzy Logic, Artificial Neural

Networks, and filter/observer-based techniques.

2.4.3.1Fuzzy Logic-based SOC Estimation

Fuzzy logic techniques rely on approximate fundicather than exact values thus provide
the flexibility of estimating the SOC given ambigies or uncertainties in the collected
data, [52]. Fuzzy logic techniques use heuristibat trelate factors such as the
discharge/charge C-rate, temperatures, and resestaio the battery SOC and SOH.
Extensive experimental data, also called qualia{symbolic) information, is expressed
in a form of Boolean or fuzzy if-then rules. The@eri knowledge is presented in the form

of causal relationships between inputs and SOC/SOH.

Fuzzy logic-based SOC estimation techniques hawaltility to process data and
generate a SOC estimate without having a full ustdading of the underlying battery
chemical reactions and without the need for a batteodel. Furthermore, they may be
used in real-time applications and are applicabkltbattery chemistries. Their limitation

is that membership function characterizations ateemely subjective, [1].

A series of papers have been published to estithat8 OC and SOH using fuzzy
logic. A patented methodology has been presentglir62, 63]. In [64, 65], a fuzzy logic-
based strategy for SOC and SOH is presented. Mrpidata of measured impedance
collected using EIS has been used. These incluee thputs representing impedance at
three specific frequencies and one output repregerthe SOC. Furthermore, three

frequencies are selected in order to relate impsslém specific values of the SOC. The
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strategy provides a robust SOC/SOH estimate.nitgdtion is that it requires an AC signal

generator to excite the battery at various fregigsnc

2.4.3.2Artificial Neural Networks

Artificial Neural Networks (ANNSs) are mathematigabdels inspired by the human brain
that are able to learn and recognize patterns. $\dlid capable of mapping input to output
datasets using a set of neurons that are interctathevith weights. ANNs can be applied

to battery modeling and for state of charge estonaapplications. This is an online

technique that is appropriate for all battery cretrr@s but requires training data specific
to the battery and is computationally expensive6b], an improved ANN model based

on Thevenin model presented, capable of predictiegSOC in real-time. The proposed

technique is verified by simulation and experimedtda, [66].

An ANN-based SOC estimation technique has beerepted in [67]. The strategy
works by incorporating a series of ANNs. The fingtwork predicts when a specified
voltage limit has been reached and then estimdtiegremaining run time. The other
networks work in an adaptive way to modify thetfimetwork’s weights based on number

of cycles, [67]. The technique requires extensiat for network training.

In [42], an ANN has been used to provide a SOCGred# using measurements such
as temperature, current, and previous SOC valoes & 4.2 V, 100 Ah lithium polymer
cell. The technique has been verified using cusiardlitages, and state of charge data from

a European urban driving test. In this researcbcarrent ANN has been used since it takes
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into consideration previous input values in additio current ones in providing an output

estimate which is suitable in most battery appiloce, [42].

In [68], an ANN-based SOC estimation strategy folspd input currents has been
proposed. The battery SOC is related to the batteeynistry, temperature, load current,
and history. The method utilizes a three layeesdifforward artificial neural networks to
map the inputs to the outputs, [68]. The new metheestigates pulse current loads instead
of fixed discharge rates, [68]. Experimental deda heen used to train the network using
the back propagation algorithm. The number of hiddeurons have been optimized to

generate the best SOC estimate.

In [69], a three layered ANN has been trained usimgvolutionary algorithm. Five
inputs have been used as follows: battery termvoithge, voltage derivative, voltage
second derivative, discharge current, and batemperature. The parallel chaos immune
evolutionary algorithm has been selected in ordesviercome the local minima problem
associated with the back propagation algorithm].[6Be estimated SOC is compared
against the actual battery SOC and the resultgatelithe effectiveness of the proposed

technique, [69].
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2.4.3.3Filters/Observers-based SOC Estimation

State and parameter estimation theories are usexkriact information by finding a real-
time value of a particular parameter of interesegiuncertain observations. States are
descriptive of the system dynamics; for examplehattery systems, the battery state of
charge and hysteresis represent system statese®chin be used to estimate one or more
of the system states based on a dynamic modelsing sensor measurements. The filter
can be applied to both linear and nonlinear systeamshe presence of uncertain

observations and noisy signals.

In order to estimate the battery SOC using fileand observers, an accurate battery
model along with a robust estimation strategy iseseary. It is an online technique that
can be applied to all battery chemistries, [1].this section, a summary of advanced
estimators such as the Linear Kalman Filter, thieeided Kalman Filter, the Sigma-point
Kalman filter, the Particle Filter, the Smooth \é&diie Structure Filter, as well as state
observers is presented. The above filters are muakdd and can estimated the battery
SOC using any of the above mentioned models, naneédgtrochemical, equivalent

circuit, or empirical based models.

Electrochemical model-based SOC Estimation
As previously mentioned, electrochemical models/jgi® a connection with the physical
reactions inside the cell and are thus favourecomparison to equivalent circuit-based

models where minimal or no physical significancprssent.
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In [70], an estimation strategy for state of chargetentials, and concentration
gradients is presented that uses the Kalman fittesonjunction with a reduced-order
electrochemical battery model. Estimates are coetpagainst experimental data from a 6
Ah electric vehicle battery cell, [70]. The filtprovides accurate and stable estimates for
low current input values. However, at very highdfes, the estimates exhibit large errors,
[70]. The proposed technique is computationallyicesht and suitable for real-time

applications on board a battery management sy$#,

In [22], a state estimation based on an output @njection observer using a reduced
set of partial differential algebraic equations ttitkescribe the solid and electrolyte
concentrations and potentials is presented. Simulaind experimental results using real-
world driving cycles such as the Urban Dynamomddgiving Schedule (UDDS)

demonstrate the effectiveness of the proposed igabn[22].

Empirical Model-based SOC Estimation

In [71], an Extended Kalman filter has been appltedstimate model parameters and SOC
using 6 behavioural models. A dual state and pa@mestimation technique based on the
Kalman filter is applied. Quantities that changékly such as the SOC are considered as
a system state while quantities that slowly chaswgeh as battery capacity are considered
as system parameters, [71]. Two filters were usesktimate both the parameters and the

states in a dual form, [71].

In [49], a state of charge estimation techniquestiam a linearized battery model is

presented. In order to overcome the nonlinear hebhawf the battery, the OCV-SOC
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relationship has been divided into piece-wise lingctions and model parameters are
estimated for each section, observers are themeapjol estimate the state of charge using
this linear model. This technique has been veritisthg 1.5 Ah lithium-polymer cells,

[49].

In [72], Plett proposed a method for SOC estimatising the Sigma-point Kalman
filter. The Sigma-point Kalman filter provides moaecurate results compared to the
standard extended Kalman filter while preservestmputational efficiency which makes

it effective for SOC estimation, [72].

Equivalent circuit-based SOC Estimation

A SOC estimation strategy based on equivalent itiroodels and using the Extended
Kalman filter has been presented in [73]. An adB&l element is used to improve the
accuracy of the equivalent circuit models. Thea&REC element models the concentration
polarization and the electrochemical polarizatipi8]. A genetic algorithm is used to
obtain the model parameters followed by the Extdrii@man Filter for SOC estimation.
Five equivalent circuit models have been applied agrified using the Dynamic Stress
Test, and the Federal Urban Driving Schedules (FlUDi$addition, the sensitivity of the
technique to the initial values of the SOC has heeestigated and the initial error in the

SOC has been significantly mitigated using the pse strategy, [73].

In [74], a SOC estimation strategy is proposedgiaimobserver in conjunction with
an equivalent circuit-based R-RC-RC model. An aglapbattery parameters/SOC co-

estimation strategy is presented where the bafiargmeters are fed to an optimized
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observer for estimating the SOC, [74]. A pieceviisear approximation of the OCV-SOC
relationship with varying coefficients has been dwucted and a moving window least-
square parameter identification has been used taimlnodel parameters, [74]. The
technique was verified using experimental and satiah data sets. Furthermore, the SOC
co-estimation algorithm has been compared to arfglislode Observer and the Extended
Kalman filter. Results indicate the necessity oflafing the parameters while estimating

the SOC in order to increase the estimation acguaad robustness, [74].

2.5 Battery Aging Models

Two important research areas found in literatuae telate to battery safety inclubealth
condition monitoring andprognostichealth monitoring The former enables tracking of
the aging and degradation effects that occur irb#teery due to cycling, [79frognostic
helps in predicting the remaining battery life tiffran-to-failure) and thus provides an
alarm to avoid degradation of performance belowir@mum acceptable level, [75]. This
section is divided into 2 parts, namely: the dedin of theaging phenomenopand the

aging modelscurrently present in the literature.

2.5.1 Aging Phenomenon
The aging phenomenon is considered in relationcémtributing factors aging

mechanisms, and recent aging studies
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2.5.1.1Aging Contributing Factors
Battery aging is a very complex process that depemd multiple factors that interact
together and cause degradation. The main factatsctintribute to aging are discussed

below:

Temperature

At higher temperatures, aging is accelerated dueapid chemical reactions which

exponentially increase with temperature accordmght Arrhenius equation, [76]. For

every Y. rise in temperature, the rate of reactions thatrdmute to aging are doubled,

[76]. Accordingly, the battery capacity is greadifected by elevated temperatures. For
instance, for every temperature increase of 6.89Cddhe capacity loss is doubled

assuming 66% loss is due to cycling and the rem@i®4% is due to calendar, [77].

Therefore, most electric vehicle manufacturers saglrord, Tesla, and General Motors
(GM) are currently implementing a circulating ligebbased active thermal management
system to maintain the battery at an acceptablgerah temperatures and thus avoiding

accelerated aging due to cycling and temperature.

Overcharging and Excessive Discharging

When a battery is overcharged, irreversible reastforce ions to intercalate after all active
solid particles are saturated, [76]. Furthermoxegeding the allowable maximum battery
voltage leads to significant increase in tempeeatind pressure which might cause cell
damage, fires, and short circuits. For Ni-MH ba#&tgra 0.2 V overcharging results in 40%
cycle life capacity loss while 0.3V lead to 66% aeipy loss, [78, 76]. Over-discharging

also leads to a shortened battery life and eveeviersed electrodes.
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Depth of Discharge (DOD)

Depth of discharge has a major impact on the hattgele life, the relationship between
the DOD and the cycle life is exponential, [76]r Eaample, if the DOD for a given cell

is 90%, the cell will last for 500 cycles. Howewéthe same cell is cycled to a 10% DOD,
the battery can be cycled up to 5000 cycles, [W6]order to slow down the battery
degradation rate, which is affected mainly by tH@[@) most car manufacturers limit the
usable range of the battery. For example, Geneatbid (GM) utilizes about 65% of the

Volt's battery capacity, [77]. This is achieved tmaintaining the SOC variations between
22% and 87%. The new BMW ActiveE has a 32kWh batperck, however, the usable

capacity is only set at 28kWh in order to prolohg battery life, [79].

Current Severity (C-rates)
Higher C-rates adversely contribute to battery @gits shown in [80], higher C-rates cause
loss of electrode conductivity which in turn regalan uneven charge distribution leading

to added stresses and a lowering of cycle life.

2.5.1.2Battery Aging Mechanisms

A range of studies have been conducted for studii@ghanges that occur inside a battery
as it ages. As reported in many publications, dapdade and degradation effects are
mainly due to two main factors, namelfiym growth andcarbon retreat,[81]. These two
phenomenon are found to be changing in a sigméagaion (with sudden changes after a
number of cycles), [81]. In [81], the authors susgjghat a reaction between the cathode

active materials and the electrolyte resulted éfthmation of a SEI which in turn changes
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the particle surface composition leading to theakirgg down of the carbon conductive

paths. This causes carbon retreat and sudden eatt@ieof capacity fade.

According to [82], battery aging occurs due to fibienation of an insulating layer
on the surface of the electrodes (mainly the catheldctrode) which in turn leads to an
increase in the impedance of the positive elecir¢@2]. In this paper, standard tests
conducted at high temperatures ranging frop % are used for verifying that the
charge-transfer resistance increases on the ca#imetlis the main contributor to aging and
degradation in performance, [82]. X-ray absorptepectroscopy and high-resolution
electron microscope (HREM) have been used to if{esitinificant changes in the features

of the electrode surface structures and composiilmeomparison to the bulk, [82].

Another factor to consider is the loss of electconductivity in the cathode [83].
This phenomenon is also related to the (carboreaBtrphenomenon which is the
disconnection of carbon within the cathode parsicdee to the formation of a SEI layer.
Using images from current-sensing atomic electranrascopy, the cathode surface
electronic conductance of nis#A* z y . W cells have been significantly decreased, thus
contributing to aging. In addition, it has beenwhahat the rate of decrease in the cell
conductance is directly proportional to tempergt{88]. Cells that are cycled at elevated
temperatures exhibit a dramatic increase in thiasaresistance. In addition, discharging
the cells at higher C-rates will lead to a largesslin conductivity between particles in the
active material matrix, [84]. This results in aregular current distribution which generally
imposes more stresses that lead to shorter bditergnd to performance degradations,

[84].
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2.5.1.3Battery Aging Studies

In [85] and under the MARS Rover prograsiiA*y batteries with 9.2 Ah capacity were
subjected to a 100% DODRY ¥ and att%e¥4In this research, the cycle life performance
was fairly good. ARt Y4, the batteries lost 8% of the capacity after 506les and

at %o the batteries lost abolEyv , [85]. Reference tests such as the capacity and DC
impedance tests were conducted every 500 cycléd, Begarding calendar life, the
batteries exhibited 2S%ov loss in 8 years anfo T v loss in 15 years, [85]. This study
demonstrates a better life performance for batiesielow temperatures and improved

robustness to cycling and storage, [85].

In [81], an aging study using a well-defined DynarSiress Test (DST) has been
conducted on 900 mAB*:A*. 5 y +1 »Z+q W cells. Reference performance tests have
been conducted every 60 DST cycles to evaluateleéhgeadation of performance such as
the peak power capability, capacity fade, and iraped measurement. It has been shown
that capacity fade is mainly affected by the cellapzation resistance increase, [81].
During testing, a sigmoid change in the capacityewieund at two distinct stages of life,
namely: capacity loss from 810 to 730 mAh occutvetiveen cycles 225 and 250; and,

another one from 730 to 600 mAh between 280 andcg2les, [81].

2.5.2 Battery Aging Models

Two approaches are commonly implemented for mogedging and lifetime prediction,
namely:performance-based modeddweighted ampere-hour throughpuhodels, [86].
Regardingperformance modelsthey can account for the rate of change of model

parameters as the battery ages, [86]. For instam@sguivalent circuit-based models, the
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values of capacitors and resistors can adapt asrpatlowly ages and information

regarding the end of life (EOL) can be inferrednirthese values. In the other method of
theweighted ampere-hour throughputhe aging model works by tracking the number of
cycles (ampere-hour throughput) that the batterlyilets. These techniques have to
consider the conditions where the battery is cycteath as charging-discharging rates,

temperatures, and extreme out-of tolerance aggeesenditions, [1].

In [87], a novel model-based algorithm for battprggnosis bas been developed.
The aging model can predict the battery life anépkérack of the changing model
parameters as battery ages while taking into censiitbn various factors that contribute to
aging such as the DOD, current severity, and teatpez, [87]. The model is based on
additive damage accumulation law that is similatite Palmgren-Miner rule used for

mechanical fatigue modeling, [87].

In [76], an aging model for HEVs has been develofgatteries are limited to a
DOD of above 50%, [76]. Laboratory experiments friatigue tests have been transferred
to the battery testing field. The developed moedtes battery aging to factors such as
operating temperature and current history, [76f Tajor advantage of this study is the
use of real-world test data rather than pre-defofetging and discharging cycles at fixed
C-rates. The residual life after a specific amanfrtischarging events is defined as follows,
[76]:
A

7xe0z Z*C~ RA sy sqqé( (2.38)
A
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The sq qis defined as the total amount of charge that @adrwn from the battery. The
charge life § ¢ ) is defined as the life expressed,¥h which is defined as follows, [76]:

Sc Se °“kWk°,Y. (2.39)

For example, the charge life at 10% DOD can beutatied as follows:

Sc&WK v ( %o« [z7x° —°S%,Y &% .Y
Since aging is affected by the shape of the cupmftle as well as the DOD, the RMS of
the profile must be taken into consideration asakting factor to calculate the effective

DOD from the actual DOD. Thus th&Vkrgg can be derived from the measured DOD

(KWKog,» ) as follows, [76]:

4t C
l——1 ° KWK gpr2 (2.40)

KWK pae CjTo 0,

Where the cycle is defined as the time betweenessoee points when the current is zero,

thekWKkgg,, is calculated as follows, [76]:

. V 1
KWKorrz W pqeg RS i (2.41)
In [84], a life prediction method was developeddetermine the effect of two main

parameters on battery aging, namely: depth of digghand rate of discharge. The effect

of the depth of discharge for a given event is dieed by the following equation, [84]:

kB s
» YFBE Jk_El 7L Yeqen (2.42)

Where kg is the percent depth of discharge at which thedraycle life was determined,

k is the actual discharge as a percentage of rafgatday,,Y rggis defined as the effective
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ampere-hour discharge after depth of discharge ramel of discharge adjustments,
.Y rqed IS the actual ampere-hour throughput. For the ofitdischarge, the effective

discharge for a certain event is calculated asvid| [84]:

> .

» YFBE j_Ell 7 Egzﬁ_'i: (,, Yy qen (2.43)
Where, s defined as the capacity of the cell defined given discharge rate, angd is
defined as the capacity defined at rated dischaatge By combining both effects through
multiplication, [84]:

k Es . 1) _ .
Yeee I3 7 5

0,
> 9

leé= (
7" » Yrqed (2.44)
This equation can be used to calculate the effediv throughput for a given discharging
event. By summing the effective discharges fronerées of} discharge events, a battery

lifetime prediction can be calculated as follow&}|f

s n YEpsaq sgke g
WF YD

C 2.45
O v YrBE (2.45)

Where,,Y g__. is the life of the cell (in Ah) under known, weléfined charging and

discharging cycles at a specified depth of disohamnyd rated discharge currep¥. _ ...
is defined as the life of the cell under actualrapipg conditions and T is the operating

time, [84].

2.6 SOH Literature Review
SOH is defined as the ability of the battery taestand retrieve electric charge in addition
to the ability to keep this charge for long pericdsomparison to a fresh, nominal battery

[88, 75]. SOH is important in BEVs as they will tebo maximizing the utilized energy
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from a given battery. Since SOH cannot be physicakasured, it must be inferred from
other readily available measurements. Two mainrpaters are generally used to quantify
SOH namely; internal resistance and capacity fatl, The main characteristic of the
SOH estimation in comparison to the SOC estimagdhat SOH dynamics are relatively
slow compared to those of the SOC, [75]. SOH dypanviary after many complete
charging/discharging cycles which might take wedks exhibit in performance.
Conversely, SOC varies rapidly within the chargiliggharging cycle. Nonetheless the
same techniques can be used for both SOC and Stkhen as shown in this section,

[75].

SOH is crucial as it reflects the state of thedygitin comparison to a healthy one.
A combination of several parameters can be usecbhzlude the SOH such asell
conductance, cell impedance, capacity, internal istance, self-discharge, charge
acceptance, cycle counting, mobility of electrolytnd discharge capabilitieq1]. In
order to come up with a collective decision outibthese parameters, a weighting factor
has to be assigned to each parameter dependintg @amportance and based on prior
knowledge and experience, [1]. The battery migihilgk a high rate of self-discharge or
high internal resistance thus indicating an agettba A number based on all these factors
is generated and compared to the one based oritaynieash battery, [1]. The following

subsections summarize the techniques used for Stidation.

2.6.1 Discharge test
The discharge test is used for capacity calculabyprompletely discharging the battery

from a fully charged state (after a constant curoemstant voltage (CCCV) charge). The
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test is widely known as the static capacity testerEthough the test is accurate for
calculating the available discharge capacity, nnmd be conducted online on board a
battery management system. This is due to thelfatthe test alters the battery state and

in addition, it is a time consuming and resultoss of energy, [1].

2.6.2 Fuzzy Logic SOH Estimation

Fuzzy logic is a powerful tool in battery healthmitoring as they are able to map complex
input-output data without the need of an explicathematical model, [89]. Singh et al.
presented a SOC and SOH estimation strategy bastedny logic in [90] using data from
impedance spectroscopy at different battery stateharge (from SOC = 0% to 100%)
over 100 cycles. Three frequencies were useddibesthie battery. Features from this data
set (real and imaginary parts) were used to develgy logic models, [90]. Experimental
results demonstrated the effectiveness of the gexpoechnique for SOC estimation to

within O%ov accuracy, [90].

Salkind et al. also developed a practical metho&fC and SOH estimation based
on fuzzy logic, [89]. The technique has been vedifon two different battery chemistries,
namely Lithium/sulfur dioxide and Nickel Metal Hyde, [89]. One of the main drawbacks
of this technique is that an external source iesgary to excite the battery at specific
frequencies, thus limiting its applicability wheonsidering real-time, practical, in-vehicle

implementations, [75].
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2.6.3 Atrtificial Neural Networks (ANNs)-based SOH Estimaton:

As previously mentioned, ANNs have been widely usedattery SOC estimation since
they are capable of mapping any inputs to outputis potentially high accuracy. This
mapping can be attained given a reasonable nunfilbeuoons and a sufficient number of

training datasets.

Besides their applicability in SOC estimation, ANBEn also be used for SOH
estimation. In [91], a method for SOH estimatiosdzhon ANNSs by deducing the battery
available capacity has been presented. In thigrelsea three layered ANN has been used
with the discharge current as the input to the ndtvand the available capacity as the
network output, [91]. Thus the network was ablemap the discharge current to the
available battery capacity, [91]. The performantéhe proposed methodology has been
compared to the conventional Peukert equation wialdtes the available capacity to the

discharge current as follows, [92]:

WhereO ande are constants that depend on the temperaturehantbhcentration of the

electrolyte, [91].

In [93], artificial neural Networks were trained tuezified data and the outputs
were then correspondingly defuzzified, [93]. ThetE€stimation of the battery using this
method were obtained under 3 minutes as documén{éd]. One of the main advantages
of neural networks is the ability to adapt and-$edirn through experience. The accuracy

of the technique can be significantly enhancednpiporating more experimental data,
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[93]. The technigue has been commercially avadlabthe Cadex QuickTest C700 battery
analyzer platform, [93]. The system can read th&ebaconfiguration code and adapt to

different battery chemistries, [93].

2.6.4 Filters/Observer-based SOH Estimation

For practical applications and real-time implem&ataon board of a vehicle controller,
Kalman filters are applied for both SOC and SOHnestion, [75]. As previously
mentioned, an extended Kalman filter-based stdtmaton strategy has been applied to
estimate model parameters and SOC based on 6 bahalvinodels in [71]. Furthermore,
estimating battery parameters that provide an aidin of the battery state of health and
state of power have been presented in the same,papi¢. The method works by
estimating the battery capacity and the interrgibtance thus provide an indication of both
capacity and power fade [71]. Experimental resuidicate the effectiveness of the

proposed strategy.

In [94], SOC and capacity estimation based on edent circuit models in
conjunction with the EKF are presented. This pap@orts a comparatively improved
accuracy for capacity estimation. The presentednigoe incorporates a state projection
methodology for stable and increased capacity esiom accuracy, [94]. Furthermore,
since capacity is a slowly varying parameter, &tsnale separation has been implemented
thus producing an SOC estimate at a faster ratgpawed to the SOH thus resulting in
reduced computational complexity, [94]. In geneaade of the major drawbacks of the

EKF is that the algorithm’s stability and convergemre not guaranteed, [52].
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A SOH technique based on the Extended Kalman {iE&f) has been presented
in [95]. In this research, EKF has been used imes$¢ the bulk capacitance thus providing
an indication of the battery SOH. Experimental hssdemonstrate the better accuracy
(2%) of the proposed technique compared to otldmigues in estimating the SOC and

SOH, [95].

A real-time, impedance-based parameter identibcathethod for SOC and SOH
estimation has been proposed in [96]. The EKF séimate the battery model parameters
based on Randles’ model, [96]. More RC blocks aeglio model the Warburg impedance
but this modification has led to over-parameterargtthus causing divergence problems

for the EKF. The technique has been verified uireguDDS Cycle, [96].

Saha et al. [97] proposed an estimation of bat®&pC, SOH, and RUL using
Bayesian frameworks based on Relevance Vector Masi{RVMs) and particle filters. A
combination between equivalent-circuit based modeld statistical models of state-
transitions and aging processes has been applieéxperimental batteries, [97].

Experimental results indicate the effectivenesthefproposed strategy, [97].

2.7  Conclusion

This paper provides a summary of published litemtan battery modeling, model

parameters identification and extraction, and statharge and state of health estimation.
It is specifically intended for batteries used fvergy storage in electric and hybrid

vehicles. The following models are considered: ‘eglent circuit-based models,
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electrochemical battery models, behavioural modetspirical), hydrodynamic models,

tabulated data models, and black-box battery models

Equivalent circuit and behavioural models are gasynplement and require less
parameters to tune. However, they have little gpmygsical significance. On the other hand,
electrochemical models relate to physical reactiansells and are capable of modeling
lithium intercalation dynamics inside the electrednd the electrolyte. They are thus
favoured in state of health estimation. Full-ordiEctrochemical models are complex and
require reduction before online implementationdbaitery management systems. Even
though the reduction process results in loss afrimétion, the reduced order models are

still able to provide an accurate measure of playstfects inside the cell.

For model and parameter identification, optimizatmnd estimation strategies can
be effectively applied on any of the above mentibbattery models. However, it has been
shown that identifying model parameters offlinengsbptimization techniques provide

more robust estimates and greater stability in @mapn to online strategies.

For the battery SOC and SOH, these can be estirateg conventional coulomb
counting, Artificial Neural Networks, Fuzzy logiedhniques, and filters/observers. The
conventional coulomb counting is accurate provitted a known initial SOC is provided
and while maintaining a periodic calibration, these difficult to realize on board of a
BMS. Filters and observers for SOC and SOH estonadie the most favoured techniques
since they can be effectively utilized on any oé #bove-mentioned models and can

provide a relatively high degree of accuracy.
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Abstract

Our mode of transportation is undergoing a paradibift from conventional, fossil-fuel-
based vehicles to a second generation electridyghdd vehicles. Electric vehicles have
many benefits and are in general more efficienstanable, greener, and cleaner. The
commercial market penetration and success of @eahicles are tied to the efficiency,
safety, cost, and lifetime of the traction batteagk. One of the current key electrification
challenges is to accurately estimate the battetl ptate of charge and state of health and
therefore provide an estimate of the remainingidgvange at various battery states of life.
In order to estimate the battery state of chardegh-fidelity battery model along with a
robust, accurate estimation strategy are necesddmg. paper provides three main
contributions: (1) introduction of a new state dfacge parameterization strategy, (2)
identification of the full-set of reduced-order @®chemical battery model parameters
using non-invasive genetic algorithm and its impdetation on a fresh battery, (3) model
validation using real-world driving cycles. Extersiests have been conducted on Lithium
Iron Phosphate-based cells widely utilized in hpglver automotive applications. Models

can be effectively utilized onboard of battery ngeraent system.
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3.1 Introduction

In a series of two papers, the authors proposenglete solution for electrochemical
battery modeling, parameter identification, andes@af charge estimation at all battery
states of life. The technique has been effectiagplied to Lithium Iron Phosphate

(LiFePO4) cells and is applicable to any otheridithh ion battery chemistry.

This paper Rart 1) considers the derivation of reduced-order eletieoical models
and investigates parameter identification by ugsingenetic optimization algorithm. The
paper includes a new parameterization strategystate of charge calculation. The
proposed methods have been applied and validatéthmm ion battery cells. A detailed
description of the experimental setup and datapaosided. The paper also includes
description of an electric vehicle simulation modeleloped to generate current profiles
from vehicle driving profile and velocityPart Il of this set of papers presents the
development of an aging and degradation model baseélectrochemistry. This latter
model accommodates for battery aging and provideacaurate estimate of the battery
state of charge even at the end-of-life. The maabeks by changing the electrode effective
volume along with tracking changes in the modelapesters such as the diffusion
coefficients and solid-electrolyte interface remigte. The model has been validated using
real-world driving cycles for both fresh and ageattéry cells. Furthermore, a state of
charge and critical surface charge estimation eggatbased on the reduced-order

electrochemical model has been implemented andidedc
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3.1.1 Motivation and Technical Challenges

Electric Vehicles (EVs) have received substantitdrdion in the last decade since they
promise a more sustainable transportation systempaced to their petroleum-based
counterparts. EVs have advantages as electricitybeaobtained from numerous energy
sources such as nuclear, renewables (e.g.: solad, vand tidal), and fossil-fuels.
Furthermore, EVs can recapture a portion of thegnkst during regenerative braking
for later re-use thus increasing their overallaéincy. Electrified vehicle do not need to

have an engine idling when they stop and can hiaveler mechanical structures, [1].

