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ABSTRACT

In the automotive industry, the transition towards lightweight steels aims to reduce exhaust
emissions while ensuring crashworthiness. To provide sacrificial corrosion protectibas&th coatings
are applied to these carbsteelsvia hot-dip galvanizing (HDG). However, the high temperatures
involved in HDG (460 °C) can undesirably alter the microstructure of substrate steels. Therefore, the
study introduces novel coating alloys with lower liquidus temperaturgsgimed at preserving the
substrate mi@structure during HDG. These alloys offer metallurgical advantages in a variety of steels
that benefit from reduced exposure of the annealed microstructurefiothe vat ed o t emper at ur
associated with moltesn.

New coating alloy development started with the creation of a comprehensive database, including
coating alloy compositiorgorrosion current densitycgk), corrosion potentialleor), types of electrolytes,
and their concentrations extracted from the literaturecantputed T for each alloy, to train machine
learning (ML) modelsML tools including the Citrination platform® and various ofseurce Python
libraries were employed to develap] Ecor, and T models. A materialselectionchart was also
developed to visualize the current state and potential future opportunities, focusing on optigizing |
Ecor, and T attributes of coatings.

For CALPHAD (Calculation of Phase Diagrams) modeling, elements such as Zn, Mg, Al, Sn, Bi,
Ga, and In were chosen after an initial screening. This screening assessed factors like the availability of
thermodynamic databases, toxicity, flammability, andrtb@pacity to offer sacrificial protection to steels
while lowering the T of an alloy. Over 300,000 unique conditions were assessed, analyzing more than
twenty-one binary systems, thirfjve ternary systems, four quaternary systems, and six quinarynsyste
This analysis aimed to identify suitable coating alloy compositions with l[oMZdnsequently, four
alloysi Zn-2.17Mg3.95Al, Zn3.25Mg-3.61A-20.18Sn, Zr2.61Mg3.96A-10.26SR9.18Ga, and
Zn-2.84Mg3.48AI-10.07SR9.4Bi (Wt%),i were selected for experimental studies.

Differential scanning calorimetry (DSC) and potentiodynamic polarization testing were used to
experimentally validate the corrosion and transformation behavior of these alloys. Further, the study
delved into applying these alloys to substrate steels, zinglthe phase transformations and
microstructures through computed phase diagrams, DSC, scanning electron microscopy with energy
dispersive Xray spectroscopy (SEMDS), scanning transmission electron microscopy (STEM), and
X-ray diffraction (XRD).

The findings of the study demonstrate that the novel alloys provide effective sacrificial protection
to the substrate and exhibit significantly lowertifan pure ZnA unique phenomenon of liquid phase

separation was observed in ZnMgAISnGa alloy at room temper#tareforethis alloy was not further



considered for application to ste€he ZnMgAl coating showed preutectic Zn dendrites and a ternary
eutectic comprising lamellae of Zndhcp), CubicMgZab ased s ol ut i osgp))Mhnd binary
( -fcc) regions. The ZnMgAISnBI coating exhibited &ihcp), Al ( -fcc), tetragonal Sn, orthorhombic
Mg.Sn, and hexagonal MBi.-based solutions. The ZnMgAISnBi coating showed significant dross
formation in the coating alloy bath. The ZnMgAISnh coating showed the best combination of sacrificial
substrate protection, low Tand coating uniformity. The coatimgicrostructure involved the Zn phase,
an Al matrix with Zn precipitates, a Mgnbased solution, and a $ich phase. There was a uniform
intermetallic layer at the ZnMgAISn coatisgibstrate interface with minimal Fe diffusion into the
coating,andAl segregation at the interface

This study highlighted the significance of low doatings that could enable new substrate
concepts, presenting a novel approach for steel processing duringwtb&yt the extra costs associated
with modifying existing galvanizing lines.
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CHAPTER 1 INTRODUCTION

Roadtransportation is a primary contributor to greenhouse gas (GHG) emissions, making up to
70i 80% of emissions in the transportation seftoB]. Consequently, lightweighting vehiclessha
become a top priority for automakers. This approach not only cuts down on GHG emissions but also
proves vital for electric vehicles (EVs), enhancing both battery storage capacity and driving range per
charge. Studies indicate that a 10% reduction in leekieight could result in ai 8% improvement in
fuel economy4]. Typically, automobile bodies constitute abolit Bl of steel (by weight) including
30i 40% of sheet stegbi 8]. Therefore, there is a growing global demand for new Advanced
High-Strength Steels (AHSSSs) to meet stringent standards in vehicle safety, fuel economy, and
emissiong9].

Light weighting of steels used in vehicle bodies and chassis is typically achieved by engineering
the steel chemistry and steel processing route to obtain microstructures that have greater strength and
thereby would allow for lighter gauged parts. Whensidering automobile parts that are exposed to the
environment, corrosion resistance is equally critical, and in steels, whereAintilere is no natural
passivation protectiormherefore, there ia need to apply a protective coating. To address ttisnd
601 70% of sheet steels used in automotive body construction are coated using sacrificial metallic coatings
like Zn to improve corrosion resistance [7]. Continuousdiptgalvanizing (HDG) is the primary method
for applying Znbased coatings to autotive sheet steels. In this process, Zn is continuously applied to a
ribbon of steel sheet as it passes through a bath of molten Zn. Coils are welded onto one another at the
trailing end as they are processed through the coating line. Compared to dfihgrmoaesses,
continuous HDG is costffective, rapid, and provides a metallurgically bonded coating that fully covers
the steel surfacl0, 11]. Batch galvanizing is another process utilized in other industries where the
application of ZAbased coatings to individual steel components or structures is refjuited

During the continuous HDG process, sheet steel that is unwound from a coil is intercritically/fully
annealed and passed through a molten Zn bath maintained at approximately 460 °C. In the case of
AHSSs, certain steel substrate microstructures (below ttengd require minimal or very controlled
exposure to elevated temperatures after cooling from the annealing temp&saiahgeve the desired
final microstructure and properties. Limitations of the current thermal cycle during continuous HDG
inhibit theability to produce some of these AHSS grades with increased strength. For example, in dual
phase (DP) steels with al@n-Cr (Mo) composition, the bainite nose is at nearly 450 °C as shown in
Figure 1.1(aJ12]. Therefore, substrate exposure to the 460°C Zn bath during continuous HDG could lead
to the formation of bainitic microstructure, undesired in certain applications. Furthermore, the bainite

formation in steels is normally an exothermic reacfi®) 14} Therefore, undesired bainite formation



could result in challenges associated with steel strip temperature control during substrate processing. In
general, the elevated temperatures used to appbaZed coatings could impact the anticipated substrate
microstructure and mechanical propertiesrygalvanizing12, 15 17]. Therefore, new coatings with a
significantly lower liquidus temperature (jTand acceptable corrosion resistance would offer new ways to
process substrates.,g, bainitic nose can avoided during galvanizing of DP steels, as shown in
Figurel.1(b), if coating alloys with lower Tare used. The availability of new coatings with a law T

would also allow the design of various substrate processing routes during an austempering thermal cycle
used for some important substrate®], e.g, galvanizing (at low temperatures) during austempering

could occur to develop a fine bainitic substrate microstructure, or galvanizing could be performed after

austempering without deteriorating the substrate microstructure.
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Figurel.l Schematics showing thermal profiles of continuous HDG of DP steels (a) using

Zn-bath at450°C, and (b)xoating alloy bath with lower,T

For quenching and partitioning (Q&P) sheet steels, current galvanizing baths cannot be used to
guench the substratgue to high galvanizing bath temperatures. Additiongtigrmal exposure during
galvanizing before Q&P, galvanizing after Q& galvanizing after quenching and before partitioning
may alter the target microstructure and mechanical propgt6esNew coating alloys could enhance the
recently developed Q&P process by allowing the galvanizing bath temperature to be flexible, as shown in
Figurel.2[18]. Depending on the coating bath temperature, quench temperature (QT), and partitioning
temperature (PT), the galvanizing bath could be usedjasnch bath, or perhaps galvanizing and
partitioning could be performed simultaneously. Hence, coating alloys with a loauld enable
industries to shift paradigms pertinent to steel substrate processing without adding the extra cost of

modifying current galvanizing lines or employing alternative coating methods.
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Figurel.2 Schematics of thermal profiles of alternate substrate processing concepts that cc

benefit from Al ow temperaturedo gal va
bath could be used as a quench bath depending on ti¢hke coating alloys, (b) If
coating alloys have sufficiently low Tgalvanizing and partitioning can performed
simultaneously.

