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Abstract

In recent years, increasingly stringent crashworthiness and emissions regulations have driven
automakers ta@onsidernovel materials for automotive lightweightingdvanced higkstrength
steels (AHSS) useth automotive chassis construction has increasetsiderably. The most
widely used grades of AHSS are dphlase (DP) ferritenar t e n s )grades.( U + U

Advanced high strength steel coils must be annealed with a precise heating schedule to achieve
the required mechanical propertiedowever, emperatte excursions during intercritical
annealing cause erratic changes in the 'steeicrostructurgresulting in variations irpost
annealed mechanical properties across coils. These variations lead gerhaighates and cost
manufactures millions of dolars annually.Past research has attributed thesmperature
excursions to nomniform thermal irradiationThe presentvork showsvariations in radiative
properties across single AHSSoil may cause temperature excursions through pyrometer errors
and nonuniform heatingRadiative property variations across a coil may also arise before
annealing due to nenomogeneities in surface topographpfluencing how the radiative

properties subsequiyevolve during annealing.

This thesisdocuments experimental and theoretical woharacterisingadiative property
variations across a single AHSS coil processed on an industriatatihg) line. The exsitu
radiative properties of samples extrachenn various coil locations are analysed using a Fourier
Transform InfraRed (FTIR) spectrometer equipped with an integrating sphere, revealing large
swings in radiative properties alorntp length and width. The effect of these variations on
pyrometric emperature measurements, strip temperature evolution, and jrithrasformed

mechanical properties are discussed.

Radiative property variations are strongly correlated to differences in surface topography
(particularly surface cavities) through optligorofilometry optical microscopy, and scanning
electron microscopy (SEM)he work uses8SD depth mapping of optical imagety generate
surface height maps arideoretically models theadiative properties using geometric optics
approximation (GOA) ratracing algorithm. The GOA approach provides accurate spectral

emissivity predictions within its validity regime.



The study then exploresasons for surface cavity formatjdrypothesisinghat cavities form
due to the dissolution of selective gramubdary oxides (formed during hot rolling) during acid
pickling, which leads to micrtopographical changes to the strip surfa€erthermore, an-
homogeneous colblling parameters subsequently lead to -maiform cavity flattening.The
thesis then exples he combined effect of acid pickling time and cobdling reduction
percentage by studying different AHSS alloys, eallied andacid-pickled to different extents,

through a factorial desigof-experiments procedure.

An artificial neural networkANN) regression model for nearstantaneous spectral emissivity
predictions of AHSSvas developedsing surface roughness parameters and optical imagery
inputs Manufacturergan implementhis modelith emergingn-situ strip imaging technologies
to providereakttime spectral emissivity predictiorsefore a coil section enters annealing
furnace Galvaniserganalsousethese orine spectral emissivity predictions update pyrometry

and furnace temperature contrtg@ithmsin real time.

This thesisexpands our knowledge base on the possible causes for temperature excursions
across an AHSS coil during annealirigndingsof this researchvill benefit steel manufacturers
in identifying and reducing nehomogeneitiesn mechanical properties across AHSS cails,

reducing high scrap ratestimeindustry.
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Chapter 1 : Overview and Industrial Motivation

This chapter introduces advanced hgjlength steels (AHSS) and continuous annealing.
discusses thedaantages of AHSS over conventional highength low alloy (HSLA) steels and
their use in the automotive industry. A brief overview of otpeocesses in its manufacturing
chain such as hetolling, acid pickling and coldolling is also provided. The chapter concludes

with an outline of the thesis.

1.1: Introduction to Advanced High-Strength Steels

With increasingcrashworthiness and emissions regulations, automakers rélglestrength
materia to reduce vehicle weight through downgauging (igngthinner components to reduce
overall vehicle weight)1]. Automotive lightweightig can profoundly reduce fuel consumption

andgreenhouse gas emissions, as showngarel-1 [2].

25.0 - -
20.0

15.0

10_0 S

5.0

10-15 mode fuel mileage (Km/liter)

0.0
Q S00 1000 1500 2000 29500 3000

Weight of vehicles (Kg)

Figure 1-1 Comparison of fuel efficiency and vehicle weight; reducing vehicle weight can have a positive impact
on fuel consumption and hence greenhouse gas emissi{®ls



Consequently, the use of AHSS in automobiles has increased considerably, as they provide
improved tensile strengths (allowing for downgauging) compared to HSLA steels while
maintaining ductility.Figure 1-2 compares the tensile strengths and ductility of various steel
grades. This workocusesn firstgeneration advanced higitrength steels, particularly the more

widely used duaphase (DPjerritemar t e ns jdrages( U + U
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Figure 1-2: Comparison of tensile strengths and ductility of different steel grades (conventional HSS and
2"d generation AHSS, etc.)3]. The mechanical properties of3"¥ generation AHSS are even moresensitive to
temperature excursionsdue to their complex micro-structures. Therefore, characterising the impact of
radiative properties of AHSS on temperature excursionsis very important with the rise of 3 generation
grades

Automakers have also experimented with other-#é@msity norAferrous metals such as
Aluminium and Magnesium and other materials like Cattilmre Reinforced Polymers; hawver,
producingthese materials ressgiin 7-20 times[4] more GHG emissions than steelrthermore,
since 3035% of an automobile's life cycle GHG emissioosginate from its productiofd],
increased GHG emissions from these Jd@nsity materials outweigh the reduction in tailpipe
emissions. Therefore, AHS8e expected teemain gprimarymaterial in the automotive industry
andarethe focus of ththesis[4].



1.2: AHSS Manufacturing Process

This section introduces the AHSS manufacturing process from casting to galvanisang on
continuous galvanising lin€€GL). This thesis analysésHSS samples processed on an industrial
line before annealing, as shown in Figure31l The chapter also discusses the microstructure

formation of dualphase steels and the annealing process.

1.2.1 Manufacturing Chain

Manufacturing of AHSS begswith castng, as shown irFigure 1-3, where molten steel is
cooled using water jets while being poured into a continuous mould, allowing it to harden into
slabs[5]. The slabs are subsequentiptrolled above their recrystadiation temperatureHot-
rolling allows for reorientingthe crystal lattice structure of the steel creating thinner sheets with

minimal strainhardening6].

Hot-Rolling Cold-Rolling

Hot-Dip
Galvanising

Continuous Acid Annealing
Casting Pickling

Figure 1-3: AHSS manufacturing chain schematiadapted from Ref [7]. This thesis analyses the effects of hot
rolling, acid-pickling and cold-rolling on the surface topography and the radiative properties of an AHSS coill
before it enters an annealing furnace.

The hgh temperatures thehotrolling process produdeon-oxide scaldormationon the steel
substratg8] that must be removed usidgscaling acigickling process, usually performed using
Hydrochloric (HCI) or Sulphuric (t6Qw) add [9]. Next, the steel coil is colblled (below
recrystallization temperature) teduce its thickness further aaller its surface state, improving
the adhesion of surface coatings such as maitenduring hotdip galvanising. Coldolling leads
to the strengthening of the material; and a reduction in ductility due to-saedening6]. The
steel isthenheattreated above its austesatiion temperature during annealifig 10] to achieve

the required mechanical properties on CGLs, followed bydimpgalvanising.



1.2.2 Annealing Process and Miastructure

Annealing isan essentiaheattreatment proces® achieve the desired AHSS microstructure
[1, 10]. In its final form,the martensitic volume fractionv(n; strongly influenceshe strength of

DP steels and its formation depends theapplied heating scheduénd carbon conterjl, 11,

12]. Cold-rolled steel has aferritpear | it e (U + P) mi crostructur

ferritema r t e n s Wjmiaeostiudilrethrollgh annealifiy 10].

Intercritical annealindpeats thesteel to a temperature betwede austetisation onset Taci,
also known as the eutectoid temperature) and complé&iigs) emperaturesThese temperatures
define thentercritical range[1, 10] where ferrite and austenite are presasshown in thdron-
Carbonphase diagram iRigure1-4. The steel soaks at the intercritie@nealing temperature for

a set timeand is themuenched to room temperattoeattain the required microstructure, as shown
in Figure1-5.
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Figure 1-4: lron-Car bon phase diagram

showii Fe r t htestenitd). digucer i t i c al
adapted from Ref [10].

During the intercritical soak, pr oporti on of ferrite (U) and a

austenite (9)ausctreenaittieng( Un + eor)r imiecrostructur e.

temperatur e, the remai ni ng Npafinatiyt cesatingttiee fetter ansf or
mar t e n s Njmicost(udiure+n the case of DP steels. The intercritical annealing temperature



influences the amount of austenite (Nafterf or mec
guenching. herefore, he quenching rataffects the nicrostructureandthe steel gradereaed

[10], as shown irFigure1-5.
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Figure 1-5: Effect of quenching rate on microstructure formation during annealing. Figure adapted from Ref.
[10].



1.2.3 Continuous Galvanising Lines
Intercritical annealing is performed before 4o galvanising on a CGL, illustrated

schematically irFigure1-6.
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Figure 1-6: Schematic of a typical continuous galvanising line.

Steel coils are unwound and initially welded to the end of the existing coil on the line. The entry
accumulator is necessary to keep the continuous annealing furnace operationakldiregnthe

new and old coils. The coil subsequently passes throughmttealing furnace and then through

the molten zinc bathwhere it becomes coated with zinc. Annealing is usually performed in a
reducing atmosphere comprised of 95%aNd 5% H (by vol.) to minimise oxidation of the steel
strip[13].

During annealing, the steel strip may experience temperature excursions leading to erratic
microstructure changesausing noruniform mechanical properties pemtnealingThe ndustry
has often attributed these temperature excursions teumiéorm irradiation of the steel strip
caused by improper furnace desigd, 15]. However, variations in radiative properties across

steel coils may also cause temperature excursions.

Temperature evolution of the steel dbifough the annealing furnace is influenced strongly by
its radiative properties bglteringthe strip thermal absorption rate, esliation is the dominant
form of heat transfer due to high temperatures in the furfiegel6]. Additionally, furnace



temperature control algorithms use pyrometrically inferred strip temperatures as feedback.
Pyrometry relies on the spectral irradiance from the steel strip, which is influenced strongly by its
radiative properties. Therefrradiative property variations can also cause furnace temperature

control errors through incorrectly inferred pyrometric temperature measurements.

1.3 ResearchMotivation & Objectives

Given the sensitivity of microstructure evolutitmthe intercritical annealing temperatuite
becomes paramount for steel manufacturers and operators to understand the impact of radiative
property variations on strip temperature excursions. Variousesthdve analysed the evolving
AHSS radiative properties duringnnealingthrough physicdbased and datdriven models
However the literature has overlooked characterising radiative property variations across a single
AHSS caoil in its coldrolled and preannealed conditiariThis thesis fills this knowledge gap and
helps explain that upstream processes (of annealing) can also influence the radiative properties of
AHSS to an extenaffecting the posannealed mechanical properties

As suchthe primary objectives of this thesis aoe

I.  Characterise radiative property variations across a single AHSS coil in it pealed
condition before it enters the annealingelitmroughex-situ reflectivity measurements of
samples extracted from var®locatiors on an AHSScoil fully processed on the industrial
line (hotrolled, acidpickled,and coldrolled).

II.  Explore thdikely impact of these radiative property variations on pyrometrically inferred
strip temperaturestrip temperature evolutioand in turn, strip mechanical properties

lll.  Correlate radiative property variations with differencegha surface statehrough a
geometricopticsapproximation (GOA) rayracing algorithm and an artificial neural
network modelThe ANN maybe useful for inferringadiative property variations across
a single coil before it enters the annealing line in conjunction witlinenstrip imaging
microscopes.

IV. Use a global sensitivity analysis (GSA) to establish functional dependencies between the
various surface topography parameters and the spectral emissivity of strip surface
addressing the bladbox nature of ANNS.



V. Explore possible reass for the variations in surface topography across thewoith
lead to the differences in radiative propertidstactorial design analysis addresses the

impact of the upstream processes such as@ckling and coldrolling.



1.4 Overview ofThesis

The following provides a summary of each chapter in the thesis

Chapter 2 includes a literature revieitvintroduces the three common types of pyrometry
(single, duat and multiwavelength) used in industry and discusse®ealing furnace design i
greater detailThe chapter introduces a preliminary heat transfer model for predicting steel strip
temperature evolution, elucidatitige mportance of understanding steel strip radiative property

variations for accurate strip temperature control.

Chaper 3 introduces the experimental work to analyse ehasitu radiative properties of
samples extracted from various coil locations on arbited, acid-pickled, and colgolled DR
780 coil processed on an industrial liae chapter reviews the workingsan integrating sphere
and procedures followed to infer the spectral reflectivities, emissivities and total absorptivities of
the AHSS samples

Chapter 4 outlines the work performed in characterising the surface topographies of the samples
through opttal profilometry, optical microscopy, and scanning electron microscopy (SHi).
chapter establishes a strong correlation between attiptive propertieandcavities on the strip
surfacethrough image thresholding of strip optical imageFe chaptethen uses &OA ray
tracing approach to correlate the surface topography with radiative properties. Lastly, the chapter
discusses the replicate technigised to improve surface height map acquisition inside the cavities
and hence th&OA predictions. Th findings from Chapters 3 andaifedisseminate@sa journal

paper inSteel Research Internationd!7].

Chapter 5 discusses possible causes for surface cavity formRt@nous studies attribute
cavity formationto the dissolution of selective grain boundary oxides (formed during hot rolling)
during acidpickling, which leads to micrtopographical changéde the strip surfacelhis study
shows thathe area occupied by theavitiesafter coldrolling is linearly proportional to the cold
rolling reduction percentagelowever, they araonuniformly flattened due to nehomogeneous
cold-rolling characteristis across single AHSS coilBhe chapter finally explorehe combined
effect of acid pickling time and cold rollingicknessreduction percentage on tharfacecavity

coveragahrough a factorial desigof-experiments procedure.



Chapter 6 discussassing a datadriven machine learning model to correlate strip spectral
emissivities with surface topography parameters usingNiN; it then evaluates thiunctional
dependencies of spectral emissivity on the topographical parameters through ashmliiede
sensitivity test (FAST). Upcomingin-situ strip imaging technologies allow operators to obtain
surface roughness measurements and microscope imagery of the strip surfacénerddie
ANN may provehelgfiul in conjunction with these imagintechniques for ofine spectral
emissivity predictions before a coil section enteraranealing furnacén addition, manufacturers
may use thesen-situ measurements to updafarnace temperature control and pyrometry

algorithms

Some of the findings firm Chapter 6 were presented as conference proceedings at Materials
Science & Technology 2022 in Pittsburgh, PA, and are included in a conference papet®r the
International Symposium on Radiative Transfer 2023 (ISRT) in Thessaloniki, Gireadelitian,
an extended version of the ISRT papiecluding the FAST analysisvill be submitted to the

Journal of Quantitative Spectroscopy and Radiative Transfer (JQSRT).