Electric vehicles are increasingly driven by anbmard lithium-lon battery pack
which is one of the most important elements of plosvertrain and requires precise
monitoring and control. A battery management sygglS) is used and made responsible
for their real-time monitoring and control, incladi their State of Charge (SOC), State of
Health (SOH), and Remaining Useful Life (RUL). Tin@in limitations of EV penetration
in the automotive market areost, range anxiety, safety concerns, and resaléuea
Regardingcost,the battery represents the most expensive companéme entire electric
vehicle powertrain thus the price of an electritigle can be significantly reduced by
economies of scale; for example, the cost of 1kSWstimated to be approximately $1000
for a lithium-lon battery pack and the objectivaasbring it down to $250, [2]. Price can
also be reduced by implementing an accurate SG@asin strategy which could help
reduce any extra overdesign in battery power. Asrdoge anxiety application of an
accurate onboard SOC estimation strategy is extyemgortant; this will facilitate

commercialization and wide-acceptance of electehisles which will eventually bring
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down their cost. In terms cfafetyandresale valueconcerns, these can be mitigated by
incorporating a SOC estimation strategy to avoiteya over charge and under discharge,
as these significantly reduce the life time of éattpacks. Furthermore, accurate SOH
estimation techniques and battery lifetime predic{jprognosis) approaches are necessary
to assess battery degradation. SOH provides thverdwith information regarding the

remaining useful life (RUL) which increases religlpiand customer satisfaction.

In order to monitor the battery SOC and SOH, anumate, high-fidelity
mathematical model has to work collaboratively wath accurate and robust estimation
strategy. However, SOC and SOH monitoring are ehglhg tasks as degradation is
reflected in changes in nhumerous parameters obdaittiery model. Batteries run under a
dynamic environment involving acceleration and teregion depending on the driving
cycle; These and many factors also affect batterglels and monitoring accuracy such as
imbalance between cells, self-discharge, agingceffecapacity fade, and temperature

effects, [3].

3.1.2 Literature Review

Electrochemical battery models (ECMs) have beerelyidesearched in recent literature
since they are capable of modeling the diffusiofitofum inside the electrolyte and the
electrodes. In contrast to equivalent circuit-basediels and lumped-parameters models,
ECMs represent a more attractive approach sincg ¢ha provide an insight into the
internal physical states and limitations of thetdrgt these are important in automotive
applications since batteries are exposed to hagtsient current loads under various driving

cycles, [4].
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Various attempts have been reported in the litegatior estimating the
electrochemical model parameters for both reducedl fall-order models. In general,
electrochemical battery model parameters suchfasidin coefficient and maximum solid
lithium concentration are proprietary informationdaare not generally provided by
manufacturers. ECM parameters can be experimentagsured by examining the cells.
This approach is however costly, time consuming] aannot obtain all parameters.
Another approach as proposed in this paper, iss non-destructive tests and using

optimization to tune model parameters to experialetdta.

In [4], a parameter identification strategy foruedd-order electrochemical models
for lithium-polymer cells is proposed. Using coniirus and pulse charging/discharging
experimental data on a 6.8 Ah cell, 9 model paramsedre identified, [4]. These include:
solid particle diffusion coefficients, electroderfage area, and maximum solid electrode
potentials, [4]. In [5], a genetic algorithm hagbeapplied to identify the parameters of the
full-order electrochemical model using non-invasexperimental data from the input
current and measured voltage, [5]. Furthermoréefianformation technique has been
applied to identify the accuracy of the resultiaggmeters, [5]. The test has been conducted
using LiFePQ cells from A123, [5]. The cells are used for hggwer applications which

is the case in electric vehicles, [5].

3.1.3 Contributions
This paper presents a generic technique that carsée to estimate the electrochemical
battery model parameters using a non-invasive opdition strategy for any battery state

of life. Based on the current literature and ughivauthors’ best knowledge, the full-set of



Ph.D. Thesis McMaster University
Ryan Ahmed Department of Mechanical Engineering

the reduced-order electrochemical model parambtars not been identified using a real-
world driving cycle while calculating the state afarge. Furthermore, no state of charge
parameterization model has been developed to attje@stpherical volume-based state of
charge calculation accordingly. The technique reenlused to estimate the full-set of the
reduced-order electrochemical model parameter3.8Y, 2.3 Ah Lithium Iron Phosphate

(LiFePQy) batteries at various states of life. The techaigan be applied to other battery
chemistries provided that parameters upper and rldveeinds are provided by the

manufacturer. Furthermore, the paper introducesnaglectrochemical model-based SOC
parameterization strategy based on the numberergal shells (model states) and on the
final value theorem. The final value theorem isleggjin order to calculate the initial values

of lithium concentrations at various shells of #lectrode. Then, this value is used for

setting up a constraint for the optimizer in ortdeachieve an accurate SOC estimation.

In order to fit ECM parameters, electric currerguhfrom an Urban Dynamometer
Driving Schedule (UDDS) has been used. This cuinestbeen selected since it includes
fast changing and therefore a demand signal thathsn its frequency content and thus
favorable to information extraction. Battery modets/e been validated using a variety of
aggressive driving cycles such as the light dutyedcycle for high speed and high load
(US06) and the highway fuel economy test (HWFET)otder to generate the current
profile from driving cycles, an electric vehicle ded (based on SimScape) has been used

in a modified form, [6].
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3.1.4 Paper Outline

Section 3.2 of this paper describes the reducedroetectrochemical battery model.
Section 3.3 illustrates the demand-current ger@ratiocess from the velocity. Section 3.4
describes the performance tests conducted on &edhaged battery cells. Section 3.5
details the proposed model parameterization andm@ation strategies. Section 3.6
describes the parameter identification techniquegugenetic algorithm. Finally, section

3.7 presents conclusions, limitations, and futuoekw

3.2  Reduced-Order Electrochemical Model

The derivation of the reduced-order electrocheniedtery model is summarized in this
section, [7]. This reduced-order model is an appnaxion of the full-order Doyle-Fuller
Newman Model that is briefly summarised ARPPENDIX A, [8, 5]. The reduced-order
form of the model is generally preferred in estimaiand control applications, since full-
order models are computationally expensive, makihngm impractical for online
applications in BMS, [8].

As shown in Figure 3.1, a typical lithium-lon bajteomprises of two electrodes
and a separator immersed in an electrolyte solufiba negative electrode (anode) is made
of carbon and the positive electrode (cathode)istef a metal oxide. Battery charging
and discharging processes occur by transferrihgufit ions between the anode and the
cathode across the solution and, electrons thrtughkurrent collectors, [9]. The negative
electrode half reaction is, [8]:

L o% XY P, N POT

The half reaction for the positive electrode isa®ws, [8]:
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L p=0€ »z.P N.PO™ x. ze »j
The overall battery reaction is described by tbeviihg equation, [8]:

L @=08 »z., ¢% X, g€ »;.%.
The battery discharging reaction is representatiéyight arrow direction and the charging
process is presented by the left arrow, [8]. Madgthe entire battery diffusion dynamics
across both electrodes and the electrolyte, whidknown as the Full-order model, is a
computationally expensive task. Therefore, in otdeamplement the model onboard of a
BMS, model reduction has to be conducted. As shiowiigure 3.1, a single particle is
selected to represent each electrode and sphdifitedion inside this particular particle is

considered.

Figure 3.1. Lithium-lon Battery Structure and the &luced-Order Model
Assumption (Adopted from [8])

The reduced-order model used in this paper is knasvthe average model, [8].

Several assumptions are made which results inwctied in model accuracy. However,
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the model is still applicable to control and monitg, such as for state of charge and state
of health control and estimation. The followingw@asgtions have been made, [8]:

Each lithium-ion electrode is assumed to be a sisghere whose surface area is

scaled to that of the porous electrode as shoviagure 3.1.

Lithium concentration in the electrolyte and all siebparameters are assumed to

be constant.

No aging or capacity fade has been accounted tbakhthermal effects are ignored.
Any of the above assumptions can be accommodatedt the expense of an increase in
model complexity and computational requirementse H®igorithm of the simplified
averaged electrochemical model can be divided htsub-models, namelyspherical
diffusion sub-model solid electrolyte interface concentration to ternahvoltage sub-
mode| andsolid concentration to SOC sub-modelhese sub-models are discussed in
details below:
3.2.1 Spherical diffusion sub-model
A single particle of radius, representing the entire electrode is chosen agsrshoFigure
3.2. Accordingly, the spatial dimensionacross the electrode is ignored. A summary of
the model parameters are summarized in Table 8]1The reduced-order model utilizes
only one representative particle for each of tredarand the cathode. The sphere is divided
into a number of equal thickness shells. The sisgleerical particle is divided intbg R

shells each of sizBawith* KUK4gR andg, *Sa, where:

Sa (3.1)

2
4¢
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As shown in Figure 3.2, the outer shdlld) is exposed to the input current on the solid-
electrolyte interface. The diffusion inside the tde is described using Fick’'s law of

spherical diffusion as follows, [9]:

Table 3.1. Electrochemical Battery Model Paramet&emenclature and Units,

[8]

Ig Electrolyte current density , o~
L Solid current density L ~=
Cg Electrolyte potential
c Solid potential

C Electrolyte concentration ~yz ~7)

Solid concentration ~yz " ~~

0 Concentration at the solid electrolyte interface ~yz "~7
Uy, Butler-Volmer current , S~
P Anode Normalized solid concentration -
= Cathode Normalized solid concentration -
a Open circuit potential
ag Anode open circuit voltage
a, Cathode open circuit voltage

a Overpotential

a Faraday’s constant ~y 7

8 Applied battery cell current N

a Universal Gas constant r= ~yz
& Temperature "

b, b b,
b baZbal (3:2)

Where, 5 is the solid concentration at tirheandk , is the diffusion coefficient. In
order to discretize the above equation, considersgiherical particle as shown in Figure
3.2 and shelt that is of interest. In order to define the nakftliffusing from and into the

shell, let the mole numbér from shell* to shell*.  be defined as, [8]:
fA k2fI ” gE‘ZgN R ‘ZEGI fa (33)

Similarly, the mole numbek from shell* R to* can be expressed as follows, [8]:
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A Kuf', = €2 R . @fa (3.4)

The net mole flux (per volume) into sh&itan be obtained by subtracting equations (3.3)
and (3.4) and dividing by the sphere volurge[8]:

2¢ %9, Eoy R2 @R\« E2 R @ @9

Substituting, g <€ay,.q- <€©a 4, and 4 <€éfac EetM%r into  equation (3.5)

results in, [8]:

<Kk,f'
y m@g € R2@R3- €2 R ;. @ (3.6)

Solid-electrolyte
interface

Ci
Ci—1
Particle ¢,

center o) Tic1 T Tigr Tmp-1

Figure 3.2. Spherical Particle of Radiugd discretized intd  shells, [8]
By using the approximatiorgy i a 4- gy and&g- .a i@ 4- g and substituting in
equation (3.6), the following is obtained, [8]:

. Kof' L . . )
fa fZTQ 2 RE5. ‘o - 6fala(€5y R 5 (8 3.7)

Thus the rate of change of lithium concentratiphzélf' ) in shell* can be described by

the following equation, [8]:
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fag ko . NN . < s
f—?c f?zg 2 REo. Toy - &fala(&oy Rpe (€ (3.8)

Substitutingg, *fa into equation (3.8) and re-arranging terms gives:

. ko PR Ce o
28 f?”Tl ZézERi 26" ]TI ZééEI (39)

Equation (3.9) describes the rate of change atbilthconcentration in any shéll
and can be used to specify the concentrationsratugashells in addition to application of

boundary conditions. By settifg KK K4- K4.- and defining k ,lfa results

in, [8]:
TR, T (3.10)
W T P aREs. Gy (3.11)
P j%| oy RE 24 s - j:—iil e | (3.12)
e " jji_ii' o R - j4E4—F'ZI o (3.13)

Two boundary conditions are set for the problene on the surface of the sphere as

follows, [8]:

b’ Rng

K22
2pa o
aE/E% 02m

And the other at the center of the sphere:

The two boundary conditions at the sphere surfacktlhe core, respectively can be re-

written as follows, [8]:
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. N Rr\g
kg & 2 20 gt (| faf 02—” (314)
k48 5 "o (I faf (3.15)

Re-arranging the previous equations results in, [8]

(3.16)

e an me R farro\zgkz
2 (3.17)
Where" 5, Gis the solid concentration at the sphere outerrsiosll in contact with
the electrolyte, and is thus referred to as thigl ®déctrolyte interface concentrationg).
Substituting with the solid concentration at theecand at the surface in equations (3.10)

and (3.13) and defining I&mo ,fa( and re-arranging, [8]:

_ 4¢Rt% 4eRE

2% & ]4E—R| 2 o R]4E—R| ZOG’ER

. E )
=] 4E—R| r\g| (318)

Equations (3.10-3.12) along with equation (3.1§resent the single particle model and

can be written in a state-space representation &srollows, [8]:

System equation:
‘2 ” ‘2 . 6' (319)
Output equation:
F 2. eeR=Ng (3.20)

Where, matriceé andB can be written as follows, [8]:



Ph.D. Thesis McMaster University

Ryan Ahmed Department of Mechanical Engineering
JRE T
JE REEH 6 )
¢« FE Rt _
N a
_ o« B o - - X =
@ R} {L_) _ 0] (Z + -
p B e . RO Lc
p 5 L& Ry Lo Ure Y
[ & [ &
« ¢ =&
[l [& ¢

This sub-model has one input, one output, 4rd states representing the shells
surface concentrations. The model inpuis the butler-Volmer currer& ( which is a
function of the solid electrolyte surface concetitra& ;;( and the total curre@®A(The
output of this sub-model is the solid concentra@brhe solid-electrolyte interfaceg().

This output is fed into another sub-model that aialies the terminal voltage.

3.2.2 Solid electrolyte interface-Terminal voltage sub-mdel:

Detailed description of the derivation of the feliog equations is discussed in [8]. A
summary of the equations that use the solid corator at the solid-electrolyte interface
to generate the terminal voltage is provided is thibsection. The battery terminal voltage
(from the full-order model) is calculated using atijon (A18) inAPPENDIX A and

repeated here, [8]:

c26 S(Rc6. (R g\ (3.21)
The over-potential for the positive and negativectbded , and/ is described by the
following equations, [8]:

/ Cy Rcp RJ &4 ( (3.22)

/” C2|” R CF” R \]”8\2F|”( (3.23)

Substituting equations (3.22) and (3.23) into eilguat3.21) results in [8]:
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§( & . cp . Jon(RE . cr . I Ton( (3.24)

Grouping similar elements together results in [8]:

g( of R/' . 8C|: R CF..( . u‘]A.‘ZFl i R‘]...‘ZFI...I:IR B\‘ (325)

The four terms in equation (3.25) are obtained is#ply as follows:

3.2.2.10pen circuit Potentiald * gxs Rage kel
The ",k for the positive electrode is used to calculagegblid concentration at the solid-

electrolyte interface for the negative electroglg using the following equation, [8]:

: Ru., -
. . 2FI v 20r€ |
—U . . - & - RU-~ (— 3.26
2F1.. 210r€ 1. Uy &y RU - (oo 1 U, oy Uy ( ( )

Whereu -, ,u_m, ,Uw ,Uwm, are the stoichiometry points for the negative

and positive electrodes respectively, [10]. Thedsaoncentrations at the electrode-

electrolyte interface for the positive and negapegticles are normalized as follows, [8]:

xyz*{ R 7z7'ayz|'7 *}7aCo’7 'y} 7}ao™*y } &pyx**+7 ( “oR
~0_*~e~ xyz*{ 'y} 7}ao™y} “o20r€ |

(3.27)

xyz*{ R 7z7'ayz|'7 *}7aCo’7 ‘y} 7}ao*y}  &7z20*+7 ( "omL.
~0_*~e~ xyz*{ 'y} 7}ao™y} "0 1.

(3.28)

Normalized concentration values in equations (3&%) (3.28) range from 0 to 1
and are further used to obtain the open circuiemidl equations for the cathodkp() and
for the anodeJ ). The experimental derivation df andJ is described in details in

section 3.4.
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3.2.2.2The Overpotentiabd ; R ap°

The difference between the anode and cathode aesriads can be calculated using the

following equations (details of the equations dations can be found in [8]):

D -
/| —d& . . ( (3.29)
L
D —
[ o (3.30)
P
where,
\g
- 3.31
to, ( )
\g
ro (3.32)

Where \9 and 9 are the Butler-Volmer currents defined as follows:

q m

\ q, m
v r 1
2T o,f 17_pj 5 /I | R7_pé 5 A (3.33)
\ \ qrm q n
f can be calculated as:
foo&(" aoe Rer 8or(7 (3.35)

3.2.2.3The electrolyte potentiakcy 3R ¢ g (

An approximate of the difference can be calculatgidg the following equation, [8]:

\ f f f,

&r Ree ( REUGFBE' GFBE © GFBE'

(3.36)

3.2.3 Solid Particle Concentration - SOC sub-model

The critical surface charge (CSC) for the posiglectrode is calculated from the solid-
electrolyte interface k). Normalized solid-electrolyte concentratioris obtained first
using equation (3.27); the critical surface chaigecalculated based on the positive

electrode lithium concentration only using thedeling equation, [8]:
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u Ru .,
U Ru. (3.37)
The battery state of charge (SOC) is calculateckdas the spherical average

concentration (k. ) inside the positive electrode. The SOC is catedlas, [8]:

0+7a0%Z7 pyx**+7 xpY7ai 'y} 7}'ao"*y} a0 (3.38)
u. S0 ' [l N .
~0_*~e~ xyz*{ 'y} 7}'ao™y} 210r€ |

Where, the average solid particle concentratiorterpositive electrode {x. )

is calculated by integrating the concentrationsle€trode shells and dividing by the sphere

volume as, [8]:

'y'oz z*Y*e~ ‘y}7'ao™y} O g<éSa

. — = 3.39
poa™z7 +yze~7 Géé 2R sa( (3:39)
Then the SOC is calculated as, [8]:
u. Ru.
W ce— T ¢ (3.40)

u.» RuU.

Note that the critical surface charge (i.e.: thargk at the solid-electrolyte
interface) is not used in the calculation of thialtdattery state of charge. Alternatively,
the solid electrolyte interface concentration isdifor terminal voltage calculation. This
explains the fact that when a zero current is apdio the battery, battery voltage exhibits
relaxation effect, since lithium ions on the ouserface diffuse to lower concentration
shells inside the particle thus voltage decreastklithium concentration in all shells are
equalized and no further diffusion takes placetl@mother hand, the battery state of charge
does not change upon applying a zero current irfginte the same lithium concentration

is contained inside the sphere and averaged tonathia overall battery SOC as given in
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equation (3.40). The overall ECM Models can be $atea using the collection of
equations (3.1) to (3.40). The coefficient valumsd LiFePQ battery cell can be obtained
from manufacturers and through experimental parameéntification using drive cycles

as explained in the following sections.

3.3  Current Generation and Experimental Setup

This section summarizes the process of currentrggor from the velocity profiles of

various driving cycles. Then a summary of the expental setup including cyclers,
environmental chambers, data acquisition systemd, kattery cells is provided. The
experimental data is then used for extracting patamvalues for a reduced order ECM

for a LiFePQ battery cell.

3.3.1 Current Generation

In order to generate the current profiles neededekperimentation, an electric vehicle
battery model has been modified from an existingridyvehicle model, [6]. The model
has been simulated using SimScape in Matlab envieoh in order to obtain the current
profile from the velocity profile. Loading conditis such as heating and air conditioning
have been ignored in this study. A model of a nize-sedan (Battery Electric Vehicle Ford
Focus) has been used with an approximate drivinge®f 200 kilometers per full charge.
The simulation model, as shown in Figure 3.3, csiesdf a vehicle dynamic model, DC

electric motor, DC-DC convertor, lithium-lon batggrack, and vehicle speed controller.
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Figure 3.3. All-Electric Mid-size Sedan Simulatioklodel in SimScape
(Adopted from [6])

Three benchmark driving schedules have been usttisimulation; namely, an
Urban Dynamometer Driving Schedule (UDDS), a lighty drive cycle for high speed
and high load (US06), and a High fuel Economy TEBVFET), [11]. Even though the
driving behaviour of an average driver may likery, these driving cycles have been

widely used in both industrial and academic sestittgsimulate various driving patterns.

Table 3.2. Characteristics of UDDS, US06, and HWFBFiving Schedules,

[11]
uDDS 1,369 7.45 19.59
us06 596 8.01 48.37
HWFET 765 10.26 48.30

The UDDS driving cycle represents a city drivingndiion, the UDDS cycle
(commonly known as “LA4” or “the city test” or Fedé Test Procedure “FTP-72") was
originally used for light duty fossil-fueled vehéctesting, [11]. It has been developed to
imitate average speed, idle time, and number gqfsstbat the average driver performs in

practice, [12].
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Velocity Profiles for UDDS, US06, and HWFET Cycles

Velocity [Kph]

Velocity [Kph]

Velocity [Kph]

Time [Mins]

Figure 3.4. Velocity Profiles for the UDDS (uppeigure), US06 (middle), and
HWFET (lower) Cycles [11]

The test profile is recommended by the U.S. Envitental Protection Agency to
estimate the fuel economy in city driving condisofiL1]. For electric vehicles, the profile
has been extensively used to estimate the drivange in miles per full charge, [13, 14].
The USO06 cycle is a high acceleration, aggressivend cycle, and the HWFET represents
a highway driving conditions with speeds below 60@esihours, [15]. The three
aforementioned driving cycles are as shown in g4 below. An exclusive summary of
these driving cycle characteristics such as digtamae, and average speeds is as shown

in Table 3.2, [16].

The pack current profiles from these drivinglegcare as shown in Figure 3.5.
Since the USO06 driving cycle is an aggressive dgwycle, the current demand by the

motor is quite high compared to current profilesvirthe HWFET and the UDDS cycles.
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Current profiles have been scaled down to thelee#l and used for model parameters
fitting. The pack consists of 100 cells connectedaries for voltage buildup and 15 cells

connected in parallel. Cell balancing has beenrigghan this study.

Battery Pack Currents for UDDS, US06, HWFET Cycles

Pack Current - UDDS
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Figure 3.5. Pack Current Profiles for the UDDS (Upp figure), US06 (middle
figure), and HWFET (lower figure) Cycles

3.3.2 Experimental Setup

The experimental setup is as shown in Figure 3€,setup includes 3 channel Arbin
BT2000 tester, 3 lithium Iron Phosphate cells, @remmental chambers, AVL Lynx data
acquisition system, and AVL Lynx user-interfacetaaie. AVL Lynx software is used for
setting up the test procedure and for data aceunsiVarious variables such as battery
current, voltage, and temperatures during chargdiggharging, and rest phases are

acquired at a maximum frequency of 50 Hz. Battesy tells are placed in environmental
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chambers in order perform the test at controlledperature conditions. Two different
environmental chambers provided by two differemhpanies are used for testing namely,

Thermotron and Espec.

Figure 3.6. Experimental Setup including Cyclersnkironmental Chambers,
and Data Acquisition Systems

Figure 3.7. Arbin BT2000 Cycler with Espec/Thermotr Environmental Chambers

"+ s ! S+ S
P +l$ -*$ "+,
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These units can change the temperature from -7AB@d/4 and are able to change the
temperatures at a rate of 3/4l~*} . This kind of heating and cooling capability is
necessary for stressing samples and acceleratitgyypaging and therefore saving total

test time.

Each battery is independently tested using septaster channel. The Arbin tester,
as shown in Figure 3.7 and Figure 3.8, has 3 inugr@ channels. The cycler can operate
in two voltage ranges namely, low: 0-5 V and higt20 V, and 3 different current ranges,

high: 0 -O<  Amps, medium: 0 ©< Amps, and low: 0 ©%Amps.

ng1 ‘ng1 ‘ng1

/$0 ..

Figure 3.8. Arbin Cycler channels: channels equippe&vith voltage sensor and
status indicator light
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3.4  Reference Performance Tests and Experimental Datamalysis

A summary of the reference performance tests (R®mylucted on fresh battery cells is
presented in subsection 3.4.1. In subsection 3ah2illustration of the data analysis
conducted to generate the cathode and anode equilibpotentials { andJ ) is

provided.

3.4.1 Characterization/RPT tests

Extensive characterization tests have been condiumtea fresh and aged batteries at
controlled room temperature $%0% 4 main experiments includA:static capacity test at
1C rate, SOC-OCYV characterization test, pulse chaigischarge test, and Driving Cycle
tests (e.g.. Urban Dynamometer Driving schedule)stteCharacterization tests are
conducted to specify battery cell baseline perfarceacharacteristics such as cell power
capability, internal resistance, capacity, and ticomstants. The following tests were

selected for this study.

3.4.1.1Static Capacity Test — PNGV, 2001

This test is used to measure the battery cell dgpacAmpere-hours at a constant current
(CC) discharge rate. This test is conducted inramerovide a baseline for a fresh battery
cell capacity. The test procedure follows the camisturrent constant voltage (CCCV)
protocol and is summarized in the following stdfp3]:

A. Charge the battery at 1C rate (2.3 A) to fully oyedl state in a constant current
constant voltage (CCCV) mode. The battery is fthigrged at 3.6 V and when
the current end point is at 0.02 C (0.046 A).

B. Leave the battery to rest for one hour in ordeallow for voltage and current

stabilization,[17].
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C. Discharge sequence at a constant current 1C rat@ tne voltage reaches the
battery minimum voltage limit (2 V) recommendedhagymanufacturer17].

D. Battery is left at rest with no load for one hour.

3.4.1.20CV-SOC Relationship:

This test is used to characterize the open-cinliage (OCV) - state of charge (SOC)
relationship. Very small C-rates (C/20, C/15) asedifor OCV-SOC characterization in
order to minimize cell dynamics and to minimize abioss effects due to battery internal
resistances, [18]. Accordingly, by conducting tlkisperiment, the measured terminal
voltage is assumed to be the open circuit voltdges test is important since the cathode
and anode electrode potentials @ndJ ), which are used in the electrochemical model,
are being derived from this test as discussed bsexttion 3.4.3. The OCV-SOC
relationship is obtained as follows (this testimikar to the capacity test but is conducted
at a very low C-rate):

A. Fully charge the battery in a CCCV mode until maximvoltage (3.6V).

B. Fully discharge the battery at constant current {GGode with 1C-rate until
the voltage hits the minimum voltage (2V).

C. All cycler current accumulators are reset to zekbthis moment, the battery is
at zero state of charge (SOC).

D. Charge the battery at a very small C-rate of CA®6*2.3=0.15A) in a CCCV
mode until it hits the maximum voltage of 3.6V. Tékis left to rest for one
hour to relax.

E. Discharge the cell at the same rate of C/15 untitl gahe battery hits the

minimum voltage of 2 V.

The charging and discharging curves are averagaibt@in a single fixed relationship
between OCV and SOC.
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3.4.1.3Driving cycles

Current profiles generated from the electric vehitlodel as illustrated in section 3.3 are
used to excite the cells. The pack current pradilecaled down to the cell level and is fed
to the cycler. These driving cycles are very rinhtheir frequency content, since they
include fast variations and will be used for mopatameters fitting. The cell current is
generated from the pack current by assuming nde&dihcing (i.e.: all cells are held at the
same state of charge) and by assuming equal cudistnibutions among parallel cell
branches.

