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Abstract

As a solution @ combat climate changand environmental pollutionglectrachemical
energysystemsuchasProton Exchangélembrand~uel Cell(PEMFC)and Lithiumlon Battey
(LIB) are being developedas thereplacementfor fossil fuelpowered combustion engines
especially forground transportationand aviation applications These &ctrochemicalenergy
systemsmust be able tooperate independentland in conjunction with each other by
complementing theiadvantages antimitations, such asefficiency, rangethermal behavior
aging andoperatingenvironmentThis interoperabilityrequires accurataealttime computational
modelsto control, diagnosendadaptaccording tdield requirementsA typical electrochemical
energy systemmodel needs to incorporate effects related@actant concentrationsystem
overpotentialsthermalynamics,porous medianechanics membranalynamics gas diffusion,
electrodedegradation electrolyte statusion transport and chemical kinetics across various
operating conditionsall of which result in complex interactions affecting the accuracyl
reliability of thesystem

Today, both PEMFC and LIB use complex computational phymsed fluid dynamics
models in the product development phase, which requires enormous computational power and long
lead times for iterative prototype improvements. On the other, latidPEMFC and IB rely on
simple lookup tablesand semiempirical equationsas plant modelghat require intensive
calibration activityto determine the modef controland diagnosi$or automotiveapplications
However,considering thgresertday automotive propulsiosystemswhich operate in widely
varied applicationsand geographic locationand haveshortproduct development cydethese
approacheare not able to comprehend the complexitiésdering the ability of thesgystems to
operate at their full potentiaindleading tocatastrophic failurege.g., Thermal runaway) Data
based modeig technique areone of thepotentialsolutions which isquite in contrast witlother
empirical or physicsbased models where the entire inputput relations of thenodel are
established primarily based on the dd&databased modelase aspects ostatistics probability,
and network architectureavoiding the complexities of physitmsed modeland intensive
calibration, providing better accuracy in most casgsimarily where the complex mechanisms
canodot be mapeatibclgaatning equatiogand fast, efficient computation with much

less computational resource requirement



This thesis focuses on data acquisition (identifying and collecting the relevant data) and
databasedmodel development by incorporatingachinelearning algorithmsand regressorgo
predict the systels performancethermal behavior, agingand faults in reattime (onboard
diagnostics Datafor these models acquiredthroughtwo approacheghe firstapproachoeing
experimenation by utilizing the facilities of Fuel Cell and Green Energy Lafuch as the
Automated Battery Test Station (ABY),S520 fuel cell automated testtation andby partrering
with the relevant industryin the second approagcldatais generatedy simulation of physics
based model@CFD, Semiempirical,equivalent circuimodelg that are experimentally validated
in the literature and developed within the research groupd\tterloo.Development of aata
based modeahcludes the identification of feature vectors (inputs), préidic attributes (outputs),
state estimate@nternal parameters), ndimearity of the systemsorrelation factors of various
system entitiesand application ofmachinelearningtechniques such dsedforward artificial
neural network, support vector machine classifi regressor,along with their respetive
adaptations and calibration prooesshe primary objectives of this studgre todevelop data
based model$or three main pplication areas(i) Predicion of PEMFCperformancejnternal
states of the membrane, cell voltadpggradation, and system outpytg Prediction ofLIB heat
release rateluring dischargeand thermal dynamicef an open systerduring an exotherio
reaction (iii) Prediction offuel cell battery hybrid electric vehidesystem dynamics artdermal

behavior

During this study, various datzased models were developed to tackle the problems
encountered in fuel cebattery hybrid systems, such as predicting the fuel cell performance, fuel
cell voltage degradation, PEMFC membrane dynamics, lithambattery tlermal dynamics,
thermal behavior during exothermic reactions and dynamics otéliebattery hybrid system.
The results presented in this study proved the-bladas e d model 6 s applicabi
modeling, reatime system monitoring, controls, arlagnosticsof electrochemical energy
systems both at the component level and system level. Additionally, the results implicate that the
databased model caserve as a complement arltbenative to the traditional computational fluid
dynamics models as well as complex physiased and empirical modetig predict thermal

gradientsand system internal states during multifaceted reactions
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Chapter 1 Introduction

1.1Background

Climate changeéue togreenhouse gas emisssaa regardeds the most immediate threat
to theplanet affecting every single entity and habitat in someaoother mannegnd one of the
significant sources of greenhouse gasssiuars is the transpdrsector utomotive, locomotive,
shipping and aicraft industrie$ [1], [2]. Especially the automotiveehicles (passenger and
commercial vehicles)which are essentially the workhorseof the global economycurrently
consune vast quantities offossil fuelsand emit largeamountsof carbon nitrogen oxideand
particlematter thereby not only impactinglimate change bulso deteriorating the air quality
major cities[2]. The world has realized thepact of industriabndvehicularemission activity
during theCOVID-19 pandemi¢cwheremost countriehave pledged in some manner to reduce
the total carbon emissions amemmitted toan early phaseout of fossil fublased energy
propulsion technologyhat has beeran inalienable part of thenoderndevelopedecononies for

overhundred yearby moving towards renewable and hydrodgesed economid8], [4].

Many developing and developecbunties worldwide are proposing energy policies
focusingon developing,adopting and commercializinglectrochemical energy systerasch as
batteriesand fuel cells as thecenterpiecan their transition to gen energy[3], [5], [6]. Both
batteries and fuel cellsre slated togradually replace most fossil fubbsed combustion
technologieslue to theihigher effciency and almost nonesénttailpipeemissionin the transport
sector especially in passenger and commercial road transport vehi€lgs [8]. These
electrochemical devices achieve tafficiency by electrohemical oxidation of reactasinstead
of typical combustionleading to lower losseduring the conversion of chemical energdfythe
reactant has no hydrocarbon compouttis resultant emissions dree ofcarbonandpartiaulate
matter[9]. Considering the uncertainty in oil pricasd stricter emissions regulations, the high
energy and power density of batteries and fuel cells make them ideal for electrified vebkigles,
promising alternative and are in full-scale commercialization [10]. However, these
electrochemical energy systehmsve their fair share aomplexchallengesvhen compred to a

internal combustion enginesuch as efficiency, range of operation, durability, and chemical,



thermal,and physical degradatiaffecting their longterm performanceespeciallyconsidering
the moderrnvehiclés operationalenvironment10], [11]. These challengesanbe overcomey
understandingmonitoring, operating and controllingdifferent internal statesand theoutput
attributesof theseelectrochemical energy systemsa defined operationatone Pairing various
electrochemicaknergy deviceso meet the functional requirementan only be possible by
developing a accuratemodelof theseelectrochemical energy systetmst can predictlynamic
behaviorand estimat¢he stateof internal parameters whe measuremely a sensois neither
feasible nor economicl?2], [13].

A fuel cellis an electrochemical energy conversion device thatctly converts the
chemical energy of reactants (fselnd oxidants) into electrical energy through electrochemical
oxidation and reduction reactiarid4]. Fuel cell is an open system where reactantsst be
constantlyfed into thesystem fromthe externalenvironment (pressurized tanks and ambient
surroundings)to produce electrical energy continuousihe reactants for fuel cellsypically
hydrogen(fuel) and oxygen(oxidant) are fed into two electrodes, the anode and the cathode
respectively separated by an electrolyjted]. Fuel cells can bbroadlycategorized based on the
fuel type electrolyte andoperatingemperaturehowever this thesisfocuses oiow-temperature
hydrogenProton exchang®lembrane-uelcells (PEMFC). PEMFCconsistsof a solidpolymer
membranehattranspors protons from anode to cathodaring electrochemical reactioasd is
one of the most widely used automotive and portable power generation applicatiluesto its

efficiencyandrange of operating temperatues well as technical maturit0].

A battery is an electrochemical energy stordgeice that stores electrical eneigythe
form of chemicalenergyduring chargingand convertst back to electricatiuring thedischarge
procesg15], [16]. A typical batterypack comprisesnultiple cells and each cell consists of 2
electrodes (anode, cathode), an electrolyte, and a separadtieieB areregarded as a closed
systemwhere reactants are stored internaiydtheions resuling from electrochemicakeactions
travel between thelectrodes through the electrolytieiring charge and discharge reactions.
Batteries are typically classified based on their chemistnd this proposal focuses on the
Lithium-lon Battery (LIB) system, which is the most widely adopted in electric vehaids

portable electronicdue to its superior power densignergy densityand stability{7], [8], [10].



During the charging and discharging process of -#ohibattery, lithium ions are inserted or

extracted from the interstitial space between the atomic lay¢ne electrodefl5], [16].

In most practical applicationa PEM-C is designed as an energy conversion unit and is
operated in conjunction with a battery modatea hybrid systeto meet the energy demand and
efficiency requirements. d effectively managesuch a fuel cell hybrid system, especially in a
vehicle environmenta robust fuel celand batterymodel (plant modeljs necessaryo evaluate
and @libratethe hybrid systembehavia, performance, and efficiency over various operating
conditions ando developfault diagnosticsAccurate characterization and modeling of PEMFC
and LIB systera are essentiah desigring the corresponding stack size, balance of plantd
control strategy to improve durabiligndinteroperability[12], [17], [18], [19]

1.2 Principle of Proton ExchangeMembrane Fuel Cell (PEMFC)

The fuel cell principle was discovered in 1839 by William R. Grove, a British physicist
[20]. PEMFC working on hydrogen is similar to other fuel gefjeneratingelectricity (DC)
through electrochemical oxidation of hydrogen and reduction of oxygen. PEMFC also incorporates
the use of platinum as a catalyst (catalysis) to enhance the rate of rgad{ioA polymer
electrolyte membrane sandwiched betweesnode and cathode, which only allows protons to
pass through jtand electrons are then forced to travel through the external cipooniging
electric power to the loadHydrogen (H) is introduced at the anods&hich is a porous electrode
consisting of a catalyst layer where hydrogen is oxidized to form protons (H+) and elecfxons (e
this reaction is referred to asydrogen oxidation reaction (HOR)Similarly, Oxygen (Q) is
introduced at the cathode, another porous electrode also consisting of a catalyst layer thicker than
the anode catalyst layer where pretons electronsand oxygen combine to forwater ancheat
this reaction isreferred to a®xygen reduction reaction (ORRJhe electrochemical reactis
involved are listed as followsind a schematic of PEMFC working is showrFigure 1.1 [14],
[21], [22].

At the anode: Q@+ 2H + 20 (1.1
At the cathode: YoU,+2H"+ 2Q+ Q0 (1.2)
Overall: @+ %0, Q0 +'0QBGDA QDO T QURO
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Figure 1.1 Working ofproton exchangenembrane fuel cell23]

Typically, reactants are fed through the bipolar plate for uniform distributi@porous
gas diffusion layergomprise carbon fibers that facilitate reactarasd product transport. The
catalyst layers are made from platinum carbon particles (PTC), pore space, and ionomer material
that help with the transport of ions, electrons, reactants, and products resulting from the catalysis
[11], [14], [23] The membrane in a PEMFC is one of the most critical components made from
perfluoro sulfonic acid (PFSAYhich has a similar PTFlke polymer backbone and a sulphonic
acid group. From an operational point, the PFSA membrane needs to H0&C78nd optimally
hydrated for the PEMFC to work efficientl®4], [25]. Themembranegesistance increases as the
membrane water content decreasesulting in lower efficiencyExcess hydration will result in
the flooding of fuel cellsleading to a catastrophic failure due to the collapse of reactant and
product transport. Thaydration of the membrane is typically controlled by adjusting the humidity
and temperature of reactant gas flowing in along with the overall fuel cell tempgg&ur®ue
to the electrochemical oxidation, the product wadormed at the boundary of the catalyst layer
and membraneavhere the reactant gas interacts with the catalyst and electrolyte. The water formed
should be removed efficiently agater accumulationlecreases the number of sites for the gas
exchange and chemical react[@#], [26]. In short, the reactant flow rate, operational temperature,
and gas composition (reactant + water vapfigct the reactant partial pressure and humidity at
the catalyst sitewhich needs to be controllgatecisely The reversiblecell voltage O of a
PEMFC operating on hydrogen and oxygethatstandard pressure and temperatufeadin and
25¢ @s around 1.3V, derived fromthe Gibbs free energghange(aq), the maximum available



energy forexternal work{14]. TheNernst equatiomcorporatingt h e ¢ h agwitheespech e
to the reactant pressure and temperatuepresents the reversible cell volta@e under any
operating condition, and shown below

yc T®no o —ii—2% (14)
whereni s t he number of moles of electrons transf
O is the opertircuit voltage atthe standard pressur@nd temperatureR is the universal gas
constan{8.314 JK* mol?), "Vis theabsolute temperatusndd "Oh0 G h0 'O are the partial
pressures of theydrogen, oxygen, and watepor, respectivel\j27]. PEMFC voltage and current
outputsunder operatiowary depending on the reactant concentration, membrane hydratidn
operating temperaturés the operating temperatuieincreasedthe caalytic activity increases
resulting in lower activation overpotentidiowever the degradation rate and ohmic resistance

can sometimes be impactedsulting in performance issue?EMFC outputcharacteristis are
representedsa polarization curveas shown irFigurel.2.
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Figure 1.2 Polarization curve of fuel cella) Polarization regiors (b) Deviation from reversible cell voltagid4], [26]
The polarization curvelotsfuel cell output voltage versus fuel cell current density. The
difference between reversible voltage (maximum theoretical) and actual voltage is referred to as

overpotentialThis overpotential can be classified into three categagebsted



a) Activation Overpotentidl is causedy the resistance of electrochemical reactions (break and
form bonds)which is highly influenced by the cathode reaction conditions and dominant in the

region of low current densities

b) Ohmic Overpotential It is caused by the resistance of materials to the flow of electrons and
protons. Membrane resistance to the proton conduction is the most dominant factor and it increases
with the current density and is highly influenced by therapng temperature, the thickness of the

membrane, and membrane water content

c) Concentration OverpotentalThis is due to the loss of reactant concentration at the catalyst
site. At high current densities, the reactant consumption rate is higher than the replenishment rate,
leading to an exponential decay of voltage duehte starvation of reactants. This is the

predominant loss at high current densities (closer to the limiting current density).
The final fuel cell voltage and overpotential can be mathematically represented as shown below
b © VAaoUi er U&7 1 A (1.9)

whereb s the final fuel cell output voltag€® s thereversiblefuel cellvoltage 0 h0  h

0 refer to the fuel cell activation overpotential, ohmic overpotential, and concentration
overpotential, respectivelyn practice, the final voltage output of a single PEMFC depends on the
operating condition and is between 0 and fypically, during a regular operatioit,is around

0.7V. Like other electrochemical energy devices, multiple cells are stacked to generate the required
voltage, which is calledtack voltage. Unlike other electrochemical energy systems such as
batteries, there is no conceptoharge or dischargand itproduces powerf there is an adequate
supply of reactants. The electrochemical reactions occur at thephate boundary where (1)
gases interact with the active catalyst (pore space}hé&presence of a pathway to conduct
electrons away from the catalyst site (Pt/C phase)th@availability of an ionic conductor to

move the protons into the membrane (ionomer ptadé)[23].

To summari ze, a PEMFC6s output voltage is
as fuel cell temperature, reactants supply pressures, the status of membrane hydration (lambda),
current density, the composition of the anode, cathode (catalyst, igrmonespace), evacuation
of water, flow distribution in bipolar plates. Further, the durability of the fuel cell is determined

by individual components such as bipolar plates, gas diffusion layers, catalyst layers, and
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membrane healtkall of which are impacted by operating conditions; therefore, an accurate model
is necessary not only to monitor, control and operate efficiently but also to estimate ttermong

performance, the total useful life of a fuel cell and diagnostics ofstwmted system.