Lastly, Chapter Bummariseshe research and provides recommendations for future work.

1.5 Research Contributors
Below are researchers who contributed to some of the results, listed according to the order in

which they appear.

1. Mr. Devon Hartlen performed optical imagery of the initial set of DP780 samples shown
in Figure 42 using the Keyenceptical microscope.

2. Dr. Nina Heinig and Dr. Lei Zhang are responsible for the SEM images seen in Section
4.1.3 and Section 4.3.1, respectively.

3. The GOA raytracing code used in this work was published by Bergstrom [Qi4l.
(available online atattp://www.mysimlabs.con)/ Certain modificationso the codevere

made, such as adding a loop to analyse incident light of different wavelengths and
specific conditions to mod#the surface cavities as blackbodies.
4. Dr. Kaihsiang Lin is responsible for some of the initial spectral reflectivity measurements

on the FTR and for reviewing the results in Chapters 3 and 4.
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. Ms. Fatima Sulieman is responsible for reviewing some of the results in Chapters 3, 4,

and 6.
. An industrial partner is responsible for the SEM cresstion images of the sample

shown in Figure 2.
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Chapter 2 : Theoretical Background

Chapter 2 provides a theoretical background for mechanisms by which AHSS radiative
properties may cause temperature excursions during intercritical annealing. This section introduces
pyrometry, a noftontact temperature measurement procedure used to stdet strip
temperatures at various locations within the furnace. Different types of pyrometry commonly used

in industry (single, duat and multiwavelength) are outlined.

Second, thehapter outlines théesign of a typical continuous annealing furnacddevelops
a heat transfer mod& compute strip temperature evolutidrhe heat transfer model describes
how radiative property variations can directly cause temperature excursions by influencing the rate

of thermal absorption by the steel strip.

2.1 Introduction to Pyrometry

Pyrometry,alsoknown as radiation thermometry, is a raontact temperature measurement
procedureused for various applications. The steel industry has adapted it for CGLs to measure
steel strip temperatureblon-contact methodare preferred to prevent damage to the steel strip
due to the CGIs continuous nature. Pyrometers infer the temperature of a target surface by
measuringadiant surfacdélux, which is converted into an electrical output signal and then used
to infer surfae temperature through an algoritfid].

A pyrometer consists of photonic sensors, various filters, and associated electronics that

measure radiant flux from a target surface and generate an output signal,

5=9( 9@ (2.2)
whereQei s t he r aidihaquantuelf i x ci ency of t heisthdrot oni
detection wavelength. Thradiantflux is [13],

Q= fiLki(fe.d)&pd, Od& dg dA

Al PG RP

= Ad(fe, JO(F T YdhosOda

Ay Poy RPr

2.2)

whereL's (B, « ) andUs(T, q, e) arethe spectral intensity of a blackbody, and spectral
directional emissivity of the target surface at tagygface temperaturéhe detection wavelength

a4, and viewing anglerespectively (the prime notation represents a directionally dependant
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property). The area of the photonic sensor is givel\dy @psthe infinitesimal solid angle
viewed by the photoni d e t eqés the infinitesipml spectral band of the pyrometer, dnd
the angle between the viewing axis of the pyrometer and the surface normal of the target.

Equations(2.1) and (2.2) can be combined for adequately small spectral bands, and if the
viewing axis of thepyrometer is positioned nornialto the steel surfacel{ = 0°), the signal is

[13] expressed as,

S=pq, @, 9 pU(FT ), a O7) .. 2.3)

where Planck distribution [13, 16§ives the blackbody intensity,

Ct (%Wrﬁ g'm’s (24)
e acC
¢ e P &

e ¢l

Li (T.e) 7

In Equation(2.4), C1 = h&%= 1.1913 10* WAmM*Amn2Ar!, andC; = ha/ks = 1.43910% ¢ nK
whereh is Plancks constant (6.626x10J-s),cis the speed of light iavacuum (2.998x10m/s),
andkg is the Boltzmann constant (1.381%#Q/K). The termspay, Ag, oasn d ¢am grouped to

form a calibration constants.; therefore,

S,=C,0( T»),—6 Ci (25)
ac,
¢

1-O: O

£
2°@ e
Rt

steel

is the signal produced by the photonic serSigure2-1 illustratesa pyrometer performing surface

temperature measurements of a steel strip.
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Figure 2-1: Schematic of a pyrometermeasuring the surface temperature of a steel strip, showing the
infinitesimal area, dA, the spectral intensity from the steel strip at the detection wavelength,«(T, q),@he solid
angl e of me a,ghe detecior ardaAd, aguithe signal generate by the pyrometer, Se.

2.1.1 SingleWavelength Pyrometry
Singlewavelength pyrometry relies on spectral irradiance measurements at a single detection

wa Vv el eqnThed témperadure inference,

C

T, = ———— 2.6
- 3} éH( )0 , 0, (26)
9, Ol grt S &
e C3 d

is performed by rearranging E.5). This method requires accurate knowledge of the spectral
emissivity of the target surface at the detection waveletigth(T, d).&Fanaka and DeWif20]
suggest that this method is only suitable for stable materitiisknown spectral emissivities that
do not significantly vary during measuremehtisassumptions usually untrue during annealing
as the surface state and temperature of the steel stlyeasontinuously. Theser provides the
pyrometer with an expected emissivity vaareldeviationsof the actual strip emissivityan lead

to temperature errors.

The emissivity of steel is highly sensitive to its temperature and surface Steéd
manudacturers often use single wavelength pyrometry in a wstgped configuratiof21, 22,
23] as shown irFigure2-2. This configuration allows foexploiting a virtual blackbody created
within the wedgevith anemissivity of approximately unityHowever, asignificantdrawback of
the wedgeshapeddesiqh is its sensitivity to misalignment, which can lead to erroneous
temperature measuremenise to a reduction in the target's emissivity if the pyrometer is aimed
imprecisely Additionally, it may not be feasible to install pyrometers in a wedge configurtion

all locations along a CGL.
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Steel Strip Steel Strip

Roll
Thermal

Radiation

Pyrometer Coil Pyrometer

(a) (b)

Figure 2-2: Two configurations for a wedgetype pyrometer arrangement. (a) Here the wedge is created
between the steel strip and the coil as the coil is unwound (image adapted from Refl]). (b) Here, the wedge
is created between the riber and the steel strip. The wedges, in both cases, make a virtual blackbody where the
emissivity is approximately unity.

2.1.2 Dual Wavelength Pyrometry

Dualwavelength pyrometry can ameliorate some of the issues associatedsingte
wavelength pyromeyrby usingspectral irradiance measurements at two detection wavelengths,
ad1a n do. The dualwavelengthtemperature inference,

2.7)

is again derived using E(R.5). Dualwavelength pyrometry does not require prior knowledge of
spectral directional emissivity at each detection wavelebgtithe relationship between the
spectraldirectionalemissivities at the two detection wavelengths must be krj@@y4]. The

emi ssivity ratio is often interpolated from
The brightness emissivity is obtained by comparing the irradiance at one channel with a blackbody
intensity computed at a brightness temperature giroa greybody assumption. Therefore,

variations in thexctualemissivity ratios can produce pyrometric temperature errors.
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One may expres$i¢ error in the pyrometric temperature measurem@mgnt

Qo
Lo
o

n
1 1 _
TM TI' Cz '0
¢

(2.8)

9 I—"(}:g?
"q)YH .I. O'Ol

whereTw is the measured temperatufe,is the true temperatur8lp,is thesteelstrip's expected
emissivity ratioprovided to the pyrometer, afigf is the true emissivity ratio. According to Eq.

(2.8), selecting wavelengths further apeinimisesthe temperature err¢25].

Dualwavelength pyrometry is common in the industry, diessen et al[26] observed
variations between dualavelength pyrometric and thermocouple temperature measurements
while annealingvarious transformaticinduced plasticity (TRIP) steel samplas a reducing
atmospherd90%Ar and 5% H). They attributed tese differences temissivity ratio changes
caused by the formation of surface oxides during annealing. Additionally, SomveilldZt]al.
also discussed how the oxidation of 1280 and DP980alloysduring annealing mght influence

thar emissvity and hence@yrometric temperature measurements.

2.1.3 Multi-Wavelength Pyrometry
Multi-wavelength pyrometry utdes spectral irradiance measurements at three or more
detection wavelengths with an emissivity compensation algorithm to infer the temperature of the
target surfaceThis method modelshe emissivity of the surface as a polynomial function with
respect to \avelengti28],

U(e)= pa+ g +. . A% 2.9)

and infers the polynomial coefficientd the surface temperature togetiéultii wavelength

pyrometry results im equations (one for each wavelength) amél 1 unknowns (coefficients of
the polynomial and the surface temperatufée algorithm explicitly solves for the polynomial
coefficients and the surface temperatareinfers themusing a leastsquares minimisation
technique[29]. For the exacinethod the number of detection wavelengtheust be one more

than the number of polynomial coefficiembs
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The exact method, however, is more susceptible to errors caused Hittmgewhen using
more than three detection wavei#ims due to noise in the d480]. To overcome this issue, Wen
[29] suggestsusing the leastsquares minimisation approgclvhere the number of detection
wavelengthsn, must be at least two greater than the number of emissivity coefficreritee
leastsquaregprocessattempts to find the set of emissivity coefficients and surface temperature

such that the sum of squaresoesr
R2 :.a_r.l- (La,me,ias_L, a&):| (210)

is minimised. In Eq(2.10), Lo, misdbe measured spectral intensity &sd ijs the generated

spectral intensity at a given set of emissivity parameters and surface temperature.

Given the reliance of all three pyrometric techniques on accurate spectral emissivity models, it
becomes necessary to understand how spectral emissiaityvary withthe surface statethe
temperature of the steelnd across a single AHSS coilaNations in spectral emissivities across
a single AHSS coil may lead thfferentpyrometric temperature errors at different coil locations

asit passes througtne annealing furnace.

2.1.4 Pyrometric Wavelength Selection

Various considerations go into selecting appropriate wavelengths for pyroswathyas how
the atmosphere interacts with the radiatithre stability of the target surface emissivity at a
paricular wavelength, and nearby radiation sour@ld. For dualwavelength pyrometry, the
separation between the two wavelengths is @ligoialas it influences the stability of the inferred
temperaturdg25]. The temperature errors are the greatest when the wavelengths used are closer

togethey as predicted by E¢2.8), and as showim the experimental results Figure3-7.

For annealingsteels on CGLs, the reducing atmosphere of 8&%nd 5% H is transparent
and does not play a significant role in wavelength selection. Shorter wavelengths in the NIR region
(087 25¢em) of the EM spectrum are usually selec
emissivity valuesn this regior{31]. As such, Williamsoh(a key provider of pyrometers to North
American galvanisersgjommonly uses wavelengths of 1.6, 2.1 ande2@{32]. Therefore, all

pyrometric analyss in this thesis will focus on these three wavelengths.
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2.2 Annealing Furnace Basics
2.2.1 Annealing Furnace Design

The design oinnealing furnaces is proprietary to the steel manufadiutegenerallyconsist
of direct and indirect fired heating zong&3]. First, the steel strip enters a pneater,where
exhaustedlue gasses provide initial heatintpe stripthen passes through a dirdiced heating
zone, where@penflame natural gas burners further heat the sirie furnace also consists of an
airlock which allows producers to maintain an internal reducing atmosphere {8%d@No%H
by vol.) to minimise oxidation. Lastly, the strip passes through an ingireetd heating zone,
whereradiant tubesupply heatwithin leancombustion of natural gascurs, ashown inFigure
2-3.

Direct Fired Zone Indirect Fired Zone

Air-Lock

—p Steel Strip Movement & Open Flame Burner

=% Flue-gas Flow ® Radiant Tube Heaters
== Pyrometers @ Rollers

Figure 2-3: A schematic of the annealing furnace installed at Voestalpin8tahl GmbH in Linz, Austria. Image
adapted from Ref.[33]
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2.2.2 Furnace Heat Transfer Model
One can make several assumptions to model strip temperature evdllfioadiation is the
dominant form of heatransfer due to the high temperatures invol{&s 16]; (2) the furnace

surroundings are large and isothermal; and (3) heat conduction within the steel coil is negligible.

Conduction within the coil can be considered negligible due to its thinness (~1.5mm) in contrast
to its large lateral dimensions (~173%12.5m).Theheat diffusion equation,

: auT ”%5 3 ‘T T °T |
405 + : —— (2.11)
: N i

governs the temperature distribution within the steel wdilch in its nordimensional form can

be written as

T d arp ‘G, 1 Tl °T
HT, B KO, Bl g 1 2.12)
M g viO @il ™ol Wy Tt

wherej s is the density of the steel,is the sheet thickness,sis the specific heat capaciti is

the thermal conductivity of sted} is the length of the sheet, amd is the width of the sheet.

Assuming characteristic steel properties such as the thermal conductivity (38 VW)ndensity

(7000 kgm?), and aveage specific heat capacity (600 3kgh), one may write,

o

7 a 2 2 2
HT, B _ 501789 2.1 Id.l L Ty 1 2 ~T 213
i g 2 7000 600)88173?9 ¥ u272s5 vy ];45(103) V4
ML, B 8403 300 ‘;,% 264 16 1" 160053 (2.14)
R Vu z

where the coefficients of the temperature gradients irx @nedy directions are very small. As
such, the conduction along the length and width of theicoiégligible Thaefore,variations in

the local &ip radiative propertiedominate the local temperature evolution of a coil section
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Under these assumptions, an ordinary differential equation

N N ~ dT eel,loc.
qrad,in- qrad,out q‘ s p p,g_sd?L
(2.15)

. o o AT
= iJ ufur-rl;ce,loc.( f) X - steglou( -If-) = %( Q_gdt_lio_(

accurately captures local strip temperature evolution. g, andgrad,cuare the heat absorbed
and emitted by thivcal aea on thesteel strip due to thermal radiatiOfymacejoc. aNd Tsteeljoc.are

the local furnace surroundings and steel strip temperatinieghe StefarBoltzmann constant
(5.67x 108 Wm%e n4), UandUare the local total hemispherical absorptivity and emissivity of the
steel stripxs is the distance into the furnace, afdgjoc/dt is the first derivative of the local steel
temperature with respect to timehis work useshe explicit Euler schrae to solveEq. (2.15).

fumace, | ( Xf ) \

Figure2-4 schematically represents the heat transfer model

T

: 4 \ 4
qrad_.top = ag Tfumace_.loc. ( Xf ) —&0 T,

steel loc. (Xf ) —\

o0 +— | |—» OO

\_

Figure 2-4: Heat-transfer model for predicting local strip temperature evolution through the furnace, where
furnace surroundings are assumed to be large and isothermal.