3.4.2 Fresh Battery - Cathode/Anode Electrode Potential Brivation

The separate cathode and anode electrodes poteantide estimated from the SOC-OCV
relationship. The OCV vs. time for both chargingl ahischarging of a fresh battery is as
shown in Figure 3.9. The test has been conduct€dlat rate. In order to obtain the OCV-
SOC relationship, the OCV curves for both chargnd discharging are plotted vs. SOC
as shown in Figure 3.10. This relationship, asipresty mentioned, is obtained by cycling
the battery at a very low C-rate (C/20 or C/15jimimize battery dynamics and use the
measured terminal voltage as the open circuit gelt@.e.: assuming negligible voltage

drop on the internal resistance due to very lowenu), [18].
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Charging/Discharging OCV Vs. Time
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Figure 3.9. Charging/Discharging OCV vs. Time (~G)1
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Figure 3.10. SOC-OCYV relationship for both chargirend discharging
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Hystersis Effect

Hysteresis Curve = Charge OCV - Discharge OCV
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Figure 3.11. Hysteresis Effect - Obtained by sulitiag Charging and
Discharging Curves
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Figure 3.12. Charging and Discharging Averaged SGQCV Curve
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It is clear that the battery behaviour during civaggand discharging are not identical due
to hysteresis effects which is obtained by subingdioth curves is shown in Figure 3.11.

In order to obtain one curve to represent the O@EGSrelationship, data has been
resampled to 50 points for each of the charginghdigging curves then they have been

averaged as shown in Figure 3.12.

Un Vs. Normalized Concentration

Voltage [V]

0 0.2 0.4 0.6 0.8 1
Normalized Concentration

Figure 3.13. Anode Equilibrium Potential Vs. Normialed Concentration [5]

In order to obtain the open circuit potential floe positive electrodel() and the
negative electrodel( ) from the OCV-SOC relationship shown in Figure33.ane of the
two electrode potentials has to be independentutated and then subtracted from the
OCV-SOC relationship to derive the other. In thaper, since the negative electrode active
material is made of graphite* ), the empirical relationship below [19] can beided

from the literature, [20]. The anode electrode pt&t (J ) as function of the normalized
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lithium concentration is as shown in Figure 3.15, [ The empirical relationship is as

follows, [19]:

J.&( .y " R 27 ]_)‘. . OPD%& SR_ (IR OPQF&_R “f(U
Where,_ is defined as the lithium concentration in thadsakttive material divided by the

maximum permissible solid concentration, [19]. Tdwnstants to j values are as

follows:

T HSE”™ . % Scif” ) Ri%tt% , ; tSEHT %%7 R
T CtET7TR% , R <S % E%ott %o%oESE%o S % R «EISE E

The cathode potential () is obtained from the anode potential by subtragli from the
OCV-SOC curve as shown in Figure 3.14 below, [B]edch electrode, curves have been
discretized to 50 control points and a Piecewisbi€Hermite Interpolating Polynomial

(PCHIP) is used perform interpolation between adrgoints, [5].

Up Vs. Normalized Concentration

5.3 j’) ,,,,,,,,,,,,,,,,,,,,,, —O— Positive Electrode Potential (Up) L

Voltage [V]

Normalized Concentration

Figure 3.14. Cathode Equilibrium Potential as funoin of Normalized
concentration
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3.5 Parameterization Model Development

In order to identify the electrochemical batterydebparameters, an objective function has
to be set in order to fit the model output voltégexperimental data. In order to optimize
the battery voltage while maintaining an accurdi¥CSestimate, model parameterization
has to be conducted in order to scale the inputatto the Butler-Volmer current values.
This value is further applied as an input to thkeesgal particle for each electrode. This
section provides a new parameterization model wisch function of the number of
spherical shells4(g). The model is further used as a constraint dumpagameters
optimization. The following subsections illustratiee parameterization procedure by
considering the reversed process of obtaining nit&li lithium concentration from the

initial SOC followed by deriving the parameterizatiequation.

3.5.1 Total sphere concentration from initial SOC

In order to start simulating the model, the initithium concentration values have to be
calculated from the initial SOC. First, assumingr@awn battery SOC, an inverse SOC
calculation has to be conducted as follows. Rebali the battery SOC is calculated based

on the spherical average concentratiogx.( ) inside the positive electrode (equations
3.39-3.40). Equations are repeated here for rekiyalihe SOC is calculated as follows,

[8]:

2

< RuU .
W o g 2KOrEK Y (3.39)
u my, Ru ny

(
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Where, the average solid particle concentratiortHerpositive electrode {x. )

is calculated by integrating the concentrationsle€trode shells and dividing by the sphere

volume as follows, [8]:

\ 'Y'0z z*Yre~ ‘y} 7'ao'*y} OEAEC: g < éSa‘Q (3 40)
2 - e |
poa*z7 +yze~7 Géé 2R sal

Thus assuming a known initial state of charge i@ solid concentration in the

particle can be calculated by re-arranging theiptevequations as follows:

tw
‘2| “ ° :—]éé 2 R Sa() j_o U my, Ru w ®. Uy | ° ‘2|0|—€ | ° (aé& 2 R Sa() (341)
The next step is to evaluate lithium concentratialues at various shells at steady
state conditions (i.e.: assuming no diffusion). Toel lithium concentration is divided

equally among all shells as follows:

[ =
A g<éSa’;, a °<éSa . a °<«éSa . g °<éSay,Ug . °<€Sa| o (3.42)
Y

In order to evaluate the values of lithium concatdns at various
shellsT" ~ U‘[E: U we use the final value theorem to evaluate tleadst state

concentration values. The technique is describet®iails in the following subsections.

3.5.2 Initial concentration using Final Value Theorem
Given a dynamic system representing the lithiurfudibn in the solid particle defined in
state-space which is previously defined in equati@®19-3.20), matrices andB can be

written as follows:
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Assuming a zero input& ( , the zero-input solution can be formulated as:

f{:_ . & (3.43)

Taking unilateral Laplace transform,

XE(RE () &( (3.44)
Where & ( "&'( at' . Thus,

&\R, C&( & ( (3.45)
By applying the inverse, the staté&x( can be evaluated as follows:

“&( &\R, (F & ( (3.46)

By applying the Final Value theorem for a unilateéransfer functiorm&x(as follows:

m*}oz 0ze7 9 C& ( 9 Xéx( (3.47)
Thus substituting equation (3.46) into equatiod 3. get:
m*}oz 0ze7 19 C&( d,, x8\R, G & (( (3.48)

McMaster University

The final value calculated above is a functionhef matrixA. It is clear that the

matrix depends solely on the number of sphericalls# ¢ thus the final value depends on

the number of shells. The final value achievedgisine final value theorem represents the
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fraction by which the concentration will be equallyided amongst all shells. In this paper,

this value is referred to as th%rﬂE . Accordingly, in order to evaluate the solid

concentration in each spherical shell, assumeahdithium contained in the sphere is

concentrated at the outermost shell. Then theiatig equation can be used:

[ &
A g<«éSaylég . °<€Sa(° "
Y3

9 18 o ° <€Sa(° 25, 4¢ 2BrE

\ (3.49)
& °@Sa’ .a °«Sa’ .a, °«&SayU.a|.,
°<8Sa = (169 o ° <€Sa(° “p5q¢

Where " 4 represents the steady state initial concentratoevery shell, for a given

state of charge and the number of shells in thersgdi particle.

3.5.3 Number of shells, SOC slope, and relationship

By examining the state transition matrix A, a relaship between the number of electrode

spherical shells4g) and the ,.,, . can be derived. Assume that the number of spherica

shellsis4d ¢ (, the state transition matrix can be formulateflastion of 4 g as follows:

R 84cR (184cRE(

"led g4 Ri(184gR ( RMRI(I&4cR (! (3.50)

By converting from the state space to the tran&fection representation and assuming
zero input current, the transfer functiddnj for the outermost shell that relates the input

butler-Volmer current to the subsequent inner steatl be written as follows:

84cR (& . i(

(3.51)
SR (X . 804-R<(x. 4cRQ

By applying the final value theorem (equation (3)4&hd simplify:
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\ 4¢R%
m*}OZ 0ze7 N A 28rE N A Rm (352)

Similarly, by repeating the same procedure forrttber of spherical shellsz <« , the

state transition matrix can be formulated as atfan®f 4 g as follows:

84 ¢ RE(
a -
A eRQ( _
&4 R E( &4eR (-
VL2 g R R &4eRE( - (3.53)
p &4cRE( &4 R (-
h 84 E R ( 84 E R (Q

The transfer function{n) for the outermost shell that relates the inputrent to the

subsequent inner shell is as follows:

84cR (& . <x. Q(

5 - . 3.54
PVt oaz G R0 . @ RE(x . 4R (x. 4cR< (3:54)
By applying the final value theorem and simplifying
- . @R
m }0¢ 0ze7 )[ qu ZBI’TIE )[ qu R W (355)
Finally, for the number of spherical shellg %o, the state transition matrix is:
- & e RQ( )
g 8eR<( & e R i( -
EARC oy 84cRE( -
@4 R E( -
» [ G/CE] G &4E R ( - (3.56)
2 &4 R E( Rt &4 RI(
, &4 RH( &4eRI( _&4gR (-
" &R (1 &gR (¢

And the transfer functiorDn) for is as follows:
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MR (& . S . x. «(

. 3.57
Dot o 84eR (X2. § 4gRT(X . §%4gRt (x . § 4gRT (X. 4gRY% (3.57)
By applying the final value theorem and simplify:
. $4:R S
M40z 0227 > oy 2grqE L oA RW (3.58)

By further examining th&,, , . values for various number of shells, the followietationship

can be formulated:

&4ERCI¢4E. 1(84E(R84gR 4¢. S

. S (
3.59)
2BriE 4-R4 4LR4 (
J E:I; E|84E(Rg %S E(

Therefore the closed form of the relationship carsimplified to:

t4LR"4g. E4RS

‘ 3.60
2Br1E FALRGg. 4¢ (3.60)
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Cs-Factor Vs. Number of Spherical Shells
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Figure 3.15. Relationship between the and the number of electrode
spherical shells

The relationship between th)eCO\,ya and the number of spherical shellsd) is as shown

in Figure 3.15. By simulating the model using vasmumber of shells, we can derive a

relationship between the number of shells) the ., . , and the slope of the SOC

&StW IS'( curve as summarized in the following table:

Table 3.3. Model Simulation parameters using varoaumber of shells

0.26 11 2.72 10.5
0.13 21 2.85 20.5
0.12 25 2.88 24.5
0.09 31 2.90 30.5

As shown in Table 3.3, by dividing.,, . by the SOC slop&Stw IS'(, a

relationship which depends solely on the numbeshelfls can be derived as follows:
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&StW 1S'(
2BrE

&4cR (11 (3.61)
The previous relationship is of critical importarioescale the battery input current

(I) to the Butler -Volmer currentn(). This relationship is expanded upon to include

dependence on the battery capacity,d ) in Ampere-second, normalized concentrations

(u ., Ku.., ), particle radius (), maximum positive solid concentration( ), and .

EStW 1S'( . 8¢4ER o—

281 T °Sa(18,. ° 2°,0e 8., RU.,( (3.62)

E"v

Where,
k ,Ifa and” 1&mo ,Sa(

The relation is further expanded to involve voluneedverage used for SOC calculation:

StW
s
2BrE
fAcR  4p ) L . (3.63)
&& :t ( ] 4ER ! Sa(l& 2 2 1 Or€ &u Ev
Ru ., (

The aforementioned relationship is used as an agiion constraint. The optimizer is
used to identify the electrode area (A) and thenguthe previous constraint to calculate

the electrode thicknegsas follows:

foi-e jMER | oj ot o °Sa° 18, ° 2° ° &u
_ ! ! 2B E 2 2 1 Or€ g
\ ¥ 4R ’ (3.64)
Ru ., (

This relationship indicates that capacity degramhatiue to battery aging is attributed to a

decreased sphere effective volume.
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3.6 Parameters Optimization

A benchmark Urban Dynamometer Driving Schedule baen used for data fitting.
Experimental data from LiFeRQ@ells have been collected and fitted to the redwder
model. Even though the reduced-order model hasrfpar@meters compared to the full-
order model, model parameters are still difficalidentify. Accordingly, in this work, the
full-set of the reduced-order model parametersbareg attained using genetic algorithm

optimization.

3.6.1 Parameters to be identified

The full-set of the reduced-order electrochemicattdsy model parameters have been
identified. The 18 parameters are as follows: thi& snaximum particle concentration in
the anode and cathodesdpex Kokorek ), POsitive and negative diffusion coefficients
(koxk Kkk), positive and negative active surface area atrelde ¢.x K g¢ ), positive and
negative electrode area (A), electrode film resista( 3gp) (also known as the solid
electrolyte interface resistance), maximum positaed negative solid normalized

concentrations (stoichiometry values) (, , u_.. ), minimum positive and negative
normalized solid concentration (, u .), anode and cathode particle radiuses,( 5 ),

active material volume fractio®&%xK 7« (, average electrolyte concentrati&), and

positive and negative current coefficient or reattiate 6-). Some parameters are held

constant as shown in Table 3.4.
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Table 3.4. Fixed Model Parameters (held constantidg optimization)

Change transfers coefficient, 0.5,0.5
Universal gas constant ( = = ( 8.3144 e+4

Temperature () 298.15

Faraday's constant ( 7 ) 96485

3.6.2 Genetic Algorithm optimization Technique

Genetic algorithms are search techniques baseldeoavblutionary model. They are best
suited for complex problems in which obtaining adijent is rather difficult. In addition,
GA is a global optimization search algorithm formgg@ex, non-unimodal objective
functions. A detailed description of genetic alfums can be found in references, [21, 22].

A brief summary of the method used in this papasummarized below, [23].

A. Creation of random initial population

In this work, 1000 individuals have been used farg population. The initial range is
set as illustrated in Table 5. An initial guessdahen literature for parametric values
and according to the authors’ best knowledge has bdopted in this work.

B. Generating a sequence of new populations as follows

The fitness value of each population member isatatband the raw fitness values
are scaled to generate an operational range of @alu

Individuals are selected based on their fitnesstion, these individuals are called
parents.

Off springs are generated from the population lyssover or mutation.
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Low fitness individuals are replaced from currenpplation by new off-springs to
for the next generation.

C. The steps are repeated until the stopping critasareached. This include a
maximum number of iterations of 10 or a minimum ENMEl1e-5.

3.6.3 Results and Discussions

During optimization, bounds have been set on alpa&meters, as given in Table 5. In
order to identify the electrochemical model parareetising the Genetic Algorithm (GA),
an objective function has to be selected. The paramdentification objective function
used in this research is targeted at minimizingetiner between the model output terminal
voltage &'( and the experimentally measured terminal volt&ye. The objective

function is a cumulative sum of the squared voltager as follows:

~} 0 E(R &Y (3.65)

The Urban Dynamometer Driving Schedule (UDDS) hesnbused for parameter
fitting. The UDDS driving cycle has been selectedta it entails fast changing signal, rich
in its frequency content thus favoured when optatien strategies are applied. The driving
cycle includes resting periods thus captures theetyarelaxation effects. In addition, the
cycle includes charging current that representemegtive braking in addition to
discharging currents representing vehicle acceteratThe driving cycle has been
previously used to get the electrochemical battapdel parameters for the full-order
electrochemical model in previous publication, [5% shown in the paper, the model will
be validated using other driving cycles (HWFET, Bpthat has never been used during

parameter extraction process and the model exlgbdd accuracy. The Genetic Algorithm
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(GA) starts varying the 18 model parameters tadeetified. The GA is best suited in this

application since gradient information is hard valaate for the electrochemical model.

Voltage for UDDS Driving Cycle
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>
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Figure 3.16. Battery Voltage (Upper Figure), SOC @&urrent (Bottom Figure)

for one UDDS Cycle

The scaled current input from an Urban Dynamomietesing cycle has been used

as an input to the model along with the paramaiesg generated by the GA.

Table 3.5. Electrochemical Battery Model Optimiz@ounds

Maximum solid-phase concentration (Positive)
" le-4

(nwé #
Maximum solid-phase concentration (Negative)

(1owé # e
Solid phase diffusion coefficient (Positiv® ,3) 16-15
( "#0)
Solid phase diffus(ion soeffic;ient (Negativ@® z) 1e-15
Y# 0

Active surface area per( elfc):trode unit volume (R@9i 10000
a

0.1

0.1

1le-8

le-8

180000
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Active surface area per electrode unit volume (Xiega

() 10000 130000
Maximum solid concentration (Positivd?a(&&v ) 0 1
Minimum solid concentration (Positivel?é(&v ) 0 1
Maximum solid concentration (Negativedy(, ,, ) 0 1
Minimum solid concentration (Negativey{,, ) 0 1
Particle radius (Positivefi(5) &  ( le-7 le-1
Particle radius (Negativefi(z) & ( le-7 le-1
Active material volume fraction (Positivel ¢ ( 0 1
Active material volume fraction (Negative) (;( 0 1
Reaction rate'(g) 1000 12000
Solid Electrolyte interface Resistanée(z) () ) 0 1
Average electrolyte concentratiéty) § # ' ( le-5 le-1
Electrode plate area (Positive, Negativg) (%) 100 20000

The current is scaled down by a factor of 15 assgmb cells are connected in
parallel, also, cell balancing is ignored in thamtext. Current, voltage, and SOC data from
a UDDS cycle are shown in Figure 3.16 (assumingtigescurrent for discharge and
negative current for charge). The model is simdlavece for every member of the
population and the terminal voltage is further caned with the experimental terminal
voltage. Since over-potential equations (3.29) #&B®0) used for terminal voltage
calculation involve square root calculation, it hitigenerate complex numbers. Therefore,
when setting up the cost function, if any populaty@nerates complex terminal voltage, it

is penalized by setting the terminal voltage tesayJyarge number.
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The GA optimization has been set to 10 runs antiO@ population size due to
extensive computational complexity required by #hgorithm. The algorithm has been
conducted on a mobile workstation with 3.0 GHz,djGare i7-3940XM Extreme Edition

processaor.

Experimental Terminal Voltage Vs. Model Output

Measured Terminal Voltage
330 b Model Terminal Voltage (Optimized) |

329; v & alii r "I' Rt
s !
> 3.26 -1 HE Y- (1
g -
S

3.23- 1+t 2 ~

320\~ [
!

15.4 156 15.8
3.17 e e e e e e
0 5 10 15 20

Time [min]

Figure 3.17. Electrochemical Battery Model vs. Expaental Data from a
UDDS Driving Cycle

The estimated value of thesg, inherently includes current collectors and
electrolyte resistance. The algorithm requires exiprately 6 hours to generate the

optimized parameters.



Ph.D. Thesis McMaster University
Ryan Ahmed Department of Mechanical Engineering

Table 3.6. Electrochemical Battery Model OptimizBdrameters

Maximum solid-phase concentration (Positive)
(& #
Maximum solid-phase concentration (Negative)

(v s #
Solid phase diffusion coefficient (Positivi ;)

0.04782

0.08147

7.432474 e-09

‘%# "

Solid phase diffusEon g;e;ﬁi%ient (Negativ@® z) 1139458 e-09
Active surface area per( elfstrode unit volume (R&3i 164083.82
Active surface area per eleactrode unit volume (Negp 65588.80

( r)
Maximum solid concentration (Positive.%(&&v ) 0.9149
Minimum solid concentration (Positivep’g(&v ) 0.6976
Maximum solid concentration (Negative)g(,, ,, ) 0.3101
Minimum solid concentration (Negativey{,, ) 0.1535
Particle radius (Positivef(5) & ( 0.0015
Particle radius (Negativefi(z) & ( 0.0264
Active material volume fraction (Positivel ; ( 0.1646
Active material volume fraction (Negative) (x( 0.7970
Reaction rate'(g) 10016.583
Solid Electrolyte interface Resistanég(z) () ) 0.0104
Average electrolyte concentratiéty) &  # " ( 0.0851
Electrode plate area (Positive, Negative) (%) 16524.27

The identified values generated by the GA are sumnzedin Table 3.6. As shown

in Figure 3.17, the optimized electrochemical bgttmodel output fits the experimental
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data quite well. The slight shift is due to theraging of the OCV and SOC relationship
and due to the approximations from the full-ordethe reduced-order form. Recall that
the model assumes constant electrolyte concemntratid only one representative particle
for each electrode. The root mean square error (RMf&tween the measured terminal
voltage (&'( ) and the electrochemical model outpt&(() for n number of samples can
be calculated as follows:

i 0% +& (R+& ( (3.66)

A ( 2

Voltage Error (Error = Measured Voltage - ECM Mode | Voltage)

Voltage Error ‘

0.01 —

Voltage [V]

-0.01 —j

0 5 10 15 20
Time [min]

Figure 3.18. Voltage Error between experimental aB€M Output

The error between experimental and the ECM modglutis shown in Figure 3.18.
Using the optimized battery model parameters, tNESR for a UDDS cycle is 0.22057

mV. The actual battery SOC Vs. electrochemicaldopgtimodel output SOC based on
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spherical average are shown in Figure 3.19. Theah8OC is calculated using coulomb

counting provided by the Arbin cycler.

Actual Vs. Model SOC

Actual SOC |
Model SOC

Time [min]
Figure 3.19. Actual SOC (using Coulomb Counting) Mdodel SOC

The SOC has been reset before conducting theotesinimize accumulated error

due to integratioriThe histogram of the voltage error is shown in FegsL20.
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Figure 3.20. Probability density plot of voltagerer for UDDS cycle

As shown, the maximum absolute error is within OM®/hich indicates that the
model is very accurate using the optimized parametkeies at this specific state of life.
As battery ages, model parameters will significardhange and will result in model
deviation. One of the major advantages of elecgnubal modeling in comparison to the
equivalent circuit-based models is that a furthsrght into lithium concentrations in both
electrodes can be monitored. As shown in Figurd,3tBe solid-electrolyte interface

concentration in the cathode and the anode for BSDycle is presented.
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Anode and Cathode SEI Concentrations for UDDS Cycle
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Figure 3.21. Anode and Cathode Lithium Concentrati® at the Solid-
Electrolyte Interface

Furthermore, Figure 3.22 shows the variations thium concentrations across
various shells (10 shells) in the cathode for tHeD$ cycle. It is clear that the solid-
electrolyte interface concentration is rapidly vagy since it is directly related to the
terminal voltage concentrations, while the othereimnshells are slowly varying since they
are not directly exposed to the Butler-Volmer catrelThis describes the fact that the
battery exhibits relaxation effects for zero cutri@put which is related to the variation of
lithium concentration at the surface, as it dedaythe inner shells over time. The total
sphere concentration is held constant for zerotiopuwent and accordingly the battery state

of charge is fixed.
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Figure 3.22. Lithium Concentration in the Cathodeceoss Various Shells

3.6.4 Model validation

The optimized model along with the developed SOfamaterization strategy has been

validated using other real-world driving cyclestthave never been seen by the model.

Current profiles from highway fuel economy test (HEAT) and a light duty drive cycle for

high speed and high load (US06) driving cycles Haeen used. As shown in Figure 3.23

and 3.24, the identified model parameters using B@icle still generates good results.

The RMSE for terminal voltage and SOC using the ®86ving cycle are 0.0041531 V

and 0.2932 % respectively.
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USO06 - Experimental Terminal Voltage Vs. Model Outp  ut
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Figure 3.23. Electrochemical Battery Model vs. Expaental Data from a
USO06 Driving Cycle

As shown in Figure 3.25, the model has also bebdatad using a HWFET driving
cycle, since this driving cycle has never been sheing model fitting, a slight offset
between the model and the measured voltage hasexédnited. This is also due to the
approximation done during model reduction processifa full-order to a reduced-order
form. The offset is due to the averaging processobh charging/discharging SOC-OCV
curves. The maximum voltage offset is approxima@®B3 V and the RMSE across the
entire driving cycle is 0.0154 V which is relatiyedmall. The ECM model SOC Vs. actual
SOC (from the Arbin cycler) are as shown in Fig8r26, The RMSE for the SOC using

the HWFET driving cycle is 0.161 %.
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USO06 - Actual Vs. Model SOC
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Figure 3.24. Actual SOC (using Coulomb Counting) Mgodel SOC for US06
Driving Cycle
HWFET - Experimental Terminal Voltage Vs. Model Out  put
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Figure 3.25. Electrochemical Battery Model vs. Expaental Data from a
HWFET Driving Cycle
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Since these driving cycles have never been utildiethg optimization, the RMSE
is slightly higher compared to the UDDS cycle. Hoes the results for terminal voltage
and SOC are within the acceptable range of operaticummary of the terminal voltage
and SOC RMSE for all driving cycles used are showfigure 3.27. It is clear that since
the UDDS cycle has been used for parameter fitiirgggnerates the least error for both the
voltage and the SOC. The HWFET exhibits the highvedtage error while the US06

demonstrates the highest error on SOC.

HWEFET - Actual Vs. Model SOC

Actual SOC
Model SOC

Time [min]

Figure 3.26. Actual SOC (using Coulomb Counting) Mglodel SOC for
HWFET Driving Cycle
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Figure 3.27. Terminal voltage (upper) and SOC RMS$lBwer) for all driving
cycles

3.7 Conclusions

In this paper, identification of 18 model paramstef the reduced-order electrochemical
model using genetic algorithms has been condud@ieeltechnique can be used for a non-
invasive determination of the electrochemical magughmeters for any battery chemistry.
Furthermore, a SOC parameterization model has deezloped and effectively utilized as
a constraint during the parameter optimization @ssc The electrochemical model with
optimized parameters fits voltage experimental datay well with an RMSE of
approximately 0.2 mV over one UDDS cycle. Moreowgherical average concentration

can be effectively used for SOC calculation proditigat the initial SOC is known.