1.3 Principle of Lithium -lon Battery (LIB)

The kattery is the most prevalent electrochemical energy storage dé&ateonverts
chemical energy to electrical energy and vice versa dutistharge and chargf5], [16].
Lithium-ion-basedthemistresarethemost @mmercializedatterytechnologesin theautomotve
and portable electronics industpyimarily due totheir higher power densityenergy density,
stability, and minimal memory effe{28]. The charge and discharge process ofLiti@um-lon
Battery(LIB) involvesthe insertior(lithiation) and extractiorfdelithiation)of lithium ionswithin
the electrodesindergoing electrochemical oxidation and reductildrtypical LIB corsists of
multiple cells and each cells made up of two electrodes (anode, cathaaleglectrolyte, and a
separatof29]. An anode is regarded as the negative electrode dthiagjschargeof the battery
where it generates the electrqftisat pass through the external cirfwahd lithium ions fass
through the electrolyte)t is oxidizedduring the electrochemical reaction, whereas the cathode is
regarded as the positivelectiode during dischargehat acceptshe electrons fronthe external
circuit and lithiumion from the electrolytecompleting the circuit and is reduced during the
electrochemical reactioifhe electolyte facilitates théon conduction medium whileaintaining
a low readivity with other componentand highthermal stability. ie separatas a micropoous
layer thatelectricallyisolates the electrodehiring operationand these pores the separator
collapse at high temperaturesasing the movement of lithiuion across el@rodesandreducing
the probability of thermal runawd@9]. This thesis researchonsiders the use of @ismatic
LiFePQ: 20Ah battery from A123Bystems foexperimentatioyand the electrochemical reactions

involved during the charge and discharge proeesas follows [15]

At thearode: LixCet Ce+ XLi™ + xe (1.6)
At the catlode: LiixFePQ+ xLi* + xe+ LiFePQy a.7)
Overall: LiixFePQ+ LixCst LiFePOi+ Cs (1.8)



Under exémal load during the dischargie reaction proceeds from left to rightian the reverse
direction during theharging proces#n illustration of the reactionmechanisnduring charging

anddischarging ishown inFigure1.3.
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Figure 1.3 lllustration of reaction mechanism inside of a LiFePO4 [20]

Similar to otherelectrochemical energy systen@&bbs free energieay) expresses thmaximum
available electric energgnd can be coupled with tiNernst equatioms followsto estimate the

final voltage output of thbattery[31].

yC 1 ®&N0 o —I 71— (19)
wheren i s the number of moles of electrons trans:t
E%is the standard potential 'Yis the universal gasonstant”Yis absolute temperaturey® and
cx®are the chemical activities of the reactants at the anode and cathode, respectivaiyaagid
cxRare the chemical activities of the products of oxidation and reduction at the anode and cathode,
respectively where ©iemial activities of thespecies depend on tihattery chemistrny@dis a

logarithmic function

Similar to fuel cell workingapolarization curvés used to depict the losses associated with battery
voltage during operatigrsuch as activatiopolarization,concentratiorpolarization, and ohmic
polarization all of which increase with the current flow deviating fréimoretical cell voltagas
shown inFigure1.4 [29]. Here activation polarization is caused by the electrochemical reaction
of the reactants at the anode and cathode. In contrast, concengaddioration occurs due to the

mass transport resistance formingradient at thelectrolyte and electrode interfadéde ohmic



polarizationis due to thebattery'sinternal resistanceéo the current flow and all of these
polarizationscauseelectrical energy to be converted to heantribuing to the reduction in final

cell voltage It can be expressed as follows:
VAAGOA B UAZOUAT 148 | AAVAAOUAT 148 01 #A2 (1.10)

whereUa 4 6 ¢ [8dhe final output voltage)  is the opencircuit voltage | is the current ofthe

cell, andRis the internal resistance of the ¢alk /@ i 1 referto the activation overpotentiahd
concentration overpotential, respectivéybattery polarization curve depends on the battery type,
chemistry,and operating conditionslt can be obtained by measuring tteadystate voltage
response of the batteby systematicallyarying the current densitgtabilization time after each

step change in current is essential for the system to reach a steady state with respect to voltage
during data acquisitiofor an accurate polarization curve
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Polarization, 7).

Increasing Cell Voltage [V]

Increasing Current Flow [A]

Figure 1.4 Polarization curve of the battg{29]

Battery performanceand thermalbehavior (heat generation profilejlependon the
characteristics of the polarization curve To under st and aothbrattribuees y 6 s p
such as capacitgurrentchargeor dischargeate and Statef Charge (SOC)15] shouldalsobe
consideredCapacity is a measure tife totalchargeor electrical energthat can bestored inthe
battery often expressed asnperehours (Ah) oin wattshours(Wh). Currentcharge or discharge
rateis theinput or outputcurrent of the battery during operation, measured as antpenever,

it can also be expressed asafe(h?) (dividing the specified current by the battery capac8)C



is defined as theurrentcapacity of a battery divided by thetal battery capacityf{maximum)
measured as a percentageexpressed betweeero Q) andone (), zerobeing fully discharge
andonebeing fully chargedDepthOf DischarggDOD) is the opposite viewpoint of the SOC and
can be expressed as follaws

Y6 6000 pNt OO ® @R YO & agp (1.11)

LIB voltage outputheat output isimilar tofuel cells and other electrochemical devices,
which are governed by operating conditions such as temperature, reactant, and product
concentrations (SOC/DOD, Capacity), operating curi@md, associatedell polarization factors
(overpotentials Therefore,an accuratdattery model is necessap monitor these operating
conditions and estimate the internal statesftectively predict the battery performance and heat
generation outpufhis will aid in the effective control and operation of efficient hybrid systems,

the prediction of aging, and tldeagnosics ofthe batteryand associateslystems

1.4 Modeling of Electrochemical Energy Systems

A model refers to a virtual entity representing the actual system and emulating its hehavior
which isalsocalleda plant model. A welbuilt model will reflect all thesystem's characteristics
in terms of output relationsnd sensitivities, depending tre requirements. In general, physical
systemsmodelingcan be broadly categorized into empirical mode@msistingof equivalent
circuit modelsand mathematical modelshich can furtheibe divided into physiebased models
and datebased model32], [33]. Empirical modelsestablish the relationship between the inputs
and outputs of the plant through various coefficients based on experimental data and curve fitting.
Theseempiricalmodels neither represent nor consider the physical laws and operating principles
involved [34], [35], [36] Mathematical models are predominantly based on the governing
principles of the system rather than curve fittimdpere the physical laws or data relations are
represented in their mathematical form to establish a relation between the inputs and outputs of
the systen37], [38], [39] Unlike empirical models, these physicased and dataased models
use sound architecture and fundamental theories to reflect the system's behavior and

characteristics
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A typicalelectrochemical device plamtodel needs to incorporate effects relatedhiious
temperatires, reactantconcentrdions, operating current, environmental factosgerpotentials,
mechanicof porous media, polymenembrangfuel cell), microscopic gas diffusion channels,
reactant/productflooding, ion transportation & chemical kinetics across various operating

conditions resulting in complex interactions affecting the accuracy @ianémodel[11], [40].

1.4.1Empirical Models

Empirical models/equivalent models dot accommodate actual system components and
require intensive calibratiorand are not suitable for performance predictiespecially when
incorporating fluid, thermal management, gas dynamics, and material degradation agjpects of
electrochemical systentquivalent models are a perfect example of the empirical nmagel
techhique of various equivalent fuel celand batterymodelsin use where theyrepresent the
behaviorof the plant through a series of resistors, inductors, capacitors, and voltage,sasirces
shown inFigure1.5[19], [35].

Figure 1.5 Equivalent Fuel Cell Model: Dickd.arminie modg[19]

A change in currentmmediately changeshe voltage drop across this resistor. The
capacitor, Cacts aghe charge double layer, which delays the dissipation of electronic charges
nearthe electrolyte/electrode interface. A voltage source models thaesNeoltage. UC is the
capacitor voltage [V], E and T are the Nernst instantaneous voltage [V], and absolute temperature
[K]. In other words, the overpotentials are represented by various resistors, the voltage source
represents the reversibleoltage, and the capacitor simulates theharge storage (the
electochenical double layeeffectattheinterface between electrode amémbraneslectrolytg.

Solving this circuit with appropriate values will calibrate the system to mimic tHe V
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characteristics of the fuel cell system using the following equafi®)sThese models ataghly
advantageour analyzing the electrical aspect of the fuel cell and, therefore, are extremely useful
for supervisory control purposes where the system's energy storage and distributiba are
objective. These simple equivalent models easily be integrated into an existing conventional

or hybrid systento analyze the system energy balance and efficiency improvement agpects.
major disadvantage of such a model is thhis no physical interpretation, cehbe scaled, and

requires intensive calibration effort for field application or minor modificalg®, [35], [36].

1.4.2Physicsbased Models

Physicsbased models require a thorough understanding of the working mechanisms and
component interactions considering time and spatial elemEmse physicbasedmodels can
further be categorized based on dimensionality (1DQ,a2d 3D, lumped distributed,andtime-
domain (continuous discrete). However, modeling the physics behind complicated system
interactions such as electrochemical reactions and eleattedieolytemembrane mechanics is
extremely complex, experimentally tedious, requires a lot of sensors to validate, and is
computationally intensive. However, this modeks not require huge sets of data to build the
model but requires a detailed understandingtioé physics involved, fundamentaiformation
regarding material characteristics reactant interaction mechanisms, representative math, and
computationally intensive fluid dynamics calculatipal of whicharelimitations when it comes
to reattime application$37], [38], [39]

Zero-dimensional (€D) models are a perfect example of phydiased models where the
system is represented through a series of ordinary differential equations to establish the rate of
change of parameters with tindisregarding the spatial distribution [1]. If the spatial aspects are
consideredsuch as length, area, and volume, in addition to time, then such a system is represented
with the partial differential equations resulting #D1 2-D, and 3D modelsrespectively. These
physicsbased mode)svhen applied to mechatronic systempsovide us with a thorough analysis
of systems performance and influencing mechanisheseby further improvements and control
mechanisra can be proposefil8], [26]. However, modeling the physics behind complicated

system interactions such as electrochemical reactions and combustions is extremely complex,
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experimentally tedious, and computationally intensive, presenting a bottleneck in terms of its

usage for irvehicle applications

1.4.3Data-based Models

Databased models are quite in contrast with the physas®d mode)swvhere the entire

input-output relations of the plant model are established primarily based on the experimental data
using statistics, probabilitgnd network architecture. Herast amounts of experimental data are
required to train the mathematical algorithms to identify and validate the system dynamics. This
modelingis already used in various industries for control and diagnosis purdatshase
modelingcan be at the component or sysienel based on the data availability and the capability

to measure certain states. Neural networks and fiozgy architecturevereperfect examplkeof

such dateébased modelsThe number of neural layers and variables dependsrget accracy,
computational power, and application. This kindrafdelingis alsocalleda black box model due

to the lack of understandingf governing principles and interaction mecharsdoehind the

physical system.

These models help ysedict the outcomes of complicated system interactions, which can
be useful for control and diagnosis but may not be that helpful in validating, improving, and
simulating new mechanisms virtuallyDatabased models help wsvoid the complexities of
physicsbased modelsand intensive calibration and prowdbetter accuracy in most cases
especially where the complex mechanismsncabe modeledusing governing equatiorjg1],

[42], [43], [44] These models help us to have a quicker turnaround in the developmenigpitase
multiple iterations are feasible relatively without adding to the developmenatichby avoiding

complex physics, which can help in ré@mhe system identification, controls, and diagnostics.
Considering theelectrochemical systeroommercializationtimeline, it is essential to develop
DataBased Models to reap the Artfigidal Newnal Nétveorke f | t s
(ANN) and Support Vector Machin&YM) basedtlassifersand regressors are a few datsed
modelingtechniquegrominent in energy systems and ri@ale automotive applicatien
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1.5 Objectivesand Scope

Researchers across the globe ame the questto develop and commerciadiz
electrochemical energy systems (PEMFC, LfB) automotive applications and green energy
transition However the complex nature of these systemspecially the electrolyte membrane
mechanic®f PEMFC, thermabehaviorof LIB, fault detectionrmechanismsandelectrochemical
systemaging still needs to befully understoodThere is gressingheed for accurate modeling of
electrochemical energy systents unlock their fll potentid and improve theirreliability and
safety The scope of this thesis covers the development oflde@ modebk using virtual,
experimental, and realorld datato predict electrochemical and thermal attributes of energy
systemswhich hare the potential to monitor, contrahnd diagnossystemsThis studydirectly
addresses this need by focusing on developing accuratébakdd models andorrelations
betweeroperational attributed’he modelslevelogdhave the potential tbe appliedn reattime
to hybrid fuel cell systems.e., both PEMFC and LIB systemsaking our research immediately
relevant to tk field The objectives of this thesis study are as follows:

1. Develop machine learning models (digital twins) to predict system performance, voltage

degradation, system outputs, and internal states (complavett

i. Develop plant models based on the data derived from computationally intensive

high-fidelity physicsbased (CFD) or empirical models.

ii.  Formulate the voltage degradation behavior as a regression problem, a proposed
alternative to time series models, by introducing the accelerated stress test (AST)

cycles/electrode catalyst surface area (ECSA).

2. Develop datébased models that accurately predict thermal behavior and spatial
temperature gradients that can be used forthe@& monitoring, controls, and diagnostics

based on experimental data.

i.  Develop hybrid datdbased models that accurately predict ittetantaneous heat

release rate, total heat outpamd detect sensor faults.

i. Develop a comprehensiveatabased modelto predict spatial temperature

distributionand temperature dynamidsring exothermic reactions.
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3. Develop an accurate and computationdlgt databasedmodel for fuel ceHbattery
powertrainsystens to monitor andpredicthybrid systendynamicsin reattime based on

vehicledata.
The chapters of this thesis are organized as follows

Chapter 2 discusses the background and numerical representatatabased modeling
techniqueslt provides a detailesvorking description of the neural network and support vector
regressor algorithm, along with the associated terminology and hyperparameter calibration
process. Data nonlinearity, various activation functions, andntplementation of dropout
techniques are alstiscussed in detail. Chapter 3 briefly discusstswaof the latest dathased
models published in the literatytbeir assoiated applications for PEMFand LIB systemsand

their limitations.

Chapter 4meticulously evaluatethe viability of the datdbased modelby using thedata
gatheredrom celtlevel physicsbased and serg@impirical modelandsimulaedvarious fuel cell
operating conditions in a virtual environmentidtatawasthenrigorouslyanalyzed, conditioned,
and organized to develop ddiased models that are essentially digital twins of the simulated
physicsbased models. The models developed in this sledyorstrated excetiond accuracy and
computational speed in predictiniget fuel cell voltage and membrane internal stdtathfully

replicating the nonlinear behavior of the computational fluid dynabmasgd fuel cell model.

Chapter5 delves into the usage oéll-level experimental data from the2Gto train and
develop the dathased model. Here, a comprehensive mnfiut-multi-output neural network
model is conceptualized to simultaneously predict thedeiélholtage degradation over time and
the change in temperature and reactant attribuRegression problem formulation, data
preprocessing, and iterative model calibration process are discussed inTediltained neural
network modelevaluation results are also discussdien predicting the cell output voltage,

reactantsoutlet pressure, and temperature.

Chapter6 introduces hybrid databased modekvhich isa combination of physiesased
governing equations and machilearning techniquedere, a novel approach of using a neural
network in combination with an extended Kalman filter was developed to accurately predict the

heat generation rate of the LIB during discharge, where the experimental data generated from the
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battery test statiowas used to train the neural network. The trained hybrid model predicted the
heat generation rate of the LIB with great accuracy when compared to the experimental results,

and the model was able to identify sensor faults by comparing the cumulativeltpedtalue.

Chapter 7 discusseglatabasednodelingapproach to predict thermal behavior and spatial
temperature distribution during an exothermic reacthanthe availability of exothermic thermal
runway data from the LIB system is limitealdiesel particulate filter was regenerated at various
soot loads to generate exothermic data of an open sysieiiar to the state of charge of a LIB
systemthe soot level inside the filter served as the system's internalatdtadditional parallels
between cell tempenate and filter bed and exhaust temperatures can be drawn for comparison
purposes Performanceattributesof the trained neural network to predispatial temperature

distribution and peak bed temperatures during an exothermic reacti@taborated.

Chapter &iscusses the development of a elaaed model based on supervised machine
learningto predict fuel cell hybrid power system dynamics in a Toyota Mirai vehidéga
acquisition processom thevehicle under various driving conditiorgataanalytics, conditioning
preprocessing, and formulation are discussed in ddthé performance and insights into the
trained neural netwoitk predicton of the dynamics of hybrid power systems, such as minimum

cell voltages, system temperatures, and hylystiesn behaviorare discussed at length
In summary the novel contributions dhe thesican be summarized as follows:

1. Developed a surrogate ddiased model (digital twin) to predict PEMFC performance and
membrane dynamics based on data derived from the ptyasesl models

2. Developda comprehensive multinput, multi-output datébased modeb predict the voltage
degradation, temperature, and pressure dynamics of the PEMFC across various operating
conditionsbased on experimental cédivel data.

3. Developed a hybrid dafaased model (a combination of Kalman Filter and Neural Network)
to predict the thermal behavior of the L#d demonstrated the applicability of controls and
diagnostics.

4. Developed a dathased model to predict the thermal gradient and peak temperatures during
an exothermic reaction as an alternative to complex computational fluid dynamics models

5. Conceptualized and developed a ea@ged model to predict the powertrain dynamics of a fuel

cell battery hybrid vehicle across different drive cycles.
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Chapter 2 Machine Learning Techniquesfor Data-

Based Modeling

***This chapteris adaptedrom Legala A d i t h Wachine &arning imodelirig for
proton exchange membrane fuel cell perfformance Ener gy and Al , vol . 10,
doi: 10.1016/j.egya2022.100183.

Modeling physical systems involves solving multi-input multiroutput (MIMO)
problemsthat requireadvanced datenodelingtechniquego capture the intricate relationships
betweensystem input and outpwariables.Although there are numerous supervised maehine
learning techniquesrtificial neuralnetworkand support vectanachineregresspare the most
prominently used in the space of electrochemical and thermal system moddliegchapter
summarizes the working of neural network and support vector machine regredsireia
associated attributeszollowing background information isdapted from lecture noteand
literature[45] [46].

2.1 Artificial Neural Network (ANN)

An Artificial Neural Network (ANN) is a combination of neurons, which are the basic
processing units that regulate computational activity based on the designated activation function
and associated inputs. In terms of functionality, this architecturdas@af the biological neuron,
andwith the help ofabackpropagation algorithnit cansolve andnodel regressions accurately

With no | oss worsidey@newal netlvdddansisting beminpiitdayec Q
p), a Hdden layerQandan autput layer Q p as shown in Figure 2.Herethe nput layer 'Q
p) cortainsinputdatato the neural networlkjence the output of the neurons in the input layer is

simply the input data itself (without any processing). The neurons mdden layer 'Q process
the data from the neuronstime inputlayerusingtheir respectiveveights® &  phciB A

biaseso & phcfB A andappliesanactivation functionto produceanoutputwhich is then
fed into the neurons in the output layer. It might be pointed out that the weights and biases are
normally different for each neuron, and the activation function can be also different for each neuron

(the secalled heterogeneous networksigh is not standard neural network architecture, or
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simply identical for all the neurons (the homogeneous networks). In this instance, a common
activation function is considered for all the neurons. The output ld@erp then takeshe
processed outputs from the hidden layer, apphiesveights, biasesand activationfunction to
produce thdinal prediced value of the networki> A schematic of the neural network is shown

in Figure 2.1 where for the clarity of description on how such a network works only one neuron in
the hidden layer is shown being connected to the neurons in the input layer, and likewise only one
neuron in theutput layer is shown being connected to the neurons in the hidden layer. In reality
all the neurons in the hidden layer are connected to all the neurons in the input layer, respectively;
and all the neurons in the output layer are connected to all thensein the hidden layer,
respectively.
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Figure 2.1 Schematic othenth neuron in the ktifhidden)layerand the pth neuron in the output layafran artificial neural
network illustrating the network operation.