—qo T

qrad_.bottom furnace,loc.

(Xf ) —&0 Ts?eel.loc (Xf )
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Marginalising he spectral directional radiative properte®r all wavelengths of interest and

directions

o

iA(Jgo Lk Jaadby d

U I.)==== T (2.16)

and

o

R EO Teaob} d
O T = 2 -

(2.17)

yields the total hemispherical radiative propertiserelL’s., issthe blackbody spectral intensity.
Note here thathrough Kirchhoffs law[16]

Q( g: @)Idil ) -a‘d)ﬁ (218

The radiative properties do not vary with the azimuthal adglehich is usuallyalid for isotropic

random Gaussian surfaces (see Chapter 4).

This model shows that the radiative properties of the steel strip strongly influehoesatistrip
temperature evolution through the annealing furnace; therefore, variations in radiative gopertie
across a single AHSS coil can lead to different parts of the coil evolving in temperature differently,
in turn producing different postnnealed mechanical properties. Thesis investigates later the
effect of these radiative property variations ongenature excursions.
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Chapter 3 : Radiative Property Characterisation

As discussed, no study has analysed radiative property variations across single AHSS coils in
their preannealed condition before they enter é#immealing furnacerhis chapter highlights the
significant variations in radiative properties across a singl&% (DP780) coil that is hablled,
acid-pickled and colerolled on an industrial line, showing that upstream processes (of annealing)
can also have a significant effect on strip radiative propeFfi@shermore, as discussed in the
previous chapter, tlse varying radiative properties can subsequently induce temperature

excursions during the annealing process

3.1: Sample Extraction and Analysis Performed

This research extractsgjsare samples (35m#n 35mm) from a DP780 coil processed on an
industrialcontinuous galvanisingine. These samples af@m 18 different coil locations at nine
di fferent axial | engths along the coil, from
s amp | e s ¢as shownirHigorg3-1. This work analysefive samples from each location (a
total of 90 samples), and the results presented in this thesis are the averaged values. Additionally,
at specificlocations (450m Edgd,684m Mid and 880m Mideight moresamples are analysed
(13 total); the standard error in emissivity values across these sasmquegouted. The similarity
of the spectral emissivity spectra (see Appendix A) across these 13 replicates shows thdtisthe resu

from one samplarerepresentative of the population of samples from one coil location.

< H >4 C >4 T »
El@e|| @ ® ° ® ° ° ° ® 10625
M| @ || @ ) ° o ) ° ) @125

(W) YIpIAA 110D

20 75 200 450 880 1350 1509 1684 1739
Coil Length (m)

Figure 3-1: Locations of extracted samples on the DHF80 coil, samples from the edge (E) and middle (M) of
the coil are labelled with blue and red dots, respectively. The head, centre, and tail sections are marked as H,
C, and T. [not to scale]
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The radiative properties of the extracted samples are analysed using a Fourier Transform Infra
Red (FTIR) spectromeatdetween wavelengths of 0.5 ande2@nSection 3.2 provides @etailed
explanation of the procedure followed and the workings of an integrating sfleeten 3.3 then

discussesheresults

3.2 ExSitu Spectral Reflectivity Analysis

This study uses arBker® Invenioi X FTIR spectrometer with an integrating sphere to perform
exsitu spectral reflectivity measuremenfm integrating sphere is a device used to collect light
reflected by the sample into all directions of the hemisphere, whitkcisssary to evaluate the
samplés spectral, directionahemispherical reflectivityThe intensity of the collected light is then
measured, allowing the FTIR to infer the spectral, directibeatispherical reflectivity. The
inside of the sphere is coatedth a highly reflective, Lambertian material (i.e., the intensity of
reflected light is equal in all directionf34]. This procedure usestegrating pheres coated with
Spectralofi (0.57 1.1e m) a n d ®matdrialsa(igio20 & mfor the two wavelength ranges
Figure3-2 shows the spectral reflectivity of Spectréiand Infragol®; the spectral refleances
of both materials are Odomdn¥35. n their respect.i

10 ¢ - _

pAzZ.Sum.fG = 094
08
%_ -

& 0.6

04

0-2 I I L 1 1 ]

0 0.5 1 15 5 05 2

A (um)
—Spectralon = ——Infragold

Figure 3-2: Spectral reflectivity of Infragold ® and Spectralorf (coatings used in the two integrating spheres).
In their respective operating ranges, the spectral reflectivities of both materials are larger than 0.9. The shaded
areas show the operating ranges of the integrating spher{26].
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Figure 3-3 shows the schematic of an integrating sph&he light from the FTIR enters the
sphere through the entrance partdthe flip mirror focuses the lighinto the sample port, the
reference spt or the specular exclusion portie user may placéé sample in the sample port or
the specular exclusion port ande the mirror to shine thecident light onto the sampl&his

study uses the specular exclusion port to hold the sample

The sphere dkects the reflected lightwhich representshe fraction of incident radiation
reflected by the sampletmall directions of a hemispheniedetector then measures the intensity
of the collected lightBafflesinside the sphere (not shown in the diagyareventspecularly
reflected light from entering the detector port directly. By measuring the intensity of collected
light, this integrating sphere provides nearmal spectral, directiondemispherical reflectivity

spectra of the sample at an incitangle of 14.8
Incident Plane for Bruker A 562-G

1 Specular Exclusion Port

Detector Port in

Back of Sphere

i

\
_ \ Entrance
Flip /AN R 37.5 mm Port
Mirror A &
14.8° .\ X
\
Reference
Sample Port Spot

Figure 3-3: Schematic of a Bruker A562 Integrating Sphere[35]
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However, the integrating sphere is not a perfect reflector, wiiay lead to errors in the
spectral reflectivity measuremen85]. Therefore, a user must make a reference measureament
the reference spot shownkigure3-3to account for the imperfect nature of the integrating sphere.
This work follows he procedure discussed by Blake ef38] to infer the reflectivities of the stee

samples through the following steps:

1. A Spectraloff or an Infragol® standard (depending on the wavelength range and the
integratingsphere) is placed in the specular exclusion parimeasurement is performed
with the beam focused onto the specular exclusiongeorératinghe spectrumVstd, s

2. Next, the standard is replaced with the sample in question, and a measurement is
performel, yielding the spectrunYsampie, s

3. Thirdly, the beam is switched to the reference spot, and the Spettoalthe Infragold
standard is placed in the specular exclusion port and a measurement,i¥daase

4. Lastly, while maintaining the beam &gtreference spot, the standard is switched with the
sample and a final measurement is Ma@npie, ref

The spectraldirectionalhemisphericateflectance of theasnpleis then computed through,

Vsample,g/ V standard,s

sample,ref/ Vstandard,ref

Vo o7 Q (3.1)

wherey swis the reflectance spectra of the standard (Infréyoi®pectralofi) [36]. Kirchoff's law

then converts (Eq(2.18)) the spectral, directionahemispherical reflectivities to spectral

directional emissivities
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3.3 Radiative Property Results for Samples from Different Coil Locations

3.3.1 Spectral Emissivity Variations

Figure3-4 shows pectral directional emissivity spectra flect samplegeneratedising the
procedure described in Sec. F¥rometers operate the NIR region (orange shaded area) of the
EM spectum, as discussed earlier in Section 2.THe Williamson PRO MWXST-17 industrial
pyrometey commonly usedby North American galvanisersises 1.6, 2.1 and 2g m[32].

Therefore, these wavelengths are of particular concethdaontinuous galvasing of AHSS.

%1 @ %%
0.6 [ «— Pyrometry 06
& 04 Wavelengths 04 |
0.2 0.2 r
0 0 1 1 1
0 5 10 15 20 0 5 10 15 20
0.8 0.8 r
(c) (d)
0.6 0.6
S 04 04 |
0.2 0.2 r
0 ] ] ] ] 0 ] ] ] ]
0 5 10 15 20 0 5 10 15 20
A(um) A(um)

Figure 3-4. Difference in spectral emissivity values between the Edge and Middle of the coil; the Edggmples
show lower spectral emissivity values than the Mid samples. The ambshaded area represents the NIR region
important for pyrometry. Samples are from the (a) 20m Edge, (b) 75m Edge, (c) 1509m Mid, and (d) 450m Mid
coil locations.
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The refractive index n and extinction coefficienk, dependent on the material and the
wavelengthof the incident light fully define theradiative properties of a perfectly smooth

conducting materiglL6]. TheFresnel equation,

(o) T «@) >
(o) + & k)

defines thespectral, normal reflectivity of a smoathrface

r

o,

sl

(3.2)

The optical constants for specific AHSS alloys are not readily available; however, Lin et al.
[37] measured the spectral reflectivity of several mipolished DP980 AHSS alloys and found
that they have optical propes corresponding to that of highly polished pure iféigure 3-5
shows the optical properties of pure iron and the corresponding normal spectral emissivity
computed using Eq3.2) and Eq.(2.18). This thesis usesptical constantfor iron from Ordal et
al. [38] and Johnson et di39]. Variations between the theoretical spectral emissivity shown in
Figure3-5 and the measured spectral emissivities of the samplagune3-4 can be attributed to
surface roughness differences andface cavities on the steel substrate, as will be discussed
further in Chapter 4.

40 0.8
(b)

30 0.6
< <
< 20 & 04 |

10 0.2 t

0 1 1 1 ) 00 1 1

0 5 10 15 20 0 5 10 15 20
A(um) Apm)

Figure 3-5: (a) Refractive index, n and extinction coefficient, k of pure Iron, and (b) the corresponding
theoretical normal spectral emissivity. The optical properties are from Ordal et al[38] and Johnson et al[39]
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The surface's reflectivitymay also vary depending on the polar angle of incidence or
reflectancethe roughness of the surface primarily drives this directional depeadarrougher
surface will reflect light more diffusively (i.e., equally in all directions of a hemisphera)dwmen
angle of incidence. On the other hand, the reflectance from a smoother surface would be more
speculaif16]. Usually, for surfaces with random Gaussian height profiles (usually the case with
cold rolling), the azimuthalragle, G, will have a negligible effect on the radiative properties. This
assumption was validated by Lin et f7] through the GOA rayracing approach. ThETIR
measurements are performed at a polar incelerfc14.8, yielding a neanormal spectral

reflectance measurement.

Figure3-6 showsspectral directional emissivities at the three common pyrometric wavelengths
of 1.6, 2n.fram adl b8ctoil ocatlongaveraged across the five replicat&d)ere are
significant variations in spectral directional emissivitsesoss the caiVariations along the length
of the coil are more pronounced at the head and tail sections, and the spectral directional
emissivities of the Mid samples are systematically higher at alleswjths compared to theelge
samples. Such variations in spectral directional emissivities can lead to pyrometric temperature
errors when using singl@avelength pyrometry. At select coil locations, 13 (see Appendix A)
samples are analyséo compute atandard errarThe error bars at these data pqgistsown in

Figure3-6, reflect this standard error together with the 3% random error of the FTIR apparatus.

(a) (b) (c)

05 ¢ 05 05
0.4 m 04 | 04 | M
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Figure 3-6: Spectral directional emissivities at all 18 coil locations at the three common pyrometric wavelengths

of@) 1.6 &m, (b) 2.1 em and (c) 2.4 &gm. The coil's hea

yellow, and orange, respectively.
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3.3.2 Emissivity Ratio Variationsand Pyrometric Temperature Errors

Figure3-7 shows significant variations in emissivity ratiais 1.6e m/ 2 m1 ¢Im/ & . 4 & m,
and 2.1e m/42 .mAs discussed in Sec. 2.1.2, variations in emissivity ratios can lead to dual
wavelength pyrometric temperature errors. The emissivity ratios of the Edge samples are higher
than that of the Mid samples, atige emissivity ratios for the 2.8 m/ 2 m4 casesmalleas
those wavelengths are closer togethggure 3-7 also showsthe associated expected dual
wavelength pyrometric temperature errors,chihare inferred through E(.8) and by assuming
the average emissivity ratio across all samples to be the expected emissivityatio,

1.5 (@) 1.5 (b) 1.5 (c)
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Figure 3-7: Variations in emissivity ratios and the associated temperature errors at commopyrometry
wavelengths. Samples extracted from the edge (E) of the coil show larger emissivity ratio values than samples
from the middle (M). The head, centre and tail sections are marked with H, C and T, respectively. (a) 1.6/2.1
em, (b) 1. 6l/22..4 cmm (c) 2.

These emissivity ratioariationscausdemperature errsrangingbetweer0 K and35 K along
thecoil's length and width, as predicted by E)8). The temperature errors are the greatest when
the detection wavelengths are closer togethemperatureswings of this magnitude during the
annealing process can lead to erratic changes si¢leémicrostructurand hencés mechanical
properties posannealing. For instance, Mosser ef4l] foundsignificantvariations in the stress

strain (UTS variations of ~200MPa) behaviours of DP980 samples with intercritical annealing
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temperature variations of approximately +25Kshewn inFigure3-8. Ma et al.[41] alsofound
variations in the stresstrain behaviours of mediuivin steels for intercritical annealing

temperature variations as low as +5K.
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Figure 3-8: (a) Effect of intercritical annealing temperature on the stressstrain behaviour and microstructure

of DP980 steeld40]. Different intercritical annealing temperatures cause significant variations in the steels’

ultimate tensile strengths (UTS) and yield strengthgYS) due to a difference in the volume fraction of
Martensite (U') and Fer-structues(@hd(@.s shown in the micro

It is important to note that the radiative properties of the steelvgiti@lso vary during the
annealing process duetemperature changéshich may influence the optical constantandk
of the stee[16]) andsurface stateof the steelsuch as roughness and oxidation eff¢88 42,
43].
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Smooth and rough AHSS surfacghow the formation of oxide layers and nodulekich
influencespectral emissivity through terference and roughness effecespectivelyf42]. These
further variations may lead tmore significantdifferences in emissivity ratios and temperature
errors across the coiHowever, enissivity variations during the anriesy process are highly
unpredictable; thereforgnalytically characterisinthemis a significantchallenge and has not

been performed in this thesis.