The reduced-order model results in heavy loss foirimation from the full-order

model. However, it still maintains a strong conimatto the internal battery potential and
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diffusion dynamics which are beneficial for thetstaf health estimation. Future research
involves extension of the proposed methodology nootliporate changes of aging
parameters using correlation with ampere-hour thinput and other aging parameters such

as battery discharge rate, temperatures, and déplikcharge.
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APPENDIX

Full-Order Electrochemical Battery Model

The full order electrochemical battery model isaig®d in this section. Diffusion dynamics in one
dimensional (1-D), single axis (X-axis) is only soered while diffusion dynamics in both
dimensions (Y-axis and Z-axis) are ignored, [24, ZHe state variables required to describe the
1D-spatial model at anyK are the electric potential in the solid electrogé&_K'( the electric
potential in the electrolyté & K'( the lithium concentration in the solid phas& K aKahd the
lithium concentration in the electrolyte& K'( Mathematical equations to model the
electrochemical behavior of a Li-ion battery is gmeted below, the input to the model is the
external currenVapplied to the battery, and the output of the masl¢he corresponding output
voltage [26]. The 1D-spatial electrochemical model corssidtfour PDEs [27], the solid and
electrolyte potentials are described by the follggiwo equations [24, 25]:

b b b b
b—GFBEb—CF . b—GJI_ZBEb—d(‘F Rf\9 (Al)
bﬂ h FBE bﬂ C, f\g (A2)

The diffusion of lithium in the electrolyte is mddd using Fick's law for linear coordinates as
shown by equation (A3) [24, 25],
bier b reebe R (A3)

i \g
b b KF B T

While the solid (electrode) phase diffusion is medeby Fick’s laws of diffusion for spherical
coordinates as shown in equation (A4), [24, 25]:

b, b _ b, (Ad)
T bakepal

In order to simplify the model, the electrolyte centration {g) is assumed to be constant. This
approximation will greatly simplify the model whifgeserving accuracy of <5% compared to the
detailed model [9]. After simplification, equati¢A3) is removed, equations (A2) and (A4) remain
unchanged, and equation (A1) is being simplifieéblews, [24, 25]:

'_F/ UO('_FCU R#& (AS)
Equations (A6) and (A7) introduce the solid curreensity ) (41 ) and the electrolyte current

density ) (41 (, [24, 25]:
b
*Fg_( RGFBEb_CF (A6)
b

26 ( R —c, (A7)
Thus, the solid and electrolyte potential equati@ily and (A2) can be re-written as follows, [24,
25]:
(A8)

b
pR( 1
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b
b_ *2&_( Rf\g (A9)

The Butler-Volmer current density is described [24]:

n 18
M9 o,f 7 p jqr_D” R7_p&qT/(L (AL0)

Where andmare the universal gas constant and Faraday'samristis the absolute temperature
and/ is the over potential [24, 25].

| cyRCpRJIE 5( (A11)

In equation (A11), is the open circuit voltage which is a functiontted lithium concentration at
the solid-electrolyte interfaces& K( ~ ,& K,K'( The concentration at the interface between
the solid and the electrolyte is related to theaai surface charge (CSC), [24, 25]:

uRuy (A12)
Um, RUy
By defining the normalized solid-electrolyte contation was follows, [24, 25]:

t &(

xyz*{ R 7z7'ayz|'7 'y} 7}'ao"y} (A13)
~0_*~e~ xyz*{ 'y} 7}'ao™y}
2F

2lor€
Where,u, anduw, are the normalized concentrations corresponding tdfully discharged)
and v  (fully charged).w=, can be defined by obtaining the concentrationesponding to
the maximum fully charged battery. Subsequentlg, th reference value can be calculated by
subtracting the battery capacttyas, [10]:
Uy Umy, R=&—— (A14)
fwmi 20
The open circuit voltage varies from the cathodg e anode. An empirical relationship is used
to relate the open circuit voltage to the normaligeate of charge which is given by, [28]:

A 5 ) 5 L 5 ) (A15)
J&u( T+ . %S<uRZtT %t IRTSE:e =207 .t S+ “lu
R «§S 7 p1%é SRu (LR %%E7_pIRT«EfSu R "1 (L
For the positive electrode, the empirical equaisoas follows [9]:
Jeus T%STU RE% ul. SETUZR%%SW) . 1 Su R §Sdu . & “tE (A16)

R E"t 7_p&%S%ou ! (
The coefficienf depends on the solid and electrolyte concentratsmtording to the following
equations, [24, 25]:

fo8e( e Ree 87 (A17)

The solid potential is related to the measuredpmtntial as follows, [24, 25]:
c8  s(Rcys (R g\ (A18)

where 3y, is the solid electrolyte interface (film) resistarat the electrode surface, this resistance
increases after charging and discharging cycleseflyaaging). As mentioned earlier, the full order
model is relatively complex so further simplificatiis necessary for its real-time applications such
as in control and condition monitoring.
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Abstract

Recently, extensive research has been conductebeirfield of battery management
systems due to increased interest in vehiclesréleation. Parameters such as battery state
of charge and state of health are of critical inigace to ensure safety, reliability, and
prolong battery life. This paper includes the faliog contributions: (1) tracking reduced-
order electrochemical battery model parameter trana as battery ages, using genetic
algorithm optimization technique, (2) the developit& an aged battery model capable of
capturing battery degradation by varying the etmtgreffective volume, (3) estimation of
the battery critical surface state of charge usingew estimation strategy known as the
Smooth Variable Structure Filter. The proposeeffils used for state of charge estimation,
and demonstrates strong robustness to modelingtamtess which is relatively high in
case of reduced-order electrochemical models. Badtesed in this research are lithium-
Iron Phosphate cells widely used in automotive igppbns. Extensive testing using real-
world driving cycles are used for State of Healtidl &tate of Charge estimation and for
conducting aging tests.
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4.1 Introduction

This paper considers strategies pertaining to hyastiate of charge (SOC) estimation and
parameter identification for reduced-order eledterical models in relation to aging. The
paper presents an extension to previous reseapchted in [1], in which battery model
parameters for fresh batteries were obtained bygugenetic algorithms. In this paper, an
aging model for lithium-lon batteries that are gasingly used in electrified vehicles is
developed. Here, battery aging is captured by dhgnthe effective volume of the
electrode.

4.1.1 Motivation and Technical Challenges

Battery State of Charge (SOC) and State of He8@H) estimation are challenging tasks,
given that automotive batteries are designed ta fasetransient demands resulting from
vehicle acceleration and deceleration accordingriging profiles. In order to ensure a
reliable electric vehicle performance, preciseneation of lithium-lon battery SOC and
SOH is necessary, [2]. SOC is defined as the ranmipack capacity thus provides an
indication of the vehicle remaining driving ran{f@}, SOH is a measure of the irreversible
degradation that occurs in the battery performahe=to cycling, [3]. SOH provides an
indication of the current state of the battery camegd to its new or fresh state before
cycling, [3]. SOH is a measure of the battery cadpghio respond to the required power
demand and is an indicator for triggering mainteeaor replacement. In general, two main
critical factors are considered when addressindp#tiery SOH, namelgapacity fadeand
power capability The batterycapacity fadehas a large impact on the vehicle range and

relates to range anxiety. The second factor iptiveer capabilitywhich impact the vehicle
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performance and drivability. The remaining useifig (RUL) is used to predict the battery
remaining useful time during its life time thusapresents a predictive measure for battery
maintenance, [3].

Battery SOC and SOH are highly correlated, anddetoff exists between extending
the life-time of the battery and extending the amd the vehicle, [2]. Discharging the
battery to a high level of Depth of Discharge (DO@g.: low SOC) is generally not
recommended as it will significantly shorten tHetime of the battery. However, this will
lead to shorter driving range as only partial ckargbeing utilized from the entire stored
charge. In contrast, charging the battery beyoedattteptable range of operation results
in high temperatures and shortens the battery [lfe, Consequently, an accurate SOC
estimate is extremely important in electric velsckeny deviation in SOC estimation might
result in an irreversible loss of capacity or epeemature and permanent damage to the
battery, [2].

Since electric and hybrid vehicles are relativedwrio the market, it will require some
time to assess their performance in real-world ajpamn. In particular, the battery might
suffer from irreversible degradation due to cycjiagnatter that will adversely affect the
SOC estimation accuracy. Battery Management Sys(BMS) are used to control energy
management in electric vehicles. A BMS has to kegpade in order to account for aging
and degradation in performance that might affeet ¥khicle range of operation and
charging efficiency. For instance, as per Octobet?2, there are 112 documented cases of

customers complaining of capacity loss in theicele vehicles, [4]. In addition, around
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11.8% of the total number of Nissan Leaf vehiclddg én Arizona have exhibited a loss in
capacity gauge bars, [4].

4.1.2 Literature Review

Adaptive techniques for SOC estimation are impartaspecially for automotive
applications where having an accurate, reliabld rabust estimate is necessary to mitigate
the driver range anxiety concerns and ensure safetyhe literature, adaptive SOC
estimation techniques are classified under onédeffollowing: Fuzzy Logic, Artificial
Neural Networks, and filter/observer-based technegu(such as Kalman Filters)The

work in this paper will focus on filter/observerdeal methods.

In [5], an estimation strategy based on reduceeyaztbctrochemical battery model
is presented. It uses a Kalman filter to estimdte $OC, terminal potentials, and
concentration gradients. Estimates are comparethsigaxperimental data from a 6 Ah
electric vehicle battery cell, [5]. The filter prides accurate and stable estimates for low
currents. However, at very high discharge ratesaf€s) large errors are exhibited due to
the methods inability to account for large changeslectrolyte concentration near
electrodes, [5]. The filter model is of low ordedecomplexity (7 states) that is comparable
to equivalent circuit-based models, [5]. The teghei is computationally efficient and

suitable for real-time applications such as in oatd battery management system, [5].

In [6], a state estimation strategy based on amputuerror injection observer is
proposed. This strategy uses a reduced set ofapalifferential algebraic equations
describing the solid and electrolyte concentratiarsl potentials. Simulation and

experimental results using real-world driving cygclsuch as the urban dynamometer
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driving schedule (UDDS) demonstrate the effectigsnaf the proposed technique. In [7],
a state of charge estimation technique based mearized battery model is presented. In
order to overcome the nonlinear behaviour of batteodels, the Open Circuit Voltage-

State of Charge (OCV-SOC) relationship has beeitelvinto linear sections and model
parameters are estimated for each section indilhdyd]. Then, based on the resultant
linear model, an observer is used to estimate @&.J he technique has been verified on

1.5 Ah lithium-polymer cells, [7].

4.1.3 Contributions

The electrochemical models reported in literatioenot commonly account for aging and
degradation effects; they have been applied th ftesalthy batteries only. As batteries age
with time, these models become inaccurate and@@ &timator could diverge or become
unstable. Accordingly, developing an adaptive maldat can account for cycling effects
is therefore important. Such an adaptive modekagmficantly enhance the existing SOH
estimation techniques and can provide an estinatehe battery RUL. Furthermore,
published reduced-order electrochemical modelsnategenerally tuned or verified by

using SOC and aging experimental data.

This paper presents an aging model that can acéoubattery degradation at various
battery states of life. The model works by varyihg effective electrode volume, OCV-
SOC relationship, solid-electrolyte interface rzsise, and the solid diffusion coefficient
to account for aging. The model can be practicathplemented in a real-time
microprocessor for terminal voltage and state afgl estimation. A strategy for the tuning

of model parameters is presented for aged battéres strategy is supported and verified
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by using experimental data from extensive acceddraging tests conducted on lithium ion
battery cells at high depth of discharge and etsV&mperatures. The aging tests were
continued until the battery cells reached end{ef{80% of capacity). The method used
for SOC estimation is known as the Smooth Vari&itecture Filter (SVSF). The SVSF
was selected as it demonstrates robustness to mgdelcertainties, sensor noise, and to

state of charge initial conditions, [8, 9].

4.1.4 Paper Outline

This paper is organized as follows. Section 4.2vides a summary of aging tests
conducted for experimental data generation. Sedti8presents a battery aging model and
a strategy for model parameter identification fge@ batteries. Section 4.4 describes the
SOC estimation using the Smooth Variable Struckiiter (SVSF). Section 4.5 contains

the conclusions.

4.2  Aging/Reference Performance Test Experiments
Battery testing procedures vary depending on thenttg and the application, i.e.: for
HEVs, PHEV, or BEVs, [10]. In U.S., battery tesbpedures are generally classified into

3 main categories: characterization, life, andresfee tests, [11].

Characterization tests are conducted to specify battery cell/pack baselin
performance characteristics, [11]. Examples ofdhests include: static capacity,
hybrid pulse power characterization (HPPC), sedt:darge, cold cranking, thermal

performance, and efficiency tests, [11].
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Life tests are conducted to determine battery degradatioindagffects that take
place in both cycle life and calendar life, [L1jléndar life (shelf life) means the
life of the battery during storage (with no cyclimyolved) while cycle life is the
life of the battery after multiple charging/dischaung cycles, [10]. The main
purpose of these tests is to perform acceleratigeripaging for acquiring data in a
relatively short time in order to predict the penfi@nce of the battery. In addition,
these tests can be used for battery warranty gstgma

Reference performance tests (RPT)are conducted periodically to track changes
that might occur in the battery baseline charasties. Reference tests are
performed after conducting a certain number of tifgts to measure the capacity
fade and degradation in performance throughouetiiee battery life cycle, [12].

These tests are performed at the beginning (frattkry) and at the end of life.

This paper reports on a range of experiments @zt been conducted on three Lithium
Iron Phosphate (LiFePO4) battery cells. Characton/RPT tests have been conducted
at two different states of life, namely: fresh bagt(at 100% capacity) and at 80% capacity.

A summary of these tests are as follows.

4.2.1 Characterization/RPT tests

Extensive characterization tests have been condumtefresh and aged batteries at the
controlled room temperature d¥%ovs Three RPT experiments were conducted as follows:
A static capacity test at 1C rate, SOC-OCV charaetion test, and a driving scenario.

The scenario includes a mix of driving schedulesaio average North American driver.
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The data is used for validating the SOC estimattostegy and the associated aging model.
A detailed description of the reference performaests (OCV-SOC, static capacity test)

in addition to the experimental setup used in dataeration can be found in part | of this

paper, [1].

4.2.2 Fast Charge/Discharge Aging (Life) Tests

Aging test using well-defined charging/dischargoygles at elevated temperatu?@%oya
and high C-rates have been conducted. This actetetiest was conducted to track changes
in battery electrochemical model parameters. Thests were conducted 24 hours a day
and 7 days a week over a period of 6 months. Téteptecedure is as follows:

A. Fully charge the battery in a Constant Current Ctams Voltage (CCCV) mode

until maximum voltage (3.6V).

Fully discharge the battery at constant current jGtode with 1C-rate until

the voltage hits the minimum voltage (2V).

All cycler current accumulators are reset to zekbthis moment, the battery is

at zero state of charge (SOC).

Charge the battery to 90% SOC.

Discharge the battery at 10 C-rate until the bagtdits the minimum voltage

(2V)

Allow for voltage relaxation for 5 minutes.

Charge the battery at 4C-rate for 20 minutes. # tattery hits the maximum

voltage, CCCV charge mode is maintained.

H. Repeat the procedure from D to G for approximagfl9 cycles (till capacity
hits 80%).

mo o W

@

A summary of one fast charge aging cycle is illatgtd in Figure 4.1.
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Voltage for One Fast Charge/Discharge Aging Cycle
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Figure 4.1. Voltage, Current and SOC for One Fash&rge/Discharge Aging
Test

4.3 Battery Aging Model Development and Parameters Fithg

In this section, an electrochemical aging moddeseloped and model parameters for aged
batteries at 80% capacity are estimated. Subseé¢t®f provides a brief summary of the
reduced-order electrochemical battery model. Sulmsed.3.2 illustrates the necessity of
having updated model parameters as battery ages. i¥hdone by assessing the
performance of a model developed from a fresh batis. data from aged battery.
Subsection 4.3.3 demonstrates the process of agiodel development and model

parameter evaluation as battery ages.

4.3.1 Reduced-Order Electrochemical Battery Model
A detailed description of the reduced-order elexttemnical battery model and its

parameterization can be found in [1]. A summarthefreduced-order model equations is
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provided here for improving the readability and tioenpleteness of this paper. Recall that
each electrode can be modeled as a sphere wittielgpaadius ,. The single spherical
particle is divided intat e R shells each of sizBawith* KUK4gR andg *Sa,

where:

Sa (4.1)

2

4
The particle outer shelll(g) is exposed to the input current on the solidtetdgte

interface. The system, which has one input, onpudpyand4 - states representing the

shells surface concentrations, can be summarizedthan following state-space

representation form, [13]:

System equation:

JRE 1
P RE At oo )
p IIE Rt _
‘ ) ? 4 RE - : -
_ E -, _ . -
Yy o« ¥ IR T A (4.2)
g _ 4gRE it 4eR - ij4 ; I~
(4 0 - <
p 4:RE 4eRT :
@« 4ER¢ ¢R4E_
4ER 4ER <
Output equation:
e zeeR=TY (4.3)

The model input is the butler-Volmer currer&®( which is a function of the

solid-electrolyte surface concentrati&n,;( and the total curre®&V.( The output of this
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sub-model is the solid concentration at the sdkédteolyte interface (;;). This output is
fed into another sub-model that calculates the itehvoltage and the SOC. The solid-
electrolyte interface concentration from the negagélectrode (rk) is calculated from the

positive one (k) using the following equation, [13]:

Ton RU W o (4.4)

: ) —u -, . N U Ru ., (-
2FL.. 2lor€ L. Y &U - w Ru w ( ore | Y Y (

Whereu_+,,u =, ,Uw ,Uw, are the stoichiometry points for the negative
and positive electrodes, respectively, [14]. Tmenteal voltage can be calculated based on
the solid-electrolyte-interface concentrationsg) from the anode and the cathode as

follows, [13]:

8'( o/ R/' . &CF R CF..( . U‘]A.\ZFl ® RJ”'\2F|”'0R B\ (45)

Note that the state of charge can be calculateld 34,

2

< Ru -,
o ¢ 2KOr€K (4.6)
tw G Ru
Where the average concentrations can be calcuatgti3]:
. S Yoz z¥Yre~ 'y} 7'ao™y} O g <éSa,
. = ° ZE: ~ (4.7)
poa™ 'z +yze~7 G668 2R sa(

4.3.2 Aged Battery vs. Optimized ECM Model (Fresh)
In order to demonstrate the importance of havinyfiple battery models at various battery
states of life, a current profile from a UDDS dngicycle is applied to an aged battery (at

80% capacity fade).
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Experimental Terminal Voltage for Aged Battery Vs. Model Output

Measured Terminal Voltage for Aged Battery (80% Capacity)
3.32 B Model Terminal Voltage (Optimized)

Voltage [V]

12.612.8 13 13.213.4
10 15 20
Time [min]

3.17

Figure 4.2. Electrochemical Battery Model vs. Exppaental Data from a
UDDS Driving Cycle (Aged Battery)

The measured experimental voltage is compared stgéie voltage from an
electrochemical battery model for a fresh battdrly The actual SOC in Figure 4.1 is
obtained experimentally by using coulomb countinthvan Arbin cycler. The estimated
battery SOC is calculated based on the batteryhdige capacity test conducted as a
reference performance test at the beginning ofetkgeriment. The battery discharge
capacity for the battery after the aging test ®1Ah. As shown in Figure 4.2 and 4.3, itis
clear that the ECM at 100% capacity (fresh batter) significantly deviated in both

terminal voltage and SOC from what is exhibitedabyaged battery.

As shown in Figure 4.3, it is important to updated®al parameters as battery ages
since the ECM estimate of the SOC for a fresh batsehigher than the actual SOC of an

aged battery, thus giving a false SOC estimateekample, at the end of the UDDS driving
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cycle, the model SOC is at approximately 44% wthikeactual SOC is at 41.5%; this is a
relatively significant error. It is also importatd highlight that other factors such as
temperature and cell-balancing have not been ateduor in the scope of this paper.
These factors will further contribute to modelingoes and worsen the terminal voltage

and SOC estimate.

Actual (Aged) Vs. Model SOC

——————————————————————— Actual SOC (Aged)
,,,,,,,,,,,,,,,,,,,,,, Model SOC

Time [min]

Figure 4.3. Actual SOC for Aged Battery (using Cawhb Counting) vs. Model
SOC

The root mean square error (RMSE) between the megserminal voltage &'( ) and the
electrochemical model output& () for n number of samples can be calculated as follows:

OB +& (R+&( (4.8)

I .

The RMSE associated with using an ECM developedrésh battery cells for

estimating the terminal voltage and the SOC folagad battery cell are 0.0087 V and
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1.4694 %, respectively. However, the model perforesly well with data from fresh
(healthy) batteries; the associated RMSE for thaiteal voltage and the SOC are 0.22057
mV and 0.1%. It is important to highlight that tlkisor is over a single driving cycle which
depletes the battery from 50% to approximately 40bés error will worsen for extended
driving cycles that might deplete the battery fre@% to 10%. A summary of the RMSE
for the UDDS driving cycle for ECM on fresh and ddmatteries is shown in Figure 4.4. In
the following section, the ECM is modified and aastgy is applied to effectively

overcome this problem and account for battery agimdydegradation.

Terminal Voltage RMSE

Aged Battery (80%)

Fresh Battery (100%)

0 1 2 3 4 5 6 7 8 9
Volts [V] -3
SOC RMSE

Aged Battery (80%)

Fresh Battery (100%)

SOC [%]

Figure 4.4. Terminal Voltage RMSE for Fresh vs. Ad@attery (Upper), SOC
RMSE for Fresh vs. Aged (Lower)

4.3.3 Battery Aging Model Development
Battery aging and performance degradation occurtdu&o main effects, namelyiim

growth andcarbon retreat,[15]. These two phenomena are found to be chanigirg
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sigmoidal fashion (with sudden changes after a rarmbcycles), [15]. Aging occurs due

to the reaction between the cathode active mageaiadl the electrolyte, resulting in the
formation of a solid-electrolyte interface (SElyda. This in turn changes the particle
surface composition leading to breaking down ofdaoon conductive paths which cause
carbon retreat and sudden acceleration of captdey, [15]. Furthermore, battery aging
occurs due to the formation of an insulating layeithe surface of the electrode particles
(mainly the cathode electrode) which in turn leeman increase in the impedance of the

positive electrode, [16].

Solid-Electrolyte SEl Surface Film
Interface (SEl) Layer _. Growth

Insulating Layer due to
Side Reactions

(a) Single Particle (b) Single Particle (c) Single Particle
Fresh Battery Aged Battery (Mid-Life) Aged Battery (End-of-Life)

Figure 4.5. Battery Reduced-order Electrochemicabhiel at 3 States of Life;
(a) Fresh (healthy state), (b) Mid-life, and (c) Erof-life. Aging is modeled by
increase in the SEI layer and decrease in the Etiee Electrode Volume.
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The other factor is likely due to loss of electroonductivity of the cathode
particles, [17]. This phenomenon is also relatethé&o(carbon retreat) phenomenon which
is the disconnection of carbon within the partideg to the formation of a SEI layer. The
reduced-order Electrochemical Model (ECM) needsetmodified and augmented in order
to account for aging. Figure 4.5 depicts a reprediem of the battery as it related to the
reduced-order electrochemical model at 3 distitates of life, namely: fresh (healthy
state), mid-life, and end-of-life. The proposedié&t aging model works by modeling the
increase in the SEI layer and the decrease inl¢lcr@de volume due to side reactions. As
battery ages, the electrode resistance to accepéefdithium ions increases and this results

in capacity degradation and aging.

In ECM, it is assumed that at steady state, nauhthdiffusion occurs inside the
spherical particle representing the electrode, Al lithium concentrations in every shell

reaches a steady state condition according toollening equation, [1]:

[ &
A g<«éSaylég . °<€Sa(° "
Y3

18 o ° <€Sa(° 25, 4¢ 2B E

. (4.9)
&a °«Sa’ .a °«@Sa .a) °«©Sa jU.a[,. "<€Sa [ (1&y
° <éSa( ° \ZBI’T[E

where " 4 represents the steady state initial concentraaioavery shell of the spherical

particle for a given state of charge and numbeshetls in the particle.

In order to demonstrate the previous equation,idena spherical particle of radius
0.0015~ with 11 spherical discretization segments (splaéghells) and assume that the

total lithium concentration is concentrated at ¢dhubermost shell. Further, assume that the
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maximum lithium concentration is 0.04789z1’~ ), and the initial SOC is 50%. The
stoichiometry values of 0.6976 and 0.9149 have lssdected. By substituting with the
SOC in the following equation, average lithium cemication at the specified state of

charge is calculated as follows, [1]:

o j ol wy RUw o Uw | ° oo Eté~yzI =) (4.10)

Assuming the total lithium concentration is concatgd at the outermost shell, lithium

concentration at the outermost shell e can be calculated as follows:
(o]

<
2,0 2k " GE&2RSaI&q . °€Sa( %o ~yzI'~ )

As shown in Figure 4.6, assuming no input curreipplied at the solid-electrolyte
interface layer, lithium at the outermost shela(8hg from 0.1285-yzI'~ )) will diffuse
inside the sphere according to Fick’s second ladiftidsion until all lithium concentrations
are equalized. Then on, no further lithium diffusmould occur inside the sphere. The

final concentration value in which all shells seti related to th‘ezBrﬂE according to

equation (4.11).
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Cathode Concentrations Across Shells

Shell 1
Shell 2
Shell3
Shell 4
Shell5
Shell 6
Shell 7 -
Shell 8

Shell 9

Shell 10

Time [min]

Figure 4.6. Lithium concentrations across shellssasning total lithium
concentration is concentrated at the outermost shel

Lithium concentrations in every shell can be calted by applying the final value

theorem below:

gge  CHoztozs7 2~CE( ZoX6R, & 1% (4.11)
The final value, which is dependent on the statadition matrix A is 0.259. It is
important to highlight that this value solely de@genon the number of discretization

segmentgl £ which is 11 in this example. The steady stateevaluithium concentrations,

as shown in Figure 4.6, can be calculated as fagtiow

o

N . . o fenro
¢ 2,ee  2BrYE 165 & ° <€Sa(

“2arqE 11%c° 1% EC~yzl ~) (4.12)
Recall that an optimizer is used to optimize thecebde area (A) and then further to

constraints, to calculate the electrode thickrfeas follows, [1]:
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This relationship is important since as batterysagke effective volume of the
sphere representing the electrode is decreased.r&silts in capacity degradation and
battery aging. In this paper, the definiti@n7 'ay{7 ,2*}2 mo'ya &L( ”is introduced as

follows:

Iz7ay{7 ,z*}2 mo’'ya &L(

R o 4E )o_ o o N o o 414
I J4ER I Sa ZBrﬂE_|&2<“ 2 » Or€ ( )

In other words, the battery input current is scale@n to the Butler-Volmer current
by dividing the input current by the effective dlede volume (ggg). AS battery ages, the
effective electrode volume is reduced and thusulithions are prevented from further
diffusion inside the particle representing the elmte. The effective electrode volume can

be calculated as follows:

e [°.°L (4.15)

In order to demonstrate the accuracy of this makdume that an input discharge
current of 1C (-2.3 A) is applied for 15 minutestbe outermost shell of the sphere with
the same parameters as previously discussed. Tiestirag period of 15 minutes, followed
by a charging current of +2.3A, and then a 15 nasugsting period is applied as shown

in Figure 4.7.
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Assume that the electrode plate area is 1652427 the battery capacityge IS
23 Ahand  1&mo ,Sa(is 4.632e-7. Lithium ion concentrations acrossphdicle
spherical shells due to the input current are asvehn Figure 4.8. It is clear that during
the first 15 minutes when a discharging currengpplied to the battery, lithium ion
concentration across shells decrease uniformly asteady state condition occurs. During
the resting period, when no current is appliedh&ltattery, lithium concentration equalizes

across spherical shells. Lithium values is appraxaty 0.0356-yzI'~ ).

Cathode State of Charge and Input Current

777777777777777777777777777777777 7 100
Battery Input Current | [
Battery State of Charge |
-t — 95
********************** — 90
- L
o
£ - B
e O T/ i 85 8
g )
=
O L
********************************** — 80
7777777777777777777777 - 75
T ) T T ‘ T T ) T T ) T T 70
20 30 40 50 60

Time [min]

Figure 4.7. Cathode Input Current and State of Chg for healthy battery
(100% capacity)

During the charging period, lithium ion concentoatiacross shells increases
uniformly as shown in Figure 4.8 followed. For finesh battery, the SOC changes from

100% to 75% using the specified charging/dischargiput current.
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Cathode Concentrations Across Shells

Shell 1
Shell 2
Shell 3
Shell 4
Shell5
Shell 6
Shell 7
Shell 8
Shell 9
Shell 10 |-

Concentration [mol/cm3]

13 14 15 16 17
0 t—r—————

0 10 20 30 40 50 60
Time [min]

Figure 4.8. Lithium Concentration variations vs.rtie for healthy battery (100%
capacity)

As battery degrades, the battery effective volwriecreased which in turn changes
the electrode aging fact&l ( Battery aging is attributed to cycling and cakemeging
effects. Calendar aging is not considered with&n gbope of this paper. Assume that the
aging factor decreased from 1 for a fresh (healbatjery state to 0.7 at its end of life.

Other parameters such as the solid diffusion caefit k, ) changes as battery degrades.

Changes in these parameters reflect the incredsetiogle resistance to accept further
charges. In this example, the diffusion coefficiedecreases from <«E1«OR

" to% B« "OR™ '~ #x7 . Battery state of charge, as shown below in Figu®evaries
from 100% to 64% using the same input current. Trdgates that the electrode no longer
accepts further charges due to the change infestefe volume and decreased diffusion

coefficient.
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Cathode State of Charge and Input Current
777777777777777777777777777777777 ——————— 100
Battery Input Current

Battery State of Charge |-

Current [Amps]
SOC [%]

0 10 20 30 40 50 60
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Figure 4.9. Battery input current and SOC for agdxhttery 6 & 7)

As shown in Figure 4.10, lithium concentrations &yed batteries are generally
below those of a fresh battery. The steady stdteegaof lithium concentration for a fresh
battery is 0.03563yzI’~ ), however for the aged battery, lithium concentragiat steady
state is approximately 0.034§zI"~ ). This describes the lower state of charge valoes f
the same current input. Regarding the battery tethvioltage, the OCV-SOC relationship
changes as battery ages in addition to other paeassuch as the solid-electrolyte

interface resistance and the stoichiometry valaebdth the cathode and the anode.
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Cathode Concentrations Across Shells

Shell 1
Shell 2
Shell 3
Shell 4
Shell5
Shell 6
Shell 7
Shell 8
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Figure 4.10. Lithium Concentration variations vsinie for aged batteryg
& 7)

Variations in these parameters will be trackedgigienetic algorithm optimization

technique as discussed next in subsection 4.3.4.