1.1 Thesis Overview

Zn can be alloyed with several elements, such as Sn, In, Bi, Ga, Pb, Li, Cd, and their
combinations, to decrease the[I8i 20]. These elements, in their pure form, have a substantially lower
T. than Zn, Mg, and AJ18i 20]. Even a small addition (from 5 to 20%) of the above alloying elements
to Zn-Mg-Al alloys can reduce the bf the coatings from 190325°C [18, 20] However, when
designing a new alloy, other performance criteria, such as corrosion behavior, cost, and toxicity, need to
be considered.

Designing alloys and optimizing them for various performance crigeadimeintensive
process. However, the emergence of the Materials Genome Initiative in thR2US¥as catalyzed the
designprocess, with materials informatics playing a pivotal role in expediting materials design and
developmenf22i 24]. In this work, a new approach, Ddbaiven Design, Discovery, and
Developmen{D5)™, is explored to identify optimized alloy compositions. This method aims to develop
novel coating alloys that reduce the galvanizing temperature while maintaining suitable corrosion
resistance.

To facilitate this work, a materials selection chiaf] was developed to visualize the current
state of the design space and potential future opportunities, focusing on the key performance criteria,
namely, the corrosion current density{), corrosion potential (&), and T. Design targets for new
coating alloys were established. An initial screening based on defined performance criteria led to the
selection of Zn, Mg, Al, Sn Ga, In, Li, and Bi to develop new coating alloys with oW dtential new

alloys with low liquidus temperatures @) in the vascompositional space that could be generated using



these alloying elements were identified using a computational approach. Potential new alloys (within this
chemistry window) with low Ts were identified using a computational approach. Machine learning (ML)
algorithms available on the Citrination® platfoas well aopensource ML libraries were trained on a
database created usingeRperimental corrosion data collected from the literature and ii) computed

T. [26, 27]. ML models were also employed to find feature correlations in the database and gredict |

and Eor of the alloys. Insights obtained from the computational results were then used to advance the
synthesis of novel coating alloys.

Over 300,000 unigue conditions were assessed, analyzing more thandwelktiypary systems,
thirty-five ternary systems, four quaternary systems, and six quinary systems. This analysis aimed to
identify suitable coating alloy compositions with low. TConsequently, four alloyisZn-2.17Mg3.95Al,
Zn-3.25M@3.61A20.18Sn, Zr2.61M@-3.96AF10.26SR9.18Ga, and Z42.84Mg3.48AI-10.07SR9.4Bi
(wt%) 1 were selected for experimental validation of both tharid corrosion behavidrased on the
computational redts. Differential scanning calorimetry (DSC) was used for validation of the computed
T., and potentiodynamic polarization tests were performed in mild and severe chlomdaing
solutions to evaluate the corrosion behavior of the experimental coating alloys.

Experimental alloys were coated to plain carbon steel substrates using galvanizing fluxes.
Computed phase diagrams calculated using Th&aio®, and DSC were utilized to identify phase
transformations during the melting and solidification of the expeltahepating alloys. Phase
identification inthe coated steels was performed using characterization techniques including optical
microscopy, scanning electron microscopy (SEM) coupled with energy dispersive spectroscopy (EDS),
transmission electron microgop (TEM), and Xray diffraction (XRD). These methods provided detailed
insights into the microstructural features of the coatings and the coating/substrate interface, such as
surface morphology, and elemental and structural information of the phasesaating and at the

coating/substrate interface.

1.2 Thesis Outline

Chapter 2 examines the current landscape of coating alloys and their application methods,
identifying the pressing need for new alloys due to gaps in the existing literature. It delves into evaluating
the corrosion performance of these materials. It atptoees the recent applications of machine learning
techniques in the design and optimization of alloy compositions.

Chapter 3 briefly summarizes research gaps, presents a clear hypothesis, defines the objectives of
the research, and poses pertinent research questions that were answered in the subsequent investigations.

Chapter 4 lays out the integration of machine learning with CALPIH#ddeling for the

computational design of new alloys. It begins with a background into the methodology, detailing the



selection of performance criteria and alloying elements, alongside the establishment of design targets. The
chapter unfolds with a presentation of results and discussions that include the creation of a materials
selection map, analysis of feature correlas, and evaluation of machine learning models. It emphasizes

the importance of CALPHAD modeling in the identification and selection of alloys with desirable T
properties. The chapter wraps up with conclusions drawn from the computational findings.

Chapter 5 starts with the background and methodology for preparing and charactefizsg as
alloysdesigned in this workincluding the use of DSC and potentiodynamic polarization testing. The
results and discussions highlight the determination afsihg DSC and examine the corrosion behavior
of the alloys. The chapter concludes by encapsulating the findings of¢hstadloy characterization.

Chapter 6 delves into the microstructural evaluation of alloy coatings applied to carbon steels. It
outlines the methodology employed, which includes DSC and a thorough microstructural characterization
process. The results and discussion section exploegshase transformation characteristics, utilizing
equilibrium phase diagrams, Scheil solidification, and DSC analysis. It also investigates coating
morphology through surface and cragstional microstructural analyses and identifies the phases present
using techniques such as XRD, SEH\WDS, and TEM. The chapter concludes with a summary of the
significant findings related to the microstructure of the coated steels.

Chapter 7 summarizes the key findings discussed in the thesis and suggests some

recommendations for future research based on specific results from this work.



CHAPTER 2 LITERATURE REVIEW

This chapter examines the role of coatings in protecting steel, exploring the various alloys and
procedures involved in the steel coating process. It explores the specifics of galvanizing sheet steels,
examining the consequential changes in microstruetolemechanical characteristics that this treatment
imparts upon the steel. Furthermore, a comparative analysis of the corrosion rates among different coating
metals and alloys is presented, along with an investigation into how alloying elements infligence t
corrosion potential of Zn. The chapter also addresses the methodology of potentiodynamic polarization
testing. Additionally, the application of daglsiven methodologies within the field of materials science is
reviewed, highlighting the procedural raadp for developing machine learning models tailored for

applications in materials science.

2.1 Necessity of Coatings on Steel

Steel, ag predominant material used by Original Equipment Manufacturers (OEMSs), Tier 1
industry, and the building industry, is susceptible to various forms of cortpsioluding uniform,
cosmetic, galvanic, crevice, unedeposit, and pitting corrosion, when left unprotec8j. [A
comprehensive overview of these corrosion mechanisms, particularly in automotive applications, is
provided in Table 2.1 [ 30].

To mitigate corrosion, coatings are applied, creating a physical barrier between the metal
substrate and its environment. Three primary types of codtiagganic, inorganic, and metallicare
employed for this purpos&1]. Organic coatings encompass paints, resins, lacquers, and varnishes, often
containing corrosion inhibitors. Inorganic coatings include enamels, glass linings, and conversion
coatings. Metallic coatings, predominantly used for their sacrificial and bpragection of metals, are

alsocommonly used, often in addition to other coatings.