Instead, future work should focus on implementing an empirical appimagbrocessing
samples fromthe different coil locations in an annealing simulator to study how radiative
properties and surface states evolve during annealing at different heating rates and atmospheric
dew point§32, 42].

3.3.3 Total Hemisphercal Absorptivity Variations & Strip Temperature Evolution

This section uselqg. (2.16) and Eq.(2.17) to computelte total hemispherical emissivities and
absorptivities respectively. The spectral directional emissivities obtained through the
experimeral analysis are nearormal values and do not contain information regarding their
directional dependence, making it challenging to marginalise over all directions of interest.
Therefore, lhe spectral directional emissivities are multiplied by a convefaicor for metallic
surfacesaccountingor the typical angular distribution of the spectral directional emisgity;

to obtain spectral hemispherical emissivities.

Typically, metals have larger spectral directional emissivities at higher incident angles; these
correction factors account for this directional dependdbeeiations from this typical behaviour
due to surface roughness assible; however, it is chaliging to quantify experimentally with
the available apparatuSamples with high surface roughnesses will reflect light more diffusively.
As such, this is an analogue method of making this correétigare3-9 shows hese conversion

factors
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Figure 3-9: Conversion factors for converting normal emissivities to hemispherical emissivities. Adapted from

Ref. [44].

This work mathematically models the spectral hemispherical emissivities using alaawer

function to computapproximate total hemispherical emissivities and absorptilatiéstegrating

over all wavelengths of interest (0:20 € m)Figure 3-10 showsthe gectral hemispherical

emissivities for one of the samples overlayed with the blackbody spectral intensity distribution

assuming a characteristic furnace temperature of 850°C.
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Figure 3-10: Spectral hemispherical emissivity curve for one of the samples, which have been cufitaising a
power law function, overlaid with the blackbody spectral intensity (given by Planck's distribution).
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Figure 311 shows the ariations in total hemispherical absorptivities across the coil through this
analysis Chapter 4 then analyses the surface topographies of the samples highlightedlagk

circles through opticgrofilometry, microscopy and scanning electron microgd&EM).
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Figure 3-11: Total hemispherical absorptivity variations (at Trumace = 85C°C) along the length and width of the
coil. Samples from the head, centre and tail sections are shaded in gregellow, and orange, respectively.

As expected, the total hemispherical absorptivities of the Mid samples are systematically larger
than those of the Edge sampleish variations along the length of the coil mgm®nounced at
the head and tail sections. The total hemispherical absorptivity results presénggenaB-11are
ata representative furnace temperaturé@face= 850°C; however, while solving E2.15) using
the explicit Euler scheméhe total hemispherical absongties and emissivities are computed at
each time step as the local temperature of the steel strip and the furnace section change, using Eg.
(2.16) and Eq(2.17).

This section exploresvo different furnace temperature profiles from Somveille ef2a],
representinghe temperature profiles used fannealingthe respective DP grades (deigure
3-12). This analysis assumes Gharacteristic coil speed of approximatelynfs (through
discussions with industrial partnert)modelshe temperature evolutions of two samples showing
the largest difference in total hemispherical absorptivity (450m Edge & 450m Mid) according to
the heat transfer model in Sec. 2.FRure 3-14 shows the coputed temperature evolutians

Spedfic heat capacity values for the steel are figef. [45], andthe heat transfer model usas
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characterististeeldensity of ~700&gn (variations in density w.r.t. temperature is smathan

specific heat)Figure3-13 shows these specific heat values

1000
800 F
G 600
= 400
—8— DP980
200 —_e— DP780
0 [ 1 1 1 ]
0 100 200 300 400
Time (s)

Figure 3-12. Representative furnace temperature profiles for DP780 (blue) and DP980 (red) alloys, taken from
Somveille et al[27]. Thesefurnace temperature profiles have been used to model strip temperature evolutions
in this study.

Co(Tec) = ((2.4x107)(T.+273.15)? + (2.2x104)-(T.+273.15)+0.37) x 1000
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0 200 400 600 800

Temperature (°C)

Figure 3-13: Specific heat for DR980 as a function of temperature, where the relationship follows a quadrati
behaviour [45]. These values have been applied for both the DP780 and DP980 heating schedules, as it is
challenging to obtain these relationships for all DP grades.
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Figure 3-14: Expected temperature evolutions of twaesamples showing large differences in total hemispherical
absorptivities. Furnace temperature profiles for typical (a) DP780 and (b) DP980 alloys.

In practice, these heating profilagalesigned based on the AHSS grade (e.g., DP780, DP980,
etc) and the specific alloy composition of the steel, which may vary consideraingng
producers. Therefore, these curves are representative and cannot be applied §mimallyeless,
accordingto the strip temperature evolutions computedrigure 3-14, the heating schedule

strongly influenceshe effect of total hemispherical absorptivity on strip temperature evolution.

In the case of Profile (b), two locations on the same coil having different total hemispherical
absorptivities Figure3-14)) exhibit a temperature difference of approximald&gK after heating
suchtemperature variatiorean lead to drastichangesn the mechanical properties of the steel as
shown by the stresstrain airves inFigure3-8. Conversely, for a coil heated according to Profile
(a), the twolocations have enough time &mostreach the same soak temperatasehibiting a
smaller temperature difference of approximately 58K.such, both cycles show variations in
temperature between the two samples which may cause differences in the microstructure that is

formed across the cois shown ifrigurel1-5.

Therefore, depending on the annealing cycle, radiative property variations across the coil may
produce noruniform mechanidaproperties posannealing.Figure 3-15 illustratesthe effect of
total hemispherical absorptivity variations at different coil locatiomstrip temperaturas the

coil travels through the furnace
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Figure 3-15: The temperatures of different coil locations at various distances into the furnace. The middle of
the coil changes in temperature faster than the edge. This diagram follows the E¥80 heating schedule.

This work assumes #@hirradiation at any positianis uniform across the coil width, which may
not be the casglb, 16]. Additionally, as the coil travels through the furnace, further variations
may also arise in strip radiative propestidue to changes in its surface sfa8& 43, 42]. As
discussed, the evolution dfe strip surface state is often unpredictable and challenging to model
analytically. As such, these changes may leathdoe significantvariations in strip temperature
evolutions across the collowever, as discussed earlier, future work should focus oirieatly
modelling these radiative property evolutiohsaddition, variations in the p@nnealed surface
state across the coil will impact how the radiative properties evolve at these different coil locations
[32,42].
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Chapter 4 : Surface State Characterisation

This chapter discusses the experimental and theoretical work performed to elucidate the origins
of the radiative property variations described in Chapter 3. First, methods used to characterise the
surfaces, including optical profilometry, optical microsg@md scanning electron microscopy,
are introduced. The initial analysis shows the existence of corrugated surface cavities on samples
with larger spectral directional emissivities and total hemispherical absorpti@tiesequently,
this section explorethe methodology adopted to quantify the number of cawatieshighlights
the use othe GOA raytracing algorithm to correlate the radiative properties of the samples to
variations in surface topography. A replicant technique is then employed to imgudaee

topography acquisition inside the surface cavitiesice th&SOA spectral emissivity predictions.

4.1. Mathematical Modelling of Surface Topography

In its coldrolled and preannealed statesurface roughness effects domingte radiative
properties of AHSSprocesses upstream of annealswgrh as hetolling, acidpickling, and cold
rolling, usually imparthese topographical artefacts to the ,cadl shown irFigure 1-3. Various
studies have elucidated the effect of surface topography on the radiative properties of AHSS and
other metal$37,43,46,47]. For instance, Ham et 4#43] found a strong correlation between the
average roughnes’, of cold-rolled TRIP steel samples and their total normal emissivities. Lin et
al.[37] correlatedhe spectral directional emissivities of AHSS to their surface sl&g$where

Ryis the rootmeansquaredRMS) roughness,

Lx Ly
R = \/ ﬁ ZKx,y)~ d dy (4.2)
CILy
andUis the correlation lengttFora Gaussian surfacthecorrelation lengthis,
\/E..
U= ®, (4.2
Sr
wheres is theRMS slope,
2 2
1 2aZ(x,y) 6 @ x, 0 ..
S = Ta aeﬂi( ) 5 *ae—( )) de;@ly (4.3)
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Lx andLy are thesurface lengths thex andy directions, respectively, artirepresents the surface

height at a givem andy coordinate.

A 2D surfaceZ = h(x, y) can be modelled using a height distribution function (HDF) and an
autocovariance function (ACHL8, 37]. The HDF describes the distribution of heights above and
below a mean plan@he ACF ascribes thalistributon of the peaks and troughsthex andy
directions. In the case of a Gaussian surfdmedistribution of heights is normal,

a

1
p(h)=\/ﬂ é@zqu (4.9

C(x,y)=exp (4.5)

OQR we
S %
<d,l<v

(W and( are the correlation lengths in tkandy directions, respectivelflhe Gaussian assumption
is valid for most surfacegeneratedandomly [18, 37, 48], such asduring cold rolling (see
Appendix B). For an isobpic surface, which has identical distributions of peaks and troughs in

bothx andy directions, Eq(4.5) simplifies to

é X2_y2 (/

C(x,y) =expge g (4.6)
g _
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4.1 Surface Imaging Techniques

4.1.1. OpticalProfilometry
Figure4-1 showsthe optical profilograms obtained from a subset of samesy aWYKO

NT1100 optical profilometewi t h a | ateral scanning r.esoluti ot
20m Edge, a=0.169 pm 1509m Mid, a = 0.272 pm
et o W 45 T TTsssmsss w40
.« B 25 2.0
e B 0.0
o -15 -2.0
' 35 - --4.0
o o e Wl PR NS B oo
Ry/1=0.48, R,= 1.64um R4/1=0.40, R,= 1.65um
75m Edge, a=0.171 um ~ 450m Mid, a = 0.292 37
- 4.0 (SR, ; 2.0
3 0.0 -2.0
--2.0
- -4.0
‘ W 40 B
T BIR | : -6.0

Ry/T=0.32, R,=1.42um Ry/T=0.39, R,= 1.65um

Figure 4-1: Optical profilograms of a subset of samples. The total hemispherical absorptivitylj values
presented are computed af furnace = 850°C.

The optical profilograms do not reveal variations in surface topography between the Edge and the
Middle of the coil. All profilograms show similar surface slopRglJand RMS roughnesseR;,

despite exhibiting different total hemispherical absorptivifié® insufficient lateral resolution of

the optical profilometer is responsible farg lack of correlation.
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Ham et al.[43] suggested that microscale topogiiaph features, ©(0.1 € m) , strongl

influence strip radiative properties, which they inferred from profilograms like the ones shown in
Figure4-1 using a wavelet filtering algorithm. Lin et §87, 46] then adopted this algorithm to
correlate the radiative properties of AHSS with their surface tapbggs using the GOA ray
tracing model and the EM Davldkeory.

Lin et al. [37, 46] analysed this approach's veracity by comparing the surface roughness

parameters inferred using the optical profilometer and the filtering algorithm with those obtained

from atomic force microscopy measur emenkts wit

shows that surface height maps generated using depth mapping on an optical microscope with a
| ater al resolution of ~0.1em are sufficient
using a GOA raytracing model and an ANN, as shown in Se8.4and Chapter 6. However,

some samples have surface cavities that must be treated as blackbodies, as shown in Chapter 6.

4.1.2. Optical Microscopy
The samples highlighted by the black circleBigure3-11are analysed using a Keyence X/-
5000 optical microscopgvith alateral resolutiorof ~0.104e mto accounfor the limitation of
the optical profilometerFigure4-2 shows optical micrographs of the ten samples. At the finer
|l ater al resolution of 0.104 &m, t he damenpl es
number of dark pahes compared to samples extracted from the edge; correspondingly, the mid

samples also show larger total hemispherical absorptivity values.

The dark patches represent surface cavities that trap visible light, preventing the Keyence
microscope (and othespticatbased imaging techniques) from capturing tawity's surface
topography This trapped light contributes to the higher spectral emissivities and total
absorptivities of the Mid samples through higbeder scattering events, as will descussed
further in Sec. 4.3.1.
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(1) (2) (3) (4) ()
20m Edge 75m Edge

450m Edge 1509m Edge 1684m Edge

a=0.169 a=0.171 a=0.178 a=0.182 a=0.187

(6) (7) (8) (9) (10)

75m Mid 450m Mid 880m Mid 1509m Mid 1739m Mid

a=0.279 a=0.292 a=0.296 a=0.272 a=0.223

Figure4-2:. Optical micrographs of the ten selected sampl es
magnification, a larger number of dark patches are visible b the surfaces of the Mid samples compared to the
Edge samples.

The Keyence optical microscogenerategligitised surface height maps through 3D depth
mapping. Duringhis processthe digital microscope estimates a height profile by analysing the
movemat of the lens along theaxisby moving through different focus planes on the image as
regions with different heights come into focus at different focusing lengidpsre4-3 shows he
digitised 3D surfaces obtained using the Keyence microscope for two select samples (20m Edge
& 1509m Mid). Scanning areas of approximaté@0¢ n? 500& marechosen by referring to
previous studies that have analysed the surface topography of fdS&3]. These studies
deemedhat sich a scanning siaerepresentative of the sample vghihinimising undue analysis
time associated with larger scanning arédggpendix C shows the testing @frger scan areas on

select samples to validataglassumption.
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Figure 4-3: 3D digitised surface height maps obtained using the Keyence optical microscope for two select
samples (20m Edge and 1509m Mid samples).

The dark patches appeaslow-lying areas in contrast to the surrounding region; however, as
the microscopeannotfocus on the features inside the cavities, it cannot capture the finer surface
topography within, which are revealed by the SEM imagdsigare 4-5. As such, the surface
roughness parameters computed using depth mapping are representative of the surface topography
outside the cavitieS.able4-1 summaisesthe roughness statistio all ten samples ifkigure4-2
inferred through depth mappinghis finer lateral resolution of ~0.1m al | ows f or ca
the highfrequency topography artefadtsat affect the radiative properties, as suggesyedam
et al.[43] in areas outside the cavities.
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Sample Re( € m) U € m) Ry U U
1 1.361 5.477 0.248 0.169
2 1.235 5.888 0.210 0.171
3 1.678 7.318 0.229 0.178
4 1.481 5.682 0.261 0.182
5 1.519 6.034 0.252 0.187
6 0.930 4.013 0.232 0.279
7 1.441 5.080 0.284 0.292
8 1.423 5.224 0.272 0.296
9 1.469 5.431 0.270 0.272
10 1.329 5.594 0.238 0.223

Table 4-1: Summary of roughness statistics and total hemispherical absorptivities for samples analysed using
the digital microscope shown inFigure 4-2.