Neural network processing can be divided into two distinctive phases: forward

propagation, error calculation and backpropagation. First, neural netwonitiagdized with
weightsww  and biase® that aresmall random values (e.g., drawn from a uniform or Gaussian

distribution) here®  represents thereight connecting neurai in layer’Q p to neurorg in

layer'Qandw represents bias oftheneurbnn t hi s case, dpalaygrsQ as s ume

p hasi neurons thatepreseninput features as
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H © hy M (2.1)

These inputs are fed i ®twherethdisputieattresare précaessett i d d e
by usingweights, biases, and an activation functiesulting in outputs from the hidden layef

) represented as
H % K B (22)

These outputs of the hidden layer are further processed by the outputayer to calculate the

final predicted value represented as
& H ® h B (2.3)

Forward Propagation:

During the forwargropagation phase, the outputs of each nertre hidden layer are computed
first from the data from the input laykefore applying the activation function

The preactivation value for neurof in layer'Qis:

a B w & ® (2.4)
Herew s the weight connecting neuronin layer 'Q p to neurorg in layer Q,
@ is the bias associated with neusbin layer "Q,

@ is the activation (output) of neur@nin the previous layer.

The summation oveé indicatesthat the contributions from all neurons in laye p are
aggregated for neuroé in layer ‘Qand the activation function is applied over the resultant

summation with the bias considered.

The postactivation value is obtained by applying the activation function &
& , (2.5)

Thisis the output of neuroa in hiddenlayer(Q, i.e., &%
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Similarly, the output layer 'Q p , process the outpmibf all the hidden layerneuronsand

calculates the final predietivalue & H
& B SRR (2.6)
& . @ G (2.7)

After the forward propagation the network calculates a predicted d@adnéch is then compared
to the desired value or true value to calculate if the prediction is within the accepted tolerance

(error) if not the error backpropagation is implemented to update all the weights and bias.
Error Backpropagation:

The primary goal is to minimize the loss function which measures the discrepancy between
the predicted output of the network and the ¢t
parameters (weights and bigsesing gradient descer@nce the predicted valud&are computed,
they are compared with their corresponding actual (true) values to determine the error that might
exist. If the error is less than a geecified tolerance, the predicted valuesameeptedand the
network is considered established. Normally the error would be larger than the tolerance, hence is
required to be reduced to or less than the tolerance. Therefore, this error information is used to
adjust (or revise) the weights and biases irotitput and hidden layers in order to reduce thare
to the acceptable level. This process is called error backpropagation, as describetHzetovar

(or loss) for a single output neureris defined as
0O -0 & (squaredEet onel)os 28 ng

wherew is the true value. Similarlyhe total error foall the outputs from all the neuronsthre

entireoutput layercan be written as

O B % ® & foronline training, or (2.9)

O B w ® & forbatchtraining (2.10)
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Both version®f the above error expressioren be used, depending on whetheronline
training or batchtraining. In the caseof online training, weights are updated immediately after
each individual data point is processed, after each error calculation ahe factor 1/2 simplifies
the derivative during backpropagatjoim this caseas it will become clear later when the
backpropagation process is described. On the contrary chatobtraining weidits are updated
once per full datas¢hereby the factor 1/in the batch propagatidhe cumulative error over all

is calculated and the weights are updated by using the cumulative error.

Error s is @ muatity (hat taptures how much a neuron's activation (er pre
activation) contributes to the overall loss of the network. It is the gradient of th@ tespect to
the neuron's practivationi.e., is the derivative of the error with respect to fine activation it
calculateghe impact ofneuron's outpubn the total errorError functionis used to update the
weights during backpropagation, guiding the network to reduce the error in subsequent iferations

which is a ectorquantity i.e.,one value for each neuramevery layer

Error signal for neuroh in layer('Q p is calculated as follows:

The partial derivative of the loss with respect to thegmtévationd

| — &t

- (2.11)

© is derivative of the activation

= is thesensitivity of the loss function to the outfaurtd

functionanalyzing the impact of pre activation function on the output of neuron.

— - 0 & 0 & (2.12)

.« (2.13)

Forthesquared error loss and activatipnthe above equation becomes

1 w & t, a (2.14)
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The chain rule allows us to break down this dependency step by step, layer byHayeby the

error signal for neuroa in layer("Q using the chain rule, the error propagaiaskward:

1 e (2.16)
1 B i (2.17)
Whered is the preactivation value of neurofyin the next layer'Q p andd is the pre

activation value of neuroé in the current layelQ The summation aggregates the contributions

from all neurongn the next layeibecause the error signal of a hidden neuron depends on its

influence on all neurons in the subsequent layke relationship between anda is
determined by the weights connecting the two layers:
o B w td (2.18)

Taking the derivative:

— ® (2.19)

The output of neuroa in the hidden layer is:

1) , Q (2.20)
The derivative is:
— ., « (2.21)
) — B 0 t, o (2.22)
wherew are the weights connecting neutoin layer’Qto neurom) in layer’Q p.
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Gradients are then computedupdate the weights and biases dutiingtrainingto update the

weights and bias values that are used to reduce the error. Gradigmidhtco  connecting

neurond in layer'Q p to neurort in layer'Gis calculated as follows

— 7 id (2.23)

For bias® in layer'Q:
— (2.24)

Once the gradients are computed the new weights are calculated by using the gradient descent

W W -
(2.25)
@ ® - (2.25)
W and® are the new weight and bias, respectivelys the learning rate,
W and @ are the old weight and bias, respectively

Additional information, sample numerical and associated optimizers are available in the appendix
A adapted from lecture notg45].
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2.1.1 Linearity andNon-linearity of theSystem

In thecase of #EMFC or LIB,the modemust represerthe device's linear and ndinear
behavior,depending on the operational zofide systencharacteristics are typicallyonlinear
(exponential) at low and high current density conditi@ssshown iri-igure 22.
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Figure 2.2 Fuel cell polarization curve nonlinearity for (a) different pressareb) different temperatures

2.1.2 Activation Functios

The activation functiondictatethe nonlinearity of the neural networks depending on the
sensitivity of the input feature vectors. Various nonlinear functions are considered to model this

neural networkandaquick mention ofifew activation functions thareconsideredn this study.

i. Sigmoid (Logistic function)fhe Sigmoid function was introduced to Artificial Neural Networks
(ANN) in the 1990s to replace tiseep function and the output is centered around 0.5, a graphical
representation of the sigmoid function and its derivative is showigime 2.3 The sigmoid
function has a weltiefined nonzero derivativlglping stochastic gradient descent to improve at

every epochSignificantissues are vanishing gradiemdcomputationally expensié7].

ii. Hyperbolic Tangent (Tanh)}anh has characteristics like Sigmaigdcan work with Gradient
DescentTanhfunctionoutputis centered around @ graphical representation of the Tanh function
and its derivative is shown igure 2.3 Like sigmoid, it is also subjected vanishing gradient
and iscomputationally expensivd7].
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iii. Rectified Linear Unit (ReLU)It is primarily implemented in deep learningnd the RelLU
function is composed of two linear pieces to account foflmearities; a graphical representation
of the ReLU function and its derivative is shownFmjure 2.3 Unlike Sigmoid and Tanhhe
output of ReLU does not have a maximum vahmping it address the vanishing gradient issue

ReLUis computationally easy as there is no exponential openfdfgn

y y

(x from -2.6 to 2.6)
(x from =12 to 12)

= tanh(x)

— sech?(x)

Figure 2.3 (a) Sigmoid function (regoloredcurve) and its derivative (blueolored curve); (b) Tanh function (remblored curve)
and its derivative (blueolored curve); (c) Rectified linear unit function (redlored curve) and its derivative (bkoelored curve)

2.1.3Dropout Probability

Certain neuron connections within the network are randomly disconnected based on a

specific probability valuéo prevent overfitting during the neural network's training procesis

specific probability number is called dropout probability and needs to be calibrated depending on
the data, predicted parameters, and accuracy neggse 2.4 Error! Reference source not f
ound.shows a example of a feetbrward neural network with and without dropotihe dropout
probability uses a Bernoulli distribution (a probability distribution used with a parametey)

to model a binary random variable that takes on one of two possible outcomes: 1 (success) with

probabilityp 1), and 0 (failure) with probability.

A Bernoulli random variablé is defined by the following probability mass function (PMF):

oa p P N (2.26)
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Da T N (2.27)

G  p: The event occuréuronis retained in the dropout case).
& T: The event does not occureuronis dropped in the dropout case).
N : The probability of dropping a unit (dropout rétealibrated.
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Figure 2.5 Neuron connections: (a) without dropout; (b) with dropout.

2.1.4Training and Calibration

Parameters like learning rates, loss function, number of epochs, and correction factors are
calibrated to prevent any overtraining or undertraining of the models by validating with the
available testing data. All the iterations are ranked by quantifymdrial error with the help of
coefficient of determinatio(r-squared/® androot mean square err(RMSE), as defined below,

in addition tomean absolute err¢gMAE) andmean squared erroMSE),

2 0 (2.28)

Yo'yo 2> & (2.29)

where n is the number of data points,Q is the ith measurement value, adQ is the

corresponding valuef prediction
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2.2 Support Vector Machine Regressor (SVR)

Support Vector MachingSVM) is one of thenostused techniques to resolve classification
problems. The SVM helps ustiod a line/hyperplane (in multidimensional space) that separates
two classesA decision boundargervesas a demarcation lirte split the classes from each other.
Support Vector Machine Regressor (SVR) uses a similar concept to approximate mapping from
multiple input feature vectors to output based on a training sample, tHer@bjective is to
consider the points within the decisiooundary line and tune the SVR to incorporéte
maximum number of pointparallelly minimizing the ||w|| 3#C)) + (-C)), where||w||is the weight
vector norm ance p s i bis|mmargin around the regression limkere there is no penaltyw ~
measures the complexity of the regression function and is minimized in the optimidatiets
the margin of tolerance for error and indirectly influenc@s . The major tunable parameters are
epsilondband penalty factoiC6 , h e r e edul@rization paraméter that controls the trade
off between model complexity and tolerance for errdifin the SVR modetefers tothe epsilon
tube within which no penalty ismposedin the loss functiorfor datapoints predicted within a
distance from the actual valueFigure 2.5shows a sample data set along with the corresponding
SVM and SVR implementation.
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Figure 2.6 (a) Classification of Support Vector Machine (SM¥B] ; (b) SVM regressiof49]

Only data points lying outside the epsilon tube contribute to the error. The objective of the SVR is

to minimize the followingunctions
Minimize-~ "I~ 6B n, 7 (2.30)
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Complying with the following constraints

o Tte o - (2.31)
Tt @ oo - (232
ChY mhiQ pfB (2.33)

whereo is the input feature vector, is the target variablebserved or actual output associated
with 6 ), m is the total number afata pointsandw, &y and K are the pseudo hyperparameters,
where w is the weightector, Qis the bias, and is the distance from the boundary determined by

the SVR based on the data amsilon ¢ , regularization paramet€, are the tunable parameters
acting as design variables
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Chapter 3 Literature Survey

This chapter summarizes the available literatureraoeint datdbased models that use the

latestmachinelearning techniques to address the problems of the PEMFC and LIB systems.

3.1 MachineLearning M odels for PEMFC System

A fuel cellisanopen electrochemical energy system waithide variety of feture vectors
almostlike aninternal combustion engin&ith chargeinduction (reactant + fuelland exhaust
attributesthat provide a wide range of data acquisition optiohdachine learning applications to
develop datdbased models are relatively in an early stage for the fuel cell\Afaaag [50] has
summarized the recent application of neural networks and other machine algorithms to predict the
performance, material selection, and durability estimation of fuel cells and their components
Figure3.1 shows deedforward artificial neural networkchematicwhere current, temperature,

pressure, flow rate, and humidity are used as feature vectors (inputs) to predict the 'uel cell

voltage output
Input layer
AN\
: 7.8 @\
Current 18 == ’ A~ N
< ( )‘ S - ,' "\ ). WA . \"
Temperature= ( ¢ o s RN A
empe ¢ (\'{\.’(. =@ =0 = -
Pressure — ('( ‘/"‘)_ 7 & )
7N N &, ":::‘ ~
7 ' rate | e A kR (7 }
Flow rate — ( 725 YA X ) Voltage
. ( === = = .
Humidity — \_/ N ¥/ (Cell performance)
\ 1/
NN Y
Operating conditions \1)/

Figure 3.1 Schematic of artificial neural network architecture for fuel cell voltage predi¢g0h

Similarly, Kheirandish51] used Support Vector Machine Regression (SVR) to model a
PEMFC and successfully predicted flystem'soltage, power, and efficiency aspects. The results

and boundaries of the SVR algorithm are showfiinure 3.2 which illustrates the correlation

bet ween ANN and SVR on the same dataset wher e

agreement with each other.
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Figure 3.2 Results of the support vector regression algorithm for fuel cell vofieegiction[51]

Mehrpooyd52] had developed a hybrid neural network method to model a micro PEMFC
which consists of a Group Method of Data Handling (GMDH) neural network and empirical
eqguations incorporated with the help of a genetic algorithm where humidity (x1), temperature (x2),
oxygen flow rate (x3), hydrogen flow rate (x4), current density (x5) are considered as input feature

vectorg[52]. Figure3.3 shows he GMDH neural network athe input features x X2 , é x 5) .

Figure 3.3 Representation of a group method of data handling neural network for micro fu@2jell
Han has used a similar hybrid approach with the implementation of SVR to account for
various operating conditions in combination with a voltage empirical equation to predict the

PEMFC polarization curvg53] Figure 3.4 shows aschematic representation of the hybrid
architecturewhich combiresSVM andanempirical equation for the fuel cell.
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Figure 3.4 Fuel cell hybrid model consisting of support vector machine and empirical eq{&3pn

Han also hasonductedh comparative study of ANN and SVR to predict the performance
of PEMFC operatin and estimated the effects of varying reactant presswteell temperature
acrosghe range obperating conditionfb4]. Deng has used a stadpace system in combination
with a recurrent neural networlRNN) to derive a new contrairiented datadriven model for
PEMFCs and predicted the stack temperature, voltage, power, and other parameters with
rea®nableaccuracy[55]. Figure 3.5 shows he final error values of various predictkeel cell

output attributes.
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Figure 3.5 Comparison of fuel cell attribute errors during validatifsb]

Khajeh developed a hybrid model by combining the phylsa&cssed catalyst layer model
with neural networks where ionomer film covering the agglomerate, agglomerate radius, platinum
and carbon loading, membrane contgag diffusion layer@DL) penetration content, amatalyst
layer (CL) thickness are used as input feature vectors to predict the activation overgé@intial
A comparison between actual activation overpotential and npddicted activation

overpotential is shown iRigure3.6.
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Figure 3.6 Comparison of activation overpotential of fuel cell catalyst I§5&}

Similarly, the durability aspectsf PEMFC such as state of health and voltage over time can be
predicted by amautoregressive neural network as shown by Elasdacksorusing1200 hours of
PEMFCoperational dat§7]. Figure 3.7 showsthe accuracy of theoltage predicted comped

with the test data over the fuel ¢glife.

Test Data

3.451 NN results for training, testing and validation
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Figure 3.7 Autoregressive neural network result stack voltage (Vjive (hours)57]

3.2Machine Learning M odels for LIB System
Similar toPEMFC the LIB system is an electrochemical systeat consists of complex
chemical kinetics and ion transportation phenoméonaever, since its a closed systenthere

are no externaleactantinput or product exhaugtarametersrelatively reducing the number of
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available feature vectorto the model There argfour major measurement parameters in a LIB
system which are operating current, temperature, voltagend total resistance/impedance
typically, numerousmachine learning models in this area are used to predisitdreal states of
the LIB, which camat be measured by a sensor but needs to be estimated stteteasf Charge
(SOQ or State of Health (SOH). LIB systemoperationgenerates heatue to the various
overpotentiad associatedith charging and discharginthis heatin turn, raises the temperature
of the batteryenvironment affecting the system'soverall performanceunless dissipated
appropriagly using a thermal management systétare is a quick summary of availaldata
basedmodels thatstudy the aspecbf the LIB thermal behaviormodding and its impact on

performance

Wang[58] has used @onvolution Neural Network (CNNjnd linear regressido predict
the internal temperature of the LIB paels shown ir-igure 3.8. Here the external temperature
measurement was used as input feature vectors to predict the internal temperatures within the LIB
packin realtime with a mean square errof 0.047.
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Figure 3.8 Comparisorof the masuredinternal temperature and theredictedinternal temperature by CN[$8]

Shashank has impteerted aneural networkbased model to predict tineat generated by
a LIB under various ambient temperatures and nominal capaastissown ir-igure 3.9. This
study considered the usé DOD, nominal capacity, ambient temperatumaddischarge rate as
the feature vectordor a feedforward neural network withone hidden layer consisting six
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neurons andhe LevenbergMarquardt algorithmof MATLAB to predict the heat generated in

LiFePQ: pouchcell with good accurachp9].
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Figure 3.9 Comparison of experimentally measured heat generation and predicted vali@slischarge rat59]

Qian[60] has optimized the heat dissipation aspéthe LIB system using a combination
of neural networks anthe computational fluid dynamic€FD) method whereCFD is used to
simulate the flow field and temperature field of the BlRlifferent battery spacisgThese spacing
parameters and resultant temperatures are used to train the neural tetwedict the optimal
battery spacing angemperature differengcelemonstrating a correlation between battery spacing
and temperature gradient across different reltedicted temperature differerscat various

spacing combinations can beenin Figure3.10.