2.2 Coating of Steels: Alloys and Processes

Zn-based coatings, known for forming a dense, sacrificial layer on steel, are extensively used for
steel protection [3-33]. The electrochemical potential of Zn is lower than that of iron/steel; therefore, Zn

protects steel sacrificially by forming weldherent hydroxides and oxides that act as a protective layer.

1 Corrosion a ubiquitous and often detrimental phenometmdefined as the chemical or electrochemical reaction
between a material and its environment that causes deterioration of the material and its prd@erties [



Since the corrosiorate of Zn is much less compared to ferrous materials, it is a preferred coating

material.

Table 2.1 Corrosion Mechanisms in Automobile Applicatiorg 2.

Automobile Part Corrosion Mechanism

Body Panels
Structural, Cosmetic

Uniform, crevice galvanic,coating failure, poulticepitting, fretting,

Uniform, pitting, crevice fretting, stress corrosion cracking, coatin
failure, poultice
Uniform, pitting, crevice, galvanicdealloying, intergranular,
coating failure
Uniform, pitting, crevice, dealloying, erosion, frettingtergranular,
stress corrosion crackinggating failure, higitemperature oxidation

Chassis

Trim and Hardware

Exhaust System

Engine and Uniform, pitting, crevice, galvanic, dealloyinfyetting, intergranular,
Components stress corrosion cracking, higgmperature oxidation
Transmission Uniform, crevice, galvanidretting

Uniform, pitting, crevice, galvanic, fretting, stress corrosion cracki
coating failure
Uniform, pitting, crevice galvanic, dealloyinggrosion, cavitation
intergranular

Fasteners

Cooling System

Fuel System Pitting, crevice, coating failure

Brake System Pitting, crevice, galvanic, fretting, coating failure

Electrical and Uniform, pitting, crevice, galvanic, dealloying, fretting, stress
Electronics corrosion cracking, coating failure, corrosion product creep

* |talic fonts indicate dominant corrosion mechanism

Various commercial Zvased coatinglloys have been developed for automotive or other sheet
applications after the introduction of continuous-tigt galvanizing lines (CGLs) by T. Sendzimir in
1936 [31]. These alloys include Zn, Galvalume®, Galfan®, galvannealMgnand ZaMg-Al [34-39].

Al-Si coatings are increasingly used in certain applications that requiréehigierature coating stability

during service or manufacturing (such as during hot stampd@)The use of AlSi coatings in the

automobile industry is mostly focused on grhardened applications since-8I coatings do not provide
sacrificial protection to the steel substrate. In recent years, a few researchers have also investigated
Zn-Mg-Al-X alloy systems to develop coatings with improved corrosion performddtaNhere X

represents the addition of the fourth alloying element. Terne coatings were also widely deployed but were
phased out due to environmental concerns associated with lead. Figure 2.1 chronicles the evolution of
hot-dip galvanizing processes andogt use for steel coatings.

Metallic coatings are applied through techniques such as hot dipping (batch or continuous),
electroplating, electroless plating, thermal spraying, mechanical plating, cladding, vapor deposition, ion
implantation, metafich painting,etc.[30]. Hot dipping is particularly favored for steels as it provides a
tough, metallurgically bonded coating that completely covers the steel surface, has lower costs

(maintenance cost, labor cost, etc.), and has faster application speed [4



D5 ™ of New Coating Alloys with Low Liquidus Temperature. 2018 [l
Zn-Mg-Al-X alloy development. 2016 [
Zn-Mg, Zn-Mg-Al alloy development. 2001 i
Galvanneal (Zn-Fe) alloy development. 1986 M
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Figure2.1 Timeline of developments in the hot dip galvanizing process and the developmer
the alloys used B41].

Generally, the coating of the steel sheet involves continuotdipobating while the coating of
discrete parts such as nails, screws, bolts, and nuts involves batch coating. An electrolytic coating process
is generally used when thin coatings are regliifable2.2 details the metals and alloys used for coating
sheet steels along with their characteristics and applicatiGhs [4

2.3 Galvanizing of Sheet Steels

Hot-dip galvanizing (HDG) is extensively utilized in the automotive industry, notably for its
efficiency in applying metallurgically bonded coatings at a reduced cost and with greater speed compared
to alternative coating methods3[444]. There are two types of HDG processes: batch and continuous,
with the latter being particularly suited for sheet steels due to its rapid processing capabilities and precise
control over process parameter2,[45]. Figure 2.2 provides a schematic of a typical processftin
continuous HDG of sheet metal. In this process, the cold rolled steel sheet is welded to form a continuous
endless strip. The strip is then cleaned through degreasing and pickling processes, ensuring the removal of
any impurities and oxide scale. Fnling cleaning, the strip undergoes annealing in a furnace. This step
influences the microstructure and may be important for avoiding/remoxidgsf r om t he st eel 6s
in a reducing atmosphere, typically composed of nitrogenght hydrogen (k). After annealingand
cooling to an appropriate temperatuitee clean metallic strip is then immersed in a galvanizing bath in a

protective atmosphere. This is the core stage where the galvanizing material, usually Zn, is applied to the



steel. The strip then exits through mechanical air knives that wipe the coating surface, ensuring even

application of coating. After the coating is applied and leveled, the steel strip is wound into coils for

subsequent use or further processing.

Table 2.2 Metallic Coatings for Sheet Ste&][

Coating

Composition,

Process Type (Wt%) Characteristics Applications
7n Pure 7n Sacr|f|0|§1l coating, good Autobody pan_els, applianc
corrosion resistance housings
Good corrosion
resistance, excellent spc
Electrolytic ~ #MFe  1l20Fe weldability and Autobody panels
paintability
Superior corrosion
Zn-Ni 19-13 Ni protection with thin Autobody panelsfuel tanks
coatings
Commercially Sacrificial CO"?‘“”Q’ good Automotive, metal building,
Zn corrosion ) .
pure Zn . construction, and appliance
resistance
. Good corrosion Autobody panels, floor pan:
resistance, excellent spc . :
Zn-Fe 7-14 Fe o wheelhouse liners, rails, ar
weldability and
) 2. crossmembers
paintability
Superior corrosion Metal building roofing and
Zn-Al 4-7 Al resistance and siding, fence posts,
paintabilitylike Zn appliances, and automotiv:
Hot-dip Excellent outdoor Metal building roofing and
Al-Zn Zn-55Al-1.6Si ) : siding, culverts, appliances
corrosion resistance :
and automotive
Al Good formability and  Metal building, appliance ar
' 5-11 Si(5Fe) resistance to high automotive exhaust payts
type |
temperatures press hardened parts
Excellentresistance to -
Al, 0.5Si2.5Fe atmospheric Metal bundln_g and
type Il - construction
corrosion
Terne Pb and 48Sn Barrier protection Automotive fuel tanks,

radiator parts, tubing
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Figure 22 Schematic layout of continuous sheet mgadVanizing line, 1. strip unwinding,

2. welding, 3. leveling loop, 4. degreasing, 5. pickling, 6. full/intercritical annealing,
7. surface activation in a reduction atmosphere, 8. Zn bath, 9. air wiping knives,
10.leveling, 11. shearing, 12. winding the galvanized strip into a cgjil [4
Figure2.3(a) shows a schematic of the thermal cycle in a continuous HDG process. In this
process, coldolled, full hard strips are subjected to intercritical anneainiyll austenitizingat
temperatures ranging from 7890 °C, depending on the specific steel grade. Following annealing, these
strips are hetipped in a liquid Zn alloy bath maintained at approximately 460 4C The galvanizing

temperature is varied depending on the alloy used for coating.
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Figure 2.3 Schematic illustrating (a) a typical thermal cycle used for a continuous HDG proc

(b) thermal profile of different modemgalvanizing lines [3-46]

Recent advancements in galvanizing technology, particularly for AHSS, have led to the
development of new galvanizing lines capable of achieving higher cooling rates from the annealing
temperature [@]. One limitation of continuous galvanizing lines (CGL) is thegho melting point of Zn,
which restricts the range of isothermal holding temperatures that ecsetievhen compared to

continuous anneal overagirtgowever, some of the most advanced lines now include the capability for
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initial cooling to temperatures below that of the Zn bath, as illustrated in Figure 2.3(b). This feature,
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The temperature of this "loend" cooling, especially in relation to the martensite stagt (M

temperature, influences the final steel microstructure. Depending on these temperatures, the steel may

exhibit a combination of tempered martensite, bainite, and retained austenite. This process forms the

foundation for the Q&P technology, enabling tmeduction of steels with tailored microstructures for
specific application§46].