Figure 4-4 shows the relationship between the inferred surface sldpgidand the total
hemispherical absorptivitied the samplesA larger numbeof scattering eventer surfaces with
higher slopes produces an upward tr¢Bid]. However the correlation is not very strong, as
evidenced by the low? value.The radiative properties for the samples analyseddsereot be
fully defined using the inferred surface slope alone as it does not account for the surface cavities
that act as perfect emitters (blackbodies) of EM radiation. Chapter 6 discusses the influence of

these cavities.
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Figure 4-4. Relationship between surface slope and total hemispherical absorptivity for the ten analysed
samples inFigure 4-2.
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4.1.3 Scanning Electron Microscopy

This sectionexplores the surface topography inside the dark patches/caviteg) a Zeiss
Merlin scanning electron microscope (SEM) with an acceleration voltage of 20kV. The same
location on the 1509m Mid sampleasalysed using the optical microscope and the SEM. The

SEM imagery reveals a highly corrugated surface inside the casighown irFigure4-5.

1509m Mid Optical Imag 1509m Mid SEM Image

¥ P L 3 X 3 ¢
Rolling Dir. ~ |" & - Rolling Dir. Ko
> __. e — @ ‘S — . ‘”\ - % ,-" &

Figure 4-5: Comparison of an optical image and an SEM image (20kV) taken at the same location on the 1509m
Mid sample. The SEM image reveals a highly corrugated surface inside the dark patches.
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4.2 Cavity Quantification

The optical images from the Keyence microscope are then analysed further to quantify the
number of surface cavities and to test whether a correlation exists bstwissecavity coverage
and the radiative properties of the surfaéesimage thresholding approach shahat thesurface

cavities strongly drive the total hemispherical absoifps.

4.2.1 Image Thresholding Approach

Image thresholding exploits the dark colour of the @awiin the optical micrographs to infer
the total surface area occupied by the cavities. Surface images are imported to MAG4 RBB
matrices, wheran RGB array represents each pixel of the ima@be images are then converted
to greyscale with pixel iensities ranging betweenr2®5, producing an-8it image. The contrast
of the greyscale images is normalised through gamma correction using MATL ivBadjust

functionfor accountingor the microscops varying exposure and lighting parameters.

Before Gamma After Gamma
Correction Correction

v

880m Mid 1684m Edge

20m Edge

e

Figure 4-6: Effect of gamma correction on the contrast of a subset of samples. This procedure allows for
normalising images in the case of varying microscope imaging characteristics like exposure and lighting
settings.
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Pixelswith values less than 95 are considered dark, where 95 is chosen heuristically by visually
inspecting the cavities in the optical micrographs for a subset of safplalty, the number of
bright pixels in the binary image is divided Hye number of total pixels to obtain a cavity
percentage for each sampfegure4-7 shows a example binary image for the cavity figure
4-5.

Figure 4-7: Binary image of the cavity shown inFigure 4-5. The correct regions have been identified using the
image thresholding approach.

The strength of theorrelation between cavity percentage and total hemispherical absorptivity
highlights thee cavities' strong impact on the samples' overall radiative pegexs shown in
Figure 4-8 (c) and (d). Additionally, the poor correlation between surface slope and cavity
percentage further bolsters the idea that the Keyence microseopetcapture the surface

topography insidéhe cavites, which causes them to behave as blackbodies.
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Figure 4-8: Relationship between cavity percentage and total hemispherical absorptivity over the ten analysed
samples inFigure 4-2 and Table 4-1.
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4.3 GOA RayTracing Model

This section uses the GOA ranacing algorithm tatheoreticallymodel the steel radiative
properties using thelepthmappedsurface height datas a boundary conditionThe GOA
algorithm is a Monte Carlo rayacing procedure wherein many rayndles are traced through
their interactions with surface boundaries until thaye scattered away from the surf4t8, 37,
49]. When an electromagnetic wave impinges on an opaque conducting Siisfaareergy is
absorbed or reflectedhe bidirectional reflectance distribution function (BROEP, 18, 37,48,
50,49],

Li (a ),
T O e vesors (4.7)
@ ) 4
expresses the angular distribution of this reflected enarggrel's..( § andL's ( 1@ represent
the incident and the reflected spectral intensities, respectikgye, d; is the polar angle of

refl ecits onhe qdi r ect i ors the direction of irefleetignEigure 4-&(a)d

illustrates these quantities. Marginaing the BRDF over a hemisphere yields the spectral

directionathemispherical reflectivity,
1 . ..
J’a,-d(g ):|r_ ﬁ (q ’ i):{ rq: ws r (48)
,

The GOA algorithm computes the BRDF by mididg the energies of the incident and reflected
ray bundles and provides an approximate spectral reflectivity prediction through a Géolde
integration. The procedure is less computationally experisarghe more rigorous approach of
directly solving Maxwels equationg18, 37]. The GOA approach modelsa&h reflection as
speculayand the surfacesiassumed to be locally optically smooth at each reflection, @snt
illustrated inFigure4-9 (b).
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(a) (b)

Figure 4-9: (a) Parameters used to define the BRDF. (b) The path of an incident ray as it interacts with a
random Gaussiansurface.

The energy of an incident rag, is proportional to the projectedcidence areaccording to
Lamberts cosine law with respect to the local normal at the reflection point. Bergstronil&j al.
decomposethe incident energinto s and ppolarized components;s, andep, according to the
global reference frame (w.r.t. the normal of the mean plane of the surfaoefaccount for the
change in the polarization of the incident ray upon reflection. Ttezted energiess, andep are

then given by

e. g c . ge
e 1L b o (4.9)
€, 0 4 b e

where} ssandj pp, and} spandj psare the coeand crosgpolarised reflectivities, which are computed
using the incident and reflected ray vectors, thand ppolarised components of the rays, and the

Fresnel amplitude reflectivitieBs andR,,

(n, @og(d) -9)2 A
(n@os(d) +p

R = (4.10)

(p- n n(d) e ) ‘e
(p+n €in(d) ta{ g)’ zqﬁ (4.12)
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/(e K rp-sin?(d))’ 40 A& 2 nx Ksink-) (4.12)

(e K -sin*@))” 44K ZnZ Ksink ) (4.13

As discussed, the optical constants for specific AHSS alloyscareadly available; therefore,

this work useshe values for pure iroimstead37, 38, 39], as discussed in Sec. 3.3.1.

Assuming a specular reflectighe reflected ray is,
v.=v, 22 ndy &) (4.14)

wheren is the local surface normal vector at the reflection pdir algorithm also accounts for
shadowing effects and multiple scattering events through simple geometric arguments [35,46].
Shadowing occurs winethegeometry of the surfacghieldscertain ares from the incident light,

and multiple scattering events usually occur within surface cavities.

Tang et al.[49] delineated the validity regime of the 1D GOA model by comparing its
predictions to solutions obtained throughcélemagnetic (EM) wave theory models. They showed
that 1D GOA predictions are accurate wiignos@l) / o Ry /0<.12Tang and Buckius
[50] thenhypothesized that the validity regions for 1D and 2D GOA modeltharsameThis
work usesthe MATLAB® GOA code published by Bergstrom et [I8] with modificatiors to
analyse different incident wavelengths of light betweeni 020 ¢ mand specific conditions to

model the cavities as blackbodies, as discussed in Chapter 6.
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Figure4-10shows the predictions made by the GOA motlee GOA model provides accurate

spectral emissivity predictions for the Edge samplg¢sinderpredicts those of the Mid samples.

This underprediodn is due to the Keyence microscope's inabildycaptureaccuratesurface

height map#side the cavitiegvhich makes them act as blackbodies) due to the trapping of visible
light within them. Therefore, the GOA model does not capture this blackbfety ehen using

the Keyence height data as a boundary condition for caghysamples.
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Figure 4-10: GOA spectral emissivity predictions for a subset of samples, comparing GOA results between the
(a) and (c) Edge and the (b) and (d) Middle of coil.
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4.3.1 Surface Replication Technique

This section further explores the cavity's surface topography usisgrface replication
technique. The replication technique creates a negative cast of the surface using a hardening
silicone paste (ProVil Novo), which converts the surface cavities into peaks. The surface
replicates are then imaged using the Keyence aptiscroscopeand inverted numerically to
obtain the true surface height profiles of the samplegire4-11 showsthe application gun, the

silicone paste, the sample, and the repdicat

Figure 4-11: Surface replication apparatus, Top:Application gun, Bottom: 1509m Mid sample and its replicate
The replicate technique is performed on the sample showigure4-2 (1509m Mid), after
which the same cavity shown Figure 4-5 is imaged on the replicate surface. The replicate

technique captures the topography witthie cavity shown by the red boxes (FigwElJ since it

hasa significantdifference in height in contrast to its surroundings (Figuid 4)).
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Figure 4-12: Surface height profile of the cavity shown inFigure 4-5 obtained by imaging the (a) original steel
surface and (b) the replicate surface.

(a) (b)

| — First Order Scattering
-2 t — Higher Order Scattering

0 5 10 15 20 25 30 35 0O 5 10 15 20 25 30 35
Length Along Surface (um) Length Along Surface (um)

Figure 4-13: Linear height profiles along the red dotted lines. The replicate profile reveals a much rougher
surface inside the cavity. A larger number of higher order scattering events are also visible whiclntribute
to the higher spectral emissivities and total hemispherical absorptivities.
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Figure4-13 shows the 1D surface height profile obtained along the red dotted liRéguire
4-12. The high spectral directional and total hemispherical emigs\wf cavityrich samples may
be intuited by examining the path of an incident beam as it interacts with the surface. The rougher
surface inferred using the replicate leads to more higidar scattering event¥he cavity is
imaged again using the SEM 54 to validate the spikes in the replicant profiled ensur¢hey
are not measurement noiségure4-14 compareshe replicant surface height profiend the SEM

image the spikes seen in the replicate profile are also present in the SEM asaip@wn by the

red circles.
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Figure 4-14: Comparison of cavity surfacetaken using an SEM at 54, and the replicant surface height profile
at 54°. The red circles represent the surface peaks visible in both the SEM image and the replicant surface

height profile.
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Subsequently, the replicate surface height profile serves as a boundary condition for the GOA
ray-tracing modelrevealinga more accurate GOA spectral emissivity prediction within its validity

regime as shown irFigure4-15.
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Figure 4-15: GOA spectral emissivity predictions using the surface height profile from the replicant technique.
An improved GOA prediction is obtained within its validity domain.

Notably,the GOA predictions for the edge samples are accevatgoutside the GOA validity
regime Figure4-10); however, the algorithm is only accurate inside the validity regime for the
1509m midsample. This discrepancy can be attributed to the lower number of -oiglezr
scattering events ark€M diffraction effects occurring on the surface of the edge samples at longer
wavelengths due to fewer cavities and lower surface rougf8gssor longer wavelengths, such
as thoseritical for calculating infrared heat absowuti within the furnace, a rigorous EM solution
may be required for the mshmples, as shown in the GOA validity regime map created by Tang
et al.[49]. Chapter 6 proposesmachine learning datdriven model trained on empirical data to
address this issussquiring less computational effort thamigorous EM approach.
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Chapter 5: Cavity Formation

The previous chapter describes how surface cavities influence the radiative properties of the
steel. This chapter explores the possitglasons for surface cavity formation during processes
upstream of annealing. A deeper understanding of the origins of these cavities will allow steel
manufacturers to improve their industrial processes to minimise radiative property variations
across AHSoils in their cold rolled and prannealed condition befothey enteranannealing

furnace

5.1 Literature on Surface Cavity Formation
Few studies have explored the reasons for cavity formation during processes upstream of
annealingHowever, aecent study by Képper et #1] showedhat cavity formation occurs due
to thedissolution of selective gralboundary oxideduring acidpickling that initially form during

the hotrolling process in lowoxygen conditions.

Theysuggest that an oxygen depletion zone may be created between external oxsdandcale
the steel substratehen a hotolled coil is a vound within this depletion zone, selective Mn, Cr
and Si oxide nodulemayform due to the low oxygen contdiite the ones formed in a reducing
atmosphere during intercritical anneal{Bg, 42]. Acid-pickling thendissolves the external oxide
scale and some selective oxia®luledn the depletion layeas shown irFigure5-1. Finally, cold

rolling flattens the remaining oxide nodules and some cavities.

(a) (b) (c)
External Oxide Scale

Grain Boundary Selective Oxide Nodules
Oxides (Mn, Si, Cr)

I:I Oxygen Depletion Layer I:I External Oxide Scale |:| Substrate Steel

Figure 5-1: Selective oxidation in the oxygen depletion zone created between external oxide scale and the steel
substrate after the (a)hot-rolling process. Some of these oxide nodules are dissolved during (b) pickliagd
subsequently get flattened during (c) coldolling. Image adapted from Ref.[51]. Dashed lines represent grain
boundaries.
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Figure 51 shows srface cavities on samples analysed in Rdf]; the sample witlmorecavities

shows deformed grain boundary oxides in the cresstion image.

|| Reference S
SEM - cold rolled Surface

.'-(f},

SEM HV: 15.0 WO: 13.00mm | | | MIRAS TESCAN]  SEM HV: 15.0 kV
View field: 238 pm Oet: S€ NG ten
SEM MAG. 500 x - J Cresnes SEM MAG. 500 x

View field: 238 pm

4um  pickled and deformed grain 4um
—> boundaries by rolling process —

Y = WOu e AgwARRIO L 2y — . o Meae SOKx WOU I Sowassio L Tapn —
R R i e | e e e A |

Figure 5-2: Surface cavities seen in samples analysed by Képper effal], the crosssection SEM image of the
surface with cavities shows cracks along the grain boundaries due to oxide dissolution during pickling.

Additionally, the samm@ with fewer cavities shows deeper rolling grooves; this suggests that
they ardlattened during the colblling process, producing micro flaps as hypothesised by Etzold
et al.[52] and Ham et al[43]. Figure 4-2 showsthat samples from the Edge of the coil show
deeper rolling groovethanthe Mid samples, suggestingn-uniform coldrolling characteristics

across the coil width.