—— Temperature difference(k)A

1 ————
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Figure 3.10 Temperature difference of the battery pack under 18,639 different spacing combif&Qjons
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Thereareafew cases where both ANN and various versiohKalmanFilter (KF) have
been used in conjunction to moddBLspecificallyto improve the estimation of SOC. Multiple
versions of KFhave already beeadopted in the automotive industry and consumer electronics for
LIB energy management. Wei and NichdBi| have used an ANN model to predict the SOC of
LiFePO4 by using the current, voltage, and temperature of the battach is coupled with an
unscented Kalman filter (UKF) to reduce the associated errors of ANN during operation a

schematic of the integrated system is representedjine3.11.

Trained NN SOC
Current ® ® d
Voltage 7 4 “
g i i NN -y
—| LN o
Temperature | ¥f\g S %
perature i (5] L]
. S\ P (
—_— ) L J 500 1000 1500
Time (S)
$0)
UKF g
SO0 1000 1500
T S)

Figure 3.11 Schematic of the SOC estimation based on the neural network & unscented Kalm4éiffiter

Amin [5] has demonstrateding KF, EKF, and augmented Kalman filter along with ANN
to accurately predict thelB's SOC and state of health (SQM)here Kalmarfilter estimates the
internal parameters of the equivalent circuit models. Similarly, both [BR¢and Dad63] have
integrated the EKF (which estimates the SOC of the previous time step) with an ANN to predict
the current SOC of thel B. Schematics for both systems can be seen irithee3.12andFigure
3.13respectively
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Figure 3.13SOC estimation based on the neural network & extended Kalmari fitfg3]

This type of modeling with ANN and EKF can be regarded as a hybrid model as it
incorporates both the characteristics of dsaed modeling and elements of equivalent circuit,
physicsbased modeling=rom the above examples, it is evident that SOC estimation through ANN
and KF is an established technique that can be further modified to predict the thetmmabrof
the LIB. Currently, most of the existing physibased and datidased models in the literature focus
on the accuracy of the SOC/DOD prediction or the thermal behavior of the LIB system. However,

it is evident from the literature that both DOD and thermal behaxedangerdependent. Therefore,
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it is essentiato develop a LIB model that simultaneously estimates the DOD and heat generation

rate in realtime, and the hybrid dataased models are uniquely poised for this purpose.

3.3Limitations in the Existing Literature and Data-Based Mobdels
From the above literaturg,can be concluded thastandalone neural network model and
other machine learning algorithms can be used to develop detaileldadah models for various
applications However,almost all the models rely orastsets of initial experimental datevhich
can be timeconsuming and expensive to explore wiaplementing new algorithms. However,
this problem can be solved if large sets of data can be generated by-plagsidsnodels validated
by a relatively small number of expments covering a range of operating conditions. This
approach bypasses the tedious experimentation or at least during the initial algorithm development

phaseserving as test data for performance demonstration.

Many algorithms are already in commercial use (battery management systems) to
estimate thénternal state oélectrochemical energy systefesg.,SOC)to optimize and manage
thesystem's energy requirementfter considering the catastrophic nature of thermal runaway,
the critical need for a model to predict the thermal behavior of the electrochemical system,
especially batteries, was identifiddowever, the research related to algorithms correlating the
internal statewith theheat generation rafthermalbehavioy and performancef electrochemical
energy systemsspecially in reatime applicationis notyet prevalent andhe current focus of
this studyis to address this by hybrid approach a@fombhning an artificial neural network (ANN)
algorithm predicting the heat generation rate supplemented with an extended Kalman filter (EKF)
estimating the instantaneomsernal state of the system.§, SOQDOD of the LIB)

Predicting the PEMFC thermal behavior anembrane mechanicscritical in optimizing
thermal and water management in PEMFC to prevent uneven distribution of current, heat, aging,
and membrane hydration. Dry membranes create excessive membrane resistafficeding
creaesreactant transport issugspacting cell performance and degradatidowever no data
based modelpredict thespatial temperature distribution, membrane hydration statdhe
associated resistancEehis study poposes to develop databased modethatcan beapplied in
reattime to predict thermal gradients, cell aging, anthembrane dynamicamproving the

performance and durability of the PEMFC systend other energy systentSonsidering the
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projected scale and commercial usagiectrochemical energy systems req@ioeh modeldo

prevent ctagrophic failuresand improve reliability.

Although there has been a significant amount of research in developing databased and
detailed physicdased models both in empirical and fluid dynamics domains to predict voltages,
there have been very few studies that venture into the aspect of developivgate databased
models based on the existing phydiesed models that can accurately replicate their behavior.
These surrogate models, also referred to as the digital twins of pbgsied models, have the
potential to be implemented in a rdimhe environment, making the best of both worlds in terms
of accuracy and computational speed and removing their limitations. Based on the literature
review, most studies focus on the cell degradation problem as-aénmes event and require vast
amounts of dgradation data spanning over months. A few studies predict cell voltage degradation
as a function of accelerated aging or based on electrochemical properties as a regression model
and can be extremely useful as it reduces the tedious hours spent ostadjeg by accelerating

the aging process.

Studies investigating the aspect of developing-8ated models and hybrid ddtased
models topredict the thermal behavior and thermal gradients associated with electrochemical
systems are minimal, especially when the explicit material properties of such systems are
unavailable and by considering the need for such models both from a system camdrols
diagnostics perspective. Finally, almost no studies published in the literature to the best of our
knowledge investigate the development of such-dated models based on actual vehicle data
and the model's applicability in a transient environmergnwpredicting the electrochemical or
thermal attributes in a vehicle. Based on the identified research gaps, models, limitations, and

unexplored research areas serve as the motivation for the current thesis.
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Chapter 4 Predicting PEMFC Performance ard

Membrane Dynamics

***This chapters adapted fromL e g al a, A dMachmg laarninggnodeting for
proton exchange membrane fuel cell perfformance Ener gy and Al , vol . 10,
doi:10.1016/j.egyai.2022.100183.

This chapterdiscussesnachine learning methodsr developingdatabased model$o
predictPEMFC performance attributes and internal states. Techniques such as Artificial Neural
Network (ANN) and Support Vector Machine Regressor (S¥R)implemented tpredict the
cell voltage, membrane resistance, and membrane hydration level for various operating conditions.
Varying input features such as cell current, temperature, reactant pressures, and humidity are
introduced to evaluate thmodel's accuragyespecidy underextreme conditions. Ais study
considers two data seasquired from a physidsased semiempirical model aad-D reduced
dimension Computational Fluid Dynamics mod&hta preprocessing and hyperparameter tuning
procedures are investigated and extensively used to calibrate the artificial neural network layers
and support vector regressors to prefiiet cell attributes. ANN clearly shows an advantager
SVR, especially on a multivariable output regression. However, the SVR is advantéyeous
modelingsimple regressions asgreatly reduces the level of computation without sacrificing
accuracy. Datdbased models for PEMFC are successfully developed on both the data sets by
adopting advanced modeling techniques and calibration procedures such as ANN incorporating
the dropout technique, resultinginaA® 0. 99 for all the predicted
ability to build accurate dataased models solely on data from validated physésed models,

reducing the dependency on extensive experimentation.
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4.1 Data Acquisition

The necessary data for ddtasedmodeling is gathered from actual PEMFC testing or
through thesimulation of computer models that have been validated under a wide range of
operating conditionand representeatworld behaviors Here in this casethe data is acquired
from physicsbased models validated using experimental dasalablein theliterature. Datasetl
is generated by simulating a seempirical physicdased model across different operating
conditions iINMATLAB [27]. Figure4.1 shows a schematic of the inputs and output variables of
the voltage module, where varying current, temperature, membrane hydration (lambda), and

reactanpressures are used to predict the fuel cell's voltage output

|

Po,0 — | Stack
Voltage

Figure 4.1 Schematic of physidsased sem@émpirical voltage modul27]

As the model has been derived from the phyb&sed formulas, the input feature vectors
for the databased model remain the same. A Jphysicsbased CFD model generates another
data set (from here on referred to as Data$2®)whichhad been experimentally validatecerd
varying currents,temperaturgsand humidityare used tgredict the voltage output, membrane
resistance, and membrane hydration level at constant reactant concentration and operating
pressuresDataset 1 and Dataset 2, along with their ranges, data distribution, and cross plots, are
illustrated in Appendix A. Serempirical equations used to reconstruct the model used for Dataset
1 are also listed in AppendB
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Datasetl and Dataset2's feature vectors (input) and predicted variables (output) are listed

in Table4-1 andTable4-2, respectively.

Table4-1 Inputs and output parameters Datasetl

Inputs(Feature Vectors) Output
Current

Temperature Fuel
Cathode Pressure Cell
02 Partial Pressure Voltage
H2 Partial Pressure

Membrane Hydration (Lambdg

Table4-2 Inputs and output parameters Dataset2

Inputs(Feature Vectors) Output

Current FuelCell Voltage
Temperature Membrane Resistance
Relative Humidity Membrane Hydration (Lambda)

The input and output attributes of the datsed models are chosen based on the governing
physics of the systelf64], [65], [66] Since the objective of the present study is to develop a
sufficiently accurate datdriven model for controldiagnosticand prognostic purposes, that is, to
predict fuel cell performance and internal states for a given design and construction of fuel cells,
the six model inputs selected for Datasetl to predict the voltage are the fuel cell operating
conditions, which arelso used as the input conditions for the phybiased models. The three
model inputs selected for Dataset 2 to predict voltage, membrane resistadcenembrane
hydration are cell output current, the temperature of the ,stackrelative hundiity at the cell
inlet (assuming there is no change in reactant pressorksit the iterable parameters in the
simulation considering the tedious computational prgcefisof which have a direct correlation
based on governing equations of CFD model and are necessary parameters to build a control or
diagnostics modelBoth datasets are independent, amdmbranehydration (Lambda) is
considered an input vector in Dataset 1 and as a predicted attribute in Dataset 2 as one is based on
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semiempirical equations and the other being a CFD predicted parameter; this shows the potential
of the models to be cascaded if necesdaagh dataset consists of a total of 1100 data points
which are split into a ratio of 70:30 for training and validatidhe data setsand the range of
operational parameters are given in the appemdiixdata points are excluded as the validated

physicsbased model simulations generate the datasets without any measurement or process noise

4.1.1Data Conditioning /Preprocessing

As all the input feature vectorand output vectors differ in scale, nonlinearity, and
sensitivity to the model, normalization is necessary for both the input feature vectors and target
output vectors before introducing them to the neural network and SVR algorithms. As all the
feature vetors and output parameters aremagative physical entities has beemlecided that

normalization between 0 and 1 is appropriate. The normalization process is as shown below:
x normalized = (X x minimum) / (x maximum X minimum) (4.1)

Datasetl and Dataset2 are normalized between 0 and 1, and results after normalR2atasett
andDatase? are also shown iappendix B

4.2 Neural Network Hyper Parameters

Hyperparameters a@librationentities of the neural netwotkatdepend on the system
and input data; thesattributesmust beselectedand tunedto successfully predict the output
variable with sufficientaccuracywhile optimizing the computationaime and power.This
calibrationwill help to model théoehaviorof the output variabland calibrate the medisensitivity

based on theperating conditiona few of these attributes are discussed as follows

4.2.1Nodes &HiddenLayers

Based on the initial literature review and considering similar physical systems, it is

concluded that a neural network with two hidden layers is a good starting point. Initially, 50
neurons per hidden layevere considered for the model, but after repeated simulations with

various neuron combinations, it sveeduced to 10 neurons per hidden layer.
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4.2.2FeatureVectors

As this data is generated from physiEsed models, the inputs of thegdgysicsbased
modelscan be usedsinputfeature vectafor machine learning algorithmSo, forDatasetlthe
feature vectors alBEMFC currentstacktemperature, total cathode pressurea@d H2 partial
pressures, and membrane hydration (lambBa) Dataset2, the feature vectors are PEMFC

current, temperaturand relative humiditypormalized between @&nd 1.

4.2.3LossFunction
Generally, Mean Square Error (MSE), Mean Absolute Error (MAE), and Huber are used
to solve the regression in a neural network. In this case, both MAE and MSE are conditiered.

mathematical representation of MAE and MSE is given below:

-1 %-B ' & (4.2)
-3%-B "o & (4.3

wheren = number of elements) is the actual (true valug} is the predicted (output) value

4.3 ANN Architecture and Design Parameters

Typically, a neural network can have anymber of hidden layexs neuronsand a
network with more than 2 or 3 hidden layers is considered a deep neural netiverkas a
network with only 1 or 2 hidden layersrnegarded asa shallow neural network. A deep neural
network requires larger computational capability and training time, which is typically used for
image or complex time series regressions and object classifif@fipnvhereas a shallow neural
network relatively consumes less computational power and trainingtichesprimarily used for
modeling regressions and pattern recognition. Considering that the current fuel cell output
parameter prediction can be regarded as a mathematical regression, a shalforweedneural
network is chosen. A preliminary investigatiohthe neural network performance with multiple
hidden layers ranging from one to fpaach containing 50 neurarns evaluatedand the network
with two hidden layers provided the best value when considering the computational power
required, network training timend resulting accuracy after multiple iterations. Hermceras

decided to model the neural network with two hidden layers.
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4.3.1ANN for Datasetl (Seriimpirical)

The following are the initial structural parameters of the ANN algorithm that is applied to

the semiempirical dataataset1)which consists of the following input features: PEME@rent
temperature total @thode pressure O2, and H2partial pressuie andmembrane hydration
(lambda) These are listed inable4-3, andtheinitial ANN design forDatasetl is shown igure
4.2 Initial ANN designfor Dataset.

Table4-3 Initial ANN parameters for Datasetl

Inputsfeature vectors 6
Output parameters 1
Hidden layers 2
Nodeg$ Neurons 10
Activation function RelLU-1,2 layer
Linear- Final
Loss function 6 MAEG6 /
Learning RatéLr) 0.055
Iterations/Epochs 100
Momentum/correction 0.9
Dropout probability 0
Q O
Current O Q &O
Temperature O "O QO
@) ©
P7Cathodeo 2
'VO {O {O Voltage
e @) ©
O ©O
Lambda O ’O {O
. O

Figure 4.2 Initial ANN desigrfor Datasel
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4.3.2ANN on Dataset?1 D-CFD)
The initial structural parameters of the ANN that are applied to tBe QFD data

(Dataset?2) consist of the following input feature vectors: PEMF&nt temperaturgand relative
humidity. The output parameters are the predicted corresponding voltage, membrane resistance,
and membrane hydration (lambda). These are list@clie 4-4, and the initial ANN design for

Dataset?2 is shown iRigure4.3.

Table4-4 Initial ANN parameters for Dataset2

Inputsfeature vectors 3
Output parameters 3
Hidden layers 2
Nodes 10
Activation function RelLU-1,2 layer
Linear- Final
Loss function 6 MAEG6 /
Learning RatéLr) 0.025
Iterations/Epochs 100
Momentum/correction 0.9
Dropout probability 0
Q O
QO (@)
Q ©
Current O O
O ;O z'o {O Voltage
Temperature O ’ ¢ :I O Membrane
O {O ) # EO Resislt)ance
Efﬁg}g?ﬁve O 2 O {O v Lambda
O (@)
O (@)
(@) (®)

Figure 4.3 Initial ANN design for Dataset2
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4.4 Results and Discussion

4.4.1SVR for Datasetl and Dataset?
SVR technique is applied to Dataset1 with similar feature vectors to ANN, is used to predict

PEMFC voltage, and comprises the following design attributes and hyperparameters as listed in
Table4-5, the final results of the SVR for Datasetl during the training and validation are shown

in Figure4.4.

Table4-5 Initial SVR parameters for Datasetl

Inputsfeature vectors 6
Output parameters 1
Epsilon 0.025
C 1.0
Trainingdata points 770
Validationdata points 330

Training Data Testing Data - Validation

1.0 1.0
Ill
&x
I
084 MAE=0.016 0g{ MAE=0.017
MSE = 0.001 MSE = 0.000
g %
£ 05{ RMSE=0.023 & 064 RMSE=0.021
S 2
- r-squared = 0.988 n rsquared = 0.989
2 It 2
= o N
T 04 =]
£ I o 04 _."'.-
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" /-
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Figure 4.4 SVR Results for Dataset(d) Training; (b) Validation.
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The above plotsi®w that R values are very close to 0.99 for both training and testing Haiis,

we can conclude that the SVR technique is execldaedesdy and can accurately predict the fuel

cell voltage learing a few extreme boundary conditions. Considering the relatively limited tunable
parameters in SVRhe results are considereebsonalty accurateandin agreement with the
available literatur¢51], [54]. For Datase?, whichis a multitoutput regression problem, the SVR
could not accurately converge and is not complex enough to model the associated nonlinearity.
However independent SVR models can be developed and tuned to model each outputfvector

Dataset2

4.4.2 ANN for Datasetl (ser@mp)
The initial results of the ANN fobatasetl, comprisingsix inputs oneoutput two hidden

layers and hyperparameteras listed inTable 4-3, with specific loss functionsare presented

below.
Casel: Mean Absolute Error (MAB)Vith No Dropout

After investigation, the optimal ANN model hyperparameters are determined to be as follows:
Loss function = MAE; Lr = 0.055; no dropout; and number of neurons per layer = 10. The initial
results of the ANN fuel cell model developed using Dataset 1 with BigsHoss function and the

hyperparametenmentioned abovare shown irFigure4.5.
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Figure 4.5 Casel neural network result for Datasetl considering MAE as loss function and no dropout: (a) Loss function / MAE
Vs Training Epochs; (b) Voltage prediction
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As Figure4.5 showsthatthe ANN is accuratandits structure (layers) is suitable for this
regressionHowever,even after 100 epochs, the loss function is still unstawth fluctuating

MAE values As such, there is a need to investigate other loss functiocls as MSE.