2.4 Effect of Galvanizing on Microstructure and Mechanical Properties of the Steel

Jing Suret al [16] compared the mechanical behavior of 1.2 mm thick TRIP steel sheet with a

composition of 0.2€1.5S+1.9Mn under four different processing conditions as shown in Figure 2.4.
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Figure2.4 Schematic illustration of heat treatments applied to the steels (a) Q&T process, (

Q&P process, (c) galvanizing before Q&P process, (d) quendhigglvanizing¥
partitioning processlp].
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I n all the conditions, TRIP sheet samples were
guenching and tempering (Q&T), &ébd involved quenc
galvani zing before Q&P, and Onkigaadstubaegled quenchin
partitioning.Figure 2.4 delineates the specific thermal cycles for each condition, detailing variables such
as heating rate, annealing, cooling, quenching, galvanizing, and partitioning temperatures and durations.

Table 2.3 presents the results of the tensile testing performed on the samples from each condition.
The data reveal that the ultimate tensile strength (UTS) of TRIP steel sheets galvanized at 460 °C under
conditions 06c¢cd6 and ¢ ddnmpatedt thpse ptocdssed viadQ&Ry This declibddin MP a
strengt h f avas attributedoithe formationdotbéinite poglalvanization, while for condition

6d, 6 it i s ademperature ttmgering df magtensite.g h e r

Table 2.3 Mechanical Properties of TRIP Steel SHet [
UTS % Total

Condition Thermal Cycle after Intercrital Annealing (MPa) Elongation
a Q&T 1171 18.7
b Q&P 1072 23.7
C GalvanizingY Q&P 1018 24
d QuenchingY GalvanizingY Partitioning 1014 25.8

V. Merklingeret al [15] investigated the effect of the galvanizing process on mechanical
properties of 22MnB5 steel sheets. The steel sheets were hot formed and immediately galvanized in a
liquid Zn bath and in a liquid bath of a &hg-Al alloy at different temperature for 6 miAt higher
galvanizing temperatures, the UTS of steel was reduced while increasing the total elongation. Table 2.4
summarizes the effect of the processing conditions on UTS of 22MnB5Iste@vident that the use of
higher melting temperature alloj@ galvanizing of steels might alter the microstructuréhefsteel

substrateand also deteriorate the mechanical properties.

Table 2.4 Effect of Galvanizing Temperature on the UTS of 22MnB5.Steel

Coating Processing Steps/Coating Effect on UTS
Type/ Alloy Parameters (Initial UTS - 1650 MPa)
1. Hot forming of bare steel
Zn 2. Hot dipping in liquid Zn bath at UTS decreased by 750 MP;

450°C for 6 min
1. Hot forming of bare steel
Zn-Mg-Al 2. Hot dipping in liquid Zn bath at UTS decreased by 450 MP;
400°C for 6 min
1. Hot forming of bare steel
Zn-Mg-Al 2. Hot dipping in liquid Zn bath at UTS decreased by 350 MP;
350-375°C for 6 min

12



A few studies have suggested that for TRi€els, the temperature of the isothermal holding,
which is restricted by the temperature of the molten Zn bath, affects the retained austenite content of the
steel [17, 40, 47]. Figure 2.5 illustrates the effectsldDG temperature on the initial retained austenite
content of 0.08€1.5Mn-1.5S:i steels, for a constant processing time [45]. The amount of retained
austenite decreased with an increase in isothermal transformation temperature al3@ve 460

In summarygchanging the percentage of phases present in the microstructure iD@gay
alter the mechanical properties of stealsd these changes are influenced by galvanizing temperatures.
Therefore, if coating alloys with lower Bre used for galvanizing, it would be possible to reduce

undesirable alteration of microstructure during galvanizing process.
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Figure2.5 Effects ofHDG temperature on the initial retained austenite content of

0.08C1.5Mn1.5Si steelsAdapted and modified from 7.

2.5 Thermodynamics of Aqueous Corrosion of Metals

Metals, when exposed to various environments undergo chemical or electrochemical reactions,
commonly leading to their oxidation, which is a principal mechanism of corrosion. In the context of
agueous environments, this oxidation process is electrochaeanit@hvolves reactions leading to the
metal ions dissolved in the water. Water acts as an electrolyte, allowing the conduction of ions, unlike in
gaseous environments where the resulting metal oxides form a layer on the metal sBirface [4

The oxidation reaction entails the metal (the anode) losing electrons and transforming into metal
cations, while the corresponding reduction reaction occurs at the cathode, consuming electrons. The
change in free energy ( aBcanfbequantifiadeytke ratatioastif][d o c h e mi

& G nEE (2.1)
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whenbe réepresents the number of moles of electr
equation and OF06 is Faraday's constant, which 1is
95,484.56 C/mol.

The oxidation of metals in water is influenced by the electrochemical potential (E) and the pH of
the solution. To graphically demonstrate how E and pH influence the thermodynamic stability of species
in aqueous corrosion reactions, Pourbaix introducednbadynamicequilibrium diagramgE vs. pH),
calledPourbaix diagram$49, 50]. These diagrams do not provide any information regarding the kinetics
of the considered reactions.

For the general form of the oxidation ha#ll reaction in aqueous corrosion:

aA + HO = bB + mH + né (2.2)

Her e, 6ad denotes t he st oAg imdicatingethenimberafoef f i ci e
moles oféAbparticipating in the reaction, whed&bitself is the chemical species being oxidized,
meaning it loses electrons. Watee( is involved in the reaction, potentially as a solvent or a reactant.
The symboldbbstands for the stoichiometric coefficient of the prodB& reflecting the number of
moles ofBbdproduced, withBbébeing the species that is reduced (gains electrons) or otherwise famed a
a product of the reaction. The coefficiémtdindicates the number of moles of hydrogen ion§ (H
generated, contributing to the solutisracidity. Thehdsignifies the number of electrons Yéransferred
during the redoXreductionoxidation) process.

Thetransfer ofoxygen atom® Ofm the water molecule in this equatiemot explicitly
detailed, implying that oxygen is incorporated into the products or remains in the solution as part of
another species not mentioned directly. Oxygen might become part of p@difdt forms an oxide or
hydroxide, remaisas hydroxide ions (OHlin the solution, evolve&as molecular oxygen @Din certain
oxidation reactions, or combis@ith another reactant not specified in this generalized equation.

The stability of the thermodynamic species involved (at T 2Q%an be assessed using the
modified Nernst equation (Equation 2.3B[51].

b
E:EJ_'_OI‘.]5|8g1 a_0.59p1|q"|

n

(2.3)

where ks the standard electrode potentials the activity of reacting species. This equation
allows for the calculation of the potential of a haaction under nestandard conditions, considering
the effects of pH and the concentration of species involved.