4.3.4 Aging Model Parameter Optimization

In order to optimize battery model parameters al$ agethe electrode aging factigrthe
same optimization procedure conducted on freshs dedls been conducted on aged
LiFePO4 batteries at 20% capacity fade. As showkigare 4.11, it is clear that the OCV-
SOC relationship changes at various battery stdtife. Since the SOC for aged batteries
is now revised and defined based on the updategcitgpa shift in the SOC-OCV curve
is exhibited as shown below. In order to fit theatlochemical model to aged batteries, the

battery discharge capacity is updated from 2.3AL.#HBAh based on the static capacity
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test. The genetic algorithm procedure discussedorducted again to update model

parameters for aged batteries, [1].

Hysteresis Curves for Aged and Healthy Battery

Hysteresis Curve - Healthy Battery
Hysteresis Curve - Aged Battery

Voltage [V]

0.02 ———————————

R
10 20 30 40 50 60 70 80 90
SOC [%]

Figure 4.11. SOC-OCV Hysteresis Curve for HealthydaAged Batteries

Results for optimized battery parameters are sumaethm Table 4.1. The terminal
voltage and SOC for the updated model vs. expetimhdata from aged batteries are shown
in Figure 4.12 and 4.13. At the start of the optiation process, the model parameters are
initially set to those of fresh batteries with th@me range. Some parameters are held
constant as follows: the solid maximum particle cantration in the anode and cathode

(" 2korex Kokorek ), positive and negative electrode area (A), arend cathode particle

radius (» , » ), active material volume fractiofsy K 7« (, positive and negative active
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surface area per electrodeK gx), positive and negative current coefficient caatson

rate @6-), and average electrolyte concentraitog).

Table 4.1. Electrochemical Battery Model OptimizBdrameters for Aged Batteries

Electrode aging factai6( 0.69
Solid phase d|ﬁuS|onocogﬁ|C|ent (Positiv® 1) 5 34479 e-09
( "#U)
Solid phase diffusion goefﬁment (Negativ® ) 1.139458 e-09
( "#U)
Maximum solid concentration (Positivd:)é(mv ) 0.91496
Minimum solid concentration (Positivel;vé(&v ) 0.685320
Maximum solid concentration (Negative)g(,, ., ) 0.499761
Minimum solid concentration (Negativey{,, ) 0.153574
Solid Electrolyte interface Resistanég(z) () ) 0.011

The following parameters are adjusted by the og@mior aged batteries: electrode
aging factor&L( positive and negative diffusion coefficients,kKky), electrode film
resistance (3y,) (also known as the solid electrolyte interfacsistance), maximum
positive and negative solid normalized concentretio (stoichiometry values)

(u .. ,u .. ), minimum positive and negative normalized sobdaentrationy ,, u . ).
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Experimental Voltage for Aged Battery Vs. Aging Mod el Output

Measured Terminal Voltage for Aged Battery (80% Capacity)
332 ----—-- Aging Model Terminal Voltage (Optimized)

3.26

Voltage [V]

w
N
w

| | { |

3.2

Time [min]

Figure 4.12. Electrochemical Battery Aging Model.MExperimental Data from
a UDDS Driving Cycle (Aged Battery)

The overall RMSE using UDDS driving cycle is 0.18% and the SOC RMSE is
0.2029 %. As shown in Table 4.1, the optimized tebele aging factor is less than one
indicating a reduced effective electrode volumee Ehlid-electrolyte interface resistance
increases as battery ages which indicates morstaase to lithium diffusion inside the
representative particle. Stoichiometry values fothbthe cathode and the anode change
since the OCV-SOC relationship changes with agiig positive solid particle diffusion

coefficient decreases indicating decreased raliehafm diffusion inside the particle.
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Actual SOC(Aged) Vs. Aging Model SOC

Actual SOC (Aged) |
Aging ECM SOC

Time [min]

Figure 4.13. Electrochemical Battery Aging Model $0vs. Experimental Data
from a UDDS Driving Cycle (Aged Battery)

4.4  Battery Critical Surface Charge Estimation

In this section, an estimation strategy known as $fmooth Variable Structure Filter
(SVSF) which was introduced in 2007 is used fomeasting the battery critical surface
charge based on the reduced-order electrochenati@iryp model. A brief overview of the

SVSF is first provided, followed by its applicatifor critical surface charge estimation.

4.4.1 The Smooth Variable Structure Filter

Similarly to the Kalman filter, the SVSF works irpeedictor-corrector fashion, [18]. The

filter is based on the sliding mode concept anddeamsonstrated robustness to modeling
uncertainties and sensor noise, [18, 8]. The SV&@Fbe applied to both linear and non-
linear systems. It works by using an SVSF gain fbates the states to converge to a

neighborhood the actual or true value, [18]. The garces the states to switch back and
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forth across the state trajectory within a regiefemred to as the existence subspace which
is function of modeling uncertainties. The widthté existence spa@&is a function of
the uncertain dynamics associated with the inacgus&the internal model of the filter as
well as the measurement model, and varies with,tj&®. The SVSF can be applied to
systems that are differentiable and observable,J2B The original form of the SVSF as
presented in [18] did not include covariance deiores. An augmented form of the SVSF
that includes the derivation of an error covariamagrix has been presented in, [20]. Here,

the latter is summarized.

Existence Subspace

Amplitude

Estimated State Trajectory
o
Initial Estimate

Time

Figure 4.14. The SVSF estimation strategy startifrgm some initial value, the
state estimate is forced by a switching gain tohwita region referred to as the
existence subspace, [18].
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Consider a nonlinear system with a linear outp@gsurement) equation. The filter
runs by generating a prediction of the state esar(wahich represents the solid-electrolyte

interface concentration) as follows:

(4.16)

Swonv CoSyalene
The predicted estimates are then used to generptedected measurementyy v as

follows [18]:

XNV Wig...FrEGFC.SWN s (4.17)

Where \.,ig.. rrego IS the measurement matrix. Then the measuremestt &gy ;mcan

be calculated as follows, [18]:

Tawn v YW R X v &4.18

The SVSF has predictor-corrector form. Its gaia fanction of the a-priori and the
a-posteriori measurement errdts,. _ and7__. It has a smoothing boundary layer widths
>, amemory or convergence rateas well as the linear measurement matgj%y. . rrego-

For the derivation of the SVSF gdipyy , refer to [18, 20]. The SVSF gain is defined as
follows, [18]:
W g e 0 Ui, 5. e T _HGx0 j{TE| oz 7., G (4.19)

The updated statéd,n ,un  are calculated as follows, [18]:

SN Swoove TN Tl (4.20)



Ph.D. Thesis McMaster University
Ryan Ahmed Department of Mechanical Engineering

The output estimates and the a posteriori measunreensors are then calculated

respectively as follows, [18]:
XN VN lv>Tg...FrEgFCAlvN >MN (4-21)
Te_gpee XN R XN (4.22)

Equations 4.17 to 4.22 are iteratively repeated artertain threshold is attained.
As per [18], the estimation process is stable amivergent if the following lemma is

satisfied:

E7vnvE ™ E7un own E (4.23)

The proof, as defined in [18], yields the derivataf the SVSF gain. The standard

SVSF gain yields the following:
7o o Tamn v RC™ (4.24)
Substitution of (4.24) into (4.23) yields:
E7anonE ™ E7un v RC7 i E (4.25)
Simplifying and rearranging (4.28):
SC” un > ™ Flaun ovE - E7aponE (4.26)

Based on the fact tha€” > C”" un @*Z} 8C” un (, the standard SVSF gain can be

derived as follows, [18]:

" VN c- .E7<"VN >|VE . E7<"V>NE. @X*i} &C” VN ( (427)
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Equation (4.27) may be further expanded based @n fétt thai*z}&C” yn (

X*2}*7 «xmn >\, @s per [18], such that:

"w CT eElawn . o EgponEr @XFZ) T sne (4.28)

The SVSF switching may be smoothed out by the tiaesaturation function, accordingly,

equation (4.28) becomes, [18]:
" WN C™ oE7qun ovE. o EqnEe €XO"* 7y e (4.29)

where the saturation function is defined by, [18]:

| Tawn sy E
X0 ¢ 7qemn- Clkmnoth RS 7aeunomS (4.30)
R I T<kmn >ME R

Finally, a smoothing boundary layermay be added to further reduce the magnitude of

chattering, leading to, [18]:

" VN (o .E7<"VN >NE . E7<"\/>NE. @XOI .7<"\/N )N#>. (431)

Note that the gain described in equation (4.3%)ightly different than that presented
earlier in (4.19). A diagonalized form was creatgidescribed in [20, 21], to formulate an
SVSF derivation that included a covariance functidhe form shown as (4.31) was

presented as the original or ‘standard’ SVSF ir].[18

4.4.2 SVSF-based Critical Surface Charge Estimation-fresloattery
The SVSF has been used to estimate the critici@icharge based on the reduced-order
model. The state space representation indicatiegdtfiusion of lithium into the solid

particle consists of a linear system equation (4rg) a nonlinear measurement (output)
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equation (4.5). The terminal voltage is function thie solid-electrolyte interface
concentrations,gx and ,gx. The model has one input currexd, @ ¢ R states and, one
output representing the terminal voltage)( The measured voltage is compared to the
model output to calculate the error signal th&tasback to the SVSF estimator to calculate
the gain and update the states. The output equatiorearized with respect to the current

state as follows:

b .F

Mlg...FrEgFC b_ * can (
— = UG 1=

(4.32)

Due to the complexity of the output equation, camptlifferentiation has been
conducted to linearize the output equation thegeterate the iy, rriego Matrix. The

m>ig...Fregrd Matrix consists of zero elements except for teedement thus when used to

update the states, only the solid electrolyte fatar concentration is updated.

The filter can estimate the solid-electrolyte ifdee concentration,px and since
at steady state conditions, all lithium concentradi are equalized (no further diffusion
occurs), the filter can estimate all the spherstall concentrations and thus provides an
estimate of the initial SOC. Accordingly, the filtean be used to estimate the SOC at steady

state conditions to correct the initial SOC; th&rrahe model takes over as shown below.

It is important to discuss computational issues ftiia@y occur when calculating the
pseudoinverse of the linearized measurement matri{4.19). Numerous authors have
experienced abrupt and unexpected instabilitiels thi2 pseudoinverse, [22, 23]. A sudden
growth of the Jacobian matrix elements when caltyathe pseudoinverse during the

SVSF gain calculation occurs at each iteration. egonently, the estimator outputs and
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thus the mean square error between the measumth&trvoltage and model output
increases significantly. A stabilizing adjustmentperformed to avoid this problem. The
problem has been extensively analyzed in [22], andurs due to the presence of
singularities. Singularities occur when the Jacobmatrix loses rank. Small singular values
of C might arise in the vicinity of these singulariti€onsequently, larger values occur
when obtaining the pseudoinverse of the JacoBifirthus creating larger error values
which leads to instability. According to [24], it irather difficult to detect these
singularities. A traditional method of solving thisstability problem is by replacing the

pseudoinvers€N with the following equation, [24]:

Oz

& . INC (4.36)

where,Kis called the damping parameter. The effect ofathded damping is that

it mitigates the effect of small singular valuesemtcomputing the inverse, [24]. On the
other hand, a slightly small error is introducedewltalculating the inverse. In this paper,
Kis set to 0.4, and is shown to have a negligifiexceon the accuracy. As shown in Figure
4.15, 4.16 and 4.17, the SVSF has been appliedstonae the critical surface
concentration, the battery state of charge, and#teery terminal voltage for zero input
current. The battery actual state of charge is heRi1% and the estimator is initialized at
50% SOC which is a relatively large deviation. ®imatl battery states are held at steady
state conditions, the battery SOC and terminalagatcan be estimated accordingly with

high accuracy.
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SVSF Estimation at Steady State Conditions - No Dif  fusion

7 Measured Terminal Voltage
330 b Estimated SVSF Voltage
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Figure 4.15. SVSF Voltage Estimation at steady stabnditions - equal lithium
concentrations across shells

SVSF SOC Estimation at Steady State Conditions - No  Diffusion
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Figure 4.16. SVSF SOC Estimation at steady stataeditions - equal lithium
concentrations
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The estimation error for both the terminal voltagel the SOC are as shown in
Figure 4.17. It is clear that the SOC estimatorveoges to the actual SOC value within a
relatively short period of time assuming the ihi®OC is at 47% error from the actual
SOC which is a significantly large error. The estior converges much faster if the initial

SOC is close to the actual SOC values.

Voltage Error (Error = Measured Voltage - ECM Mode | Voltage)

-0.005 Terminal Voltage Estimation Error T
s 001/
IE‘ '00157 . e e G e T T T T T T T T T T
> -0.02 - 01, o ) SRS
£ -0.025 QAN
> -0.03 S e <
0035 ------F---m 0--02 04 06-08 -
‘ T } T T ‘ T T } T T } T T } T T ‘
0 1 2 3 4 5 6
Time [min]
SOC Error (Error = Actual SOC - ECM Model SOC)
-2 B 2 T SOC Estimation Error T
> R
F’\i. -8 T
O 41 - ___________
g -11-
B add —f - oo mm e
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Figure 4.17. Terminal Voltage Estimation Error (Upgr) and the SOC
Estimation Error (Lower)

Furthermore, the SVSF capabilities were testedsiiyg.an aggressive driving cycle
that entails fast acceleration and regenerativiemigaCurrent profile from a US06 driving

cycle has been used for testing. Estimated vs.rempetal voltages are as shown in Figure

4.18.
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Estimated Vs. Experimental Voltage
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Figure 4.18. SVSF Estimated Voltage Vs. ExperimernData
Estimated Vs. Experimental SOC
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Figure 4.19. ECM Model SOC vs. Experimental (Coulbn@ounting) SOC
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The electrochemical model SOC vs. experimental S@ihg coulomb counting from

Arbin Cycler) is as shown below in Figure 4.19. Téeninal voltage and SOC estimation
error for US06 driving cycle are as shown belowigure 4.20. The maximum error in the
SOC is within 0.2 % and within 0.05V for the termlivoltage. The RMSE for the SOC is

0.0989% and 0.0207V for the terminal voltage, respely.

USO06 Voltage Error

Time [min]
US06 SOC Error

SOC [%]
o
=
|

Time [min]

Figure 4.20. US06 Voltage (Upper) and SOC (Lowerydt

4.5 Conclusion

The paper extends on the existing electrochemiatiety models to accommodate for
aging and degradation that occurs overtime. An cadpattery model is developed by
changing the effective electrode volume to mod@ac#dy degradation. A non-invasive
genetic algorithm has been applied to estimate hyatameters for aged batteries. Main

parameters that contribute to battery aging are: @CV-SOC relationship, the solid-
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electrolyte interface resistancesfy), the solid diffusion coefficientk(,), the electrode

effective volume I(), and the minimum and maximum stoichiometry val(es, ) and
(U .., ). The battery loss of capacity due to aging iskatted to the increase in the battery

solid electrolyte interface resistance, the de@aasliffusion coefficient, and the decrease
in the battery electrode effective volume, thosangfes reflect the electrode tendency to

resist further lithium diffusion as battery degrade

Extensive accelerated aging and reference perfarentasts have been conducted
on lithium-iron phosphate cells. Reference testelreen conducted at two distinct states
of life, namely: 100% and 80% capacity. Furthermareritical state of charge estimation
strategy has been implemented using the SVSF melttgpd Results indicate that the
SVSEF is robust, and can be used for real-time egjtins on board of an electric vehicle
battery management system. The SVSF can be usstfitioate the critical surface charge
and the battery overall state of charge at stetatg sonditions. An open circuit voltage

measurement can also be used along with the estifieatmore accurate SOC estimation.
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Table 4.2. Electrochemical Battery Model Paramet&smenclature and Units

(c Electrolyte current density , o~
L Solid current density , S~
Ce Electrolyte potential
C Solid potential
C Electrolyte concentration ~yz "~ )
Solid concentration ~yz ~~
0 Concentration at the solid electrolyte interface ~yz ~~
Lyt Butler-Volmer current , ~7)
P Anode Normalized solid concentration >
Pa Cathode Normalized solid concentration -
a Open circuit potential
ag Anode open circuit voltage
ay Cathode open circuit voltage
a Overpotential
a Faraday’s constant ~y 7
8 Applied battery cell current .
a Universal Gas constant rm= ~yz
& Temperature "
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Abstract

Recently, extensive research has been conducted fireld of hybrid (HEVSs) and battery
electric vehicles (BEVS) since they represent aersustainable alternative compared to
conventional, fossil fuel-based vehicles. The bgtpack is one the most expensive and
important elements of the EV powertrain. It regsisecurate, real-time monitoring and
control. Parameters such as battery state of cH&QE) and state of health (SOH) have
to be accurately monitored in real-time to enswatteoy safety and reliability and avoid
overcharge or under-discharge conditions. Thesdittons can cause irreversible capacity
degradation and power fade. For battery conditi@mitoring, an accurate battery model
is needed in conjunction with a robust estimatitnategy for extracting battery health
information from a limited set of measurementsthis paper, online and offline battery
model parameters identification and state of chasgenation at various states of life have
been implemented. An extensive aging test has tetucted over a period of 12 months
using real-world driving scenarios. This paper jules the following contributions: (1)
tracking changes in the battery OCV-R-RC model p&tars as battery ages using genetic
algorithm optimization, (2) estimation of the bagt&OC using a relatively new estimation
strategy known as the Smooth Variable Structurte-i{3) online estimation of the battery
model parameters using square-root recursive $egsire (SR-RLS) with forgetting factor
methodology, (4) estimation of the battery stateldrge using regressed-voltage-based
estimation strategy at various states of lifepi®gel validation using a series of real-world
driving cycles. The limitations and benefits of ffreposed strategies are discussed.

Keywords: Lithium-lon Batteries, genetic algorithimptimization, recursive least square,
equivalent circuit-based battery model, parameteatemtification, smooth variable
structure filter, state of charge estimation.
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5.1 Introduction
Recently, HEVs and EVs have received consideratdmtgon due to increased price of
non-renewable resources and the impact of fossisfon climate, [1]. Batteries are one of
the most important and expensive components aldwatric vehicle powertrain. Therefore,
their accurate monitoring and control is criticalipportant in order to avoid battery
overcharge or under-discharge that might lead tietyadegradation and impact safety.
Electric vehicles have been on the market for gaitghort period of time thus
possible malfunction of batteries is of great concelherefore, adaptive control of
batteries is necessary to account for aging anchdagon in performance that might affect
vehicle range of operation and charging efficierf@y, Furthermore, safety is of great
concern; since EVs are relatively new, more timegeded to assess their performance in
real-world operations (until odometer reaches 180 @iles), [3]. Any severe fires due to
battery overcharge or short circuits would resuloss of market share and in a move away
from electric vehicles. Accordingly, health monitay in battery systems is extremely

important.

The battery management system (BMS) is responi&ibkeveral tasks, monitoring
the battery state-of-charge (SOC), state-of-heéB8®H), state-of-power (SOP), and
remaining useful life. In addition, the BMS ensucedl balancing and performs thermal
management in order to avoid battery overchargender discharge which might affect
the driver safety and shorten the battery life. SOOH, and SOP are three key variables
used in battery control and energy management. S®E€ is defined as a ratio of the

remaining capacity to the nominal capacity. Thdégrarance and safety of hybrid and pure
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electric vehicles is highly dependent on the adeuend immediate assessment of the
amount of charge available for use by the vehicbng time. The range, fuel economy and
other critical, calculated performance criteriayrgreatly on the SOC. Consequently,
estimating the SOC accurately will ultimately impeoboth vehicle safety and customer
satisfaction. The SOH is often related to the loSbattery’s rated capacity. When the
capacity reduces to 80% of the beginning of lifpazaty, the battery is considered to have

reached its end of life. Cycling and calendar agiagse the battery to lose its capacity.

Recently, several incidents of battery degraddtiewve been reported. For instance,
as per October, 2012, there were 112 documentess agscustomers complaining of
capacity loss in electric vehicles, [4]. In additiaaround 11.8% of the total number of
Nissan Leaf vehicles sold in Arizona have exhibieldss in capacity gauge bars (Note:
first capacity bar represents 15% capacity loss @2% in the subsequent bars), [4].
Manufacturers generally have lifetime data on Io@$e but these are generated using
predefined charging/discharging cycles at fixed peratures and fixed
charging/discharging rates referred to as C-ragéyifRg on this data in model development
will result in inaccuracies and errors in SOC ar@HSestimations. This because in EV
applications, the battery is exposed to variousimgi cycles with fast transients and
aggressive current demands. Accordingly, thesaigats have to be captured in the model

and the model degradation with aging tracked adogiyl

In this paper, extensive aging test results useaj-world driving cycles for an
average North American driving profile are reporté€dese tests were conducted over 12

months period and involved accelerated testingatteby lifetime. Model parameters such
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as the capacity and internal resistance have Ibaeked in both online and offline modes.
A relatively new estimation strategy has been &oiiio estimate the battery SOC at various

states of life.

5.1.1 Battery Models Literature Review

In the literature, battery models are classifiedne of the followingequivalent circuit-
basednodels, behavioral modelandelectrochemical model€quivalent circuit-based
modelsuse RC circuit elements such as resistors anccitapsato model the charge and
discharge behavior of Li-ion batteries. Due to theémplicity, equivalent circuit-based
models require less computational power and thndeaeasily implemented onboard of a
battery management systeBehavioural models are empirical and utilize various
functions to model battery dynamics. In [5], Pledis introduced a series of behavioural
models, namelythe combined model, the simple model, the zeroestatsteresis model,
one state hysteresis modealnd the enhanced-self-correcting modelhese models can
account for hysteresis effect, polarization timenstants, and ohmic loss effects.
Electrochemical battery modelsutilize partial differential equations to modethium
intercalation inside the electrolyte and both etmits. Since electrochemical models
provide a physical insight of the battery chemisthey are favoured in state of health
estimation and in tracking battery degradation. Ewsv, in general, electrochemical
models are complex and require more computatiomaep. Therefore for their application
in real-time battery management systems, these Isnaded to be simplified and reduced

to their correct level of dynamic significance,.[®farious strategies for battery modeling
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are summarised in the following sections, stanitty equivalent circuit-based and lumped

parameters models.

5.1.1.1Equivalent Circuit-based models

All published RC models include an open circuittage source which is a function of the
battery SOC. . represents the battery internal resistance whilebRanches are used to
model battery dynamics. The third-order model isshewn below in Figure 5.1. The
terminal voltage relationship from the standalarg,fsecond, and third-order models are

listed in Table 5.1, [7, 8].

3 2 ' +N 1 e
V. Dc( V 6c(SOC)

Figure 5.1. Third-order RC battery model [7, 8]

In addition, any of these models can be enhancemdnyporating hysteresis to

account for the battery’s hysteresis that occursndicharging/discharging cycles.
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Table 5.1. First, second, and third RC models wathd without hysteresis equations, [7,
8]

Model Output equations

J IVN OPé&RS'IL (J v - 1
The first-order RC model [9, 10] R OPé&RS'IL (L\y
v W &R «\WRJ

The first-order RC model with hysteresis state

7. 8] v W &R «WRJIpn. Yy

The second-order RC model v W &R «\WRJ WRI p

The second-order RC model with a hysteresis

v W &(R -\WRJ WwRJI n. Yy
State

v W &(R «WRJI WRJI
RJyw

The third-order model RC model

The third-order model RC model with hysteresis y W &\(R -\WRJ , RJ
state RJyw. v

Equations for the first, second, and third-ordedsls with and without hysteresis
are presented in Table 5.1. Wher&K JKJ are the voltage of the first, second, and third
order RC network, respectively and while KL K{ ) are their

corresponding time constants.

5.1.1.2Behavioural Battery Models
Behavioural battery models use various empiricatfions and formulas to describe the

behaviour of the battery cells. Similar to equivéleircuit-based models, these models are
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simple to implement with less parameters to turtkar therefore easy to be implemented

in real-time applications on a BMS. Examples arolsws.

Shepherd/Unnewehr/Nernest Equations
The shepherd equation represents a simple appfoabhttery modeling; it is represented

in the following form, [11]:

(5.1)

where,! is the initial cell voltage, - is the cell internal resistance,&'( is the
instantaneous stored charge, &nds a constant, [11]. Another further approximatisn

represented in the Unnewehr model:

LE( 1 . (.7 e, ( (5.2)

Another model which has a similar form is knowrttees Nernest Model as follows, [11]:

58 (

R <28 (

L& 1. (. "y 7 R” 5z} 6—2( (5.3)

where,, is the total charge capacity of the cell and thestants K” K%, and” ; can be

obtained by fitting experiential data, [12].

In [5], Plett has introduced a series of behavibomadels based on the previously
mentioned models, namelghe combined model, the simple model, the zeroestat
hysteresis model, one state hysteresis modet| the enhanced-self-correcting model
These models can account for hysteresis effecyrigation time constants, and ohmic loss

effects. A summary of these models is providedwelo
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The Combined Model
By combining the three abovementioned models aadrelizing them in time [13], the

combined model is obtained, [13]:

v TR OAWRERT ") dedxy (. " zde8 R Xy (5.4)

/.S
o W Rj——I (5.5)

In this model,| \; is the cell terminal voltage, is the cell internal resistance,
representing both charge and discharge resistahde$.K" K'; are tunable constants that
can be used to fit experimental data to the mdd&l, Model parameters can be easily

identified from the current/voltage data by usiegdt square optimization.

The Simple Model
The simple model is derived from the combined mduaelgrouping all terms that are

functions of SOCX,) in one group as follows, [13]:

C&( 7 R3R™ M. ") dedxy (. " zde8 R Xy (5.6)

And by grouping all terms that are function of therent:
C&H * w
Equation (5.6) represents the open circuit potewigch is a function of the battery SOC.

The simple model can thus be formulated as foll§®3);

/.S
XN R %, (5.7)

v W (R * (5.8)

WhereW refers to the open circuit voltage.
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The Zero-State Hysteresis Model
Even though the previous models can model the teximbltage dynamics with acceptable
accuracy, they do not account for the hysteresecefThe zero-state hysteresis model is
capable of modeling hysteresis by adding the falgvtermx,4 &4, to the simple model,
[13]:
Iv W & (Rx4 & (R *, (5.9)
wherexy, represents the sign of the current 4nfk( is half the difference between

the charge and discharge values, [13]. For a sanallpositive value, xy can be defined

as follows:
* ™ |
xy ~R  *u3Ri
Xm=  w el

The zero-state hysteresis model provides a betteage estimate compared to the simple

model, [13].

The One-State Hysteresis Model
The hysteresis voltage can be modeled using aaepstater&K( which is function of

the battery SOC. The hysteresis voltage can be iedds follows, [13]:

{Y&XI' (
X

4 &XK (¥ the maximum polarization due to hysteresiss i function of the SOC

xZ} EX(14 EXIX( R Y&XI' (L (5.10)

and also its rate-of-change. Tkig &(Yis used to model both battery charging and
discharging operations, [13].is a positive constant that describes the rateltdge decay,

[13]. 4 & KK Y indicates that the rate-of-change of hysteresitagel is proportional to
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the distance away from the main hysteresis lo@difey to a kind of voltage decay in the

major loop, [13]. The model can be representedstate space form as follows [13]:

Rné&
e @G v e s o
I ><lv| : g9

N RIS 4 &Ix(1 (5.11)

Iv W (R *. Yy (5.12)
Wherem&( OPQER>/ & (sl (.
The Enhanced Self-Correcting Model
A further enhancement over the one state hystegetie enhanced self-correcting model.
The model is capable of capturing the battery dyosmand accommodates for ohmic
losses, hysteresis, and polarization time constfi8s The model has two inputs, namely:
the battery input curreriy, and the maximum polarization due to hysterds&K¥he
model has one outplit, which is the terminal voltage. The ESC modehia state space

form is as follows, [13]:

q\/N {*02 (gq( CN i ° R n&*’v(o- *M
Yy € ! & gy, E. @ - i (5.13)
1 TMN I n M( 1 M S 1
N X fR : 4 EXEX(
[y W 8)<|\,( R *. Y. G, (5.14)

whereX, is the state of charg§is the states of the low pass filter fpwhich is
used to characterize the polarization time consjaftis the state representing charging or
discharging hysteresis effe/ is the open circuit voltage, is the battery nominal
capacity, is the battery internal resistan@js the output matrix of the low pass filter,

and s are the poles of the low pass filter.
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5.1.2 Model Parameters Identification and SOC Estimation

Several papers have been published on parametdificktion for the abovementioned
model categories. In [14], parameter estimatiomgishe extended Kalman filter (EKF)
has been reported for behavioural models. Expetamhelata using a benchmark Urban
Dynamometer Driving Schedule (UDDS) cycle in adufitito data from a pulsed

charge/discharge test have been used.