Case2: Mean Squared Error (MSBJYith No Dropout

After investigation, the optimal ANN model hyperparameters are foorme Loss function =
MSE, Lr = 0.055; no dropout; number of neurons per layer = 10. The results of the ANN with

MSE as the loss function and with the hyperparametergioned abovare shown irFigure4.6.
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Figure 4.6 Case 2 neural network result for Dataset 1 considering MSE as loss function and no dropout: (a) Loss function / MSE
Vs Training Epochs; (b) Voltage prediction

The MSE loss function reduces quickly with the iteration epaalswithout observable
fluctuations; hence, is considered stabilized and offers a good accuracy for the neural network
with the R value of 0.989. However, it is slightly behind in terms of accuracy at extreme boundary
conditionsi.e., Voltage values below 0.15 and above 0.8%se extreme cell voltage values are
normally outside the range of practical operation of PEMHosvever, to improve the accuracy
for these extreme voltage valuds number of neurons in each layer is increased, and the dropout

technique is incorporated for bdthss functionswhich are presented next.
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Case 3: Mean Absolute Error (MAE) With Dropdansideration

The optimal ANN model hyperparameters are determined through extensive analysis: Loss
function = MAE, Lr = 0.055; number of neurons per layer = 20 in both hidden layers; dropout
probability is 0.5 for both hidden layers. The corresponding results of tiewitth MAE as the
loss function incorporating dropout in both hidden layers and withhyiper@rameters as

mentioned edirer are shown ifrigure4.7.
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Figure 4.7 Case 3 neural network result for Datasetl considering MAE as Loss function with dropout:
(a) Loss function / MAE Vs Training Epochs; (b) Voltage prediction.

Again, the MAE loss function is still unstablas shown irFigure4.7, but considering the
encouraging results shown Figure 4.6 with the improved accuracy fRralue is increased to
0.991), the loss function is replaced by MSE, and a similar dropout technique is introduced to the

model by increasing the number of neurons and altering the drop probability, as shown next.

Case4: Mean Squared Error (MSBEVith Dropout Consideration

After considerable analysis, the optimal ANN model hyperparameters are determined as: Loss
function = MSE, Lr = 0.055; number of neurons per layer = 30 in both hidden layers; dropout
probability = 0.5 for the Sthidden layer and 0.25 for th&%hidden layer. The results of the ANN
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with MSE as the loss function incorporating varying dropout probability in both hidden layers and

the hyperparametees mentioned abowae shown irFigure4.8.
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Figure 4.8 Case 4 neural network result for Datasetl considering MSE asfluisgon with dropout:
(a) Loss function / MSE Vs Training Epochs; (b) Voltage prediction.

From Figure 4.8, it is noted that introducgthe dropout technique has resulted in a
considerable improvement in the accuracy of the predicted voltage, witl? traduR of 0.995,
especially considering the nonlinearity in the extreme boundary conditions (voltage less than 0.15
V and great than 0.85 V). Clearly, the use of MSE as the loss function and adoption of the dropout
technique improves the accuracy of thsults with fewer epoch levels (or iterations) needed to

reach converged calculations.

4.5 ANN Results for Dataset?2 (1-D CFD)
The results of the ANN for Dataset@mprisingthreeinputs threeoutputs, two hidden
layers and hyperparameteias listed inTable4-4, along with specific loss functionare presented

below.
Casel: Mean Absolute Error (MAB)Vith No Dropout

The optimal ANN model hyperparameters are determined as following extensive investigation:
Loss function = MAE, Lr = 0.025, no dropout, and number of neurons per layer = 10. The initial
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results of the ANN fuel cell model developed using Dataset 2 with MAE as the loss function and

the hyperparametemsentioned abovare shown irFigure4.9.
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Figure 4.9 Case 1 neural network result for Datagetonsidering MAE as Loss function with no dropout:
(a) Loss function / MAE Vs Training Epochs; (b) Voltage prediction; (¢) Resistance prediction; (d) Lambda prediction

Despite this being a multutput regression problem, this neural network architecture has
quite good accuracy for all three parameters, suggesting that the chosen design and
hyperparameters are close to bdoepl. The loss function (MAE) output is also relatively
stabilized, though fluctuations over the level of epochs are clearly present after 100 epochs. The
accuracy in the predicted lambd& (Rlue of 0.969, as compared with\Rlue of 0.996 and 0.998

for the predicted cell voltage and resistan@a) loe improved further since st@f the data points
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are persistently located beneath the correlation curve. To achieve this the loss function is replaced

with MSE for further analysis, similar to the cases for Dataset 1.
Case 2: Mean Squared Error @) With No Dropout

After considerable investigation, the optimal ANN mdalgberparameters are determined
to be: Loss function = MSE; Lr = 0.025; no dropout; and number of neurons per layer = 10. The
results of the ANN with MSE as the loss function and the hyperparanetetsoned abovare
shown inFigure 4.10. The hyperparameter values consideredpaegisdy the same as in the

previous case, except for the change in the loss function.
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Figure 4.10 Case 2 neural network result for Dataset2 considering MSE as Loss function with no dropout:
(a) Loss function / MAE Vs Training Epochs; (b) Voltage prediction; (¢) Resistance prediction; (d) Lambda prediction
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As it is observed fronfrigure4.10 The change in the loss functi@ras counterproductive
and did not fully achieve the desired results even after siagilice error value. The Rvalues
for the predicted three parameters, 0.995, 0.28@ 0.952 for cell voltage, resistan@nd
membrane hydration, respectively, are slightly smaller thahe previous case. After several
iterations of hyperparameters resulting in no significant change, the dropout technique was again

introduced by increasing the number of neurons for further investigation.
Case 3: Mean Absolute Error (MARYith Dropout Consideration

After extensive investigation, the optimal ANN model hyperparameters are determined as follows:
Loss function = MAE; Lr = 0.025; number of neurons per layer = 20 in both hidden layers; and
dropout probability = 0. 25 for both hidden layers. The results®@fANN with MAE as the loss
function incorporating dropout probability in both hidden layers andhtfperm@arameters, as

mentioned edirer, are shown irFigure4.11.
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Figure 4.11 Case3 neural network result for Datasetonsidering MAE as Loss functiowith dropout:
(a) Loss function / ME Vs Training Epochs; (b) Voltage predigtiqc) Resistance prediction; (d) Lambda prediction

From the above plots, it can be observed thbducingthe dropout technique on this
ANN (Dataset2) has alssignificantly improved the accuracy of all the predicted parameters
Considering the minor fluctuations in the MAE error functiewen after 100 epochthe loss

function is replaced with MSE for further analysis.

Case4: Mean Squared Error (MSBVith Dropout Consideration

After extensive tuning, the epochs are increased to, il¥reas the number of neurons per layer
isreduced to 10 compared with the previous cases. This indicates that more time is needed for the
training, but once it is trained, it is much easier to compute the various predictions from the trained
model. The trained ANN model has the following optimmaidel hyperparameters: Loss function

= MSE; Lr = 0.025;the number of neurons per layer = 10 in both hidtkgrers; anddropout
probability = 0. 25 for botinidden layers. The results of the ANN model with MAE as the loss
function incorporating dropout probability in both hidden layers and hyygerparameters

mentioned abovare shown irFigure4.12.
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Figure 4.12 Case 4 neural network result for Dataset 2 considerir@Ms loss function with dropout:
(a) Loss function / MSE Vs Training Epochs; (b) Voltage prediction; (c) Membrane resistance prediction; (d) Membrane
hydration (Lambda) prediction

From the above resuljt# can be concluded thathanging the loss function to MSE
increasing the number of epochs to 1000, and implementing the dropout teampooeed the
multi-output regression performance and can accurately predict all the output parameters. It is clear
that MSE is reduced quickly without fluctuations over the training epochs (iterations), and the
predicted cell voltage, membrane resistaacel membrane hydration have the best accuracy of
all the models investigated so far, witte tR value of 0.998, 0.999 and 0.999, respectively, and
the MAE less than 0.01
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4.6 Summary

In this study, artificial neural network (ANN) and support vector machine regressor (SVR)
have been used as the machine learning methods to develdyadatbmodels for the performance
attributes and internal statespybton exchangmembrane fuel cell (PEMFC). PEMFC operating
conditions such as cell current, temperature, reactant pressures, and humidity are used as input
feature parameters, while the output parameters include the predicted cell voltage, membrane
resistance, and menae hydration level for various operating conditions. &beuracy of the
databased models evaluated, especially under extreme conditions. The data used for the present
modeling study are acquired, respectively, from i) a phylsased sersempirical nodel (referred
to as Datasetl), and iiydamensionally reducett D Computational Fluid Dynamics (CFD) model
that has been validated with experimental results (referred to as Dataset2). A total of 1100 data
points for each dataset have been generated that cover the entire range of PEMFC operations. 70%
of the data paits are used for training, while the remaining 30% of data points are used for

testing/validation

It is demonstrated that ANN clearly shows an advantage in comparison with SVR,
especially on a multivariable output regression. However, the SVR is advantégeowsieling
simple regressions aglitamaticdly reduces the level of computation without sacrificing accuracy.
It is further shown that the machine learning techniques incorporating the dropout technique can
provide very accurate predictions witA ®0.99 for all the predicted variabléBhisdemonstras
the ability to build accurate dabtmsednodels solely on data from validated phygdiesed models,
reducing the dependency on extensive experimentdtimnfinal prediction accuracy in terms of
R?, root mean square error (RMBEndmean absolute error (MAE) for ANN and SVR algorithms
after tuning for both the datasets to predict voltage, membrane resistance, and lambda is tabulated

in Table4-6 andTable4-7 for comparison.
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Table4-6 Voltage prediction accuraayf SVRand ANN onphysicsbased sermémpirical data (Datasetl)

Algorithm Dropout R? Value RMSE | MAE
SVR N/A 0.989 0.021 0.017
No 0.985 0.025 0.018
ANN-MAE
Yes 0.991 0.019 0.014
No 0.989 0.021 0.014
ANN-MSE
Yes 0.995 0.015 0.011

Table4-7 ANN prediction accuracy (using dropout) ofDICFD data (Dataset?2) for all output vectors

Algorithm Dropout | Predicted Parameter R? Value RMSE MAE
No 0.996 0.016 0.012
Cell Voltage
Yes 0.998 0.011 0.008
No 0.998 0.009 0.006
ANN-MAE Membrane Resistance
Yes 0.995 0.013 0.011
No ) 0.969 0.034 0.030
Membrane HydratiofLambda)
Yes 0.999 0.007 0.006
No 0.995 0.017 0.014
Cell Voltage
Yes 0.998 0.01 0.008
No 0.988 0.021 0.016
ANN-MSE Membrane Resistance
Yes 0.999 0.007 0.005
No ) 0.952 0.042 0.035
Membrane HydratioflLambda)
Yes 0.999 0.007 0.006

The present study indicates that additional feature vectors such as electrochemical
impedanceinterfacial resistances between layers, poisoning effect, ageing, and catalyst leaching
may be considered for better diagnostics and prognostics of PEMFC operation, including water
flooding, reactant starvation, membrane mechanics, state of feadttemainingstate of useful

life.
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Chapter 5 Modeling of Proton Exchange Membrane

Fuel Cell Degradation Dynamics

*This chapteris adaptedrom Legala A d i t h yDatabased modeling of proton
exchange membrane fuel cell performance and degraddtipamics 6 Ener gy Conver s
Management, vol. 296, Sept. 2023, p. 117668, doi:10.1016/j.enconman.2023.117668.

This chapter delves into the use of the dsmiaed modeling technique, artificial neural
network (ANN), which was adopted to comprehend performance degradation and thermal and
pressure dynamics. Experimental data consisting of polarization and cyclimwvatey data are
acquired after every 6,000 accelerated stress test (AST) degradation cycles as stipulated by the US
Department of Energy guidelines. Over 40,000 test cases were considered for training and
evaluating the neural network comprising data fr8§000 fultcell AST cycles. Fuel cell
operating temperatures, pressures, flow rates, and relative humidities are varied to capture the
entire spectrum of PEMFC performance characteristics. Parameters such as the number of AST
cycles endured, or instantanes catalyst electrode surface area, operating current density, reactant
flow rate, relative humidity, system temperature, and pressure are considered as feature vectors
(inputs) to predict cell output voltage, reactant outlet pressure, and temperahath fanode and
cathode streams. Data preprocessing and batch learning are implemented in Python to improve
prediction accuracy and computational time; considering the substantial nonlinear data sets,
various Keras library optimizers and corresponding hyg@ameters are investigated for better
convergence. The trained neural network model is evaluated on 15,000 test cases resulting in an
R2 O 0.995 for all/l the predict ed-bagea modalbtdb e s, d
accurately predict theonlinear behavior of such electrochemical systems with minimal processing

time, advocating for their application in réahe system monitoring, controls and diagnostics.
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5.1Introduction

The impact of industrial and vehicular emissions on air quality and ecology has been
recognized for a long time, especially during the Caddpandemi¢67], [68]. It is imperative to
decarbonize our economies for climate change mitigation and energy s¢g8}ity70]. The
transport and energy sectors are at the forefront of undergoing this historical clean energy
transition, and proton exchange membrane fuel cell (PEMFC) is one of the most commercially
anticipated technologies projected to lead this transifégln [10]. PEMFC is a complex
electrochemical device that converts the chemical energy of reactants directly into electrical
energy through a series of oxidation and reduction reacfiofjs PEMFC's high efficiency,
specific energy, and power density with zero emissions at the point of use make it an ideal choice
for heavyduty transportation and remote power applicatig@d]. PEMFGC being a
thermodynamically open system, unlike a battery, can continuously generate electrical energy if
reactants are fed into the systestiminating the device downtime for charging and avoiding the
need for mammoth cell stackst], [71].

Like any other electrochemical system, the performance and efficiency of the PEMFC depend
on its operation and design, such as fuel cell temperature, reactants supply pressures, the status of
membrane hydration (lambda), current density, the compositidrs@acture of the electrode
(catalyst, ionomer, pore space), removal of water, flow distribution in cell structure and flow
channels built on the bipolar platgkl], [24], [25], [72] Further, its durability or degradation
behavior is determined by the mechanical and chemical stability of individual cell components
such as membrane, bipolar plates, and, most importantly, catalyst Valyiets consist of precious
metals, supporiand ionomer, all of which are affected by operating conditjat§ [24], [72],

[73]. The durability of these individual components affects the-teng performance, a fuel cell's

total useful life, and associated system diagnostics. A PEMFC operating in a natural world
environment is exposed to impurities such as sulfur, oxides ofrgantitogen and metals either
through fuel or air, which can cause catalyst poisoning or deactivation, leading to chemical
degradationll], [24], [72]. Similarly, thermal and humidity cycling under compression in the fuel

cell causes hydrothermal aging where the membrane is subjected to excessive swelling and
shrinking, which can lead to catalyst leaching, sintering, deactivation, and loss of structural
membrane rigidity further leading to the formation of pinhg®%. Loss of pore space due to

disruption of the gas diffusion layer (GDL) structure can lead to mass transport resistance, causing
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starvation and flooding inside the PEMFC electrodes. Constant voltage cycling throughout the life
of PEMFC can cause electrochemicallated agingleading to the degradation of metallic bipolar
plates, catalyst layerand membranes due to forming radicals. Depending on the operational
environment, applicatigrand calibration, these aging mechanisms can simultaneously occur in a
fuel cell, leading to various degradation behaviors and charactefisticsDegradation in the
PEMFC affects not only the output voltage (or efficiency) of the cell but also its pressure and
temperaturgelated dynamics due to the deactivation of the catalyst, change in poreamhce
membrane structural deterioratiprd], which in turn impact the performance degradation and

reliability of the cells.

Additionally, unlike combustion engines, there are no significant visual or audible indicators
during operation for an electrochemical system like PEMFC that can be used as an identifier to
detect degradation or abnormalities before a catastrophic failure. Only the data from internal stack
electrical, thermaland pressure residual signatures can be used to identify degradation and
malfunctions in the PEMFC,; this is a significant safety challenge during the commercial operations
of such systemg§l8], [75], [76] Considering these PEMFC operational challenges, there is a
definitive need for a PEMFC model that can accurately monitor the system response, predict the
system performance, and estimate the degradation rate. The model must be able to predict output
attibutes not only from a voltage perspective but also from a thermal and pressure dynamics
perspective at various levels of cell degradation fortigsd diagnostics and prognostics.