Figure 2.6 shows the Pourbaix diagrams of Zn and Fe in distilled water, calculated using the
Materials Project application programming interface (AB255]. These diagrams illustrate the
electrochemical stability of Zn and Fe across different E and pH levels for standard atmospheric

conditions and room temperature.
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Figure 2.6(a), the Pourbaix diagram for Zn in distilled water, shows regions where zinc metal

(Zn(s))

, Zi

nc ions (Zn}) ), and zinc oxide o

r hydr

grey area represents immunity where Zn is stable, the grearindicates passivity where compounds

i ke

ZnO and

Zn( OH) form protective | ayers

, and

species are stable. The Pourbaix diagram for Fe in distilled water, Figure 2.6(b), illustrates the stability of

iron

met al

(Fe), iron ions (Fe] and Fej ),

and ir

(hematite). The grey area indicates conditions under which metallic Fe is immune to corrosion, the green

area represents conditions where passive oxide layensdiof-e, providing protection, and the red area

indicates active corrosion where iron ions are stable. These diagrams assume that the species in the

passive layer are sufficiently adherent and impermeable that corrosion of the underlying metal is

essentidy stifled, and the metal is then protectdd]|
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Figure2.6 Pourbaix diagram of (&Jn and (b) Fe in distilled water calculated using Materials

6ad and 6bd6 sepah@ and
O;at 1 atm and 25 AC. Blue dashed *and |
Ho, while | ine é6bd repreaad@ s Behe weig i
stabl e, abisstable, whileH is&thbe in@e region betweleri n e s
and 6bé. The grey domains indicate i
indicate passivation, and red domains indicate corrosion. Labels show the stable
species in the various domains.

Project. Lines

When(only) Pourbaix diagrams are consideredseems to benore corrosiosresistant in

neutral to alkaline conditions due to the formation of protective oxide layers that act as a barrier against

further corrosion, a phenomenon known as passivation. In contrast, Zn lacks a significant passivation
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region and is generally more vulnerable to corrosion across a broader pH range, with a narrower stability
region for its metallic state. While both metals are prone to corrosion in acidic environments, Fe shows a
slightly greater resistance, remainingtsmetallic form over a wider range of acidic conditions before
oxidizing to Fe) or Fej compared to Zn, which

As discussed before, the Pourbaix diagrams are thermodynamic tools that predict the most stable
phases of a material at equilibrium but do not account for kinetic parameters such as reaction rates or the
physical characteristics of oxides, like their parau dense nature and adherence to the substrate (non
corroded parts beneath oxide layer). These factors can significantly influence the actual corrosion
behavior in practical applications. For instance, the stability of an oxide layer, which could b qoro
norradherent, might not provide the expected level of protection despite the thermodynamic predictions.

When considering the sacrificial protection of Fe by Zn, the Pourbaix diagram suggests that Zn,
having a more negative corrosion potential across a wide range of pH values, can corrode preferentially,
thus offering sacrificial protection to Fe. Howeveg tiealworld effectiveness of this protection would
also depend on the kinetics of the corrosion processes and the physical properties of the resulting
corrosion products.

Salt environments, particularly those with sodium chloride (NaCl), can accelerate the corrosion of
metals like Zn and Fe. Saltwater increases the electrical conductivity of water, promoting electrochemical
reactions, and CI i iderfilms, eading tapitigg cermson el v att ack

Corrosionpotential (Eor) is the potential at which a metal is in equilibrium with its ions in a
solution. This means it is the potential where the rates of oxidation and reduction reactions are equal,
leading to no net electron flow. In the context of a Pourbaix diagraynfde a given metal under specific
conditions could be to the lines representing the stability of the metal and its ions iitiersect
example, the &, of Zn would be at the intersection of the stability areas of metallic dritsuoxidized
f or m, Zn)|

The Pourbaix diagram itself does not provide a dynamic measute.pfcher, it offers a
thermodynamic prediction of whereszshould lie based on equilibrium considerations. It does not take
into account kinetic factors such as reaction rate, actual current density, or the physical nature of the oxide
layers, which can affect the measuregih practical scenarios. Furthermore, the stability of the
protective oxides, which are crucial for corrosion proteci®not addressed in the diagram.

In the case of alloyshe prediction of k& from the Pourbaix diagram is even more complée
Pourbaix diagram (Figure 2.7) for the-2rl7Mg3.95Al alloy (one of the experimental alloys used in
this work) in a 3.5% NaCl solution, presents theoretical stability regions for various species at different
pH values and electrode potentials. The liapresenting thiatersection of thatability regionof the

metal and its ions, around.3 V, typically suggests the theoretical corrosion potentigl)B&f the alloy.
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However, the actualck:, determined using potentiodynamic polarization te$br this alloy is observed

at-1.2 V in a neutral 3.5% NaCl solutio@ne of the reasons fdnis discrepancis the Pourbaix diagram

assumes the presence of Mg in its elemental fafmie Mg is present in the ZnMgAl alloy as part of the

Mg Zn or Mg Zn phases. The mater i actossiddsal abase

the possible thermodynamically stable species, which may not be present in the expeaitoggtal

leading to differences between the predicted and actual corrosion beHaatiefore, maodification of the

computed Pourbaix diagram after careful seleatiospecies, would be necessémyminimize such

discrepacies.

Figure 27
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2.6 Comparison of Corrosion Rates of Coating Metals and Alloys

Table 2.5 lists the corrosion rates of some different metatanight be used to design alloys
with low T, in industrial, marine, and rural environmental conditior®. [#/ith the corrosion rate of Zn
established as 1 across all environments, it serves as a baseline for comparison.

Table 2.5 Comparison of Typical Corrosion Rates gfEand Low T Metals
(Corrosion Rate Zn is Taken as 1[5

Metal Industrial Marine Rural
Zn 1 1 1
Cd 2 2 2.4
Sn 0.23 1.6 1.9
Al 0.13 0.3 0.09
Pb 0.07 0.3 0.28
Sb 0.06 - -
Mg 0.31 1.8 1.9
Fe 30 50 15

Cd corrodes twice as fast as Zn in industrial and marine settings and 2.4 times faster in rural
areas. Sn corrodes at a rate of about a quarter of Zn in industrial areas, but it approaches twice the rate of
Zn in marine and rural environments. Al exhibitsoaafly lower corrosion rate than Zn in all three
environments. Pb shows negligible corrosion in industrial areas and slightly more in marine and rural
areas. Sb data are incomplete, but where present, Sb shows a lower rate of corrosion than Zn,iespecially
industrial settings. Mg exhibits a relatively low corrosion rate in industrial environments, but it
approaches twice the rate of Zn in marine and rural environments. Fe stands out with a significantly
higher corrosion rate in all environments, beingiBs that of zinc in industrial, 50 times in marine, and
15 times in rural environments. This comparison highlights the durability of zinc as a reference point and
underscores the variable reactivity of these metals depending on the surrounding conditions

Table 2.6 presents the corrosion resistance of galvanized, Galfan®, and Galvalume® coatings. In
general, Galfa® is approximately two times more corrosion resistant than a galvanized coating, while
Galvalume® is two to four times more corrosion resistant than a galvanized coating. The better corrosion
resistance of Galvalurfgemay be attributed to the influence of aluminum on the nature of surface
passivation. Also, the eutectic structure may alter the acaiih®de geometry on the surface of the
coating, iffluencing the corrosion mechanism of the coating.