As grainboundary oxidation, acigickling, and coldrolling may be responsible for surface
cavity formation this chapter analysed8P800 and DP980 samplatiowing grain boundary
oxidation from a hetolled coil (processed on an industrial I)pevhich are aciepickled (45s
180s)and coldrolled (1% - 53% thickness redtp different extents in a lab environmgsee
Figure5-3). Through discussions with industry, it is hypothesised that external oxide scales are
entirely removed after ~560 s, and the pickling acid completely dissolves the oxide nodules
formed in the depletion zone at approximately 120 s for samples with heavy internal oxidation.
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Figure 5-3: SEM crosssection images of one of the analysed samples (pickled to ~50s) provided by our
industrial partner. External and grain boundary oxides are removed by pickling leading to a roughened
substrate surface and surface cavities, pogtickling. (SEM Images from partner). Higher magnification SEM
images are required to ascertain if oxide nod@ls are present on the surface, as performed in R¢46]

The reflectance spectra of certaimderpickled samples (for pickling times less than ~50s) that
are coldrolled to lesser thickness reductionsb@ thickness redshow a similar trend tannealed
samples(in a reduction atmosphergith selectiveoxide nodules analysed by Lin et §6]
(Figure5-4). These samples show low spectral reflectivities at shorter wavelddgig4d], which
may be attributed to the existence of surface oxide nodules. SEM-aay diffraction (XRD)
spectroscopy may further validate this findiRgmnantexternaloxide scalegthe amber region

in Figure5-1) are also visibléo the naked eye ospecificsamples (seBigure5-5).

For increased pickling times and the cablling reductions of 180s and 53%, respectively, the
reflectance spectra trends approach those-té@sved roughened samples analysed by Lal.e
[46], as the oxide nodules are either dissolved or flatteBedan industrial lingthe coils are
usually coldrolled to a reduction of ~53%yfical of the industrial procesand either adequately

or overpickled to remove all oxides (120is180 s) thoroughlytherefore surface cavities and
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roughness effects should primarily influence the radiative properties of aatield coil on an

industrial line as observed in Chagt@and 4.

- DP8O0_ DP980
0.9
0.8
“ 07 PT: 180s CR: 53%
PT:45s CR: 53%
0.6 PT:45s CR: 1%
0.5

2 4 6 81012141618 2 4 6 8 1012141618 2 4 6 8 1012 1416 18
A (um) A (um) A (um)

Figure 5-4: Similarity of the reflectivities of under-pickled samples and those of certain annealed samples

showing oxide nodules, analysed by Lin et §46].
| DP800—P: 455, CR: 1% |

7. i g

DP980 — P: 45s, CR: 1%

/ < & A BTV zl, i ..
External Oxide Scale remnant

Figure 5-5: External oxide scale remnant visible on certain undepickled samples represented by amber region
in Figure 5-1.

The following section uses a fiftictorial analysis to study the impact of apidkling time,

cold-rolling thickness reduction and steel type on cavity formation and strip radiativeriesp
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5.2 Factorial Designof-Experiments Approach

The factorial desigiof-experiments approadielps elucidateéhe combined effect of various
process parameters on a response variable of interest. A commonly used factorial mod&l is the 2
design, with analyses k number of factors at two levelS3] (high and low levels). Thisodel
typeis helpful in the early stages of an analysis, where the effect of various factors on the response
variable is unknownhence they are known as Thé methbd r scr
assumes a linear relationslhigtween the response variable and each fasttinere are two levels

for each factor, and that assumption is subsequently validated using residual analysis.

Various industries have implemented this technidtge example, in the context of AHSS
pyrometry,Suleiman et all32] applied a 2 23 23 3 model to study the effect of the annealing
dew point temperature, the Si/Mn ratio of the steel, the RMS surface roughness, and wavelengths

on how the spectral directional emissivity of AHSS may vary during annealing.

5.2.1 Z - Factorial Design for Cavity Formation/Flattening
Here,a 22 - factorial design moddbk implementedo elucidate the combined effect of acid
pickling time, coldrolling reduction, and thalloy composition of the ste@DP800 or DP980) on
the formation/flattening of cavitiemd the radiative properties of AHSS samplesddition, he
Si/Mn ratio of he steel is used as a factostady the impact of alloy composition thre formation
of Mn and Si grain boundary oxides during hot rollingkopper et al[51] hypothesised that the
dissolution of these oxiddsads to surface cavities during agidkling. This analysiextractsall

samples fromahot-rolled coil from the miewidth and tail sectio

Due to physical limitations and cost, only a single replidatavailable at each factor
combination; thereforayideningthe difference between the high and low levels of the faetors
much as possible sares thatthe model is not overturng83]. Therefore, 120 and 180s andl%
and 53% are used for pickling times and cold rolling reduction percentagpectivelyThese
pickling times entirely dissolve all internal and external oxides; therefore, roughness effects
dominate the radiative properties, which is more reprdive of the industrial process. Industry

partners suggested these pickling times, as discussed previously.

The factors shown ifiable5-1 areapplied in different combination3 éble5-2) to study their

individual and interaction effects on the response variables of cavity percestzzal
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emissivities at select wavelengths between 0.5 ared i@@ndthe average spectral emissivity (for

wavelengths between 0.5 and€0n)

whereNgr e pr esent s

t he

number

of spectral

(G-5)

emi ssi vi

Table5-2 shows the response variables for the samples with different factor level combinations.

Factor Si/Mn Ratio Cold-Rolling Pickling Time (s)
(A) Reduction (B) ©
Higher Level | (DP980) 0.45 (+) 53% (+) 180 (+)
Lower Level | (DP800) 0.054) 1% (-) 120(-)
Table 5-1: Factors and their respective levels used in the* Znodel.
Factor Levels Response Variables
Sample
A|B|C |[Cav.%| U B-1) B=2] B=2] B=5| B=1¢ B->
(1) - - - 38.186 | 0.684 | 0.655| 0.595| 0.566 | 0.417| 0.364| 0.279
a + - - 51.829 | 0.700| 0.628| 0.580| 0.559| 0.460| 0.433| 0.375
b - + - 19.266 | 0.513| 0.437| 0.380| 0.350| 0.238| 0.159| 0.104
ab + + - 25.497 | 0.604| 0.447| 0.406 | 0.372| 0.268| 0.187| 0.090
C - - + | 41.502 | 0.668| 0.642| 0.586| 0.550| 0.410| 0.331 | 0.206
ac + - + | 50.640 | 0.652| 0.557| 0.504| 0.474| 0.325| 0.244 | 0.148
bc - + + | 23.364 | 0.506| 0.429| 0.369| 0.345| 0.221| 0.135| 0.070
abc + + + | 12.761 | 0.427| 0.355| 0.289| 0.265| 0.158| 0.097 | 0.052

Table 5-2: Eight samples with the three factors applied in

perce

ntages,

wavelengths are sha n .

Al |

average
reported

different combinations, their respective cavity

emi ssi-2i0teimg s
wavelengths

in

@aadmpyteecd rladt veard s s & \
ar e

€ m.

Figure5-6 shows @tical micrographs of the eight samplesTiable5-2. Increasingthe cold-

rolling reduction percentageduces the number ofark patchs, which is consistent with the

findings fromKopper et al[51] and the hypothesis by Etzold et[a&Rk] and Ham et a[43]. They

suggest that the surface cavities formed during-pickling are flattened with cotdolling, as
discussed in Sec. 5.1 aRijure5-1.
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Figure 5-6: Optical micrographs of samples representing the 8 treatment combinations analysed through the
2% - factorial design. Fewer dark patches are observed as the celdlling reduction is increased from 1% to
53%.

The factor effed, their sum of squares and percentage contributions are computed for the response
variables shown iTable5-2. The full-factorial analysis computescantrast for each factor by
combining the rgsonse variablérom the eightsamples infable5-2 according to the algebraic

signs shown iMable5-3. For example, the contrast for factoish

C,=abc +ac &b a( )t b-c + (5.2

where the letters (a, b, ¢, abc, ac, ab, and bc) represent the response variables of interest for the

eight samples with the different treatment combinatioriginie5-2 andFigure5-6.

The contrast captures thesponse's chaeglue toa change in théactor level For a 2 -

factorial design, the effect estimate is
E =—1.. [co:] (5.3
Y4t

wheren is the number of replicates at each treatment combindfienfactor effects represent the
change in the response variable for a change in the level of the factor averaged over the levels of
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the other factors. As discussed, due to physical and cost constoailyt@ single replicate is

available thereforen = 1.

Runs Factorial Effect
I A B AB C AC BC ABC
(1) + - - + - + + -

a + + - - - - + +

b + - + - - + - +
ab + + + + - - - -

c + - - + + - - +
ac + + - - + + - -
bc + - + - + - + -

abc + + + + + + + +

Table 5-3: Algebraic signs for combining the values of the response variables at the different treatment
combinations (samples inrable 5-2) to compute the individual and combined factor effects.

The contrastare therused to compute the sum of squaf®S {or each factor,

(C.)

SS =+ 2L 54

37756 (54)

Table 5-4 presents the results ftine response variables cavity percentage, average spectral

emi ssivity and spectral emissivi t. Figue57dhen sel ec
shows he percentage contributiday each factor to the response variablemputed by dividing

the sum of squares for each effect by the total sum of esiddre book byMontgomery[53]

provides moreénformation about the technique.
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Cavity Percentage

Factor Effect Contrast SS % Contr.
A 4.602 18.409 42.363 2.802
B -25.317 -101.268 1281.893 84.775
AB -6.788 -27.152 92.154 6.094
C -1.628 -6.511 5.299 0.350
AC -5.335 -21.339 56.921 3.764
BC -2.691 -10.766 14.488 0.958

ABC -3.082 -12.327 18.994 1.256

Total 1512.112

U

Factor Effect Contrast SS % Contr.
A 0.003 0.011 0.000 0.023
B -0.163 -0.653 0.053 75.754
AB 0.003 0.011 0.000 0.023
C -0.062 -0.248 0.008 10.950
AC -0.051 -0.203 0.005 7.312
BC -0.030 -0.120 0.002 2.562

ABC -0.034 -0.138 0.002 3.377

Total 0.070

(1. 6¢m)

Factor Effect Contrast SS % Contr.
A -0.044 -0.176 0.004 4,117
B -0.203 -0.814 0.083 88.240
AB 0.012 0.050 0.000 0.330
C -0.046 -0.184 0.004 4511
AC -0.035 -0.142 0.003 2.678
BC -0.004 -0.016 0.000 0.035

ABC -0.006 -0.026 0.000 0.089

Total 0.094

(2. 1em)

Factor Effect Contrast SS % Contr.
A -0.038 -0.152 0.003 2.953
B -0.205 -0.822 0.084 86.756
AB 0.011 0.042 0.000 0.230
C -0.053 -0.211 0.006 5.725
AC -0.044 -0.174 0.004 3.905
BC -0.011 -0.043 0.000 0.235

ABC -0.010 -0.039 0.000 0.196

Total 0.097

64




(2. 4 m)

Factor Effect Contrast SS % Contr.
A -0.035 -0.140 0.002 2.564
B -0.204 -0.817 0.083 87.526
AB 0.006 0.025 0.000 0.083
C -0.053 -0.212 0.006 5.906
AC -0.042 -0.169 0.004 3.761
BC -0.003 -0.011 0.000 0.017

ABC -0.008 -0.033 0.000 0.142

Total 0.095

B( 5¢&m)

Factor Effect Contrast SS % Contr.
A -0.019 -0.074 0.001 0.842
B -0.182 -0.727 0.066 80.432
AB 0.002 0.009 0.000 0.012
C -0.067 -0.270 0.009 11.081
AC -0.055 -0.221 0.006 7.395
BC 0.004 0.016 0.000 0.037

ABC 0.009 0.036 0.000 0.200

Total 0.082

G( 10e m)

Factor Effect Contrast SS % Contr.
A -0.007 -0.029 0.000 0.102
B -0.198 -0.793 0.079 77.311
AB 0.002 0.007 0.000 0.006
C -0.084 -0.337 0.014 13.971
AC -0.056 -0.224 0.006 6.186
BC 0.027 0.107 0.001 1.418

ABC 0.023 0.090 0.001 1.006

Total 0.102

G( 20¢e m)

Factor Effect Contrast SS % Contr.
A 0.001 0.006 0.000 0.005
B -0.173 -0.693 0.060 66.345
AB -0.018 -0.071 0.001 0.689
C -0.093 -0.373 0.017 19.199
AC -0.040 -0.158 0.003 3.457
BC 0.057 0.228 0.006 7.184

ABC 0.038 0.150 0.003 3.121

Total 0.090

Table 5-4: Factor effects, their contrasts, and their sum of squares for each response variable. The percentage
contributions of each factor have also been shown.
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Figure5-7 shows the percentage contribution of each factor to the response variables. The cold
rolling reduction percentagéactor B) has themost substantia¢ffect oncavity percentage, the
average spectral emissivjtgnd the spectral emissivities at all analysed wavelengths of interest.
The similarities of the factor contributions fwavity percentage and the emissivities show that the

surface cavities strongly dominate the radiative properties after removingtttadling oxides

100 -
80 Factor A: Si/Mn Ratio
o
2
E 60 Factor B: Cold-Rolling Red. %
% 40 Factor C: Pickling Time (s)
O
xR
20
0 J—=-——H:|:|—H]3—-'—=D—-'—=ﬂ
A B AB ] AC BC ABC
Treatment
m Cavity Percentage mAverage Emissivity
mEms (1.6pm) BEms (2.1um)
BEms (2.4um) BEms (5um)
BEms (10um) BEms (20um)

Figure 5-7. Percentage contributions of the processing parameters on the response variables. At all
wavelengths, the colerolling reduction percentage strongly dominates the radiative prperties.

In dual or multi-replicate factorial designs, the statistical significance of each factor can be
identified within a confidence interval through an analysis of variance (ANOVA). However, in a
single replicate design as performed here, no-ink@ment error estimate exists. As such, Daniel
[54] suggestsa heuristic alternative of examining the factor effects showralie5-4 for each

response variablgsing normal probability plet as shown ifigure5-8.