Traditionally, PEMFC uses the equivalent circuit models (ECM) to replicate the behavior of
the fuel cell, predominantly for system contr§d®], [36], [77], [78} however, these models
cannot comprehend the complete degradation or thermal or pressure dynamics. Computational
fluid dynamics (CFD) models for PEMFC are robust enough to predict the fluctuations in the
thermal and pressure domaihpwever, due to the fundamental assumptions in the model,
considering allthe degradation behav®rsimultaneouslyver a long period of operations
challenging, especially without explicit material propertisysicsbased electrochemical models
can predict the state of Hmdegradation with an acceptable error but are limited to the aging
mechanisms and assumptions consid¢v®, [80]. Moderrday hardware and computational
limitations allow the deployment of ECM modelshich are computationally simple on the
embedded controller. However, due to their complex pmmased differential equations, the
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threedimensional CFD models cannot be used on anytireal embedded systems. Modeling
these individual degradation behaviors through a phymsged or electrohemistrybased model
requires the availability of detailed material properties, design atigband a comprehensive
understanding of every physical phenomenon encountered and their compounded effect of mutual
interactions, which may not be possible at every instance leading to assumptions and default
limitations of the model capabilities. This corapity and lack of transparency in fuel cell material
properties make a case for adopting-traditional techniques, such as artificial neural networks
(ANN), to resolve such complex issyé3], [80], [81], [82]

Robust datdbased models for PEMFC are in the early stage of development due to the inherent
nontraditional modeling approach and limited availability of experimental or validated simulation
data in the public domain; physibssed models dominate. Howevthe rise of computational
power, data acquisition technolgggnd the complexity and interconnectivity of modern
energy/propulsion systems are pushioga datébased approach. Chang etf&B8] proposed a
nortlinear recurrent dynamic neural network to predict the remaining useful life of PEMFC by
estimating the PEMFC voltage at various time intervals by utilizing the PEMFC operational data
of 150 to 650 hours; however, this approach involved abeumulation of large sets of
experimental data (operating the PEMFC for up to 1000 hours) and also application of locally
weighted regression to preprocess the data[Z4jchas used a long shegrm memory network
approach to predict the PEMFC degradation by estimating the cell voltage and this approach also
consists of preonditioning the data by using a Savitz&play filter to remove measurement
noise. Ma et di85] applied a grid long shoeterm neural network to predict lofigrm voltage loss
in the PEMFC where operating current, voltage, and temperature are considered as feature vectors;
however, utilizing this deep learning approach is computationally expemspedict the cell
voltage in an ofboard diagnostic setup. Sily86] has applied the adaptive neduzzy logic
approach to solving the problem of PEMFC prognosfiesusing on reatime application to
predict PEMFC voltage with great accuraklowever, this approach does not consithermal
and pressure dynamics. Sim@&T] has used the unique echo state network concept by replacing
the hidden layers with neuron reservoirs and estimating the Hurst exponent in the ANN framework
to predict cell voltage, but the algorithmeeded to be more robustcomprehend the transitive
behavior. Vichard88] has also used the echo state netwaaged neural network architecture by

considering the total electric charge applied to the system as a relevant input to accurately predict
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the cell voltage over 5000 hours of PEMFC experimental data, but results show that no less than
60% (3000 hours) training data is necessary for good accuracy. FE8joemonstrated the
application of signal processing techniques for fuel cell diagnostics and degradation by considering
the relative entropy and output voltage; however, the thermal and pressure dynamics of the system
are not considered limiting the posétyiof detecting fuel cell flooding and hot spot formation.

Chen [90] has combined the grey neural network model method with the particle swarm
optimization technique to predict the degradation in the PEMFC by using a minimal amount of
initial operational data but, only 50 hours of data is considered for the validatiammlgritde cell

voltage is predicted with nominal accuracy.

Most of the existing literature formulates the degradation behavior of the PEMFC as a complex
time series problem and needs hundreds of hours of fuel cell operational data to capture the
degradation behavior. To the best of our knowledge, no existingbdatal model can track
accurately the degradation behavior along with temperature and pressure dynamics of the PEMFC
system that can be simultaneously used for diagnostics and prognostics. Therefore, the objective
of this study is to tackle the abewgentianed gap in the literature by contributing the following:

1. Development of a comprehensive mirjput multroutput datebased model that can predict
the voltage degradation, temperature, and pressure dynamics of the PEMFC across various
operating conditions.

2. Formulating the PEMFC voltage degradation behavior as a regression problem, a proposed
alternative to time series models by introducing the concept of endured accelerated stress test
(AST) cycles and electrode catalyst surface area (ECSA).

3. The proposed method and training technique avoid the need for any additional signal
conditioning and data filtering techniques,
predict voltage and pressure fluctuations.

4. The proposed method is applicable for both steady conditions and during transition
operations to predict temperature and voltage behaviors demonstrating the feasibility for on

board diagnostic application.

5.2 Experimental Procedure

First, a customized membrane electrode assembly (MEA) for the fuel cell is manufactured in

the lab using a commercially available 60% Pt/C catalyst. A homogenous catalyst ink is prepared
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with ethanol, deionized water, Aquivion as an ionomer and a total Pt (catalyst) loading of 0.5
mg/cnt. The membrane is uniformly coated with the catalyst ink and sandwiched between known
porosity gas diffusion layers consisting of a microporous layer and a macroporous substrate,
completing the seven layered MEA. The total active surface area of the MiEéLisd 45 crh

and is encapsulated between the bipolar plates and sealed under compression to prevent any
leakage of reactants during operation, thus cetiqg the PEMFC assembly. The entire
experimental data is generated using the Automated Greenlight G20 fuel cell test station. The
initial performance (baseline) of the prepared fuel cell is evaluated by capturing the data from the
polarization curve of tfuel cell at various operating conditions, such as at various stoichiometric
ratios obtained by changing the flow rate of both hydrogen (0.1 to 4.5 slpm) and air (0.65 to 9
slpm), operating under various anode (0.5 to 270 kPa) and cathode (0.5 to PpéekBares, at
different fuel cell and reactant temperatures (55 tt&®0under various reactants relative humidity
conditions (20 to 100 % Rh). These PEMFC working conditions during the baseline evaluation
are chosen to capture the data from the entire fuel cell operational spectrum where the sensitivities
associated withaeh input parameter to the fuel cell output can be mod@ldd[92], [93]. After
establishing the initial baselineEMFC is subjected to 30,000 accelerated stress test (AST) cycles

to induce degradation of catalyst layers by cycling the voltage through the fuel cell as per the U.S
Department of Energy guideliri@g]. The data from polarization curves and cyclic voltammetry

are collected every 6000 cycles to analyze the system performance degradation and electrode
catalyst surface area (ECSA). The crossplot of all the PEMFC's operating conditions (system
inputs) and plarization curve data (outputs) during the baseline evaluation and after degradation
evaluation collected during the experiment are showsgare5.1. The data acquired during this
experimental procedure consists of an acceptable signal noise level and is not subjected to any
filtering or smoothening techniques to evaluate the algorithms' robudtigs®5.1 emphasizes

the correlations between the various PEMFC experimental attributes using pair plots, which is a
combination of multiple scatter plots (hetbe nonlinearity of the data can be visualized and
analyzed) and kernel density estimate (KDE) plot (diagonal plots illustrate the smoothed
underlying data distribution). Scatter plots Figure 5.1 help identify if two corresponding
variables have linear or nonlinear correlations (e.g., exponential, logarithmic, etc.) or if itis random
(no correlation). Gap data analysis (gaps in operating ranges) from KDE plots of various

parameters illustrated irigure5.1 indicate that only reactant humidity and endplate temperature
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attributes have a clusteratistribution, whereas the rest are dispersed across the operational
regime. Further, Figure 5.1 illustrates the variability of PEMFC outputs at different operating
conditions and their respective nonlinearity and distribution with the operating current.
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Figure 5.1 Cross plot of PEMFC operational parameters [experimental data] (a) Fuelrgalits-1; (b) Fuel cell input$ 2; (c)
Fuel cell inputs 3; (d) Fuel cell outputs

5.3 Data-based Modeling
After considering nonlinearity in the data set and the initial literature suttveynodelling
aspect is formulated as a muhput multioutput regression problem and fefedward artificial
neural network (ANN) architecture is chosen. The degradation aspect of the PEMFC is introduced

into the model by either considering the numbdex®T cycles endured or the instantaneous ECSA
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calculated by the cyclic voltammetry data as the input factor. Using the parameter of endured AST
cycles/ECSA as an input indirectly introduces the concept of fuel cell run time into the model;
here, a correlation between re@@brld fuel cell operationaime and degradation associated with

the number of AST cycles/ECSA is necessary, which varies on the type of application and system
calibration that can be determined experimentally. This approach eliminates the need for complex
time seriesdbased recurremteural networks or long sherm networks, reducing computational

complexity and processing time to predict the degradation level and associated corrections.

5.3.1Feedforward ANN

Feedforward ANN architecture is one of the most widely used -dated modeling

techniques for supervised learning, which is inspired by the human biological neural network
consisting of layers of interconnected neur¢®s], [96], [97] A neuron in an ANN is the
fundamental processing unit, where it receives the information from other neurons, coritplies

an output depending on embedded mathematical functions (also referred to as activation
functions) and transmits output to the next neuron. In a fieedard ANN, the flow of
information transmission is only in one direction, i.e., from the input layers (input attributes are
introduced here) to subsequent hidden layers (which host interconnectedsrieamomultiple

layers) Each no@ in the output layer is connected to the nodes in the preceding hidden layer
whichprovidesa final output. A schematic of the neural network is showigare5.2. The error
backpropagation process calibrates the weights and biases associated with each neuron based on
the difference between the desired and targeted output. This error is then continuously propagated
backward through each layer of the neurons tosadeir corresponding weights and biases until

reaching the desired output that meets the specified accuracy.
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Figure 5.2 Schematic of the neural netwakd backpropagatiof45]
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The activation function embedded in the neurons introduces the nonlinear behavior to the
model; the accuracy, trainingnd computational time requirements determine the number of
hidden layers and associated neurons in each layer. Considering the nonlinearity of the data,
training parameters such as learning rate, optimizers, and neuron interconnection probabilities
shoutl be calibrated. All these factors, from the structure of the neural network to the training
attributes, are considered hyperparametarseed to achieve the required level of accuracy.
Detailed information on ANN architecture, activation functions, mathematical formylatioin
calibration isdiscussed in Chapter 2 and Chaptd#8].

5.3.2Data preprocessing

Data preprocessing is necessary to transform the data in an organized way at specific scales
without altering the fundamental nature of the data. aspects. This preprocessing can help improve
t he neur al net wor kds per f oaonenafntbee modi yyommoam k i n g
preprocessing steps implemented on the input data before it is fed into a neural network, as all the
inputs and outputs correlate differently in nonlinearity and sensitedtyning the weights of the
synapses (connections) between neueasserThe MinMax Normalization method isn@ of the
most common ways to implement normalization on the [@8h [99], [100], [101] where the
data scales to a fixed range, usually between 0 and 1. It is calculated by subtracting the minimum
value from each data point and dividing the result by the range (maximum value minus minimum
value) as shown below:

87 &
(D) ZW

In some cases, the decimal scaling mefl8&g, [99], [100], [101]can be implemented where
the data scales by multiplying each value by a power of 10 and rounding to the nearest integer.
This method can be helpful for data with a wide range of values but a relatively small variance. In
this case, the MiMax normalizatbn method is implemented as all the PEMFC operational input

parameters and output attributes are-negative physical entities with a smaller range.
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5.3.3PEMFC model feature vectors and predictatiributes

In a neural network, the input dataset is typically organized into multiple individual input
arrays, also referred to as feature vector arrays. These arrays of inputs represent the input variable
characteristics at a particular sample or instance. For REMEature vectors (input) are initially
selected by considering the governing physics and chemical kinetics involved and further screened
based on the ability to measure or estimate accurately and reliably. After deliberations, the
following parametersra chosen as the feature vectors (inputs) for the PEMFC ANN model: the
number of AST cycles endured or current electrode catalyst surface area, operating current density,
anode fuel flow rate, cathode oxidant flow rate, anode reactant humidity, cathol@atox
humidity, anode operating pressure, cathode operating pressure, the temperature at anode bipolar
plate, the temperature at cathode bipolar plate, the anode inlet temperature, and cathode inlet
temperature. The target variables in an ANN, also callediction variables, are the final outputs
of the neural network, which can either be a classification decision or a regression value. For the
PEMFC model, the prediction variables are chosen to capture the residual from electrical, thermal
and pressure signatures. The cell output voltage, outlet preaadreemperature for both anode
and cathode streams are chosen as prediction vartabtesin help diagnosabnormabehavior
or estimate degradation performance. The feature vectors (inputs) andtipnediariables
(outputs) for the present PEMFC model are listedable5-1, and the schematic of the neural

network is shown ifrigure5.3.

5.3.4ANN Design and Hyperparameters

The feedforward ANN has multiple structural attributes and hyperparameters that must be
optimized and calibrated to accurately model
regions. The following hyperparameters and factors are considered duringiadh& NN design

and training phases.

5.3.4.1ActivationFunction

Considering that the PEMFC polarization curve has both linear and nonlinear regions, the
chosen activation function in the ANN should be able to comprehend both linear and nonlinear
responses depending on the feature vectors. The activation functioug@saaonlinearity into
the network and allows it to learn more complex relationships in the data. Several different
activation functions can be used in an ANN, each with unique properties and challenges such as
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Sigmoid, Tanh, and Swisfil02], [103], [104], [105] However, most activation functions
incorporate exponential operatiomssuling in higher computational power and processing time.
Considering the computational efficiency, a rexponential activation functioRectified linear

unit (ReLU)[102], [103], [104], [105]is chosen for the present PEMFC modeling after multiple
iterations, as it is computationally simple and yields better results in both linear and nonlinear
regions by addressing the vanishing gradient problem. Graphical representation and behavior of

the ReLU function and its derivative are showrFigure5.4.

Table5-1 Feature vectors and prediction attributes for firesent fuel cell ANN model

Prediction attributes

Feature Vectors (Inputs) (Outputs)
utputs

ECSA / AST Cycles

Current Density

Cell Output Voltage
Anode Fuel Flow P g

CathodeOxidant Flow
Anode Pressure Out
Anode Humidity

Cathode Humidity Cathode Pressure Out
Anode Operating Pressure
Cathode Operating Pressure Temp Anode Out
Temperature at Anode Bipolar Plat
Temperature at Cathode Bipolar Plz Temp Cathode Out
Temperature Anode In

Temperature Cathode In
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Model Inputs

ECSA/ Cycles

current_density

Model Predictions
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Figure 5.3 Schematic of thproposeduel cell neural networkuel cell degradation

Figure 5.4 Graphical representation of Rectified linear unit function ¢(oedored curve) and derivative (blkemlored curve)
[45]

5.3.4.2Hidden layers and nodes

In the ANN, a hidden layer is defined as a layer of neurons that are not directly connected to
the feature vectors or prediction variables of the network, whereas nodes are defined as the number
of neurons in each hidden layer. ANN with less than two middgers is considered a shallow
neural network, and a deep neural network has more than two hidden layers. The number of hidden
layers and nodes significantly impacts the model's ability to learn and gemé¢oatiew data and
requires experimentation fod the best configuration based on the required accuracy, available
computational power, model robustness, model training,tiamel data set characteristics.

Excessive hidden layers and neurons can lead to overfitting of the model, which regularization
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techniques, such as dropout and weight dexzay preventin this case, multiple iterations of

hidden layers, neurons per hiddyer, are simulated with a common activation function to
evaluate the accuracy, training tijread processing timeéA few results of these iterations are
discussed in the followp sections and illustrated gure5.5.

5.3.4.30ptimizer, learning rate and epochs

An optimizer is a mathematical algorithm that calibrates the weights and biases of the
connections between neurons in an artifio@lral network (ANN) to minimize the error between
the predicted and true values. The learning rate is the main hyperparameter of the optimizer
algorithm that needs to be calibrated, and this learning rate determines the step size at which the
optimizer malifies the weights. Too big of a learning rate may lead to skipping the global minima
resulting in oscillation or divergence, and too small of a learning rate may lead to longer training
times and processing power. Epoch represents a single iteratiba thining dataset, during
which the weights and biases of the connections between neurons are updated based on the error.
The combination of learning rate and epochs should be balanced, as any deficiency might result in
either underfitting or overfittinghe model.

Several different optimizersuch as Stochastic gradient descent (SGD), Adaptive Moment
Estimation (Adam)andResilient Propagation (RProp), are available in Python's Keras library for
regression problenf406], [107], [108] The performance of both SGD and Adam optimizers are
evaluated in this study: SGD updates the weights based on the gradient of the loss function with
respect to associated weights. SGD has the advantage of being easy to implement and fast to
compute, buit is sensitive to the learning rate and may not always converge to a global minimum.
On the other hand, the Adam optimiz®mbines the concept of SGD and momentum, where an
exponentially decaying average of past gradients is used to scale the ledmintich can help
the model converge more robustly at a faster pace. For the Adam optimizer, both the learning rate
and decay rate act as hyperparamefaviding further flexibility in calibrationThe results of

these iterations are discussed in the follgnsections and illustrated fgure5.5.

5.3.4.4Batch learning vs Singlshot approach
Batch and singkshot learning are two approaches to exposing the data set to the ANN during

training[109], [110], [111] The difference between both approaches is that in batch learning, the
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model is trained using a fixed dataset, and the weights or biases of the connections between
neurons are modified after processing the entire dataset. In-shmfldearning, the model is
trained using a single instance of the data and the weights &ed bi@ updated immediately after

each instance. Batch learning is used when the dataset is large enough to be processed in a
reasonable amount of time and can be more computationally efficient, leading to a better
generalization performance, as it conssdiie entire dataset when updating the weights. Whereas
singleshot learning is applied on small datasets, allowing the model to learn and adapt more
quickly to new data, it can be less accurate and more prone to overfitting, as it only considers the
spedfic single instance to update the weights and bias values. Consitleattite current data set

has more than 40,000 test casesmmalti-input multi-output (MIMO) regression batch learning
approach is implementedhere the impact of different batch sze investigated to compare the
processing times and accuracy of the model. A batch learning approach with a batch size of 500

to 5000 points resulted in a training time of under 10 minutes.