During corrosion of ZeAl alloys, first, the Zn preferentially dissolves, leaving an alummiaim
porous structure; during this stage, the steel is cathodically protected. After theéepleiged in the
coating and aluminum is passivated then, depending on the compactness of the remaining structure and

the type of atmosphere, red rust may start to form since steel is anodic to passivated aluéjinum [5
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Table 2.6 Corrosion Losses for Galvanized Steel, Galfan®, and Galvalume® After One Year
Exposure in Four Different Atmospheric Environments [56]

Corrosion Loss, (&m)
Environment Galvanized . Galfan® ) Galvalume®
Minimum  Maximum
Rural 1.0 0.3 1 0.3
Urban 3 0.7 1.4 0.6
Marine 2.4 1.4 2.8 1.1
Severe Marine 5.4 2.8 3.8 2.6

Table 2.7 presents the corrosion rates, measured in micrometers per year, of different coatings

subjected to full exposure tests in rural, urban, and marine environméhtSi%exhibits the lowest

corrosion rate in rural environments at O0.18 &eml/y
marine settings, with the | atter 20oaloyslpwstahe hi gh
higher corrosionratt han pure tin in rural conditions, at 0. 4

urban and marine environments, although less than pure tin in marine conditions. Zn, on the other hand,
had a corrosion rate slightly higher than the 8@8#n alloy inrural and urban settings and matches its

rate in marine environments at 2.90 em/year. The
corrosion in less aggressive rural environments, its performance falls behindZhealioy and pure

zincin more corrosive urban and marine conditions.

Table 2.7 Corrosion Rate Coatings on Steel at Three Tropical Sites After 2 Years of Expgsurt

Environment

Coating

Rural Urban Marine
Sn 0.18 1.02 3.02
80Snr20Zn 0.46 1.35 2.87
Zn 0.53 1.45 2.90

Proseket al.[58] studied the corrosion of Zilg alloys containing from 1 to 3&t% Mg, pure
Zn, and pure Mg which were contaminated with sodium chloride and exposed to humid air for 28 days.
They found that Mg substantially decreases the weight loss of Zn under atmospheric conditions in the
presence of chloride. The effect of Mg was trefound at concentrations of8Awt% Mg in the
structure. They concluded that the optimal corrosion protection-d@alloys in atmospheric
conditions is due to a conmation of relatively noble corrosion potentials, close to that of Zn, and the
presence of Mgpased films in the coating which provides good stability and barrier properties. After
8 wt% Mg, the corrosion rates increased drastically.

Proseket al.[4]] studied the corrosion behavior of various Zn alloys for 24 months of marine

field exposure and the results were compared to reference materials as shown iR.&Eigiereference
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materials are hot dip panels of-BrRAl (Z), Zn5Al (ZA), Zn-55AI-1.6Si (AZ), Zr1.5AI-1.5Mg (ZM)
and Zr11AI-3Mg-0.2Si (ZMM). It was observed that the -Efg-Al-X systems with Z#BAI-2Mg-X
composition exhibited the highest corrosion resistance.
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Figure2.8 Mass loss of model alloys after 24 months of marine figlgbsure; standard deviations

for reference materials are estimated based endith dataAdapted from 41].

2.7 Effect of Alloying on Corrosion Potential of Zinc

The addition of alloying elements to Zn changes its electrochemical properties, sygh as E
dissolution kinetics, oxygen and hydrogen reduction overpotentials, and formation of solid surface
films [59, 60]. Dissolution kinetics refers to the rate at which a metal dissolves into ions in an electrolyte
solution, which is a common occurrence in agueous corrosgpn@¥erpotential is the difference
between the actual potential at which a reaction occurs and the equilibrium potential of that reaction. In
the case of oxygen reduction, which is a common cathodic reaction in corrosion processes, the oxygen
reduction overpotential is the additional potential required to reduce oxygen to water or hydroxide ions.
This overpotential is necessary to overcome thetidrbarriers to the reaction and can be influenced by
various factors, including the electrode material, surface conditions of electrodes, temperature, pH,
concentration of oxygen, and the presence of catalytic or inhibitory substaacé®, B9, 60]. Similarly,
hydrogen reduction overpotential is the extra potential required beyond the equilibrium potential to
reduce protons (hydrogen ions) to hydrogen gas at the cathode in a corrosion cell. This overpotential is
also Since Zn is widely used for thegahic protection of steel, alloying is usually engineered to improve
the corrosion resistance (lowering of the corrosion curggnhlthe electrochemical corrosion test) but
not to greatly reduce the electrode potential difference between Zn andhstesieral, additions of

small amounts of alloying elements change the corrosion potential of Zn by a small value. With additions
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of alloying elements up to about W%, the potential of the Zn alloy may change by 50 to 100 mV,

usually to a more noble value than the corrosion potential of Zn, as shown ir2Ralftfer alloys with

more noble elements like Cu, Ni, and Fe, the potential may change to much more positive when the alloy
concentration is high. It can be seen in Téb&that ZrR10Ni alloys behave galvanically in OM NaCl

solution when coupled to steel. For-Z@Ni, the polarity reverses and the corrosion of the cougtéss

may be accelerated.

Table 2.8 Corrosion Potential of Various Zinc Alloys and SolutioAsq8]

Metal/Alloy Solution Esce(V)
Steel NaCl, NaSQ, -0.5510-0.73
Zn NaCl, NaSOQ -1.00 t0-1.10
Zn-5Al 0.5M NacCl -1.04 to-1.07
Zn-55Al 1M NaCl -0.99 to-1.05
Zn-10Fe 0.1M NacCl -0.9510-0.97
Zn-25Fe 0.1M NacCl -0.95
Zn-50Fe 0.1M NacCl -0.72
Zn-10Ni 0.86M NaCl -0.90 to-1.00
Zn-20Ni 0.6M NaCl -0.7
Zn-10Cu 0.6M NacCl -0.8510-1.02
Zn-40Cu 0.6M NacCl -0.4
Zn-25Mn 0.5M NacCl -1.05
Zn-10Cr 0.86M NaCl -0.95
Zn-10Ti 0.86M NaCl -1.00
Zn-10Mg 0.86M NaCl -1.10
Zn-10Co 0.86M NaCl -1.02

The corrosion potential of an alloy in an electrolyte is a function of time. It tends to change to
more positive valuewith the time of immersion because, in most cases, the preferential dissolution of Zn
causes the enrichment of the more noble elements on the surface. The polarization behavior of Zn can
also be significantly affected by alloying. Polarization refers ecdwviation from the equilibrium
potential of an electrochemical system due to the passage of current thro@8yHHof4xample, when
Zn is undergoing corrosion, which is essentially an electrochemical process involving the transfer of
electrons, polaration is the shift in the electrode potential of Zn caused by the application of an external
electric field or by the corrosion reactions themselves. High polarization resistance is often not desirable
for Zn when used for galvanic protection of steelduse a large polarization of the Zn anode reduces the

amount of current available for the polarization of steel.

2.8 Application of Data-Driven Techniques in Materials Science

The dscovery of new materials by optimization of composition and processing parameters has

relied on a combination of domain knowledge, trial, and elMaichine learning (ML) in alloy design
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represents a transformative shift from empirical and experimental methods to a mahévéata

paradigm, where vast datasets can be leveraged to predict and optimize material properties. In recent
years, researchers have implemented machine learningdorimdels that predict materials with

required properties or predict properties based on matsiamistry and processing conditions. Some
applications of machine learning in materials science are as follows: Agraaldl61] made predictive
modelsfor fatigue strength of steel using data from the Japan National Institute of Material Science
(NIMS) Mat-Navi database. Sumptet al.[62] suggested a novel integrated method for guiding the
synthesis of new inorganic materials, which is achieved through the incorporation of big data approaches
in imaging and scattering coupled with scalable first principleseSahused an artificial neural network
(ANN) model to connect the composition, processing parameters, working conditions, and mechanical
propeties for maraging steels3p Another study has shown that ML can help select corragsistant

multi-principal element alloys (MPEAS) by doveelecting from a large search spac.[6

2.8.1 Stages Involved in Developing ML Models for Materials Science Applications

Once the problem is defined for the application of ML, the main stages involved in the
development of ML models include collection and the preparation of data, model development, and

model evaluation. These stages are briefly described:

2.8.1.1 Collection and the Preparation of Data

In materials science, the database is generated by collecting data from computational simulations,
experimental measurements, microstructure images, and literabu][@Data cleaning is generally
performed when constructing a sample from the original data to remove incomplete, noisy, and
inconsistent data. Using a proper feature selection metfiiptb[@etermine the subset of attributes to be
used in the final simulation, only conditional factors relevant to the decision attributes are recorded while

ignoring irrelevant conditions

2.8.1.2 Model Development

ML models connect input data to output data using a particular set of nonlinear or linear
functions. Once the dataset is ready for modeling, supervised ML techniques are applied for predictive
modeling. The dataset is divided into training and testingfeethecking the accuracy of models. If the
target attribute is numerie (g, fatigue strength, melting point) regression techniques can be used for
predictive modeling; if it is categoricag.g, whether a compound is metallic or not), classification
techniques can be used. Some techniques are capable of doing both classification and r&gessibn.

ensemble learning techniques exist that combine predictions from multiple base learner algorithms in
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various ways, often leading to improved accuracy and robustness of the model in certain Atistexts
training the models, hyperparameter fimaing is performed for optimal model performance. Table 2.9
contains a list of some of the predictive modeling techniques. Apart from predictive modeling, other data
mining techniques such as clustering agldtionship mining are used to visualize mdithensional data

and find the link between input and output properties.

Table 2.9 Popular Predictive Modeling Algorithms$][6

Modeling

Technigues Capability Brief Description
Naive Bayes Classification A probabilistic classifier based on Bayes theore¢
Bayesian I A graphical model that encodes probabilistic
Classification o . . :
network conditional relationships among variables
Log'St'.C Classification Fits data to a sigmoidalshaped logistic curve
regression
Linear . A linear leastsquares fit of the data with respec
. Regression '
regression to input features
Nearest Classification/Rearessio Uses the most similar instance in the training d
neighbor 9 for making predictions
Artificial Uses hidden layer(s) of neurons to connect inp
neural Classification/Regressio and outputs, edge weights learned using
networks backpropagation

Constructs rules involving different combinatior
of attributes

Decision L . A weak treebased machine learning model
Classification/Regressio

Decision table Classification/Regressio

stump consisting of a singkevel decision tree
. Tree consists of alternating prediction nodes a
Alternating e - o :
- Classification decision nodes; an instankaverses all applicabls
decision tree
paths
Logistic e A classification tree with logistic regression
Classification . .
model tree functions at the leaves regression
M5 model tree Regression A tree with linear regression function at the leay

Random tree Classification/Regressio Considers a randomly chosen subset of attribu
Boosting can significantly reduce error rate of

AdaBoost Ensembling ) ;
weak learning algorithm

Builds multiple models on bootstrapped trainin

Bagging Ensembling data subsets to improveodel stability by
reducing variance
Random . Constructs multiple trees systematically by
Ensembling .

subspace pseuderandomly selecting subsets of features

An ensemble of multiple random trees, genera
Random forest Ensembling model ensembles based on feature extractio
followed by axis rotations

2.8.1.3 Model Evaluation

To precisely examine the predictive accuracy of thesedtatan models, the models are trained

on only part of the data while the remaining data are used for evaluation khfoldecrossvalidation
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method, the dataset is randomly divided into k parisplrts are used to build and train the model while
the remaining one part is used for verification testing. Bootstrapping involves repeatedly sampling with
replacement from the data set (which alldarsthe same observations to appear more than once in the
sample) and using each sample to estimate a statistic. The main difference-fslthatdssvalidation

is primarily a model validation technique to assess the predictive performance of avinitelel
bootstrapping is more about estimating the distribution of a sample statistic and providing uncertainty
measurese.g, confidence intervals). #old crossvalidation does not involve sampling with

replacement, while bootstrapping do€able2.10 compares the model evaluation methods.

Table 2.10 Comparison of Model Evaluation Methods [6

Methods Advantages Disadvantages Application Situation

The proper relative proportion.
of training/testing data are

Low . difficult to determine; The The data volume is
Hold-out computational | f th ining data i ffici
complexity volume of the training data is sufficient.
' smaller than that of the origine
dataset.
The data volume is
Not greatly The computational complexity sufficient.
influenced by is high, especially on alarge The data volume is small,
Cross . ) L .
o changes in the dataset; The volume of the and the training and testing
validation o . e
volume of training data is smaller than th.  data can be partitioned
training data. of the original dataset. effectively.
Effective The data volume is small,

The distribution of the training
data differs from that of the
original dataset.

partitioning of
training and
testing data.

and the training and testing
are difficult to properly
partition.

Bootstrapping

After model evaluation, the trained model is implemented for thenreddl settings for

prediction or analysis, and continuously updated with new data to maintain or enhance accuracy.
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CHAPTER 3 RESEARCH FRAMEWORK: RESEARCH GAPS, HYPOTHESES, AND RESEARCH
OBJECTIVES

In this chapter, the pivotal aspects of the thesis research plan are stated, summarizing existing
gaps in the field of galvanizing processes. The chapter is structured to present the hypothesis statements,
clearly defined research objectives, and pertinesgarch questions. These elements are crucial for
guiding the investigation toward enhancing the current galvanizing methodologies and developing new,
more efficient coating alloys.

The hypotheses are grounded in the desire to circumvent the deterioration of desired
microstructures during the galvanizing process, and the potential of alloying Zn with various elements to
reduce the Tand improve corrosion resistance. The objectives are set to develdp mating alloys,
establish an ML platform for predictive analysis, and empirically validate our computational findings.

The research questions probe into the intricacies of alloying elements, their concentrations, and the
feasibility of ML for predicting and optimizing the properties of these coating alloys. This chapter lays
the foundation for addressing critical research gaps, driving forward the advancement in the field of alloy

design and galvanizing technology.

3.1 Summary of Current Technological Limitations

The existing galvanizing processes, particularly continuous HDG, present several limitations. The
conventional continuous HDG process involves annealing sheet steel and then passing it through a molten
Zn bath maintained at approximately 460 °C. This tlaieycle can be restrictive for AHSSS, as certain
substrate microstructures require minimal or tightly controlled exposure to high temperatures after
annealing to achieve the desired final properties. This limitation constrains the production of certain
existing or contemplated AHSS grades with enhanced properties[ 196, 17].

The deteriorating effects of higher galvanizing temperatures on mechanical properties and
microstructure have been observed during batch galvanizing. These limitations highlight the need for
advancements in coating technology and process modificationsdmenodate the specific requirements
of new steels, ensuring optimal microstructural and mechanical properties in the final produgf [15, 6

To provide substrate processing flexibility during HDG, there is a need for new coating alloys
with significantly lower T that can maintain acceptable corrosion resistance. This is crucial for
preventing the deterioration of the desired microstructure and mechanical properties of AHSSs during the
galvanizing process. Although some of the existind&sed coating alloys hail@v T, they do not

provide sacrificial protection of substrate steeBT@].
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An ideal coating alloy for galvanizing applications in the automotive indsswyldstrikea
meticulous balance of properties to ensure optimal performance across various metrics. This alloy should
exhibitlower T, the difference between &nd solidus temperaturedjlshouldbe minimal (narrow
mushy zonejo avoid any problems in lateranufacturing processesich as paint bake hardeniiige
alloy should offer sacrificial protection to substrate steelmndidesuperior corrosion resistaniewer
corrosion ratejo enhance longevity. The microstructure of the afloguldpromote both formability and
weldability, facilitating the forming and joining of sheet componeAditionally, the coating should
possess high adhesion strength to prevent powdering and flaking, ensuring a durable bond with the base
metal.