The effects of the insignificant factors should behave like samples from a normal population
with a mean of 0; as such, those effects will lie very close to the normal line. In contrast,
statistically significant effects will behave as samples from a normal distribution with-aeron
mean,; as such, they will be far from the normal line. The ploBgure5-8 show that the data

point for coldrolling reduction percentage lies far from the normal line for all response variables,
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suggesting that it strongly influences cavity percentage and strip spectral emissivity at all
wavelengths ofriterest. As discussed earlier, the similarity between the effect of each factor on
cavity percentage and emissivity highlights the impact of surface cavities on the overall radiative
properties of the steel strip. On the other hanel efffect of acid pickling time, steel type, and all

interaction effects haveraegligibleinfluence on the response variables
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Figure 5-8: Normal probability plots of the effects of each factor on eachasponse variable. All effects lie close
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5.2.2. Effect of ColdRolling on Cavity Flattening
As such,this section proposea simple singldactor regression model faurface cavity
flatteningas a function of theold-rolling reduction percentage. Samples cold rolled to various
extents (1%, 5%, 10%, 20% and 53%) are analyaedsamples of the two alloys (DP980 and
DP800) pickled to various extents (120s, 150 180s) are combined to yie&ix replicates at
eadt coldrolling reduction percentag&igure 5-9 showsscatter plat of the response variables

against coleolling reduction percentage for te& replicatesoverlayedwith linear curvdits.
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Figure 5-9: Scatter plots of coldrolling reduction percentage against (a) cavity %, (b) average spectral

emi ssivity, (c) spectral emissivity at & = 2.4 em and (
at each coldrolling reduction value. Similar variations are observed in the number of surface cavities and

radiative properties across the DP780 coil in Chapters 3 and 4, as shown by the red ovals.
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The validity of the linear curvis is then evaluatedsing residual analysislormal probability
plotsof the residuals afavity percentageverage emissivityand two seledpectral emissivities
at o = 2. 4 ara shdwn @& Figuredb Qa) (b)c) and (d)respectively. The residuals
follow a Gaussian distribution identified by the normal probability plots and the various normality

tests as shown irmable5-5. MATLAB ® scripts developed in Rg65] are used for these tests.

Cavity Percentage
Test Test Statistic P-Value Normal
KS Limiting Form 0.8759 0.4268 N
KS Stephens Modification 0.8991 0.0490 o
KS Marsaglia Method 0.8759 0.3858 N
KS Lilliefors Modification 0.1599 0.0486 @)
AndersonDarling Test 0.6822 0.0496 o
CramerVon Mises Test 0.1209 0.0584 N
ShapireWilk Test 0.9497 0.1663 N
ShapireFrancia Test 0.9576 0.2306 N
JarqueBera Test 1.2079 0.5466 N
D'Agostino & Pearson Test 2.0060 0.3668 N
U
Test Test Statistic P-Value Normal
KS Limiting Form 1.1385 0.1496 N
KS Stephen#lodification 1.1687 0.0100 o)
KS Marsaglia Method 1.1385 0.1294 N
KS Lilliefors Modification 0.2079 0.0019 o
AndersonrDarling Test 0.7837 0.0318 o)
CramefrVon Mises Test 0.1487 0.0248 @)
ShapireWilk Test 0.9466 0.1372 N
ShapireFrancia Test 0.9321 0.0549 N
JarqueBera Test 1.4357 0.4878 N
D'Agostino & Pearson Test 2.655 0.2651 N
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G(o = 2. 4em)
Test Test Statistic P-Value Normal
KS Limiting Form 0.7443 0.6367 N
KS Stephens Modification 0.7641 0.1500 N
KS Marsaglia Method 0.7443 0.5895 N
KS Lilliefors Modification 0.1359 0.1650 N
AndersonDarling Test 0.4872 0.2243 N
CramerVon Mises Test 0.0737 0.2504 N
ShapireWilk Test 0.9511 0.1814 N
ShapireFrancia Test 0.9610 0.2802 N
JarqueBera Test 1.6292 0.4428 N
D'Agostino & Pearson Tes 2.7099 0.2580 N
G(a = 20¢em)
Test Test Statistic P-Value Normal
KS Limiting Form 0.6172 0.8407 N
KS Stephens Modification 0.6336 0.1500 N
KS Marsaglia Method 0.6172 0.8004 N
KS Lilliefors Modification 0.1127 0.2000 N
AndersonDarling Test 0.3802 0.4030 N
CramerVon Mises Test 0.0597 0.3814 N
ShapireWilk Test 0.9643 0.3973 N
ShapireFrancia Test 0.9570 0.2232 N
JarqueBera Test 2.9143 0.2329 N
D'Agostino & Pearson Tes 4.5539 0.1026 N
Table 5-5: Testing of <cavity percentage, average spectral

emissivity residuals for normality using various normality tests. Most tests identify the residuals for allesponse
variables to be normal.
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Themostlynormal residuals validate the linear regression modais finding shows that the
number of cavities on the strip surface and radiative properties are linearly proportional to-the cold
rolling reduction percentage allwavelengths across the spectrdiine minor heteroscedasticities
in the plots may be attributed to small contributions by -paitling to the roughness of the
surfaces after the oxides are entirely removed, slightly influencing the radiative profdédrées.
impact of surface roughness outside the cavities is explored further in Chapter 6 using the neural

network model.

Notably,even after coldolling to a reduction 0£53% (typical of industrial CGLsgan inherent
random variability existen cavity percentage (~10 30%). This variation causes the radiative
properties of the steel strip to vary as much as Fif¥ihermorethe emissivities and the number
of surface cavities between the edge and the middle of thehowil a similar diffenece(compare

Figure4-8 andFigure5-91 red ovals).

This finding suggests that other catlling parameters (apart from thickness reduction %) may
influence cavity flattening anghry across a single AHSS coil. Wiklund and Sandfg8fjsuggest
variations in colerolling pressure across the width of a single steel coil duringaruddtemper
rolling processeslue to the bending of the rollerfhese variations may be responsible for the
nontuniform flattening of cavitiescross a singleoil. As such, a more detailed analysis of the

cold-rolling process is necessary.

Kopper et al[51] also hypothesised that the amount of gtaoandary oxidation mght vary at
different coil locations due to differences in the amount of oxygen infiltration wlaewifacturers
wind the coll after hetolling. This analysis has studiedraples from the migvidth andthe tail
of a hotrolled coil; further work should also analyse samples from the-edtifa and different

locations along its axial length.

Due to these random variations, it is challengingotmustly model cavity formation and strip
radiative propertiesbased orthe coldrolling reduction aloneThis issue is addressed in the
following section through a datiriven machine learning model using an artificial neural network
(ANN).
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Chapter 6 : ANN Spectral Emissivity Model

Steelmakers continue to strive for finer strip temperature control during intercritial annealing;
as suchyeliable methods are required to predict strip radiative properties on CGLs. Given the
random variability in surface topography, even after-coliing and acidpickling to a specific
extent, it becomes challenging to predict strip radiative propewiag process parameters such

as acidpickling time and coléeolling thickness reduction percentage alone.

Recently, there have been advances wir@nstrip imaging technologies which can produce
optical imagery and evaluate the surface topography pteesr# a steel strip in reime before
it enters an annealing furnace. As such, phylsacsed or datdriven models correlating strip
spectral emissivities with surface topography may allow steel manufacturers to gensitate
spectral emissivity paictions for coil sections before they enter the annealing furnace.

Traditional methods for inferring strip radiative properties, such as the GOf&a@gg
algorithm and electromagnetic (EM), finite difference time domain (FDTD) models, are often
computdionally expensive and infeasible to implementlioe. Therefore, neural networks may
serve as an excellent alternative for generating-imstantaneous spectral emissivity predictions
on CGLs,-lbpdiihgont he c¢ o mp utima trainingmplase. As suchdtleisn t o
section explores using an artificial neural network (ANN) model to infer the radiative properties

of AHSS using their surface topography parameters and optical microscope imagery.

However, a challenge with neural networks isthhe fbd a@ knat ur e whi ch pr e
from developing any physical insights into the problem. Therefore, this thesis performs a global
sensitivity analysis (GSA) to model the functional dependencies of strip spectral emissivity on the
sample's RMSoughnessR,, surface slopeiy/U and surface cavities. The ANN model developed

in this chapter may be helpful with upcomiimgsitu strip imaging technologies.

The following sections discuss the fundamentals of neural networksinipd&mentation for
inferring the radiative properties of AHSS, and the use of GSA to infer the underlying physics of

the problem.
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6.1 Introduction to Neural Networks

Artificial neural networks (ANNs) have gained popularity in recent years in variouplassi
such as engineering, the natural sciences, medicine, and commerce due to their ability to model
the behaviour of complex physical systems and provideinstntaneous predictionS7, 58,
59] after a ondime training on a datasefhese predictions are usually much faster and require
less computation than physibased simulations, such as finite difference time domain (FDTD)
solutions for inferring surface reflectivity. Artificial neural netrks are parallel computing
devices loosely inspired by the highly interconnected nature of neurdnshaoman braif57,
58,59].

In regression applications, ANNs can map a set of input paranxeteps,, X2, X3, € . Xn], to a
set of outputsy = [y, Y2, Y3, ém],, by developing an approximate function to model the
underlying relationship between them. A common type of ANENsulti-layer perceptrons
(MLPs), consisting of an input layer, a set of hidden layers, and an output layaetiMoek layer
outputs servas the next layer's inputsiformation passes layso-layer until it reaches the output

layer,producingthe final predictionyjas shown irfFigure6-1.

Figure 6-1: A multi -layer perceptron network (MLP) schematic with an input layer, a set of hidden layers, and
an output layer. x, y and yj represent the inputs, outputs, and predicted value is the residual betweery and
yi. The neuron marked by thered-dashed box represents a hypotheticaljneuron in the " layer.
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— e Em Em = o

Figure 6-2: Computing the output of the [ neuron in the " layer. This neuron is highlighted by the dotted red
box in Figure 6-1.

Thei™ input to the™ neuronin layer n,x;™ is multiplied by a weightwi;™, which is unique
to each input from the previous layer, anda)iVA; ;™ products are summed, to which is added a
bias, bj™ (unique to theneuronin question), to compute theeurons output. Thisrelationship
maps the output of aeuronto its inputs in a linear fashion. However, many physical systems are
nortlinear, andthis methodcannot modethese nosinear relationshipsTherefore, the linearly

mapped output then goes through an activation functidly introduce nosinearity to the model,
n) _ é.')'( n chn N
Zf)—vga W& (61)
i=1

wherez™ is the output to th@euron, this work uses a taigmoid activation functiorior all

hiddenneurors [60] and a linear activation function for the outpeturon

Countlessstudies have used ANNs to model the radiative pragsedf various systems and
surfaces. For instance, Kang ef@l] developed an ANN model to predict the radiative properties
of monadispersed, spherical, packed beads of varying materials and geontlie¢tyetsainedhe
network on results from Momn€arlo simulations. Additionally, Sullivan et 462] designed a
surrogate ANN model for predicting the radiative properties of patterned surfaces of varying
materials and geometrie¥he authas trained the modedn data from solutions to Maxwall
equations using finiteifferencetime-domain (FDTD) simulations-urthermore Acosta et al.

[63] recently proposed a neural network model for inferring the radiative piegoef aluminium

surfaces manufactured through Femtosecond Laser Surface Processing (iS¢ )
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manufacturing parameters and surface SEM imagery. As such, this section exgilog@g\NNs

to improve spectral directional emissivity predictions of AHfy$raining on empirical data.

This chapter implementa regression ANN modeio correlate the surface topography
parameters of AHSS samples with their radiative properties to enable rapid spectral directional
emissivity predictions. Such a model may also/e as an improvement to the linear regression
model proposed by Lef@4] (at least for AHSS steels), which was found by Lin e{3¥] to
perform poorly on highly rough AHSS surfacés. addition, galvanisers may implemente
proposed ANN with emerging online steel strip imaging technolofé$ for the in-situ
characterisation of strip radiative properties aftefrbbling, acid-pickling and colerolling before
the coil enters thannealing furnace

6.1.1. ANN Training Procedure

One may choose optimum weights and biases through a supervised training prdzedoge
training, the algorithm initialises thearghtsto small random numberasually between 0 and 0.5
andsets théviases to zerdrheirvalues are optimiseteratively through an optimisation procedure
using training and validation datasets. Tlaéidation dataset is merely used to test the network
performance andotto update the network parametesherethe training and validatiodatasets
consist of known input and output paif$ie neural network uses thieputs from the traing set
to gererate predictionsand the training procedure tests tlework's performancasing those
predictions through a cost functidfere, the measquareeerror (MSE),

1 N Ve 2
-1 - 6.2
MSE= = 21 Ma;(% You) (6.2)

whereN is the number of samplegjs thenumber of outputd?,m is the predicted value, ayglm

is thegroundtruth output. Thisprocedureis known as forward propagation. Subsequently, the
effect of a marginal change in each weight and bias on the overall cost function is computed
through a chaimule of partial dawatives, known as backpropagatignminimisation algorithm

then iterateshe weights and biases; this work ufesLevenbergMarquardt (LMA) algorithm

(see Appendix D)[66]. Additionally, MATLAB® also has an Hbuilt function for the

straightforward and seamless implementation ofALidr neural networks.
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For training, all inputs are rescaled betweenoandoneto improve convergence, while the
outputs are naturally betweearoandoneas they are spectral emissivitigsthis study, the ANN
model applies at a specific wavelength, and it generates a single output which is the spectral
emissivity of the stripwface at that wavelength (see Sec. 6A2)entiretraining cycle through
all datapoints in the training set is known as an epoch of trairBagervised training algorithms
use he MSEs on thdraining and validation datasets to evaluate the modelferpgnce after

each epoch

If the MSE on the validation dataset is higher atkkhepoch compared to thi{ 1)" epoch,
and if this has been true for the lastumber of epochst{is work use$MATLAB ®'s default values
of n = 6), thealgorithm terminates trainingndsaveshe optimum weights and biases. This check
prevents convergence to a local minimufigure 6-3 shows an exameltraining runwhere at
epochs greater than seven, the neural network is beingitieeto the data, while at epochs less
than seven, the network is being unfitled The optimum weights and biases yield the lowest

error on the validation dataset.

h — Traininé\\
— Validation

- Optimum

* Random initialisation
of weights
* BiasessettoO

v

Compute predictions

with all inputs from | 0 2 4 6 8 1012
training & validation set j'\ Training Epochs

(w. Levenberg-Marquardt)

( \ One Epoch

v
Update weights and biases
Compute error vector & MSE on }

(Training Set & Validation Set)

4/“‘

True for
Lastn
epochs?

Y END
—>
(save W and B)

Figure 6-3: ANN training flow to optimise the weights and biases. The value for n is set to MATLABs default
value of 6. An example training process is also shown where the lowest error on thalidation dataset is
achieved at the seventh epoch.
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6.2 ANN Regression Model for Spectral Emissivity Predictions

This work proposede following ANN model to infer the radiative properties of AHSS coils
in their coldrolled condition, which applies at a specific wavelength. The inputs to ANN are
chosen aslimensionlesgroups to capture the pertinent physical phenomena that may odluen

the spectral emissivity of the steas shown irFigure6-4.