The prediction results of a few ANN model iterations and associated hyperparameters are
shown inFigure5.5 and tabulated iTable5-2. The iteration process is initiated with Iteration A
(shallow neural network consisting of only two hidden layers and 50 neurons) with 0.25 dropout
probability, and associated hyperparameters such as learningreatmed in an iterative process
to achieve minimum acceptable prediction error. The initial resultstiieriteration for pressure
attributes are excellent; however, voltage and temperature predictaracycould be better
considering thenormalizeddata. Based on this observation, a second lIteration B is investigated
(deep neural network costing of only three hidden layers and 150 neurons) with 0.5 dropout
probability and similarly tuned with various hyperparameté&ise performance of the neural
network at extreme conditions is not adequaig in some cases, worse than Iteration A. Iteration
C is built upon Iteration B by replacing the SGD opgeniwith Adam and increasing the neurons
per layerwhich yielded a much better performance when compared to Iteration A and B. Iteration
C despite demonstrating an excellent prediction accusastyll a deep neural network with three
hidden layers which takes a considerable amount of training and processing time, to resolve this
Iteration D with similar Adam optinzer and increased dropout probability is configured on a
shallow neural network consisting of only two hidden layers and associated hyperparameters are
tuned. lteration D performed relatively similarly to Iteration C, with minimal training and

processing the for the neural network.
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Figure 5.5 Results of the neural network hyperparameter iteration: A; B; C; D
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Table5-2 Neural network hyperparameter iteration details

. Hidden | Neurons | Dropout o Learning )
Iteration | Optimizer Batch Size
layers | per layer | Probability Rate
A 2 50 0.25 SGD 0.025 32
B 3 150 0.5 SGD 0.0025 1000
C 3 500 0.5 Adam 0.0025 1000
D 2 150 0.75 Adam 0.005 500

After considering the iteration resulid computational efficiency, iteration D had the best

overall accuracywith anR? value greater than 0.998nd was selected as the final architecture

andhyperparameters of the ANN, as tabulatedaile5-3.

Table5-3 Finalized neural network hyperparameters.

Hyperparameters Values
Inputs feature vectors 12
Output parameters 5
Hidden layers 2
Nodes Neurons 150

Activation function

RelLU-1%t 2" |ayer;
Linear? final layer

Loss function 60 MSEOG
Optimizer Adam
Learning Rate (Lr) 0.005
Beta_1 (decay factor) 0.9
Iterations / Epochs 1000
Dropout probability 0.75
Batch Size 500
Training Time 5 Mins
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5.4 Results andDiscussion

This section evaluates the PEMFC model performance after training by comparing the final
prediction attributes to their actual experimental values (true values). However, it must be noted
that the recorded experimental values can induce measurement neige thstrumentation
procedures and interference from another physiological process. The performance of the PEMFC
model to predict output voltage, temperature, and pressure after various AST degradation cycles
is discussed in sections4.1, 5.4.2, and5.4.3, respectively. Sample points and associated
degradation conditions (AST cycles) and cell current are tabulafeable5-4 and represented in
Figure5.6. During the polarization curve evaluation, the varying feature vector (input) data to the
PEMFC modehre the operating cell curreand theAST cyclestherelative humidity of reactants
(whichis maintained at 100¥othe cell temperatur@tabilized at 75C), reactant inlet pressurés
maintained at 35kPagand the flow rate of hydroggiset at 4.5 SLPM andtheair (set at 9
SLPM). Section5.4.4 discusses the PEMFC moteéffectiveness over transient operating

conditions at widely varied temperatures, pressures, flow rates, humigittbsurrent densities.

Table5-4 Sample points and fuel cell degradation levels

Sample Points Cell degradation level (Endured AST Cycles
1-132 6000
133 262 12000
263404 18000
405534 24000
535668 30000
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Figure 5.6 (a) Cell current at various sample points; (b) AST cycles at various sample points

5.4.1Prediction of PEMFQ/oltage Degradation

For the first 6000 AST cycles, there was no observable (statistically significant) degradation

in the cell performance; as a result, the 6000th cycle is considered the new baseline. The

polarization curve is evaluated every 6000 cycles under the saméausdaind the model shows

an excellent correlation between the actual (true/experimental) and-predeaited value. The

sample data points of polarization curves with their actual and predicted voltage values at various

current densities are shown kigure 5.7. As observed, the initial OCV at various levels of

degradation is relatively unchangeétbwever, the cell voltage at mid to higher current densities

shows considerable degradation in performaacd the model accurately captures the voltage

degradation trend.
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Figure5.7 ANN predicted voltage degradation. (a) Voltage vs sample points; (b) Voltage vs cell current

5.4.2Prediction of PEMFCIemperature Dynamics

Similarly, the temperature of the outlet gases at titfanode and cathode is measured during
the polarization curve evaluati@very 6000 cycles. The AST cycles haghinimal effect on the
temperature dynamicsis expecteddue to the electrochemical aging process, which does not
impact the structural properties of the membra&igure5.8 andFigure5.9 show that anode and
cathode outlet temperatures exhibit differeanénd patterns and variatisnBoth exhibit
temperature rises with increasing current density, but there is an observable dip on the anode side,
suspected to be due to the back diffusion of water from the cathode to the anode at higher operating
currentsreducing the anode outlet temperature. The relative variability in temperature dip between
6000 cycles and rest can be attributed to the change in the water retention capacity of the membrane
due to aging, impacting the water back diffusion process,haféecting the anode out reactant
temperature at high current densifies2]. The temperature change is arouf@ g £C at normal
operating conditions for a single cell; when multiple cells and stacks are considered, this
temperature change will meore significant especially if a hotspot is encountered due to PEMFC
pinhole formation or due to any change in membrane ohmic resistance. Considering that the
current model can predict similar minute temperature patterns at various operating conditions, this
approach came scaled up for diagnostic purposes to predict hot spot famatid membrane
dehydration by recognizing the errors and patterns that deviate from normal bdhavigint be
mentioned that the temperature anomalies observEmjime5.9 (b) around the sample point of
400 at the temperature of around 75.5°C are due to the transition in the operating current, that is,
the operating current has been reduced after the peak current condition, as this is also observable
in bothFigure5.6 andFigure5.7.
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Figure 5.9 ANN predicted fuel cell temperature dynamics [ Eag@erimental Value; Blué’redicted Value] (a) Anode reactant
outlet temperature; (b) Cathode reactant outlet temperature

5.4.3Prediction of PEMFC Pressure Dynamics

Similar to temperature dynamics, the PEMFC model can accurately predict pressure drop
across the fuel celyhich changes with resistance to mass transport of reactants and products (all
pressures are designated relative to gauge presdoregver, during a constant reactant flowrate,
the fluctuations in reactant outlet pressures are minimal (only a few Pascals) unless there is a
significant blockage due to watéfigure5.10 andFigure5.11illustrate only a specific operating
cycle with varying current and constant reactant flow rate (at various AST cycles), and the
algorithm prediction performance echoes the AST cycling, as seen in early figures. This is because
the current datbased modds predominantly tuned to predict pressure fluctuations at transient
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conditions, for which it performs robustly with great accuramy shown in thdollowing
subsection (sectiob4.4). As such, the current model could be further tuned or optimized for this
duty cycle of constant reactant flow rgtesmd the transient performance results at different
operating pressure ranges are shown in sebtibd. As expected, the pressure drop across the
cathode is higher, resulting in lower cathode outlet pressures due to the high reactant flow rate.
The AST cycles had minimal effeon the pressure dynamics as the degradation mechanism does
not impact the gas diffusion layers, gaskatsl bipolar plate structure, which can be observed in

the figures. A minute outlet pressure drop at high current conditions can be noted on the cathode
side, indicating minimal flooding. However, similar to the change in temperature, prdespse
across multiple cells and stacks will be a magnitude higher and increase during flooding at higher
current densities. Considering the current PEMFC mogdel®rmance level to track pressure

drop across a single cell, it can be scaled up to detect flooding in PMEFC during abnormal
operations.
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5.4.4Prediction of PEMFC transient dynamics and model robustness
Although fuel cells are designed primarily to operate under stefadly conditions, the
transient operating points are critical, and the PEMFC model must show good correlations during

these transient conditions. The data acquisition system can alsqdxesilo measurement noise

during these transition processes due to the inherent limitations of sensors and data sampling
intervals.The experimental data has inherent measurement noise due to the limitation of current,
vol t age s ensorcldntepereece)and theinflue(ice bf evatér condensation on
thermocouples and pressure transducirs. databased PEMFC model can not only predict the
system outputs accurately at different operating zones (high and low pressure, temparatures
currents) but also has excellent robustness when dealing with sensor noise and unstable conditions,
as shown inFigure 5.12 and Figure 5.13, advocating its suitability and adoption for-board
diagnostics applicatian The algorithm also accurately predicts the pressure fluctuation in
transient operation relatively better than the steady state, as illustrafegune 5.13, across

various pressure range3he overall performance oftheddisa s ed PEMFC model 6s
capability is evaluated across a wide range of operating conditions, including steady state,
transient, low and high current densities, low and high reactant flow rates, pressutes
temperaturesand the associated error statistics across 41,255 data points are represented using

histograms as shown iRigure 5.14. Most of the prediction attributes are within 5 % error,
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emphasizing thelgorithm's &curacy and robustness, especially consideringrnigasuement

datais na filtered.
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5.5 Summary

In this study, a multinput and multioutput datebased model for proton exchange membrane
fuel cell (PEMFC) trained on experimental data using-feedard neural network architecture is
successfully developed to predict the voltage degradation, temm@erand pressure dynamics of
fuel cell over various operating conditions. Twelve fuel cell operating parameters are considered
as feature vectors (inputs) to simultaneously predict five prediction attributes (fuel cell outputs)
that can be used to diagmohuel cell operation and degradation. An experimental dataset
consisting of over 40,000 test cases, including data from various degradation levels, is used for
training and validation of the neural network and is purposefully not subjected to any data filtering
or smoothening. The voltage degradation behavior is formulated as a regression problem, using
the endured accelerated stress test (AST) cycles to input the neural network's degradation factor.
Multiple iterations of model hyperparameters, optimizarsl batch learning are implemented to
improve the accuracy and robustness of the neural network. The model demonstrates excellent
accuracywithRO 0. 995 for all the predicted variable
the validation phase and on new data across multiple operating conditions, enabling the model to
track voltage, temperature, and pressure patterns, a majority within 5% EnPEMFC neural
network can track the voltage, temperature, and pressure fluctuation in the presiegcadstion,
measurement noise, and transition conditions, exhibiting excellent robustness and demonstrating

the feasibility of such models for onboard diagnostic purposes.
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Chapter 6 Hybrid Databased Modeling to Predict

Thermal Behavior of LIB

This chapter aims to demonstrate the capability of hylimged models to predict theat
generation rate of electrochemical systems, control the thermal management system and detect

sensor faults in a battery management system

*This chapteinis adaptedrom Legala Adithya, et alfiHybrid databased modeling for the
prediction and diagnostics of ion batterythermal behaviors 6 Ener gy and Al ,
2022, p. 100194, doi:10.1016/j.egyai.2022.100194.

The world has seen a significant emphasis on transitioning to green energy sources to
combat global warmingand Lithiumlon Battery (LB) technology is at the forefront of this
processLithium-ion battery (LIB) has been deployed for the electrification of the transport sector
as a key strategy for climate change mitigation and adaptation. However, it has significant
technical challengesuch as thermal runaway, requiring a good understanding and accurate
prediction of the LIB thermal behavior (heat gextiem rate). In this study, a novel hybrid
approach using an Atrtificial Neural Network (ANN) is developed for predicting the heat
generation rate with discharge current, output voltage, ambient temperature, cell surface
temperature, and Depth of Dischaf@OD) as the feature vectors (inputs); where the DOD is
estimated with an Extended Kalman Filter (EKF), and direct Coulomb Counting (CC) method. A
shallow neural network utilizing the Marquettevenberg algorithm is designed and calibrated
using over 800@ases of testing data. It is shown that the predicted heat generation rate of LIB
agrees well with the experimental results with an accuracy of R > 0.995. Further potential of this
hybrid databased model is evaluated by simulating a thermal managenséetnsgontrol and by
introducing voltage and current sensor faults for diagnostic purposes. It is shown that, when
compared to the experimental value, the relative error of the total heat output generated is less than
2% when there is no sensor fault, amdager than 50% and 25%, respectively, with an induced
failure of the current and voltage sensor, demonstrating the ability to build accurate models relying
solely on LIB discharge data for sensor diagnostics. This study highlights the combination of using
battery thermal behavior with machine learning for-temé battery system monitoring, controls

and field diagnostics
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6.1 Introduction

Current uncertainty in oil prices, rising greenhouse gases, and vehicle emission regulations
are significantly changing the automobile industry's market outlddk([3], [69], [115] The
proposed changes intend to replace internal combustion engine vehicles with electrified vehicles,
predominantly with battery electric vehicles (BEM), [5], [7], [8]. The battery is the most
prevalent electrochemical energy storage device that converts chemical energy to electrical energy
and vice versa during discharge and charge operations, involving the insertion (lithiation) and
extraction (delithiation) of lithion ions [8]i[10]. Lithium-ion-based chemistries are the most
commercialized battery technologies in the automotive and portable electronics industries
primarily due to their higipower density, energy density, stability, and minimal memory effect
[11]. However, Lithiumion battery (LIB)operation generates heat due to various overpotentials
and electrochemical reactions associated with charging and dischdfdi6fy This heat
generation of the LIBnimics a nonlinearfunctionandalsoraises the temperature of the battery,
which in turn increases exothermic chemical reaction, resulting in a further increase in
temperature, leading to the phenomena referred to as thermal ruddwhyf118], [119], [120]
The battery heat generation rate knowledgessential to designing an efficient thermal
management system to improve the battery performance and associasadefahfety systems
[121], [122] LIB heat generation rate during discharge depends primarily on discharge current,
voltage, ambient temperature, cell surface temperature, and the State of Charge (SOC)/Depth of
Discharge (DOD) of LIB (which represents the currently available batterycitgpgb9], [116].
Therefore, prediction, diagnostics, and prognostics of LIB thermal behavior are significant for safe

and efficient operation in practice.

Traditional battery thermal behavior models are dominated by pHyased models such
as Computational Fluid Dynamics (CFD), lumped thermal models and heat transfer models which
rely on material conduction properties, cooling system attributes and &esfietr mechanics to
estimate the total heat output of the battl®3], [124], [125], [126] These physicbased
modeling techniques, though accurate, cannot be used intamreaystem for field monitoring
or control due to the complex computation involved, thereby limiting their use only to the
developmental phasBatabased models (Abased) are in contrast with the phydiesed models
where the entire inptautput relations of the model are determined experimentally without prior

knowledge of material conduction properties, and internal attributes and can migndreented
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in reakttime on the field due to their fast computatjdh], [42], [127] Considering the advantages

this study focuses on the hybrid approach of usingliéad models supplemented with physics
based/empiricagéquivalent model techniques to predict the heat generation aspect of the LIB. The
LIB system is an electrochemicaystem that consists of complex chemical kinetics and ion
transport phenomena; however, since it is a closed system, there are no external reactant input or
product exhaust parameters, relatively reducing the number of available feature vectors for the
dewelopment of the dathased models. There are only four major measurement parameters in a
LIB system: operating current, temperature, voltage, and total resistance/impedance, which are
typically used in numerous machine learning models in this area tciptieeliState of Charge

(SOC) or State of Health (SOIH)28], [129]

This chaptediscussea novel approach to using an Artificial Neural Network (ANOY)
predicing the heat generation rate coupled with an Extended Kalman Filter to estimate the
corresponding SODOD of the UB, as shown irFigure6.1. This type ofmodeling with ANN
and EKF can be regarded as a hybrid model as it incorporates both the characteristidsasedata
modeling and elements of equivalent circuit, physiased modeling=rom the literature, it is
evident that SOC estimation through ANN and EKF is an established technique that can be further
modified to predict the thermal behavior of the LIB.