In [15], a dual strategy was applied for estimating battery parameters and SOC
for behavioural models. Furthermore, a comparatiudy of Li-lon battery models showed
the enhanced self-correcting model is the mostratelsince it is capable of modeling
ohmic losses, polarization time constants, andengsts effects. Two estimation strategies
were used, namely the well-known Kalman filter ahd more recent Smooth Variable

Structure Filter (SVSF), [15].

In [16], a multi-objective optimization using geitetlgorithms is applied for
identifying the parameters of a simple RRC modeddsl parameters such as the resistance
and the open circuit potential are assumed togmyeomial function of the C-rate and the
SOC. The multi-objective optimization is then apglito obtain the polynomial
coefficients. The technique has been verified @rbaV/, 8 Ah capacity cell and the models

show good fit to experimental data at various cealigcharge rates.

In [17], a parameter identification strategy usiegst squares has been applied to
an equivalent circuit-based model. Since the maumce of nonlinearity for battery models

arises from the SOC-OCYV relationship, this relagldp has been divided into 8 piece wise
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linear regions and the technique has been apptiegstimate the parameters of each
individual region. Then based on the resultantdimaodel, an observer has been applied
to estimate the state of charge. The techniqubéas experimentally verified on Lithium

polymer cells.

A parameter identification procedure using multasm particle optimization on
12 different battery models has been presented]irSeveral driving cycles including the
Dynamic Stress Test (DST), the Hybrid Pulse Power&cterization test (HPPC), and the
Federal Urban Dynamic Schedule (FUDS). The teclaibas been verified on two
different battery chemistries including the lithilnon Phosphate- (tO°» 5) and the
Lithium Nickel-Manganese-Cobalt oxide . % ). One of the main conclusions of this
research project is that the first order RC moslgreferred for,%2 % , while the one-state
hysteresis and the first-order RC model are thé foes 1O°> 5. In most of the existing
literature, model parameters have been obtaineelbas fresh, healthy batteries at 100%
capacity. However, as battery ages, model paragmetérchange and thus this will affect

the accuracy of the terminal voltage prediction ti@SOC estimation accuracy.

5.1.3 Paper Outline and Contributions

From the literature, most battery aging studiesdooted to date use charging/discharging
profiles at fixed C-rates to age the battery whechot what happens in real-world driving
conditions. Automotive batteries are subjected igh hransients resulting from vehicle
acceleration and regenerative braking. Accordintilis research addresses this issue by
conducting various aging scenarios assuming arageeXorth-American driver. Current

profiles from real-world driving cycles such as thhdan Dynamometer Driving Schedule
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(UDDS) have been used. Various parameters thatibate to battery aging such as the
discharge rate, temperatures, and depth of diseHzage been considered. A first-order
OCV-R-RC battery model widely used in the literatbhas been considered in this research
since it provides a good compromise between manelracy and simplicity for real-time

implementation on-board of a BMS.

In this paper, two different approaches for batt8@C estimation and model
parameter identification have been implementedcamipared. Battery model parameters
identification using both online and offline techues at various battery states of life have
been conducted. In the first approach, an onlicerstve least square method has been
applied to estimate battery model parameters anelstionate the open circuit voltage
(OCV). A square-root version of the recursive lesgiare method (SR-RLS) has been
presented in this research with a forgetting fasioce it represents a robust estimation
strategy. Based on the estimated battery OCV,r@ssgd-voltage method has been applied
to map the OCV to the battery SOC and providesstimate of the battery SOC at various

states of life.

In the second approach, a Genetic Algorithm (GA)nojzation strategy has been
applied offline to estimate the battery model paetars at various states of life. Based on
the optimized model parameters, a battery SOC attm strategy has been designed to
estimate the SOC based on the identified battergeinparameters. A relatively new
strategy known as the Smooth Variable Structureef={SVSF) has been presented for
battery SOC estimation. The proposed strategy kas Iselected since it demonstrates

robustness to modeling uncertainties, sensor nargkto SOC initial conditions, [18, 19].
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The strategy has been applied for estimating thieedyaSOC at various battery states of

life from fresh (healthy) state (100% capacityB@®o retained capacity.

This paper is organized as follows: section 5.Zdless the electric vehicle model
development to generate the current profile requioe experimentation. Section 5.3 of
this paper provides a summary of the aging experimieSection 5.4 describes the
experimental setup used for data gathering. Se&ibncontains illustrations of battery
performance under various aging conditions. Se&ibmprovides illustration of parameters
and SOC estimation strategies using RLS and Regftegdtage based methods. Section
5.7 contains offline parameter identification ar@dCSestimation based on the SVSF. The

conclusions and limitations of the above strategypsiesented in Section 5.8.

5.2  Electric Vehicle Model and Current Generation

This section summarizes the process of currentrggae from the velocity profiles of
various driving cycles. In order to conduct thenggstudy, a cell-level current profile from
the velocity profile of various benchmark drivingctes is required. Therefore, a mid-size
all-electric vehicle (EV) model as shown in Fig&:2 has been modified from an existing
hybrid vehicle model, [20]. The model has been utated in Matlab/SimScape
environment. The driving range of the simulated iE\dpproximately 200 Kms when the
battery is fully charged. As shown in Figure 5% £V model consists of a lithium-lon
battery pack, vehicle dynamic model, DC electricanoDC-DC convertor, and vehicle

speed controller.
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Figure 5.2. All-Electric Mid-size Sedan Simulatioklodel in SimScape
(Adopted from [20])

Three benchmark driving schedules have been caesidie this study; namely, an Urban
Dynamometer Driving Schedule (UDDS), a light dutived cycle for high speed and high

load (US06), and a High fuel Economy Test (HWFEBZ).

These driving cycles have been used during thegagfimdy in addition to model
fitting and validation. While driving behaviours dfivers might vary, these driving cycles
are generally adopted to conduct powertrain dutgligsting and to provide an estimate
of fuel economy. The UDDS driving cycle is usedtharacterise a city driving condition.

It has been established to replicate average splledime, and number of stops that the
average driver performs in practice, [22]. The f@stfile is recommended by the U.S.
Environmental Protection Agency for estimating theel economy in city driving
conditions, [21]. For electric vehicles, the prefilas been extensively used to estimate the

driving range in miles per full charge, [23, 24].
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Velocity Profiles for UDDS, US06, and HWFET Cycles

Velocity [Kph]

Velocity [Kph]

Velocity [Kph]

Time [Mins]

Figure 5.3. Velocity Profiles for the UDDS (uppeigure), US06 (middle), and
HWFET (lower) Cycles [11]

The USO06 cycle is a high acceleration, aggressivend cycle, and the HWFET
embodies a highway driving conditions with speeelew 60 miles/hours, [25]. The three
abovementioned driving cycles are shown in FiguBe A summary of these driving cycle

characteristics such as distance, time, and aveyaagd is provided in Table 5.2, [26].

Table 5.2. Characteristics of UDDS, US06, and HWFEFiving Schedules,

[11]
UDDS 1,369 7.45 19.59
uS06 596 8.01 48.37
HWFET 765 10.26 48.30

The pack current profiles from these driving cy@des as shown in Figure 5.4. As
shown below, the US06 driving cycle current demagdthe motor is relatively high

compared to other driving cycles since it is anraggive driving cycle. The pack-level
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current profiles have been scaled down to thelee#} and used for model parameters

identification in the aging study.

Battery Pack Currents for UDDS, US06, HWFET Cycles

Pack Current - UDDS

Current [Amps]

Current [Amps]

Time [Mins]

Pack Current - HWFET

Current [Amps]

Time [Mins]

Figure 5.4. Pack current profiles for the UDDS (Upp figure), US06 (middle
figure), and HWFET (lower figure) cycles

5.3  Aging Study Overview

Battery cells, modules, and packs have to undetgoratory testing in order to assess their
performance under various load and temperature itonsl [27]. In addition, data
collected during these tests can be used to tradrvalidate various battery models which
are essential for State of Charge (SOC) and Stdtealth (SOH) estimation. In order to
standardize these tests and to set a common basd=Ms and battery manufactures, the
test procedures have been documented in numenpoidseg[27], such as the “USABC EV
battery Test Procedures Manual” produced by the DCE/Argonne National Laboratory

in 1996, [28, 27], the “PNGV Battery Test Manualilpished by the U.S. DOE/INEEL in
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2000, [29, 27], and the “Battery Test Manual Farg?ln HEVSs” published in 2008 by the

U.S. DOE/Idaho National Laboratory, [30, 27].

Battery test procedures might vary depending orcthentry and the application, i.e.: for
HEVs, PHEV, or BEVs, [31]. This research focusestest procedures used for PHEVs
and BEVs. In U.S., battery test procedures arergéipelassified into 3 main categories:

characterization, life, and referenests,[30].

Characterization tests are conducted to specify battery cell (or packyeliae
performance characteristics. Examples of thesg itedude: static capacity, hybrid
pulse power characterization (HPPC), self-discharg@dd cranking, thermal
performance, and efficiency tests, [30].

Life tests are conducted to determine battery degradatioindagffects that take
place in both cycle life and calendar life, [30Rléndar life means the life of the
battery during storage (with no cycling involvedhile cycle life is the life of the
battery after multiple charging/discharging cyclg4,]. The main purpose of these
tests is to perform an accelerated battery agirarhwiring data in a relatively short
time therefore be able to predict the performarfate battery cell in practice. In
addition, these tests can be used for battery wirestimates.

Reference performance tests (RPT)are conducted periodically to track changes
that might occur in the battery baseline charasties. Reference tests are
performed after conducting a certain number of tifgts to measure the capacity

fade and degradation in performance through thaeeptogress of battery life
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cycle, [27]. In addition, these tests are perfatraethe beginning (fresh battery)

and at the end of life state.

In this paper, two test schedules are consid&ededule Awhich represents the reference
performance tests (RPTs) afdhedule Bwhich represents the aging test. Regarding

Schedule A reference performance tests are selected, namely:

Static capacity test at 1C, 2C, 3C, and 4C,;
Open circuit voltage-state of charge (OCV-SOC) rel@onship test;
A series of UDDS, US06, and HWFET driving cyclesliat scans the entire SOC

range from 90% to approximately 20%);

These tests are selected since they can providemation regarding aging effects and the
test results are expected to significantly varpatsery ages. All aging tests are conducted
at elevated temperatures (ranging fr@bo 'y¥ ) to simulate electric vehicle driving in
hot weather conditions such as in Arizona and taialihe experimental data in a realistic
period of time. Regardingchedule Bcycling (aging) tests, 3 driving scenarios are

considered. The first test schedule,

Schedule B1 - Real driving conditions at low C-rat&high DOD: is used to
perform battery aging which simulates the real idgvcycle for an all-electric
vehicle (EV) at high depth of discharges of appmately 20% to 25% and low C
rates of approximately 2C.

Schedule B2 - Fixed Current Demandis used to apply a well-defined charging

and discharging cycles at 1C rate to age the lyaiecording to the manufacturer
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datasheet, the battery will last for approximat®@0 charging and discharging
cycles at room temperature. Schedule B3 is uspdrform battery aging using the
same well defined cycles but at elevated tempezatilne test is conducted at
elevated temperatures in the rang€9ho KooV

Schedule B3 - Real driving conditions at high C-rags/high DOD: is used to age
the battery using high C-rate currents up to 1&tiaséng fewer parallel cells in the
entire pack which leads to higher C-rate valuesteBias are subject to high depth

of discharge of approximately 20%.

A reference performance test is conducted afteeaic number of aging tests depending
on the schedule. Fd8chedule B1 and Schedule B3 reference performance test is
conducted every 5 aging cycles. Rohedule B2 a reference performance is conducted
every 50 full charging/discharging aging cycles. the following subsections, a detailed
description of the reference performance teSthédule A and aging testsSchedule B

is presented.

5.3.1 Schedule A — Characterization/RPT tests
Characterization tests are conducted to captureerlgaicell baseline performance
characteristics such as cell power capability, rmdE resistance, capacity, and time

constants. Tests selected for the study includéollmving.

5.3.1.1Static Capacity Test
This test is used to measure the battery cell dgpacAmpere-hours at a constant current

(CC) discharge rate. This test is conducted inraimerovide a baseline for a fresh battery



Ph.D. Thesis McMaster University
Ryan Ahmed Department of Mechanical Engineering

cell capacity. The test procedure follows the CamisCurrent-Constant Voltage (CCCV)
protocol and is summarized in the following stdf3§)]:

A. Charge the battery at 1C rate (5.4 A) to the falarged state in a CCCV mode.
The battery is fully charged to 4.2 V and whendheent end point is at 0.02
C (0.108 A).

B. Leave the battery to rest for one hour in ordeallow for voltage and current
stabilization,[30].

C. Discharge sequence at a constant current 1C rat@ tne voltage reaches the
battery minimum voltage limit (2.8 V) as recommehdg the manufacturer,
[30].

D. Battery is left at rest with no load for one hour.

The test has been repeated at various C-rates,3Q@nd 4C. These tests are important
since the battery capacity is inversely proportidadahe current C-rate.

5.3.1.20CV-SOC Relationship:

This test is used to characterize the Open-CiNaitage (OCV)-State of Charge (SOC)
relationship, [32]. Very small C-rates (C/20, C/a% used for OCV-SOC characterization
in order to minimize cell dynamics and to minimiaemic loss effects due to battery
internal resistances. Accordingly, by conductinig #xperiment, the measured terminal
voltage is assumed to be the open circuit voltdges test is important since the cathode
and anode electrode potentials @ndJ ), which are used in the electrochemical model,
are being derived from this test as discussed imsexttion 5.4.2. The OCV-SOC
relationship is obtained as follows (this testimikr to the capacity test but conducted at
very low C-rates), [32]:

A. Fully charge the battery in a CCCV mode until maximvoltage (4.2).
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B. Fully discharge the battery at constant current {GGode with 1C-rate until
the voltage hits the minimum voltage (2.8V).

C. All cycler current accumulators are reset to zekbthis moment, the battery is
at zero SOC.

D. Charge the battery at a very small C-rate of CA®6*5.4=0.324A) ina CCCV
mode until it hits the maximum voltage of 4.2V. Tékis left to rest for one
hour to relax.

E. Discharge the cell at the same rate of C/15 untitl ghe battery hits the

minimum voltage of 2.8 V.

The charging and discharging curves are averagedtton a single fixed relationship

between OCV and SOC.

5.3.1.3Model Fitting and Validation Driving Cycles
Current profiles generated from the electric vehitiodel as illustrated in section 5.3 are
used to excite the cells. The pack-level curreafileris scaled down to the cell-level and
fed to the cycler. These driving cycles are usedniodel parameter fitting since they
include fast variations thus rich in their frequgmontent. The cell current is generated
from the pack current by assuming no cell balan@iegall cells are held at the same SOC)
and by assuming equal current distributions amas@liel cell branches. Two driving
schedules for model validation and fitting have rbeenducted in this study; namely:
Schedule AlandSchedule A2

The first driving cyclgDriving Schedule A} consists of current ranges fraRt
tot and lasts for approximately 290 minutes of drivilge driving schedule consists of
a mix of UDDS, US06, and HWFET test schedules. firfsevalidation driving cycle is as

shown below in Figure 5.5.
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Figure 5.5. Voltage (Upper), current, and SOC (loryéor driving Schedule Al

RegardingDriving Schedule A2it is similar to driving Schedule Al since it asa
the entire state of charge range from 90% to appravely 20% and contains a mix of
UDDS, US06, and HWFET driving cycles. However, asven in Figure 5.6, driving
Schedule AZonsists of higher C-rate currents of up to compared to schedule 1 which
represents a more challenging driving cycle for@@&Vv-R-RC model to captur®riving

Schedule 2 lasts for approximately 65 minutes Ieeftiie battery SOC reaches

approximately 20%.
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Figure 5.6. Voltage (Upper), Current, and SOC (losyéor driving Schedule A2
5.3.2 Schedule B — Aging (Cycle life) test

Two aging factors are generally involved, namelgtendar life andcycle life Calendar
life means the life of the battery during storagi@l{ no cycling involved) while cycle life
is the life of the battery after multiple chargidigcharging cycles, [31]. This study focuses
only on aging due to cycling. Aging tests have higsnatively conducted to study the effect
of battery degradation (aging) due to multiple gnag/discharging cycles, [30]. Two types

of aging tests are considered (3 cells each):

Aging due to normal driving operating conditions ig¥h consists of a mix of
highway, urban, and aggressive high acceleratiouingrconditions. Schedule B1

and B3 belongs to this test category.
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Aging due to well-defined charging/discharging @apishaped) cycle - 500

Cycles. Schedule B2 fits in to this category.

These two types of aging conditions are implemeintékis research study in order
to characterize degradation in performance as atifum of life and to detect pertinent
failure mechanisms, [28]. A mix of driving schedulhat are commonly used has been

implemented, these test schedules have been adopted33] and are as follows.

5.3.2.1Schedule B1: Aging due to real driving condition®yv C-rates/high DOD):
This aging test is used to simulate battery aging t an average driver in real-world
driving conditions. A mix of UDDS, US06, and HWFHEIFiving schedules previously

mentioned has been selected in this study.

Table 5.3. Aging Schedule B1 Scenario, [33]

3 DTc’;\lli\f;ES Starting from a fully charged
Work Jkk tj+Jt Si+ daySIV\;eek state, a commut_e from home to
JKk ti+Jdt Sy 48 "| work and back with no charge at
weeks/year TS
Jkk t7+CL m!G
+CL m!G+
CL m!Di+ Starting from a fully charged

2 days/weekK

Weekend/ | CL m!Dj+ Jkkt ¢+ state, assuming no charging

Vacation Jkkt +CL m!Dy d a152/4ear station at the weekend
+CL m!Dj+ ysly destination
CL m!G+

CL m!G+Jkk t;
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These tests are defined based on a velocity pafideused for deriving the current
profile from the velocity for an all-electric, mglze sedan vehicle simulated in a

Matlab/SimScape environment.

Schedule B1 consists of a mix of driving cycles liggd to age the battery at lower
depth of discharges of approximately 25%. This agjé the battery at a much accelerated
rate compared to cycling at 50 DOD. The assump#idhat the driver will be driving to
farther destinations with no available charger tHusing to a lower DOD. No evening
errand has been considered in this scenario. Bhésteonducted at elevated temperatures
in the range ofE%. 'y¥s to accelerate aging and to simulate driving in wetther
conditions such as occurring in Arizona. The dgdion of schedule B2 for both weekday

and weekend is as shown in Table 5.3 and in Figui@nd Figure 5.8, respectively, [26].

Current profile, voltage, and SOC from one agin@kvis as shown in Figure 5.9.
The SOC varies from 25% to 90% every day. The baisehen is fully charged at the end
of every day. Currents range from -2C to 2C andagels from 3.6V to a maximum of
4.2V. Current, SOC, and voltage from one weekdagrving are shown in Figure 5.10,

and for one weekend of driving are shown in Figudel.
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Figure 5.7. Schedule B1: One week day of drivinghvErrand
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Figure 5.8. Schedule B1: One Weekend driving
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Voltage for One Aging Week - Aging Schedule B2
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Figure 5.9. Voltage (Upper), Current, and SOC (loxyéor one aging week -
Schedule B1
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Figure 5.10. Voltage (Upper), Current, and SOC (levy for one weekday -
Schedule B1
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Voltage for One Weekend - Aging Schedule B2
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Figure 5.11. Voltage (Upper), Current, and SOC (lexy for one weekend -
Schedule B1

5.3.2.2Schedule B2: Aging at fixed charging/discharging &tes

The test involves a repeated capacity cycle tediCatReference performance tests are
conducted every 50 cycles to assess cell degradatial to be used for model
parameterizatiorSchedule B2s used to apply a well-defined charging/dischaggiycles

at 1C rate to age the battery. According to theufaaturer datasheet, the battery will last
for approximately 500 charging and discharging ey@t room temperaturgchedule B2

is used to perform battery aging using the samd defined cycles but at elevated
temperatures in the range @%o. Roos The current profile from one day of driving is

shown in Figure 5.12.
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Voltage for One Aging Cycle - Aging Schedule B2
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Figure 5.12. Voltage (Upper), current, and SOC (lewy for one aging cycle -
Schedule B2

5.3.2.3Schedule B3: Aging due to real driving conditionsigh C-rates/high DOD):

Schedule B3 is used to age the battery using higiit€Ccurrents of up to 10C, assuming
fewer parallel cells in the entire pack. A mix oivihg cycles such as the UDDS, HWFET,
and the US06 have been used in this study. Inpidyier, a subscript “h” will be used to
indicate higher C-rates as shown in Table 5.4.d8iat are subjected to a low depth of
discharge of approximately 20%. Similar to Schedileand B2, Schedule B3 is conducted

at elevated temperatures.

Current profile from one aging week of driving tsosvn in Figure 5.13. Since the
maximum charging rate on these batteries was & @*5.4A = 16.2A), the maximum
regenerative (charging) current was set to thisielaRegarding discharging current,

maximum discharge current rates of up to 12C magtiserved.
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Table 5.4. Aging Schedule B3 Scenario, [33]

Drive Cycles
Combination

Frequency Description

Twice Daily, Starting from a full charge, a

5 days/week| commute from home to work and
I P gl milbs 48 back with no charge at work, at
weeks/year high C-rates

Jkk tc+CL m!C+ Starting from a fully charged
C

Weekend/ | CL m!Dc+ 2 dai/ggweek state, assuming no charging

Vacation CL m!Dc+ station at the weekend

CL m!C+JKk tc days/year destination, at high C-rates

Voltage for One Aging Week - Aging Schedule B3
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Figure 5.13. Voltage (Upper), Current, and SOC (lexy for one aging week -
Schedule B3



Ph.D. Thesis McMaster University
Ryan Ahmed Department of Mechanical Engineering

Data for one weekend and one weekday of drivingsamvn in Figure 5.14 and

Figure 5.15, respectively.

Voltage for One Weekday - Aging Schedule B3
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Current [A]

Time [min]

Figure 5.14. Voltage (Upper), Current, and SOC (lewy for one weekday -
Schedule B3
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Voltage for One Weekend - Aging Schedule B3

42 Lo Lithium Polymer Measured Voltage L
= 4RI - - g
& 3.8 -F-H-- - LN - e I R iy bl o~ - - -
£364 b TS STEEEEER
>34+
] T T T ) L T T ‘ T T T ) T T T T ‘ T T T T ) L T T ) T T T ‘ T T T T )
0 10 20 30 40 50 60 70 80
Time [min]
Current and SOC One Weekend - Aging Schedule B3
20 — 95
10 -85
— 0
< <10 WSV IRy R R I e S I T T A Y- - m75 <
20 F IV T P E—Y - 65 =
O 30—t -55 3
G :gg oo oo oo oo ] Lithium Polymer Input Current |~~~ ~~ -~ - - 45 @

60 F-—— oo Lithium Polymer SOC | - - - - - - - — ~ — 35

'70 \ T T T T \ L T T ‘ T T T \ T T T T ‘ T T T T \ L T T \ T T T ‘ T T T T 25
0 10 20 30 40 50 60 70 80
Time [min]

Figure 5.15. Voltage (Upper), Current, and SOC (lewy for one weekend -
Schedule B3

5.4  Experimental Setup

In this section, a summary of the experimentalseed in this study including cyclers,
environmental chambers, data acquisition systemd, kattery cells is provided. The
experimental data is then used for extracting patamvalues for an OCV-R-RC model
for a NMC lithium polymer battery cell. The expeantal setup is as shown in Figure 5.16
and 5.17, the setup includes 3 channel Arbin BT2@30er, 6 NMC lithium polymer
battery cell, 3 environmental chambers, AVL Lynxadacquisition system, and AVL Lynx
user-interface software. AVL Lynx software is udedsetting up the test procedure and
for data acquisition. Various variables such aselpatcurrent, voltage, and temperatures
during charging, discharging, and rest phasesayeireed at a maximum frequency of 50

Hz.
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3 Channel Arbin
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Espec Environmental
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Figure 5.16. Arbin BT2000 Cycler along with Espeaé Thermotron

Environmental Chambers

Battery test cells are placed in environmental diersin order perform the test at

controlled temperature conditions. Two differentieonmental chambers provided by two

different companies are used for testing namelgriflotron and Espec. These units can

change the temperature from -70 to ¥8@nd are able to change the temperatures at a rate

of 3.5 %lI~*} . This kind of heating and cooling capability iscaessary for stressing

samples and accelerating battery aging and thersgoring total test time.
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Figure 5.17. Experimental Setup including CyclefSnvironmental Chambers,

and Data Acquisition Systems

Each battery is independently tested using septeater channel. A close up look to the

Arbin tester is as shown in Figure 5.18.

‘ng1

‘ng1 ng1

/$0 ..

Figure 5.18. Arbin Cycler channels: channels equigg with voltage sensor and

status indicator light
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The tester has 3 independent channels. The cyaleroperate in two voltage
operations ranges namely, High operation voltageMand low operation voltage: 0-20
V and 3 different current ranges: High operatiamges 0 -O<  Amps, Medium operation

range: 0 O< Amps, and Low operation range: @%Amps.

5.5  Experimental Results — Aging Schedules

In this section, a summary of degradation mechasmmnserved using the 3 aging scenarios
is represented. As mentioned earlier, a seriegfefence performance test is conducted
every certain number of charging and dischargingesy This section explores different
battery aging behaviours according to the aforemmeat aging schedules; namely:
Schedule B1, Schedule B2, and Schedule B3. Iniaddé comparison between current,
voltage, and SOC behaviour under the model fittinging schedules — Schedule Al and

A2 at various battery states of life is presented.

5.5.1 Capacity Degradation

As shown below in Figure 5.19, the battery discbhargpacity for aging schedule B2 is
plotted versus number of aging charging/discharginges at fixed C-rate. As per the
manufacturer data sheet, the expected number ofgiolggdischarging cycles is
approximately 500 cycles if the test is conductedoam temperature. As previously
mentioned, all aging schedules in this study haenlconducted at elevated temperatures
of E%oY4 'y Vs . Test results are in support with the battery nfacturer data sheet. Since
at higher temperatures, aging is accelerated dueapad chemical reactions which

exponentially increase with temperature accordmght Arrhenius equation, [34]. For
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every Y. rise in temperature, the rate of reactions thatrdmute to aging are doubled,

[34].

Capacity Degradation for Aging Schedule B2
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Figure 5.19. Discharge capacity vs. number of cygfer aging Schedule B2

Capacity degradation vs. number of aging weekadorg schedules B1 and B3 are
as shown in Figure 5.20. Since aging schedule 88dies higher current C-rates compared
to Schedule B1, aging is significantly acceleratedth aging schedules scan the SOC

range from 90% to 20% and are conducted at elevategderatures.
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Capacity Degradation for Aging Schedules B1 and B3

5.5 —O— Capacity Degradation for Aging Schedule B1
’ —O— Capacity Degradation for Aging Schedule B3

Discharge Capacity [Ah]

4.3 L O B B B

0 5 10 15 20
Number of Aging Weeks

Figure 5.20. Discharge Capacity Vs. number of agingeks for aging
Schedules B1 and B3

5.5.2 Healthy and Aged Driving Schedules

In order to show the difference in terminal voltaged SOC using the same driving
schedule at different states of life, both voltagd SOC data for fresh (healthy) and aged
battery at approximately 80% capacity for drivingh8dule Al are plotted as shown in

Figure 5.21 and Figure 5.22, respectively. Expenitledata from aging schedule B3 is

considered in this section.
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Healthy Vs. Aged Terminal Voltage - Driving Schedule Al

Terminal Voltage - Fresh [Capacity = 100%]
Terminal Voltage - Aged [Capacity = 80%)]
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Figure 5.21. Terminal Voltage for fresh (Healthy)edl and aged cell at 80%
capacity — Driving Schedule A1

Similarly, voltage and SOC data for both fresh aged cell for driving schedule
A2 are as shown in Figure 5.24 and Figure 5.2 e@s/ely. As shown, it is important to
update model parameters as battery ages sincedtiel mstimate of the SOC for a fresh
battery is higher than the actual SOC of an ag#égyathus giving a false SOC estimate.
For example, at the end of the driving cycle, m@&I@LC is at approximately 19% while the

SOC for fresh cell is at 32%; this is a relativeignificant error.
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Figure 5.22. SOC for fresh (Healthy) cell and agedll at 80% capacity —
Driving Schedule A1

It is also important to highlight that other fadtasuch as temperature and cell-
balancing have not been accounted for in the sobties paper. These factors will further
contribute to modeling errors and worsen the teammwoltage and SOC estimate.