Influence of
@ exposed area
topography on

spectral emissivity

% of surface

@ acting as a perfect

emitter

Captures energy
transfer during wave
@ surface interaction

(functions of
wavelength)

Figure 6-4: Proposed ANN modelfor inferring the spectral emissivities of AHSS in their coldrolled condition
before entering the annealing furnace.

The points below discuské physical phenomena captured by each input:

1) The surface slopeRy/Uand the wavelengthormalised RMS roughnssRy/ énferred
using depth mapping on the Keyence optical microscogeg)ture how the surface
topography of the exposed area (outside the cavities) influences the spectral emissivity
through scattering and wave diffraction effects, respecti{By 37, 48, 49, 50, 67].
Roughness artefacts outside the cavities should primarily influence the spectral emissivity
at the shorter wavelengths through scattering and at the longer wavelengths through EM
diffraction effects.

2) The cavity ratio,Cr found through image thresholdingaptures the percentage of the
surface assumed to be a perfect emitter of EM radiation. These cavities should influence
the spectral emissivity at most wavelengths of intefidgs assumption is validated later

through a sensitivity analysis.
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3) Theoptich constants ofndt hakd d-inélowtherwave steraces vithl , 0
the charge carriers within the surface. The imaginary permitfivityx: n2Afke., the
interaction effect betweemandk) significantly affectdhe energy absorbed by the surface
due to ray attenuatiof68]. When an electromagnetic ray impinges on an opaque
conducting material like metal, the beam penetrates the substrate or is reflected. The
imaginary permittivity infuences the energy attenuation of the penetrated ray as it travels
through the material interacting with the charge carriers within the substrate. These charge
carriers are free electrons of the substrate material, which oscillate due to the absorbed
enery. Therefore, the attenuation of the penetrated ray and, in turn, the imaginary
permittivity strongl yAstisaudsedtthe eptidallcamstameforal 6 s
specific AHSS alloys are challenging to obtalimerefore the optical propertiesf pure
iron are used in this stud$8, 39], as discussed in Sec. 4.3

Consider two simple, feedforward ANN models with one layer and enmn(see Figure 4).
In computing the outpug, the model may struggle tapture the interaction betwermandk if
the ANN does not receivideir product as an input, where the weigti,can be adjusted during
training to model the impact of the imaginary permittivitgk2 Her e, y i s the act
(this study usethe tansigmoid function), andb represents the bias unique to threiron Even
more extensiveetworks with moredyers ancheuronsfollow a similar process to compute the

output, which may lead to the omissionsplecificinteraction effectsvithout carefully selected

o Wiy

Wo
Z1 Z
Wo ° W

z,=vy[(n-w,+k-w)+b] |z, =v[(n-w,+k-w,+n-k-w,)+b]

inputs.

Figure 6-5: Limitation of a neural network in modelling the interaction effect between two variables.
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6.2.1 ANN Training Data

This work useshree sets of AHSS samplis training and testing the neural network: (1) 90
DP780 samples extracted from different locations on an industrialtggsed coldolled coil; (2)
44 DP980 samples extracted from a-talked coil, then acigickled (for 45180s) to various
extents, and subsequently cotdled to a reduction of 53%; and (3) 15 DP800 and 15 DP980
samples extracted from a hailed coil,and subsequently acpckled (for 126180s) and cold
rolled (red. 1% to 53%) to various extenteelding 164 samples in totalhe undeipickled (45s)
samples in dataset 2 do not show reflectivity behaviour like the oxidised sampigsina5-4,
possiblydue to extensive coltblling (~53% red.)eadingto the flattening of oxide nodules as

discussed in Sec. 5.1.

The training procedure uses samples in datasets 2 and 3 for traidisgraples in dataset 1 to
test the trained network's performanEgst, heir spectrabirectional emissivities and surface
slopes are evaluatessing the procedurgiscussed in Sec. 2.1 and Sec. Zl2e exsitu spectral
directional emissivities of theamples are initially analysed using the procedure described in Sec.
3.2, between 0-:2 0  $igure6-6 shows he obtained emissivity spectra for the three datasets.
Next, the training procedure uséetsamples which are agnickled and coletolled to various
extents (datasets 2 and 3), to train the nexgtork; doingso captures the effect of the upstream
processes (acipickling and coldrolling) on the surface state and radiative properties of the steel.
Lastly, the algorithm test&i¢ trained model on the DP780 samples from dataset 1.

1.0 [(a) (b)
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Figure 6-6: Spectral directional emissivities of all 164 samples. (a) Dataset 1, (b) dataset 2, (c) dataset 3. Samples
from dataset 3 show the greatest variance in spectral emissivities, as those samples are-pickled and cold
rolled to various extents.
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According to he procedure described in Sec. 4.th& Keyenc&/HX-5000 optical microscope
generatesiditised surface height magsrough depth mappingdhe height maps can then be used
to compute the RMS surface roughneRsand he surface slopeRy/U However, the optical
microscope cannot image the cavity interior duerdpgedvisible light, causing the cavities to
appear as dark patchéhe surface replication technique proposed in Sec. 4.3.1 may be used;
however, it would bdighly time-consuming to applyo all 164 samples, nosiit suitable for an

on-line application, which is one of the goals of this research.

As suchthis workassimesthat the surface cavities act as perfect emitters at most wavelengths
of interest between 0.5 and 20m Therefore, the neural network usée tpercentage cavity
coverage of the surface as one of the inpAitglobal sensitivity analysis then shote validity
of this assumptionThe thresholding procedure described in Sec. 4.2.1. is used for cavity
guantification Figure 6-7 shows surface optical imagery from datasets 1, 2, and 3, where the

surface cavities appear as dark patches.
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Figure 6-7: Optical micrographs showing varying amounts of surface cavitation amongst the sampl@nalysed
from datasets 1, 2 and 3. The reported lengths (75m, 450m and 880m) for samples from dataset 1 represent the
axial location along the length of the DP780 coil.
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The large variability in surface topography and radiative propesitameters amongst the
training samples (datase? and 3) allows for thpropertraining of the regression ANN. Testing
of the network on samples from different locations on an industrially processed coil (dataset 1)
then mimicshow galvanisers may useishmodel in the industry

6.2.2 Optimising the Network Topology
This work implements a grid search approach to fireddptimum number of hiddereurors

and layersThis procedure trains the ANN 100 times for each neuron and layer combitzation
account é6r the variancen network performancerigure 6-8 shows how the MSE on the testing
dataset changes as the number of hidden layerseamdrs are variedA single hidden layer can
approximate rost physical systemf9]; however,addinga second layer has been shown to
improve network performance for certain data§é®§. For this datasehoweverthe addition of

a second layer shows a deterioration in performance, which can be attributed to oveafitting

such, a single layer with five hiddeeurors is chosen.
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Figure 6-8: Choosing optimum number of hidden neurons and layers through a gridearch approach. A single
hidden layer with five neurons yields the lowest error on the testing dataset. As such, a single hidden layer with
five neurons s chosen.
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6.2.3 ANN Model Results

Figure 6-9 compares the ANN spectral emissivity predictions for samples extracted from
various locations on the DP780 coil in dataset 1 with their respective measuredMadussdected
network topolgy in Figure6-10 generatesaurate predictions, demonstrating the feasibility of
using ANNSs for neamstantaneous prannealed AHSS spectral emiggnpredictions. The neural
network predictions are also compared with emissivities obtained by running a geometric optics
approximation (GOAJ18, 37] ray-tracing simulation with the digitised surface height maps as
boundary conditiondowever, he digitised height maps do not contain information regarding the
topography inside the cavitidgence the GOA model generates inaccurate predictions facearf
with many cavities.As such, the neural network model proposed here can be an excellent
alternative for neainstantaneous spectral emissivity predictions when implemented wltheon

strip imaging tool$65].
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Figure 6-9: Comparison of neural network predictions and the measured spectral emissivities. Predictions from
GOA simulations are also presented. Unfortunately, the GOA predictions for surfaces with mangavities are
poor as the topography inside the cavities is not captured by optical microscope.
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FurthermoreFigure6-10 shows a residual analysis comparing the ANN predictions with the
measured emissivity values for samples in the testing dataset (dataset 1). The residuals are mostly
normal with a skewness dhe tail. This result demonstrates the validity of the ANN model and
confirms that the input parameteasd the ANN model capturthe physics of the problem

accurately.
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Figure 6-10: Residual analysis of all samples in the testing dataset (dataset 1), the mostly normal residuals
signify the validity of the ANN model.

This section shows that the ANN model generates accurate spectral emissivity predictions for
the samples analysed in this thesith an accuracy of approximatetp%. However, a challenge
with neural networks is their inability to provide insight into the physics of the problem; therefore,
they are krmowm amodiebdlsacklhe foll owing malcti on

sensitivity (GSA) analysis.
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6.3 Global Sensitivity Analysis for ANN Inputs

The "black boxo natur e of whkiNMevents the uger fsomg ni f i
developing any physical insights into the underlying probldmsuch, this work implements a
global sensitivity analysis (GSA) to model the functional dependencies of the output spectral
emissivity on the inputs of the neunaetwork. For example, Eghtesad et §¥1] recently
implemented an ANN model to infer the radiative properties of porous media using the material's

geometric and optical features.

They then implementedsensitivity analysis to quantify the influence of a factor on the output
by removing it as an input and evaluating the change in model performance. This wdtleuses
Fourieramplitude sensitivity test (FAST)insteadto compute sensitivity indices for eaatput
parameterallowing the user to infer the impact of each input simultaneously. These irahges r

between zero and one and quang&ch input's variance contributiontoth@ t p u tvarianet ot a l

Practitioners commonly use FASJue to its eas®f implementation in contrast to more
rigorous MonteCarlo approaches like the SOBOL technidt2, 73] and its compatibility with
nortlinear and nommonotonic modeld74, 75]. Various studies have employetiet FAST
technique, includingtudyingthe importance of process parameters in the catalytic conversion of
chlorofluorocarbons (CFC$§J6] andevaluatingfactors affecting greenhouse gas emissions in the
transportation sectdi77]. This thesis implements thmethod to determine the effect of each

surface topography parameter on strip radiative properties.

6.3.1 Fourier Amplitude Sensitivity Testing
The traditionalFAST method exploreshe influence of each parametem the output ofa

computational model (in this case, the ANN),
Y=f(x% X, X) (6.3)

by exploring the parameter space of all inpytss XN X mn<X <X, max 1 =1,2 , 13. The
parameter space,n, is explored by simultaneously oscillating each parameter betwesrand
Xi, max at distinct integer frequencies;, [72,73]. The procedure sampleseh input parameter
according to its marginal cumulative distribution function. Xu and Gef@##drand Saltelli et al.

[78] suggest the following sampling function:
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x = F(prob)=F *50.5 £ s ( sify 3¢ (6.4)

O %&Do

wheresis known as the common parameter and is varied betweena n d Fiis the raangthal
cumulative distribution function of the variabte This sampling function explores all regions of
the parametespacef n, equally and acts as a transformation betweers tred x domains(Ref.

[78] provides further details on this technique)

The computational moddis), is thenexpanded as a Fourier series,

(%)= 1(9 =h & A cl o} B sif pgh (65)
where
Ao ﬁf (s)ds (6.6)
A =L §1(9) cof(s o (6.7
and
B,=2 f1(9) siffs gae 69

are the analytical Fourier coefficients. The variaNGaf function,f(s), is expressed as,

V=E&f(s eaE (3} | (6.9

whereE represents the expected value. Substitutind@9). into Eq.(6.9) gives the total variance

(see Appendix E focompletederivation),

v:%fi (& &) (6.10)

p=1

wheres, = ¥ (As? + Bp?) is known as the spectrurfihe variance contributioy;, of the distinct
i integer frequencyyi, to the output is equivalent to the variance contribution to the output by
thei® input parameters. Therefore, the sensitivity index for tH&input isgiven by,
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wherep represents thanalyticalFourier term{74, 75]. The Fourier sensitivity index is analogous
to a firstorder SOBOL sensitivity index and a main effect fnlbfactorial desigri74]. As such,
the sensitivity index of the producf two inputs represents their fibstder interactionThis
method quantifiethe interaction effect af andk (i.e., the influence of the imaginary permittivity
‘).

6.3.2 Numerical Implementation

For a realworld numerical solutionXu and Gertnel[74] generatea total of N common
parameters,

s={sl,sZ S .8 Ns} (6.12
_ . . &0 § .
5= ¢ & 8@? g i) (6.13)

wheresis varied betweenr and Usi ng t he arsasdEy.(6.4)dhey nt ege

generate set ofx;j's to form a matrix,

é,Xl,l " " XJ,r g
e .. .U
X=¢ u (6.14)
e . .o . u
e u
éxN,l " " XN,r ,\I;I(

whose {' row serves as an input to functif(s), whereN represents the number of samples and
represents the number of input parameters to nfpddilichis evaluateds

v={f(s), f(%),---f(%)}=

T (% X )+ F (K X ) o T X Xame) voel X a e )} (6.15)

Thediscrete method expresses theurier coefficientsas,
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A=ga f(s) @ds pr T (9 s(s ) 619

wherep is the numerical Fourier terand the sensitivity indices for all inputsis computed as

follows,

N-1

26 ax
v 2% (5 &)
=3 = . (6.17)

;B (5 8)

Xu and Gertne[74] and Saltelli et al[78] state that the minimum number of numerical Fourier
terms should beN-1)/2, and N-1)/(2¥ max) for computingV andV; respectively, according to the
Nyquist critical frequency, to capture the influence of all the integer frequenciesirasdttheir

higher harmonics.

Various studies choosbé set of integer frequencies,= {¥1,¥2, ¥3, éri} to be linearly
indepenéntto ensure that interference effects are minimigey 78, 79]. For instance, iff1 =
a ¥, wherea is an integer, interference may arise when compirandV- through Eq(6.17).
Furthermore, when sampling input values from their respective marginal inverse CDFs through
Equation(6.4), usinga linearly independent frequency set akofor an even exploration of each
inputs probability spaceas shown irFigure6-11.

Figure 6-11: Exploration of the probability space of each input for a hypothetical model with three input
parameters when sampling through Eq. (41), using (a) linearly dependent and (b) independent frequency sets.
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