Aty .
———— |—‘DODRH = DOD, + (E) i + Wy
Voltage Sensor

Readin Kalman Filter —l_ - Equations
(EKF) Voc’J Voc-4PhattRbatt .

dDOD/dt= Wy
2RpattQpatt

Coulomb Vi (Measurement t Equation)
Counting (CC) = Puxp + Paxjy + Paxf + Pyxi + Poxit + Poxit + Poxi
+Pyxp + Py + 1y

20210 |EHTEE) DOD Prediction using EKF
. thionBattery nstantaneousiieat ate

System
Temperatures

Anode Temp Ta H—= O

Cathode Temp Tc

Experimental Data Neural Network Training and Prediction

Figure 6.1 Schematic of the proposed artificial neural network architecture with EKF
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6.2 2. Data Acquisition

The data for the development and calibration of the ANN and EKF model in MATLAB is
obtained experimentally by discharging a commercially available prismationLbattery
(LiFePO4) from A123 at various operating conditi¢d8], [37]. The heat generation rate of the
20 Ah LiFePO4 prismatic battery from A123 during discharge is measured with the help of a
custombuilt calorimeter using Higibensity Polyethylene (HDPExnd a schematic of the
experimental setup is shownhigure6.2 [36]. The charge and discharge cycles of the battery are
controlled by Greenlight Innovations G2R0 multichannel battery test station also referred to as
the Automated Battery Test Station (ABTS), with an accuracy of around 0.2 A and 0.05 V in
source currerdnd voltage control, respectively, and 0.03 A in current sink control, and 0.06 A in
current measurementhe heat generation rate is calculated with the help of the convolution
theorem as described in the previous publicafi8@]. The battery discharge tests were conducted
at various discharge rates (0.25C, 0.5C, 1C, 2C, and 3C) and various ambient operating
temperatures-{0°C, 0°C, 20°C, 30°C, 40°C). Further description and explanation of the
experimental setup are published[86]. The following test conditions are chosen to replicate the

expected batteryodés application environment

Temperature

Measurements Control System for
Insulation

Cover

Battery Testing
Battery - -

Measurements

-

Data Acquisition
System

Calorimeter

Battery Control
Module —

Thermal Bath

Figure 6.2 Schematic of the Lithium lon Battery (LIB) experimental setup with the calorimeter
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6.3 System Modeling

The Artificial Neural Network (ANN) modeling of LIB thermal behavior requires either
State of Charge (SOC) / Depth of Discharge (DOD) along with other parameters as the inputs to
the ANN models. While other parameters such as battery voltage, currentfarathe battery,
ambient temperature and battery surface temperature can be measured for the training and
validation of the ANN models developed, in practice SOC/DOD cannot be measured directly,
though can be estimated based on other directly measugahigities. SOC/DOD can be
estimated by the Coulomb Counting (CC) method however this CC method requires accurate
knowledge of the initial SOC/DOD, solely relies on the current sensor and is highly subjected to
sensor noises (error accumulates over time). Anotheoagipto estimating SOC/DOD is by using
the Extended Kal man Filter ( EKF) technique w
require the knowledge of the initial SOC/DOD. This study presents a novel approach of using an
Artificial Neural Negwork (ANN) for predicting the heat generation rate coupled with an Extended
Kalman Filter (EKF) to estimate the corresponding State of Charge (SOC) / Depth of Discharge
(DOD) of the LIB, parallelly an ANN coupled with a direct CC model is also develaped i

conjunction to aid in the controls and diagnostics process as shéwgune6.1.

Two different EKF estimation models are designed based on the state equations derived
from (i) the equivalent circuit model and (ii) the coulomb counting equation, respectively, to
predict the SOC/DOD. The inputs to the system are discharge currenty loaiteut voltage,
ambient temperature, and cell surface temperatures. The predicted outputs are DOD, heat
generated, and control system (cooling) output, represented by the radiator fan's status. A current
and voltage sensor fault are virtually simulatgdliering the respective data signal with an offset
(bias) to evaluate the diagnostics aspect of thelthgad model. SOC can be correlated to the
depth of discharge (DOD) as it is an observation from an opposite perspective change in the current
direction (charge vs discharge); the sum of SOC and DOD is always equal to 1 so that the DOD
can be predicted by the SOC algorithfh81]. To simplify from here, DOD is the only entity
stated in the formulation (modifying the existing SOC algorithms) to maintain commonality with
the literature; physically, we are estimating DOD. The relation between the SOC and DOD is
illustrated as followsthe summation of SOC and DOD is always 1, N\a# $ /N& DODp
of 0.2 equals a SOC of 0.8. The representation of output current from the battery is represented as
negative when referring to SOC and positive when referring to MDer a constardischarge,
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the SOC of the battery tends to zero, and the DOD of the battery approaches 1; for a fully charged
battery, the initial SOC is 1, whereas the DOD is zero; 8QD correlations are tabulated in
Table6-1.

Table6-1 Correlation of SOC and DOD

Condition SOC DOD
40% battery charge 0.4 0.6
20% battery charge 0.2 0.8
Battery fully charged 1.0 0
Battery fully discharged 0 1.0

This hybrid development for the prediction of heat generation can be mainly divided into
two parts, the first one is the development and tuning of the EKF to predict the DOD, and the
second one is to develop and calibrate the artificial neural networkiry tine output of EKF and
other parameters to predict the heat generation rate. TfiatS&gte estimation using EKF for the

DOD, and (ii) Predicting the output using ANN with the output being the LIB heat generation.

6.3.1State Estimation using EKF

Kalman Filter (KF) is one of the most prevalent and mature techniques to estimate the dynamic
state of the |linear system by correlating the
measurement value. Thestimated state is more accurate than the sensor measurement value,
which contains measurement uncertainties (or noise). The KF algorithm considers the input data
and output data to estimate the system stdes(ich that it minimizes the meaquared error

between the estimated system state and the true system grak-(assumes that the process

(state equation) noise and measurement (sensor) noise are independent and acts as the optimum
state estimator for the system. In the case éralinear system, linearization of the systam

every time step (discretized) is necessary for better approximation, this aspect of linearization
followed by KF implementation is commonly referred to as Extended Kalman Filter (EKF). The
discretization time g calibrated according to th&/stem'srequirements. The LIB system is

considered aanonlinear systemand a nofinear system is modeled as follows
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@ Qo 0 (6.1)
® Qo 0 (6.2)

wherew  hA T & represent the state of the system, input to the systedisystem output,
respectively, at ainstanceQ Equation 4.1) is referred to as the state equatiand Equation
(4.2) is regarded as the measurement equatiod T A are the independent process noise and
measurement noise whose covariance matrices are represented by FanthB.current LIB
system, there is only one state that needs to be estimditiett is the DOD. Typically, DOD can
be estimated by two methods: the fose is the coulomb counting (CC) methathich is a direct

calculation of total charge relying solely on the current sensor reading:
$/$ )1 E®ES] —QfF (6.3)

wheretopi s t he i1 niti al t i medschargaursentand € is thetotaed dapatity me
of the battery during operatioifthe second one is an estimation algorithm, in this case, the EKF
algorithm serves this purpose where the state function which is in terms of DOD is expressed by
either considering a physitxmsed coulomb counting (CC) derived state equation or an esntival
circuit model (ECM) based state equation coupled with a measurement equation derived from

experimental datfl32]. In this study, both approaches (state function) are modeled and explored.

6.3.2Physicsbased state equation

The CC method can be modified accordingly to represent a state equation by monitoring
the amount of current drawn from the battery, thereby calculating the total charge output and

adding it to the previous DOD val(£33] as follows:
$/ $ $/%g — Q 0 (6.4)

where$ /$ is an inner state of the battery systéds the measured input curread is thetime

interval and® presents the c&lnominalcapacityd is the process noisassociated with the
equation and its associated covariance initially needs to be estimated and tuned. The nominal
capacity is a function of the operating temperature and age of the LIB system, which are

determined by the experimental results.
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6.3.3ECM-based state equation

The equivalent circuit of the LIB is modeled as a voltage in series with a resistance and
capacitor, as shown IRigure6.3, relatively reducing the number of internal battery parameters
thereby reducing thassociatedomputational complexity when compared to the Hmster or
secondorder RC circuits[134], [135], [136] Capacitance and resistance values of the battery are
obtained by experimentally evaluating the battery at specific temperatures and discharge rates.
Where \b is the opencircuit voltage, Ratis the internal resistancend Qatis the total capacity
of the batteryall of whichare determined by experimental data, antput batterypower (Rat)
can be expressed as the difference between the reversible electrical power and power due to heat

loss, mathematically expressed as foll§h26]:
Oa 408 Ja48% AdKA 0O (6.5)

The battery DOD using the coulomb counting can be determined as follows

2L (6.6)
AAQOO
Considering the equations (5) and (6) the following DOD equation can be dgrdaid
$/3 6 A 67K T0AAZROO o ©67)

C2AABIOA OO
where( is the process noise associated with the equation and associated covariance initially
needs to be estimated and tuned appropriafBely.is alsoexpressed as a function of DQB.,

Oisod 2%/ $ O ,whered ando are determined from the experimental resudts=(-5.096

ando = 66.488)during the implementation of the EKF algorithm

R batt Q batt
Vbatt = Vo
I
«—
0

Figure 6.3 The equivalent circular model (ECM) consist one resistance and one capacitance (RC) for a litiambattery
(LIB).
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6.3.4Measurement function

The measurement functipwhich is the voltage output of the battgis/derived from the
experimental data (discharge curve of LIB for a specific discharge rate and tempgeaatilia)
accurate equation is framed using MATLAB curve fitting toolbd% ¢&der polynomial) where
the final voltage is expressed in terms of DOD as showigure6.4. This measurement equation
can also be modied by using the equivalent circuit equatidrowever for the steadystate
operation considered in this stydg direct measurement function is framed by using the

experimental data as follows:
W VUw VLW VLw Lw VO LG LW LW U U (6.8)
wherew represents the DOD at the time instenand the values dhe measurement function

coefficients are given below:

=1 85710 =2326;0 =i 203.60 =22.20 =65.77
=7 40.280 =9.5090 =i1.0940 =3.31]

Ca

Ca

and L is the measurement (sensor) noise

T T T T T T T T T T T

351 e 8th Order Polynomial Curve Fit
Voltage vs DOD

w
w

w
)

Battery_Voltage [ V ]
w
© N

N
©

N
o

I
o

0 0.1 02 03 04 05 06 07 08 09 1
Depth of Discharge (DOD)

Figure 6.4 Battery voltage during discharge expressed as a function of the depth of discharge (DOD) as the measurement
function, based on the correlation of experimental results [34] in terms of an 8th order polynomial)
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Here are the steps involved in the implementation of the EKF algorithm for the pbgisexs state

equation in the determination of DQB2]:

Step 1: Predict a priori state$ /$g:
$/ % $/ % — Q (6.9)

The a priori estimate of the DOD at tirkés predicted based on the previous DOD v&8iue $

and the currenfQ ; pis the time step, andl is the nominal capacity of the battery.

Step 2: Predict a priori error covariance |}§at timel :
0 0 t (6.10)

This step predicts the error covariance of the state estimate &t tusiag the error covariance at

time k-1 and the noise covariante .

Step 3: Compute the Kalman gaint | :

~

bQ O 2
) (6.11)
(0]

The Kalman gain is calculated to update the estimate of DOD optimally. It uses the predicted error

covarianca) and the measurement mode.

0 is the sensitivity of the measurement function V(DOD) to changes in DOD (a derivative of the

voltage with respect to DOD} is the covariance of the measurement noise.
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Step 4: Update state estimation based on the observed voltw:

S/ 8 $I8% bR o
& EOTAIN O A Golpi 1 |

The state estimate / $ is updated by incorporating the difference between the measured voltage
w and the predicted voltage from the measurement function. The observed voltageomes

from the sensor measurement, while the predicted valbagecalculated using the measurement

function.

Step 5. Error covariance |pgupdate to |gfor the next time step:
0 p 0VQzH O (6.13)
$/$¢ , $/ 8 — Q 0 (6.14)

The DOD at the next time stdg1 is updated using the current DOD estimate and the current

currentQ, U represents the process noise

$/ $ 0 :Predicted DOD and error covariance at tkne
$/ 8, 0 : Updated DOD and error covariance at tine
W, W : Predicted and measured voltages.Sensor noise.
0 : Sensitivity of voltage to DOD.

t ,t :Process and measurement noise covariances

6.3.5ANN Modeling

ANN is one of the widely used machine learning techrsgased on the biological neuron,
where a combination of neurons embedded with various activation functions process the
computational activity to correlate the input and output attributes of the network. ANN model is
designed for its architecture with resp@o the number and type of hidden layers and nodes
(neurons), the specific activation functions, training goals and numerical algorithms; and it is

implemented by using the MATLAB NN toolbox, codsring the ease of integration within
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SIMULINK environment where over 8000 data points are being fed from LIB discharge curves
(0.25C, 0.5C, 1C, 2C, and 3@j various ambient temperature$0°C, 0°C, 20°C, 30°C, 40°C)

It should be mentioned that for the 8000 data points used, 70% are used for training, 15% for
validation and 15% faresting. After multiple iterations and optimization of the network structure,
computational time, processing timend hyperparameters, the ANN model is finalized with 2
hidden layers consisting of 10 neurpaach hidden layeiteration results are plotted Figure

6.5(a) and tabulated iTable6-2. LevenbergMarquet algorithm is applied for error propagation
using the MATLAB neural network toolbd%9], [137], [138] LevenbergMarquardt Algorithm
combines the gradient descent method (for global search) with the-Sewssn method (for
faster convergence near the minimum). It uses a parameteradjust between gradient descent
and Gaus$Newton.The neurons in the hidden layers use Tansig as the activation fyrastabn

the last output layer uses the linear activation function. Tansig in MATLAB is just an

approximation of Tankhyperbolic tangent functionyvhich is defined as follows
4 AT @QECcTp A@bcze p (4.16)

A schematic of the LIB ANN algorithm is represented Rigure 6.5(b), and a graphical
representation of the tansig activation function and its derivative is showigume 6.5(c);
associatedinal ANN hyperparameters are tabulatedable6-3. The instantaneous current and
voltage of the LIB system are measured byAbhéomated Battery Test Station (ABTS), DOD is
estimated from the EKF model, ambient temperature and cell surface temperatures (Surface Temp
Tai anode, Surface Temp Tacathode) are measured by the thermocouples. Both the anode and
cathode surface tempéuses are considered for better accuraay the anodandcathode
temperatures might differ under practical operating conditions. There was no necessity for any pre
processing or pogirocessing of data as the data acquisition system had minimal integgleawv

noise and no outliers. Fundamentals of ANN architecture, activation functions, and workings of

error back propagation algorithm are listed Hé63

Table6-2 ANN Hyperparameter Iteration Results

Iterations Hidden Layers| Neurons | R-value
(i) 1 5 0.99285
(ii) 1 20 0.99882
(iii) 2 5 0.99206
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(iv)

10

0.99911

(v)

20

0.99973

(vi)

10

0.99966
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Figure 6.5 ANN design and calibratiora] Regression plots of all the hyperparameter iterations tabulated in Behil¢b) The
artificial neural network (ANNJayout for the lithiumion battery (LIB) thermal mod€kt) Graphical representation of Tansig
function(red) and its derivative(blue)

Table6-3 Design parameters of the artificial neural network (ANN) for lithikom battery (LIB) thermal model

Inputs feature vectors 6
Output parameters 1
Hidden layers 2
Nodes/ Neurons 10

Activation function Tansig, Linear

Iterations/ Epochs 1000

Training Goal 1073

6.4 Results and Discussion

The EKF algorithm is carried out by calibrating the covariance matrix of the measurement
noise (R)andprocess noise (Q) and determining the discretization interval. The higher the noise
valug the lesser the confidence of that aspeehceinitial covariance values should be estimated
and tunedlepending on the system process noise and sensor measurement noise. The EKF tuning
procesdollows the calibration guidelines in the literatye39]. The sensor covariance is initially
estimated by considering the covariance of the voltage sensor data with the depth of discharge
from the experimental data and calibrated furtide measurement noise (R) matrix represents

the uncertainty in the sensor measurements and can be determined by computing the variance of
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the measurement noise of the sensor and adjusting iterafifedycovariance for the process noise
is estimated relative to the sensor noise and tuned during the pbycebserving the filter's
performance to see if it's too sluggish or aggressisdisted inTable6-4, the following iterations
(calibrations) of these EKF parameters are considered.

Table6-4 The extended Kalman filteEKF) iterations and tuning parameters

Covariance of| Covariance

Iterations | Measurement| of Process Condition
Noise (R) Noise (Q)
EKF Case 1 3.5E-2 1.25=-4 R>Q
EKF Case 2 2.4E3 1.25%-2 Q>R

R > Q (faulty state initializatiof
EKF Case 3 3.56-2 1.2%-4 o
i unknown initial state)

Associated results of the EKF comedto direct coulomb counting (CC) and automated
battery test station (ABTS) algorithm are presenteddnires6.6, 6.7, 6.8, and6.9 for the DOD
changes as a function of discharge tiABTS Corrected Value refers to the true DOD value
measured by the test station, CC refers to the DOD value estimated solely from the coulomb
counting method, EKIECM refers tahe DOD value estimated by the EKF model using the ECM
based state function, and EXFhy refers to the DOD value estimated by the EKF model using the

physicsbased state coulomb counting derived state function

6.4.1EKF Prediction Case IMeasurement noise > Process noise

In the first case, the covariance of the measurement (sensorjsssidered to be larger
than the covariance of the process noise (state function). Here, both the-phgsidad ECM
based state functisnare considered to have the same covariance of the process noise for
comparison purposes. The initial state (DOD) is estimated as zero, which in this case is true as the
cell is being discharged from full capacitAs shown inFigure 6.6, the DOD estimated by the
EKF-Phy and EKFECM correlates well with the direct Coulomb Counting (CC) and ATBS

measurement with a slight initial undershoot and overshoot. It should also be mentioned that more
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confidence is placed in the state function for the present results. Both EKF algorithms, despite
using different state equations, end up with almost the exact DOD estimation after the initial tuning
when the input process noise is the same for both sfaédiens. This indicates a good correlation
between the ECM and the phystksa s ed st ate equationdés internal

Figure 6.6 Comparison of the DOD estimation by the extended Kalman Filter (EKF) and direct coulomb counting (CC) method
with the experimentally measured data by the automated battery test station (ABTS) for the case of the measuremeat noise larg
than the process Ige; magnified view on the right

6.4.2EKF Prediction Case 2: Measurement noise < Process noise

In the second case, the covariance of the measurement (sensor) noise is considered to be
less thanthe covariance of the process noise (state function), here both the gigsecs and
ECM-based state function are still considered to have the same covariance of the process noise for

comparison purposes. The initial state (DOD) is estimated as zdof, whhis case is also true.
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