Furthermore, this paper focuses mainly on cellllevadeling and SOC estimation. In case

of pack-level SOC estimation, the error will sigcaintly increase.
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Healthy Vs. Aged Terminal Voltage - Driving Schedul e A2
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Figure 5.23. Terminal Voltage for fresh (Healthy)edl and aged cell at 80%
capacity — Driving Schedule A2

Healthy Vs. Aged SOC - Driving Schedule A2
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Figure 5.24. SOC for fresh (Healthy) cell and agedll at 80% capacity —
Driving Schedule A2
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5.6  Online RLS Parameters Identification and Regressed/oltage SOC

Estimation

This section presents an estimation strategy imats the battery model parameters and
SOC under a unified framework at various batteayest of life. A linear regression model
is constructed based on an OCV-R-RC (OCV: Openuilidoltage, R: Resistance, C:
Capacitance) equivalent circuit-based model thatetates the behavior of a battery and
the values of its circuit elements. For online paater identification, a square-root version
of the recursive least-squares (SR-RLS) algorithth f@rgetting factor is deployed, [35].
The outputs of this algorithm are the battery eieat parameters and the OCV.

Subsequently, the SOC is inferred from the estih&®€V using a SOC-OCV map.

5.6.1 Online Recursive Least Squares Estimation

The first step in the construction of an optimatéy state estimator is to develop a suitable
model of the battery that can describe the saleattres of both steady-state and transient
responses. It has been found that the OCV-R-RC hpodeides a reasonable compromise

between model accuracy and simplicity. For thisoeawe develop a state estimator based

on this model in the following sections.

Deriving a Linear Regression Model for Parameter Esmation

The governing equations of the circuit depicteéigure 5.25 can be expressed as, [7, 8]:

v O = - Mg (5.15)

v Ve Ny (5.16)
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Where the parametecs 7 = o'N M & R77 N and’ .. Hence the transfer
function from the load currenY() to the battery terminal voltage () in the Z-domain can

be written as follows:

Y
INRo
&Ro( &( &. “&XRO((\&(. &RO( s (5.18)

&X( INEXC. TNEX(. gy (5.17)

Because the open circuit voltagegf) is treated as a constant, taking the inverse z-

transform of (5.18) yields the following differenequation, [7, 8]:

v 8'\4RO‘(\\|N= . \\r\"\,. 0 p= - 6 R o( $% (5.19)

The linear regression model can be compactly wriste the inner product as follows, [7,

8]

v u Ol\/ (520)

Whereu is the parameter vector aRq, is a regressor consisting of known signals, [7, 8]

u BVRo( ° o & Ro( (5.21)

Ov &\ps Yy IN= @ (5.22)
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Figure 5.25. OCV-R-RC battery equivalent circuit mel, [7, 8]

The most pragmatic solution to estimatédrom the ARX model is to apply the
Recursive Least Squares (RLS) algorithm. A squan¢vrersion of the RLS method is used
in this paper for its computational efficiency astdbility, [35]. Since the square-root RLS
algorithm guarantees a positive-definite and symimeovariance matrix, it is highly
numerically stable and achieves high estimatioma@y and robustness, [35]. In order to
closely track slowly varying parameters, a forgejtfactor is included in the RLS. The

battery electrical parameters, , , and goCan be recursively estimated upon

estimatingu as follows, [7, 8]:

uét( (5.23)
Q& (NC& (C8) (
Tg)() (5.24)
usd( R
= ( (5.25)

z}8u&d((ué (R u&t(uéd(
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ué (

0 — 5.26
¥ TR usq( (5.26)

5.6.2 Regressed-Voltage-based SOC Estimation

In the Regressed Voltage Method (RV Method), inaliithe open-circuit voltage 4y)
estimated from the RLS algorithm is used to catleutae SOC according to a SOC-OCV
map or a look-up table. Due to the fact that th&€S®coupled with a current integration
technique and therefore it is a slowly time-varysignal, the noisy (spiky) SOC estimate
obtained from the RV method, which we denié _ ¢.\, is filtered by an exponentially-

weighted moving average filter to get a clean andah SOC signal:

tV\ E; v 8 R_(tV\ E; = - _tV\ ...E;lN (527)

where™ is the filter gain and takes a small positive ealtypically in the range of = to

5.6.3 Experimental Results — Fresh Battery State

In order to test the SR-RLS and Regressed-voltaged SOC estimation strategies [35],
the two previously mentioned driving schedul8shedule A1l and Schedule Afatasets
have been used. Schedule Al has been used foniolgtdhe regressed SOC from the
estimated OCV and the second one is used for validaDriving cycles scan the entire

state of charge range from 90% to approximately.20%

As shown in Figure 5.26, the strategy provides @dgestimate of the battery SOC
compared to the actual SOC obtained using Coulomintihg technique from the Arbin

Cycler. The battery SOC estimation error is as shbalow in Figure 5.27. The maximum
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error is approximately 6%. The maximum error oc@atrthe flat region of the SOC-OCV

around 45% to 65%.

Estimated SOC Vs. Actual SOC (Arbin Cycler)

——— Estimated SOC |
Actual SOC

SOC [%]

150 200 250
Time [min]

Figure 5.26. Estimated Vs. actual battery SOC forvihg Schedule Al

This error is acceptable provided that the stam#alBLS Regressed-Voltage
method is applied. One of the main advantages ®fRbcursive Least Square (RLS)
methodology and the regressed-Voltage based syradetipat no initial state of charge

estimate is required. Moreover, no filter initi@iion or model parameter values is

required.
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Error in SOC for Driving Schedule 1

Lithium Polymer SOC Error

SOC [%]
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Figure 5.27. Estimated and actual SOC error obtathesing Coulomb
Counting (Arbin cycler) for Schedule Al

Estimated terminal voltage vs. actual (measurediage is as shown below in
Figure 5.28. The error is relatively high during thrst 2-3 minutes of the driving cycle
since the parameters are not yet optimized. Howether error decreases drastically

afterwards and the strategy provides a good estiofahe battery terminal voltage.
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Estimated Terminal Vs. Actual (Measured) Voltage
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Figure 5.28. Estimated Vs. actual terminal voltag&chedule Al

The estimated battery model RC branch parametdresdt (healthy) battery state
are as shown below in Figure 5.29. Model parametesage over the entire driving cycle
at various battery states of charge. The RC brassistance ( ) changes between 0 to

R while the capacitance () changes between 1500 and 5000 F. The statidarses
() and the estimated open circuit voltage valuesaarshown below in Figure 5.30.
values remains constant over the entire SOC rangie whe OCV changes from

approximately 4.14 to 3.6 V indicating cell disajpadue to applied current.



McMaster University

Ph.D. Thesis
Department of Mechanical Engineering

Ryan Ahmed

Estimated Parameters for Driving Schedule 1
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Figure 5.29. Estimated battery parameters for RGibch at fresh (healthy)
state - Schedule Al

Estimated Parameters for Driving Schedule 1
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Figure 5.30. Estimated battery parameters: statisistanced g) and OCV at
fresh (healthy) state - Schedule A1
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The technique has been validated using dri8obedule A2.As shown in Figure
5.31, the strategy provides a good estimate dbéteery SOC compared to the actual SOC
obtained using Coulomb Counting technique from #rein Cycler. The estimation
accuracy decreased in case of driving scheduldar&2 shis driving cycle entails a high C-
rate current values. The maximum SOC error is apprately 10% at the same flat SOC-
OCV region at 50% SOC. The accuracy is still acelgt provided that both model

parameters and the battery SOC estimation is daptie online.

Estimated SOC Vs. Actual SOC (Arbin Cycler) - Sched ule 2

— Estimated SOC |
Actual SOC

SOC [%]

0 10 20 30 40 50 60
Time [min]

Figure 5.31. Estimated Vs. actual battery SOC falidation driving cycle -
Schedule A2
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Error in SOC for Driving Schedule 2

Lithium Polymer SOC Error

SOC [%]

0 10 20 30 40 50 60
Time [min]

Figure 5.32. Error between estimated and actual SOtained from using
Coulomb Counting (Arbin cycler) for Schedule A2

The estimated terminal voltage vs. actual (meagwelthge for driving Schedule
A2 is as shown below in Figure 5.33. It is cleattthe voltage dynamics is much faster
compared to schedule Al since schedule A2 curremiadd is much higher compared to
schedule Al over the entire SOC range. Similachedule A1, the error is relatively high
during the first couple of minutes of the drivingcte since the parameters are not yet
optimized. Afterwards, the strategy converges aactror considerably decreases. Results
can be further enhanced using a combination of Re§ressed Voltage based strategy and

the conventional coulomb counting.
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Estimated Terminal Vs. Actual (Measured) Voltage -  Schedule 2
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49 ] — Estimated Terminal Voltage
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Figure 5.33. Estimated Vs. actual terminal voltag&chedule A2

Estimated Parameters for Driving Schedule 2
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0 » » » » \ \
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Figure 5.34. Estimated battery parameters for th€ Rranch at healthy state -
Schedule A2
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The estimated parameter values for driving Schedglare as shown in Figure 5.34 and

5.35.

Estimated Parameters for Driving Schedule 2

Time [min]

Figure 5.35. Estimated battery parameters: statisistancedg) and OCV at
fresh (healthy) state - Schedule A2

5.6.4 Experimental Results — Aged Battery State (End-Of-ife)

As battery ages, model parameters change and gaime model parameters estimated at
healthy state are used, significant errors ar@dhuiced in SOC estimation and terminal
voltage prediction accuracy. Therefore, in ordeteii the proposed parameter estimation
and regressed-voltage-based SOC estimation seatediata from the aging study
(Schedule B3) as previously described in sectidhi®.used. Experimental data from
driving Schedule Al and Schedule A2 are carriecbtlte battery end-of-life state. Battery

capacity at the battery end-of-life is approximat4ld Ah. Battery SOC estimation and
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terminal voltage prediction for schedule 1 for agell are as shown below in Figure 5.36

and Figure 5.37, respectively.

Estimated Vs. Actual SOC - Aged Battery [Capacity=  80%] - Driving Schedule 1
100 -~~~ e

L ——— Estimated SOC |

Actual SOC

90 k-] L
85\ 777777777777777777777777777777777777777
80 1 - - - s _
75 i i
70
65
60
55 —
50 |
45
40 1 =7
35 |
30 |
25—
20
15
e e L B e B
0 50 100 150 200 250
Time [min]

SOC [%]

Figure 5.36. Estimated Vs. actual battery SOC fanihg Schedule 1 for aged
battery [Capacity = 80%]
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Estimated Vs. Actual Voltage - Aged [Capacity = 80% ] - Driving Schedule 1
A2 oo

= Estimated Terminal Voltage
R Actual Terminal Voltage

11 12 13 14

R s B s B L B
0 50 100 150 200 250

Time [min]

Figure 5.37. Estimated Vs. actual battery terminaidltage for driving Schedule
1 for aged battery [Capacity = 80%]

The strategy provides a good estimate even at bgtdry state. The error has
slightly increased as shown in Figure 5.38. Theimarn error for driving schedule Al at

aged battery state is approximately 9% up from 6%eah state.
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Error in SOC - Fresh Vs. Aged Battery - Driving Sch  edule 1

Lithium Polymer SOC Error - Fresh
Lithium Polymer SOC Error - Aged

SOC [%]

0 50 100 150 200 250
Time [min]

Figure 5.38. SOC error for fresh vs. aged cell -iizing Schedule Al

As shown in Figure 5.39, model parameter at aged battery state followséinge
trend for the fresh one. However, slightly largatues are observed in the range from
100% to 50% SOC. This can be beneficial in estinggtihe battery SOH online by keeping
track of the battery internal resistance estimate@mpare it to nominal values for a fresh
battery. The battery resistance remains unchanged, the algorithm take approximyatel
0.5 minute to converge to the actual value. Thienaséd OCV values are slightly less for
an aged cell compared to the fresh one. Therdbgrapplying the regressed-voltage-based
method, the estimated SOC for aged cell is lowen tine fresh state. In order to validate
the proposed strategy, the same procedure hasréeeated using schedule A2 which is

characterized by high current C-rates as showngar€ 5.41 and Figure 5.42.
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Estimated RC Branch Parameters - Fresh Vs. Aged - D  riving Schedule 1

R, - Fresh |-
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1500 - -
0 » \ » I
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Figure 5.39. RC branch parameters for fresh vs. dgeDriving Schedule Al

Estimated RO and OCV Parameters - Fresh Vs. Aged -  Driving Schedule 1

0124 - —--—--- Qo9 T ] R, - Fresh |-
A, vy |
0094 - - -~ 003+h—+----————--t_______| R,-Aged |

N oL

Ry [Ohms]

0.03— ~ -

Open Circuit Voltage - Fresh |~
4 I e = Open Circuit Voltage - Aged
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Figure 5.40. Static resistance and open circuit tagle estimate for fresh vs.
aged cell - Driving Schedule A1
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Estimated Vs. Actual SOC - Aged Battery [Capacity=  80%] - Driving Schedule 2
LSO el
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Figure 5.41. Estimated Vs. actual battery SOC faivihg Schedule A2 for aged
battery [Capacity = 80%]

Estimated Vs. Actual Voltage - Aged [Capacity =80% ] - Driving Schedule 2
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Figure 5.42. Estimated Vs. actual battery terminadltage for driving Schedule
A2 for aged battery [Capacity = 80%)]
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The strategy provides a good estimate even atdtterly end-of-life state. The error
has slightly increased as shown in Figure 5.43. magimum absolute error for driving

schedule A2 at aged battery state is approximatEdy up from 8% at fresh state.

Error in SOC - Fresh Vs. Aged Battery - Driving Sch  edule 2

b Lithium Polymer SOC Error - Fresh
Lithium Polymer SOC Error - Aged |

SOC [%]

Time [min]

Figure 5.43. SOC error for fresh vs. aged cell -iizing Schedule A2

As shown in Figure 5.44, the estimated RC branslstance at aged battery state
is significantly higher than the one at fresh stdtthe region from 100% to approximately
50% SOC. This is consistent with the results oletaifnom Schedule Al. The capacitance
maintains the same pattern with decreased valuepa@d to the fresh battery state.
Similar to driving schedule A1, the battery regisi& « remains unchanged. The estimated

OCV values are slightly less for an aged cell comegdo the fresh one. Therefore, by
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applying the regressed-voltage-based method, teated SOC for aged cell is lower than

the fresh state.

Estimated RC Branch Parameters - Fresh Vs. Aged - D  riving Schedule 2

Y R e
1 R1 - Fresh
Q002 R -Aged |-
~ ]
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Figure 5.44. RC branch parameters for fresh vs. dgeell - Driving Schedule
A2
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Estimated RO and OCV Parameters - Fresh Vs. Aged - Driving Schedule 2
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Figure 5.45. Static resistance and open circuit tagle estimate for fresh vs.
aged cell - Driving Schedule A2

In the following section, a completely differentpapach has been implemented for
parameters identification and battery SOC estimat@ffline parameters estimation has
been applied and a relatively new estimation ggsate&s been implemented given that the

model initial SOC is slightly far from the actuaie

5.7  Offline Parameters Identification and SVSF-based SO Estimation

In this section, offline model parameters idenéfion using Genetic Algorithm (GA)
optimization strategy is presented. The GA has hesed to obtain model parameters at
various battery states of life. Based on the o@nibattery model, an estimation strategy
has been applied to the model to extract inforrmatiegarding the battery SOC. The
strategy is known as the Smooth Variable Struchilter (SVSF). The filter works in a

predictive-corrective form.
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5.7.1 Offline Genetic Algorithm Optimization

Genetic algorithms are search techniques basedeoevolutionary model. GA algorithm
has been extensively applied in the literatureesthe algorithm does not require gradient
calculation which is rather difficult to obtain ®@me complex optimization problems. The
algorithm has been described in details in refexen@6, 37]. A summary of the algorithm

is illustrated below, [38]:

5.7.1.1Creation of random initial population

An initial guess based on literature for parametalues and according to the authors’ best
knowledge has been adopted in this work. The Indiiage is set as illustrated in Table 5.5.
5.7.1.2Generating a sequence of new populations as follows

The fitness value of each population member isatatband the raw fitness values
are scaled to generate an operational range of @alu

Individuals are selected based on their fithesstion, these individuals are called

parents.

Off springs are generated from the population lyssover or mutation.

Low fitness individuals are replaced from currenpplation by new off-springs to

for the next generation.

5.7.1.3The steps are repeated until the stopping critesaeached. This include a

maximum number of iterations of 10.
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Table 5.5. OCV-R-RC battery model optimizer bounds

Static Resistance Chargin&y) () ) 0 0.09

Static Resistance Dischargitd@g) () ) 0 0.09

RC Branch Resistanda ) () ) 0 0.09
RC Branch Capacitange ) (4) 150 10000

5.7.2 SVSF-based State of Charge Estimation

Similarly to the Kalman filter, the SVSF works irmpeedictor-corrector fashion, [39]. The
filter is based on the sliding mode concept anddemsonstrated robustness to modeling
uncertainties and sensor noise, [39, 18]. The Ss&8Fbe applied to both linear and non-
linear systems. It works by using an SVSF gain fbates the states to converge to a
neighborhood of the actual (or true) value, [3%jeTgain forces the states to switch back
and forth across the state trajectory within aagegieferred to as the existence subspace
which is function of modeling uncertainties. Thedthi of the existence spa&is a
function of the uncertain dynamics associated withinaccuracy of the internal model of
the filter as well as the measurement model, aneéwvavith time, [39]. The SVSF can be
applied to systems that are differentiable and vfadde, [39, 40]. The original form of the
SVSF as presented in [39] did not include covaeasherivations. An augmented form of
the SVSF that includes the derivation of an ermwatiance matrix has been presented in

[41]. Here, the latter is summarized.
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Figure 5.46. The SVSF estimation strategy startifrgm some initial value, the
state estimate is forced by a switching gain tohwita region referred to as the
existence subspace, [39].

Consider a nonlinear system with a linear outpugasurement) equation. The filter

runs by generating a prediction of the state esérfwhich represents the solid-electrolyte

interface concentration) as follows:
(5.28)

Snov CoQuatene

The predicted estimates are then used to generptedicted measuremenkiy . as

follows, [39]:
(5.29)

XN 5N Msig... FrEgFE SN v

Where \ig.. Frregro IS the measurement matrix. Then the measuremestt &g ynm Can

be calculated as follows, [39]:
85.3((

Tann v XwW R XN v
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The SVSF has predictor-corrector form. Its gaia fanction of the a-priori and the

a-posteriori measurement errors .. and7.__. It has a smoothing boundary layer

widths>, a memory or convergence rate as well as the linear measurement
matrix wig...rregro- FOI the derivation of the SVSF gdigy , refer to [39, 41]. The SVSF

gain is defined as follows, [39]:

N , . /<=é E>= (SN .
" WN ,\,)Tg_“,:,Eg,:CN{*oi U et @ T W0 (X0 ]TEI i{*oz U7._. _u (5.31)
The updated state®, ,»n are calculated as follows, [39]:

S Swov e TN e (5.32)

The output estimates and the a posteriori measunteragors are then calculated

respectively as follows, [39]:

XN SN Wog...FrEgFCANN SN (5.33)
Tecepmee M R (5.34)
Equations 5.28 to 5.34 are iteratively repeatedf@ry sampling time.

5.7.3 Experimental Results — Fresh Battery State

In this section, offline parameter identificatiosing Genetic Algorithm optimization and
SOC estimation using the SVSF are presented. Tatessof life are considered; namely:
fresh (healthy) battery state and aged (80% capadihe GA algorithm has been applied

to estimate battery parameters using current attdgeo data fronSchedule Aldriving
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cycle. A static capacity discharge test has beemdwcted to obtain the SOC-OCV

relationship utilized by the OCV-R-RC model.

The model is simulated once for every member ofpthygulation and the terminal
voltage is further compared with the experimergaiinal voltage. The GA optimization
has been set to 5 runs and to 500 population Bieealgorithm has been conducted on a
mobile workstation with 3.0 GHz, quad Core i7-3940Xxtreme Edition processor. The
parameter identification objective function usedhis research is targeted at minimizing
the error between the model output terminal voltag§& and the experimentally measured
terminal voltage&'( . The objective function is a cumulative sum of sggiared voltage

error as follows:

=} 0 é&(R &0 { (5.35)
Values of the optimized parameters for fresh baptéate are as follows:N < R,
TS R, ¢ R,and EtS S 1. The optimized terminal voltage

vs. the actual (measured) voltage is as shown beldwgure 5.47. It is important to note

that in this method, one set of parameters are ogedthe entire SOC range.
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Estimated Vs. Actual (Measured) Voltage - GA Optimi  zation - Schedule 1
A2 oo

1 — Estimated Terminal Voltage
Actual (Measured) Terminal Voltage

Volts [
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Figure 5.47. Estimated vs. actual (measured) volagGA optimization for
driving Schedule Al

Based on the optimized model parameters, the S\&SH&en applied to estimate
the battery SOC. The SVSF parameters are tuned @#noptimization with population
size of 20 and using 10 numbers of iterations.tRerSVSF, four parameters required to
be tuned, namely: the SVSF convergence or ‘memegettoS T , the boundary layer
thickness> <, the initial a-priori estimaté&yywym < %0 % and the damping
elementl . The initial model SOC is set to 80%. The bat®@C vs. Actual SOC is

as shown below in Figure 5.48.
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Estimated SOC Vs. Actual SOC (Arbin Cycler) Using S VSF - Schedule 1
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SOC [%]
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Figure 5.48. Estimated vs. actual SOC — SVSF estiorafor driving Schedule
Al

5.7.4 Experimental Results — Aged Battery State

Similar to the fresh battery state, current prdiiten the same driving cycle — Schedule 1
has been applied to the aged battery at 80% cgp&dk algorithm optimization has been
applied to estimate the battery model parameterthd GA optimization, population size

of 1000 data sets have been used for 5 generatfahges of the optimized parameters for

aged cell at the end-of-life are as follows! S , 7 , ,

Ett

The optimized terminal voltage vs. actual (measuvettage for aged cell is as
shown below in Figure 5.49. Similar to fresh cefily one set of parameters have been
used over the entire range of SOC. The SVSF hasdygadied to estimate the battery

SOC based on the optimized battery model parametéhe aged cell as shown in Figure
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5.50. The initial battery SOC has been initialite®0% and the actual SOC to
approximately 98%. The SVSF provides fast convergezven though the error between
the initial SOC and the actual SOC is quite sigaifit. The largest error is noticed at the
flat SOC-OCV region at approximately 35% to 55%e Hstimated terminal voltage vs.

measured voltage is as shown below in Figure 5.51.

Estimated Vs. Actual Voltage - GA Optimization - Ag  ed - Schedule 1
A2 oo

— Estimated Terminal Voltage
S Actual (Measured) Terminal Voltage |-

Volts

36.537 37.5 38 38.5
R e e e e

L
0 50 100 150 200 250
Time [min]

Figure 5.49. Estimated vs. actual (measured) voliagGA optimization for
driving Schedule A1 — Aged cell at 80% capacity

The SVSF provides a good SOC estimation accurdtyiéstimator parameters
are properly tuned. The initial SOC estimate afféhe estimation accuracy and

convergence. Therefore, keeping track of the SCgemeficial to ensure filter

convergence.
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Estimated Vs. Actual SOC (Arbin Cycler) Using SVSF - Aged - Schedule 1
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Figure 5.50. Estimated vs. measured SOC using S\Y&Fdriving Schedule Al
— Aged cell at 80% capacity

Estimated Vs. Actual Terminal Voltage - SVSF - Aged

— Estimated Terminal Voltage
4.1 | ,,,,,,,,,,,,,,,,,,,,,,,, Actual Terminal Voltage

Volts [V]

0 50 100 150 200 250
Time [min]

Figure 5.51. Estimated vs. actual (measured) voltagsing SVSF for driving
Schedule Al — Aged cell at 80% capacity
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5.8 Conclusion

In this paper, first-order equivalent circuit-baseddel parameters identification and state
of charge estimation has been implemented in bolih@and offline settings. A recursive
least square optimization strategy has been impieede for online parameters
identification and a regressed-voltage based metbgg has been implemented to map
the estimated open circuit voltage to the battéayesof charge. The technique provides
robustness at various battery states of chargestates of life. The technique has been
validated using two driving cycles at low and highrates. The technique accuracy is
compromised at the flat region of the SOC-OCV cuoue still provides an acceptable

estimate.

Regarding offline-based parameters identificatioa, Genetic Algorithm
optimization has been applied to identify batteiydel parameters for both fresh and aged
battery cells. The technique identifies one sgbarimeters that can be utilized over the
entire state of charge range at a specific tempeya@onditions. A relatively new state of
charge estimation strategy known as the SmoothalleriStructure Filter (SVSF) has been
applied to estimate the battery state of chargee fEthnique is robust to modeling
uncertainties and sensor noise provided that feameters are properly tuned. Future
research involves combining both strategies to awprthe state of charge estimation

accuracy and to estimate the battery state oftheaked on identified parameters.
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Abstract

Lithium-lon batteries are increasingly being used are one of the most important
components in hybrid electric vehicles (HEVs), plngHEVs (PHEVs), and battery
electric vehicles (BEVs). Therefore, real-time aamturate monitoring of the State of
Charge (SOC) and terminal voltage is essentiahfmiding any failure or degradation in
performance of the battery overtime due to ovamater discharging. High-fidelity battery
models in conjunction with robust estimation stgade are used to estimate the SOC and
State of Health (SOH). However, as battery agegauneultiple charging and discharging
cycles, model parameters such as internal resest@md capacity will significantly change
and this can lead to inaccurate estimation of S@Gwen numerical instability of
monitoring strategies. This paper presents a SCGina&son strategy known as the
interacting multiple models based on the Smoothatée structure filter (IMM-SVSF).
The proposed methodology can adapt to various agiamglitions and can provide an
accurate approach that can be implemented in ginealon-board Battery Management
System (BMS).
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6.1 Introduction

Recently, Hybrid electric vehicles (HEVs), plugiHEVs (PHEVs) and battery electric

vehicles (BEVs) have received significant attentrohoth industrial and academic settings
due to their sustainability, reliability, high effency, and their potential to ultimately

reduce harmful gas emissions. Lithium-lon-basedebatchemistry provides numerous

advantages compared to other battery chemistredsaaihigh energy density, slow loss of
charge when left unused, and no memory effect, Tlhigrefore, Lithium-lon batteries are

increasingly being considered as the most promisimgygy storage devices for the next
generation HEVs, PHEVs, and BEVs, [1]. In ordeetsure Lithium-lon battery safety, a

real-time tracking of the battery SOC is criticaldnsure that the battery operates within
the tolerable, safe range of operation and to oir@nt over-charge or under-charge

conditions, [2].

This paper presents a relatively new estimatiositesty known as the Interacting
Multiple Models based on the Smooth Variable Strteefilter (IMM-SVSF) as applied to
battery management systems, [3]. This paper presguoof of concept to the applicability
of adaptive techniques in battery SOC and SOH asitom. The IMM-SVSF technique is
applied to extract the State of Charge (SOC) in&drom based on an equivalent circuit-
based battery aging model. The SVSF is a predadmector estimator based on sliding
mode concepts, and can be applied to both linehnanlinear systems, [4]. This technique
is capable of tracking the battery SOC and termuadtage under aging conditions. As
battery ages, parameters such as the internalanesessand capacity change overtime and

thus the battery model has to adapt to these \@rsain order to provide accurate estimates
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associated with various charging/discharging cyaldd the end-of-life (EOL). Computer
simulations show the effectiveness of the proposelahique for its implementation in real-

time BMS applications.

State and parameter estimation techniques sudmeasaiman filter are essential
for information processing in model-based conditimonitoring systems. Estimation
theory comprises real-time information extraction tbacking change in systems and
physical parameters. The Extended Kalman FilterHEiIS one of the most widely used
techniques for state and parameter estimatiorantbe used for battery SOC estimation
and can provide high accuracy in real-time appheces, [5, 6]. In the literature, various
techniques have been implemented for SOC and Stidag®n. Saha et al. [7] proposed
an estimation of battery SOC, SOH, and RUL usingeBan framework, Relevance vector
machines (RVMs), and particle filters. A combinatiof equivalent-circuit based models
and statistical models of state-transitions anch@girocesses have been applied to

experimental batteries, [7].

A dual estimation strategy has been applied fomeding battery model parameters
and SOC using lumped parameters in [8, 9]. Onerfit used to estimate battery model
parameters and the second filter is used for SQth&son. A SOH estimation of the
battery can be conducted in 3 minutes as documentgrD]. In [10], Artificial Neural
Networks have been trained on fuzzified data aedititputs are then defuzzified. One of
the main advantages of neural networks is its tgbib adapt and self-learn through
experience. The more batteries are tested usirgytéthnique, the more accuracy is

achieved later on, [10]. A real-time, impedancedsbhparameter identification method for
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SOC and SOH estimation has been proposed in, TiH.EKF can estimate the battery
model parameters based on the Randles model, Mdrk RC blocks are used to model
the Warburg impedance but this modification hasdedver-parameterization thus causes
EKF divergence problems. The technique has beefieceusing the UDDS Cycle, [11].

A SOH technique based on the Extended Kalman {[E&F) has been presented in [12].
In this research, EKF has been used to estimatdulecapacitance thus provides an
indication of the battery SOH. Experimental resud&monstrate the accuracy of the
proposed techniqgue compared to other techniquessimating the SOC (with 2%

accuracy) and SOH, [12].

Multiple model strategies can provide accuratenesties for both linear and non-
linear systems. Using a finite number of modelsséhtechniques can utilize information

from all models to provide robustness and adaptalbd model uncertainties, [13].

One of the most widely adopted adaptive estimasitategy is known as the
‘multiple model’ (MM), [14]. Numerous forms exishamely: static MM [15], dynamic
MM [13], generalized pseudo-Bayesian (GPB) [16,18/,19], and the interacting multiple
model (IMM) [13, 20, 21].The IMM strategy is generally preferred in challey
estimation problems, therefore, it has been widelplemented in the literature, [3].
Numerous fault detection and isolation problemsehbeen tackled using the IMM in
conjunction with the KF strategy. Most recentlye MM was combined with the SVSF
for fault detection and diagnosis, [3, 22]. In [28]e IMM-SVSF demonstrated improved

estimation accuracy as well as more confident f@edéction results.
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The rest of the paper is organized as follows.i8e&.2 provides a description of
the model implemented in this paper. Section 6a¥iges an overview of the IMM-SVSF
technique. Section 6.4 provides the simulation Itesaf the proposed methodology and

Section 6.5 contains the conclusion.

6.2 Battery Model Selected

The model selected for the IMM-SVSF technique iswn as the simple model and has
been presented by Plett in [8]. Plett has develapedries of nonlinear battery models
based on empirical observations. These modelsaanately track cell voltage variations

at various SOCs even at highly nonlinear regiomrdene cases when the battery is fully
charged or depleted), [24]. The following secti@sctibes the model that is selected to

characterize battery aging. The model is an evaniudif the combined model as follows.

6.2.1 Combined Model
Various battery models have been presented initbeature. A number of simplified
models have been formulated and are adopted iarj@][25]. The following three are

amongst the most popular combined models, [8]:

Shepherd}y ! « R * yR” Xu

Unnewehr universal moddly, ! - R * yR” Xy

Nernst]y ! - R *y.”  de&qy(.” ) d& R X\

In these models}, , is the cell terminal voltage, is the cell internal resistance

(different values may be used for charge/dischatgdifferent SOC levels), 4 is the
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polarization resistance, arfg, are constants chosen to make the model fit thee {&jt A

combined model based on the three aforementionetisics shown below, [8]:

s
wN XWR=

| *, (6.1)

Iv "+R WRR™ My "y dedXy (. 7 zdeE R Xy( (6.2)
\%

6.2.2 Simple Model
As presented in [8], the output equation is dividgd two parts; the first part is a function

of the battery SOC and the second part dependseoinput current.

”

COM " RE=R™ i, ") dexy (. " zde§ R Xy( (6.3)

(€Y .Y (6.4)
As explained in [8], by combining all the model paweters that are functions of the SOC

in one combined term yields:

/S

XN AR Y (6.5)
Iv W & (R * (6.6)
Where»¥F represents the open circuit voltage which is fiamcof the state of
chargeXy. As battery ages, model parameters will signifisachange. In order to simulate
the battery aging phenomenon, the internal resistemincreased and capacity fade occurs
until it reaches end-of-life (80% remaining capgcifThen the IMM-SVSF technique is

used to estimate the SOC and terminal voltage usnigus battery models at different

states of life.
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6.3 SVSF-based Interacting Multiple Models

The Interacting Multiple Models based on the SVBRM-SVSF) is an adaptive strategy
for battery state of charge estimation. Insteacebfing on a single battery model at one
state of life during the entire lifetime of the temy, multiple models can interact
collaboratively to achieve a more accurate andsbboltage prediction and state of charge
estimate. This is beneficial in all electric andohg vehicles to ensure that the battery
operates within the acceptable range of operafibe. proposed model-based estimation
strategy is applicable to all types and sizes eftebchemical battery cells. The proposed
strategy is computationally efficient for simulatjadesign, and real-time management of
battery-powered systems. This technique is abidapt to changes in model parameters
such as internal resistance and capacity fadettxypages. If the same model is used for
all battery states of health, the model will pregigely lose its accuracy in determining
terminal voltages and SOC estimation. Accordingtiaptive techniques such as the IMM

are best-suited for these applications.

In order to compare the effectiveness of the pregadrategy, the technique has
been compared to the standalone filter based orbattery model at one state of life.
Subsection 6.3.1 describes the Smooth Variabletbhel Filter and section 6.3.2 describes

the IMM-SVSF strategy.

6.3.1 Smooth Variable Structure Filter
Similarly to the Kalman filter, the SVSF works inpeedictor-corrector fashion, [4]. The
filter is based on the sliding mode concept anddemsonstrated robustness to modeling

uncertainties and sensor noise, [4, 26]. The S\V@Fbe applied to both linear and non-
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linear systems. It works by using an SVSF gain thates the states to converge to a
neighborhood the actual or true value, [4]. Thendarces the states to switch back and
forth across the state trajectory within a regiefemred to as the existence subspace which
is function of modeling uncertainties. The widthtbé existence spa@&is a function of
the uncertain dynamics associated with the inacgus&the internal model of the filter as
well as the measurement model, and varies with,t[#le The SVSF can be applied to
systems that are differentiable and observabl@T4, The original form of the SVSF as
presented in [4] did not include covariance deroreg. An augmented form of the SVSF
that includes the derivation of an error covariamagrix has been presented in [28]. Here,

the latter is summarized.

-
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Figure 6.1. The SVSF estimation strategy startingm some initial value, the
state estimate is forced by a switching gain tohwita region referred to as the
existence subspace, [4].
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Consider a nonlinear system with a linear outp@gsurement) equation. The filter
runs by generating a prediction of the state esar(wahich represents the solid-electrolyte

interface concentration) as follows, [4]:

Snov oSyl (6.7)
The predicted estimates are then used to generptedicted measuremeniy v as

follows, [4]:

XNV MWig...FrEGECEWN M (6.8)

Where wiq.. rregro IS the measurement matrix, then the measurememtzggynw

can be calculated as follows, [4]:

fawn v XN R XN §6.9

The SVSF has predictor-corrector form. Its gaia fanction of the a-priori and the

a-posteriori measurement errors .. . and7.__. It has a smoothing boundary layer

widths>, a memory or convergence rate as well as the linear measurement
matrix wig...rregro- FOr the derivation of the SVSF gdigyy , refer to [4, 28]. The SVSF

gain is defined as follows, [4]:

-

. Npigny e - P
N Wig...FrEgr¢ 1102 Uil o . @ T "0

(6.10)
7<=éE>= I VRN =
li{fozu7 . U

@xo'j

>

The updated stateédn ,n are calculated as follows, [4]:
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SO O SWonve TN Tgpe (6.11)

The output estimates and the a posteriori measunteeneors are then calculated

respectively as follows, [4]:

XN SWN Mslg... FrEgFCANN SN (6.12)
Tegpmee N R XN W (6.13)

Equations 6.7 to 6.13 are iteratively repeateckfa@ry sample time.

6.3.2 The IMM-SVSF Technique

The interacting multiple model (IMM) strategy redien a finite number of models and
state estimators that run in a parallel fashioh, Each filter provides a state estimate, a
covariance, and a likelihood calculation (whiclaiginction of the measurement error and
innovation covariance). These outputs are utilittedalculate mode probabilities. Mode
probability indicates how close the filter modekogites in comparison to the actual (true)

system model, [3].

The IMM has been shown to work significantly bettean single model methods,
since it is able to make use of more informatidrg][ Therefore, the IMM strategy has
been used for multiple applications in radar amgegtracking, where there more than one
model that describes the target trajectory, [13le TMM-SVSF methodology has been

reported in [3] and is briefly described here fompleteness and readability.

The IMM is implemented as per [13]. The strategyoimes SVSF estimation as

applied on a finite number of models. As an examipigure 6.2 shows two models. The
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IMM-SVSF estimator consists of five main steps: (dalculation of the mixing
probabilities, (2) mixing stage, (3) mode-matchdtering via the SVSF, (4) mode
probability update, and (5) state estimate and rcavee combination.

First, the strategy calculates the mixing prob&bgiVyww (i.€., the probability of
the system currently in modeand switching to modé in the next step). The mixing

probabilities are calculated as follows, [13]:

Vovinsn % Pav Veiv (6.14)
E
‘V A pg/ Vgll\/ (615)

A
Wherepyyis defined as the mode transition probability, &nd design parameter.

Vgkiyalues can range fromto , it denotes the probability of the motiéeing truthful,
and differs from the mixing probabiliti&,wm, [13].

The calculated mixing probabiliti&é,ym, are further used during the mixing stage.
In addition to the mixing probabilities, the prews mode-matched state®yw and
covariance'$ykyy are also used to calculate the mixed initial stated covariances for the
filter matched to4y(which is model j consisting of associatggandd,,matrices). The

mixed initial conditions are calculated as folloWws3):



Ph.D. Thesis McMaster University
Ryan Ahmed Department of Mechanical Engineering

Figure 6.2. IMM-SVSF Strategy (Adapted from [13] dr{3])
E

Sumn A Qv Voumsy (6.16)

A
E

Sumh A Voumsn Bamy - * Livov R S umeve* Sivov R Qv Y (6.17)
A

The SVSF is applied to perform mode-match filtedirygutilizing equations (6.16)
and (6.17). In addition, the SVSF utilizes the nueasientX,y and the system inpeif, to
calculate an updated state estimates (6.23) andrieoe¢e matrix (6.24). The modified
prediction stage (for linear systems) is as folloiMse state estimate®yw (6.16) and
corresponding covarianc® yw (6.17) for each moddl are used to predict the state
estimate Qyvnm (6.18) and calculate the a priori state error deavae matrixSmnm
(6.19), [4].

Aoy v Sy - Oy (6.18)
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"V
5\/||VN >NV 11V5\/)N11V 0 N (619)

From (6.18) and (6.19), the mode-matched innovatiovariancet ygynm (6.20)

and mode-matched a-priori measurement ekkgtunm (6.21) are calculated as follows,

[3]:

LN v VUIMN GV v - WN (6.20)
Tiivn sy AN RO vSinn v (6.21)
The mode-matched SVSF gdiykun is calculated (6.22) and then utilized to update

the state estimat&ygynun (6.23), [3].

"N V{02 Wl hE, - vERiambE ,, G 6.22)
@X0' 3y Tyan v E{*OZ * Fyan n®
Sin oW SN v - T UINN <IN s (6.23)

The state error covariance matbyunun 1S then calculated (6.24) and the a-

posteriori measurement ergxyvnyn  CaN be calculated (6.2%3).

UMN WN *VRTunn veounn Ve VR Ty v - Tuine WN T uinn (6.24)

Miavn N XN ROvSinn s (6.25)

Based on the mode-matched innovation matgnnv (6.20) and the mode-
matched a-priori measurement erigxvnm (6.21), mode-matched likelihood function

Zywwmn based on the SVSF estimation strategy is formdlasefollows, [13]:

Zyw [ X \own vty (6.26)
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Equation (6.26) may be solved as follows, [13, 29]:

Rf7V|<nvN SN NIKIVN >

ZVKMN —_— 7_p

(6.27)

tygmN

By applying the mode-matched likelihood functiaqgy, the mode probability

Wixnvcan be updated by, [13]:

E

Vv ~Zunn A Py Vo (6.28)
A

Where the normalizing constant is defined as, [13]:

E E
A Zyw A py Vay (6.29)
VA 9:

Finally, the overall IMM-SVSF state estimatfgy ,un (6.30) and corresponding

covarianceby .y (6.31) are calculated, [3].

E

S AV Sinn o (6.30)

VA
E

SwnovN A Ve 50N i

WE (6.31)

- *Siwn v R S ovn oo Svn oovn R Swown @Y
The IMM-SVSF strategy can be iteratively repeatad emmay be summarized by

equations (6.14) through (6.31), where there*re K U K anodels, [13].

6.4  Simulation Results

In this paper, three different models with varipasameters have been used for simulation.

The charging, discharging resistances, and thenyatapacity for a fresh battery (Life



Ph.D. Thesis McMaster University
Ryan Ahmed Department of Mechanical Engineering

Fraction (LF) = 0) are as follows:%o R, R, Ef 4] . The battery parameters at its End-
of-life (EOL) (20% capacity fade) (LF = 1), assuigilinear resistance variations are as
follows: R, < R, f%%].

In order to generate the current profile from tleéoeity profile of a driving cycle,
an electric vehicle battery model has been modffieeh an existing hybrid vehicle model,
[30]. The model has been simulated using SimSaapaklab environment. A model of a
mid-size sedan has been used with an approximaiegirange of 200 kilometers per full
charge. The simulation model, as shown in FiguB éonsists of a DC electric motor,
vehicle dynamic model, lithium-lon battery pack, IDC convertor, and vehicle speed

controller.

Figure 6.3. All-Electric Mid-size Sedan Simulatioklodel in SimScape
(Adopted from [30])

A benchmark driving schedule known as the Urban @dyometer Driving
Schedule (UDDS) has been used in the simulatiof]. [Bhe UDDS driving cycle
represents a city driving condition, the UDDS cy@emmonly known as “LA4” or “the
city test” or Federal Test Procedure “FTP-72") veaigiinally used for light duty fossil-

fueled vehicle testing, [31].



Ph.D. Thesis McMaster University
Ryan Ahmed Department of Mechanical Engineering

Velocity Profile for UDDS Driving Cycle
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Figure 6.4. UDDS Velocity Profile

It has been developed to imitate average speetirde, and number of stops that
the average driver performs in real-world condiiofid2]. Even though the driving
behavior of an average driver may likely vary, tbisving cycle has been extensively
utilized to verify and validate algorithms. The UBDcycle is characterized by
approximately 1369 seconds, 7.45 kms, and an ageaged of 19.59 mph. The cell used
in this study has a nominal capacity@&f 4] . The vehicle velocity profile for the UDDS
cycle is shown in Figure 6.4. The correspondindileréor battery current, state of charge,

and terminal voltage are as shown in Figure 6.5.
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Voltage for UDDS Driving Cycle - Fresh Battery (LF= 0)
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Figure 6.5. Battery Voltage (Upper Figure), SOC a@urrent (Bottom Figure)
for one UDDS Cycle

In this paper, negative current values indicatdebpatdischarging and positive
values for charging. The UDDS driving cycle depdetbe battery from 90% SOC to
approximately 85% with regenerative braking. Fazhemodel, the terminal voltage as a
function of time was captured, as well as the sbateharge as shown in Figure 6.6 and

Figure 6.7, respectively.
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Battery Aging Models - Terminal Voltage

Fresh Battery Model - LF=0
Mid-life Battery Model - LF =0.5
Aged battery Model - LF=1
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Figure 6.6. Terminal Voltage for Battery Aging Modkieat 3 Distinct States of
Life; Fresh, Mid-life, and Aged State
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Figure 6.7. Battery State of Charge for Various Agj Battery Models at Three
Distinct States of Life; Fresh, Mid-life, and Age8tate
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Figure 6.7 shows the battery state of charge abwsustates of life starting from a
fresh (healthy) state till the end of life spedaifiat 80% remaining capacity for a UDDS
cycle. In order to demonstrate the effectivenesb®flisclosed strategy to battery state of
charge estimation, the standalone SVSF is compgartée IMM-SVSF. The model initial
state of charge is initialized at 85% while thauatbattery initial state of charge is at 90%.
The SVSF convergence well when the model is aceukdwever, as battery ages, model
parameters such as internal resistance and casagitificantly change, therefore if the
same parameters are used, the estimator will siuffer divergence problems and provide
misleading state of charge estimate. Thereforadaptive method such as the IMM-SVSF
will circumvent this problem by incorporating difést battery models obtained across the
life time of the battery. In order to demonstrdte tbility of the proposed technique to
extract battery cell SOC information, the technitpas been compared to the standalone
SVSF and data for a battery with 0.5 life fract{omd-life) has been used for testing. The

IMM-SVSF considers more battery models to provideae accurate SOC estimate.

The SVSF parameters are tuned using Genetic Algor{{GA) optimization with
population size of 100 and using 10 numbers oditens. For the standalone SVSF, four
parameters required to be tuned, namely: the S\8Fergence or ‘memory’ is set

&E, the boundary layer thickness E%¢ E; the initial a-priori estimat@&yynm

tt, and the damping elemeht %o . Regarding the IMM-SVSF, the 12 optimized
parameters are as follows: the initial noise cararé matrix "€t ~ , the initial
system error covariance matrix for model 1 (fresh) S%. T+ , the initial system error

covariance matrix for model 2 (aged)1tSS f E« , the initial value of the state error



Ph.D. Thesis McMaster University
Ryan Ahmed Department of Mechanical Engineering

covariance matrix is set ® t@ES , the mode transition probabilities Kp ,p ,p
are 0.13, 0.929, 0.898, 0.9767, the SVSF conveggentmemory’ for model 1 is set ®
S, the boundary layer thickness & "t~ , the SVSF convergence or ‘memory’ for

model 2 is sett® %o , and the boundary layer thickness %o t .

As shown in Figure 6.8, voltage data from a bategrynid-life state is used for
testing the standalone SVSF and the IMM-SVSF. MM4SVSF technique provides good
estimation accuracy and stability compared to thedalone SVSF. The SVSF, when used
with the fresh battery or with an aged battery,| wilatter due to model uncertainties.
Conversely, the IMM-SVSF technique adapts to thes@tions as it takes into account
the combined results of all the models across #ttety lifetime thus provides a smoother

and more accurate estimate.
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State of Charge for Standalone SVSF Vs. IMM-SVSF
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Figure 6.8. Battery Estimated State of Charge faa8dalone SVSF Vs. IMM-
SVSF Tested at Mid-life Battery State of Life

6.5 Conclusion

In this paper, a proof of concept to the appliaggbibf adaptive techniques such as
interacting multiple models for the estimation loé tSOC and terminal voltages based on
aged battery models. This is beneficial in BEVs &ifflVs to ensure that the battery
operates within the acceptable range of operaliba.proposed model/estimation strategy
is applicable to other types and sizes of elec&otbal battery cells. The proposed strategy
is computationally effective for simulation, desigmd real-time management of battery-
powered systems. This technique is able to adagitdages in model parameters such as
internal resistance and capacity fade as battegs.a§imulation results show the
effectiveness of the proposed technique. One ofirthieations of the proposed strategy is

the extensive effort required to tune filter paréeng In addition, the initial SOC estimate
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has to be close enough to the actual SOC in codgrdrantee convergence. Future research
will include changing the battery model structusebmttery ages which in turn would

improve accuracy and stability.
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Chapter 7: Summary, Conclusions, and Recommendati@ifor Future
Research

This short chapter provides a summary of the rebeemnducted and illustrated through
the entire thesis. The chapter also includes recemaiations for future research.
7.1 Research Summary
The research presented in this thesis concent@teddvancing the development and
implementation of electrochemical and equivalenttot-based battery models. Most
battery models did not account for aging and degjgrad over the entire vehicle lifetime.
In addition, electrochemical battery model studies mainly based on simulation studies
and therefore the full-set of the reduced-ordectebehemical model parameters have not
been identified using a real-world driving cycleilglcalculating the state of charge.

Hence, Chapter 3 of this thesis introduces a neatreichemical model-based state
of charge parameterization strategy based on thdauof spherical shells (model states)
and on the final value theorem. The final valueotken is applied in order to calculate the
initial values of lithium concentrations at variosisells of the electrode. Then, this value
is used for setting up a constraint for the optanin order to achieve an accurate state of
charge estimation. The state of charge parametierzaodel has been developed to adjust
the spherical volume-based state of charge calonlaThe technique has been used to
estimate the full-set of the reduced-order eletteoncal model parameters for 3.3V,
2.3Ah Lithium Iron Phosphate (LiFePO4) batteriesaious states of life.

In order to fit the electrochemical battery modatgmeters, electric current input

from an Urban Dynamometer Driving Schedule (UDDS&$ Iheen used. Battery models
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have been validated using a variety of aggressivend cycles such as the light duty drive
cycle for high speed and high load (US06) and tgbvmay fuel economy test (HWFET).
In order to generate the current profile from drgycycles, an electric vehicle model (based
on SimScape) has been utilized. The electrochemmodkl with identified parameters fits
voltage experimental data very well with a RMSEpproximately 0.2 mV over a UDDS
cycle. Moreover, spherical average concentratiorbeseffectively used for state of charge
calculation provided that the initial State of dmais provided. The reduced-order model
results in heavy loss of information from the fatder model. However, it still maintains
a strong connection to the internal battery po#&trdand diffusion dynamics which are
beneficial for state of health estimation.

The second major contribution of this thesis isspreéed in Chapter 4. In this
Chapter, development of a battery aging and degoadenodel has been conducted. The
thesis extends on existing electrochemical batteogels to accommodate for aging and
degradation that happens overtime. An aging battergel is developed by changing the
effective electrode volume to model capacity degtiath. A non-invasive genetic
algorithm has been applied to estimate model paemsdor aged batteries. Main
parameters that contribute to battery aging are: @€V-SOC relationship, the solid-

electrolyte interface resistance ), the solid diffusion coefficientk(,), the electrode
effective volume ), and the minimum and maximum stoichiometry val@es, ) and
(U .., ). The battery loss of capacity due to aging iskaited to the increase in the battery

solid electrolyte interface resistance, the de@@asliffusion coefficient, and the decrease

in the battery electrode effective volume, thosangfes reflect the electrode tendency to
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resist further lithium diffusion as battery degradé&xtensive accelerated aging and
reference performance tests have been conducteditronm-iron phosphate cells.
Reference tests have been conducted at two distiaiets of life, namely: 100% and 80%
capacity.

Furthermore, a critical state of charge estimatitategy has been implemented
using the SVSF methodology. The SVSF can be usestitmate the critical surface charge
and the battery overall state of charge at stetdg sonditions.

In Chapter 5, based on equivalent circuit-basetetyatmodels, a technique for
parameters identification in both online and o#lisettings at various battery states of life
has been conducted. In the online technique, asieuleast square method has been
applied to estimate battery model parameters anelstionate the open circuit voltage
(OCV). Based on the estimated battery OCV, a regksoltage method has been applied
to map the OCV to the battery state of charge pmagides an estimate of the battery state
of charge at various states of life.

In the offline technique, a Genetic Algorithm (Géptimization strategy has been
applied to estimate the battery model parametersam@us states of life. Based on the
optimized model parameters, a battery state ofgehestimation strategy has been designed
to estimate the state of charge based on the fdehiattery model parameters. A strategy
based on the SVSF has been presented for batteyodtcharge estimation. The proposed
strategy has been selected since it demonstrabetreess to modeling uncertainties and

sensor noise in previous publications. The styalteg been applied to estimate the battery
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state of charge at various states of life fromHrstate (100% capacity) to 80% retained

capacity.

An adaptive state of charge estimation strategydha accommodate for battery
aging has been presented in Chapter 6. The chamsents a relatively new estimation
strategy known as the Interacting Multiple Modedsd&d on the Smooth Variable Structure
filter (IMM-SVSF) as applied to battery managemsystems. A proof of concept to the
applicability of adaptive techniques in batterytstaf charge estimation is presented. The
IMM-SVSF technique is applied to extract state bfamge information based on an
equivalent circuit-based battery aging model.

Therefore, instead of relying on one battery madelingle state of life, the IMM-
SVSF strategy can incorporate different battery edbtained across the life time of the
battery. In order to demonstrate the ability of pneposed technique to extract battery cell
state of charge information, the technique has loeerpared to the standalone SVSF and
data for a battery with 0.5 life fraction (mid-ljfeas been used for testing. The IMM-SVSF
technique provides good estimation accuracy ankilisgacompared to the standalone
SVSF. The SVSF, when used with the fresh battenyithr an aged battery, will exhibit
chattering in the state of charge estimate duedeaiuncertainties. Conversely, the IMM-
SVSF technigue adapts to these variations asestaiko account the combined results of
all the models across the battery lifetime thusviges a smoother and more accurate

estimate.
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7.2  Recommendation for future work

This thesis includes a number of improvements ttebaelectrochemical and equivalent
circuit-based models and state of charge estimati@tegies. Since vehicle electrification
is a relatively new research area, a significard@am of research areas are still unexplored.
The first recommendation for the work presentethis thesis is to expand the developed
models and strategies from the cell-level to thelat® and pack-level. This will introduce
a new challenge for the strategies since they mebunt for cell-to-cell balancing and
thermal effects. Future studies should involve Inglat this extension.

Regarding the accelerated-life aging test, instéadlying on battery data from an
accelerated-life aging test using cyclers in cdl@doenvironment (i.e.: thermal chambers),
data logged from on road electric vehicles in mgatld operation (acquisition of load
cycles using data logger with GPS capability coteakto the CAN bus of the vehicle) can
be used to assess the degradation models andfsth#rge estimation strategies especially
at the end-of-life state. However, this test waltjuire a very long period of time until the
odometer of on road electric vehicles reaches D8O0files. In addition, besides the
driving cycles, considering loading cycles suchiasonditioning and heating loads would
enhance the accuracy and prediction of aging models

Another substantial recommendation for future wankolves coupling the
reduced-order electrochemical model with a batileeymal model. This will enhance the
battery model accuracy and in turn will improve tktate of charge estimation
trustworthiness at various operating temperatunelitions. This is beneficial since electric

vehicle driving range reduces significantly at loweamperatures conditions.
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Battery electrochemical models accuracy can befgigntly enhanced by allowing
models to account for recovery and rate-capacfgces. Therefore, a hybrid model can be
developed by combining electrochemical battery nsdeith battery hydrodynamic
models. Future research can look into the developwighe combined model and into the
application of the state of charge estimation sgigs based on the developed hybrid
model. Finally, a sensitivity analysis on reducedeo electrochemical model parameters
should also be conducted.

Although the field of vehicles electrification amnd particular; battery modeling,
and state of charge estimation is a relatively rfesid, the developed strategies
demonstrated a number of improvements comparedxistirey methodologies. The
contributions of this thesis should provide a sfystarting point for future improvements

to battery modeling, State of charge, and Statesafth estimation.
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APPENDIX: Electric Vehicle Model

This section summarizes the electric vehicle sulgtoused to generate the current profile
from the velocity profile.

A. Vehicle speed Controller

A Proportional Integral (PI) controller is usedj@nerate the accelerator command. This is
conducted by comparing the vehicle actual speeld thé reference (desired) speed which
varies based on the driving cycle selected. Thekbbutput is fed to the motor controller

(next block)

B. Motor Controller

The accelerator commanded output is linearly cdaedeto motor speed command which

is sent to the motor controller block as showrhim figure below:
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The motor controller block contains a Pl controlteat controls the motor speed by
comparing the reference (desired) speed to thalctotor speed (after a low pass filter).
The motor RPM Control signal is sent to enablederdemand block which in turn is sent

to the electric motor driver.