The alloy must alsexhibitwettability andsupport efficienpaintability to allow for aesthetic
versatility and adherence to industry standards. The required coating thickness should be minimal yet
effective, reducing material costs while maintaining protective qualities. A low coefficient of friction is
essentiato minimize wear and tear during manufacturing and operation. Lastly, the composition of the
coating alloy should be nemxic, aligning with environmental and safety regulations to minimize its
impact on both human health and the envitent.The cost of the new alloy should be as low as
possible These characteristics combined would define the optimal alloy for galvanizing applications,

leading to enhanced performance and sustainability in automotive manufacturing.

3.2  Summary of Knowledge Gaps

The potential of Zn being alloyed with low melting temperature elements such as Sn, In, Bi, Ga,
Pb, Li, Cd, and their combinations to decrease theirab not been fully explored. Such alloying could
provide essential sacrificial corrosion protection to carbon steels.

Since these potential new alloys largely have not been identified and studied before, the existing
literature would not cover the corrosion performance of such new alloys. More comprehensive data and
analysis are needed to understand and predict the icortmshavior and Tof these alloys.

Furthermore, the literature lacks information regarding the coating behavior and microstructure of
new alloys.

To systematically address the goals of this research, the following hypotheses, research objectives,
and research questions were defined

3.3 Hypotheses

The application of coating alloys with significantly loweri$ hypothesized to preserve the
microstructure and mechanical properties of substrate steels during the galvanizing process. This

approach is also anticipated to facilitate the development of new substrates and processing routes for
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steels, including those with complex chemistries and microstructures, without compromising their desired
characteristics.

In the design of coating alloys, it is hypothesized that exploring the entire compositional space
can yield novel compositions that effectively lower thewhile concurrently maintaining or improving
the ability to provide sacrificial corrosion protection to carbon steels.

3.4 Research Objectives

1. To design new coating alloys with significantly lowerdnd acceptable corrosion resistance.

Research Question: What are the potential alloying elements and their concentrations that would meet

multiple performance criteria, including, Ecor, T, and toxicity?

Approach Summary: Design targets for new coating alloys were established. Potential new alloys with
low T that could satisfy key performance criteria including, IEcor, Ti, and toxicity were identified in
the vast compositional space that was generated using elements Zn, Sn, In, Bi, Ga, Pb, Li, Cd, and their

combinations using a computational approach.

2.To develop a machine learning platform that enables feature corrdlatiaionship between two or
more featurege., variables within a datasethd prediction of target properties for selected coating

chemistries. To validate the computational results experimentally and bridge the data gaps.

Research question: Is there sufficient corrosion amgdifa available to create machiearning models
for the Design, Discovery, and Development of coating alloys? Can machine learning identify the
important feature correlations and predict target properties?

Approach Summary: ML algorithms available on the Citrination® platform and-sparce ML
libraries were trained on a database created us@égé@rimental corrosion data collected from the
literature and ii) computed. TML models weralso employed to find feature correlations in the database
and predictdor and Eor Of the alloysDSC was used for validation of the predicted dnd
potentiodynamic polarization tests were performed to evaluate the corrosion behavior of selected

experimental coating alloys.
3. To coat the new alloys on steel substrates and characterize the coated steel.

Research Question: How does microstructural evolution occur in the coatings and at the coating/substrate

interface? What will be the microstructural constituents in these coatings and interfaces?
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Approach Summary: Experimental alloys were coated to plain carbon steel substrates using
galvanizing fluxes. Phase diagrams calculated using Th@ah®, and experimental measurements of
coating alloys using DSC were utilized to identify the phase tremstmns during heating and cooling
of the experimental coating alloys. Phase identification of the coatings applied to steel was performed
using characterization techniques including optical microscopy, SEM coupled with EDS, TEM, and
XRD.
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CHAPTER 4 COMPUTATIONAL DESIGN OF NEW CORROSIORESISTANT COATING
ALLOYS WITH LOW LIQUIDUS TEMPERATURE

4.1 Introduction

The design of new corrosiaesistant coating alloys that also exhibit lowi§ a complex task,
necessitating a robust and efficient approach. Traditional pHyaged models are available for
computationally predicting the, Of alloyse.g, CALPHAD (Calculation of Phase Diagrams)
modeling[73]. However, physicdased models for predicting,} and Eor based on alloy compositions
and environmental conditions are not currently available. This gap presents a significant challenge in the
computational degn of new alloys, which are required to be both sacrificial to steel and exhibit low
corrosion rates. To address this, ML models were developed to prgdistd Eor for specific alloy
compositions under various environmental conditions.

For this study, the computation of iE vital for alloy design, and while Therat@alc® [74] offers
capabilities to calculate Tor given compositions, it does not allow for reverse calculations. This
limitation means that one cannot input a desiredaige to receive potential alloy compositions as a
computed output. To circumvent these issues, and simultaneously optimizeerialtmance criteria
including Ti, lcom, and Eor, machine learning (ML) models were developed.

In this chapter, we explore the integration of ML with CALPHAD modeling for the computational
design of new alloys. The chapter begins with a background into the methodology, detailing the selection
of performance criteria and alloying elements, alongideestablishment of design targets. The chapter
unfolds with a presentation of results and discussions that include the creation of a materials selection
chart, data description, evaluation of machine learning models, analysis of feature correlations, and
limitations of the developed ML models. It emphasizes the importance of CALPHAD modeling in the
identification and selection of alloys with desirablepfoperties. The chapter ends with conclusions

drawn from the computational findings.

4.2 Methodology

In this section, the analytical procedure utilized for the selection of the performance criteria,
selection of the alloying elements, design targets for new coating alloys, alloy preparation, and

experimental procedures to validateahd corrosion behavior are discussed.

4.2.1 Selection of Performance Criteria

The selection of appropriate performance criteria is a critical stage in the design and development

of new alloys. For automotive sheet steel coatings, key performance metrics includectireoBion
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resistance, microstructure, thermal stability of the phases, formability, weldability, adhesion strength,

powdering and flaking resistance, coatability, paintability, required coating thickness, coefficient of

friction, visual appearance, coating compasifiand toxicity of the coating alloys [75,76]. In this

work, the performance criterig, corrosion resistance, coating composition, cost/availability,

flammability, and toxicityvere utilized to select alloying elements for the development of caatoygg.

It was also recognized that additional performance criteria would need to be addressed later in any

industrial development/commercialization cycle and that processing effects would also need to be

considered, as certain coating behaviors are dep¢d process details as well as the alloy composition.
In electrochemistry cbr and Eorr are often used to describe and quantify corrosion resistance

[29-31]. For an electrochemical reactiogylis directly related to the rate of corrosione&s the

potential at which the rate of an anodic reaction is equal to the rate of a cathodic reagtoan Be

utilized to determine whether the coating protects a substrate sacrificially or not. {§;thbé &coating is

more negative than thaedz of a substrate, the coating corrodes preferentiallpg¢stibstrate,e.,

p r o v i gdlvaniapr sdicrificial protectiond When coupl ed through an el ect

sacrificial coatings protect the substrate even if there are thitbigkmess scratches in the coating.

Therefore, thechr and Eor properties were exploited (along with)Tn this research to measure the

corrosion performance of the coatings. The electrode potential is measured with respect to a reference

electrode, and the saturated calomel electrode (SCE) was used henetesdhee electrode.

4.2.2 Design Targets for Coating Alloys

Adding alloying elements to Zn can affect itg/=thereby affecting its ability to sacrificially
protect carbon steels. Previous research by D. &redsand X. Zhang have shown that adding up to
10wt% of alloying elements to Zn can change its«By 50 to 100 mV [, 60]. Adding alloying
elements more noble than Zn makes the resuli@ntriore noble and vice versa for elements more
reactive than zn.

In 3.5 % NaCl solution, Zn, Mg, Al (nonpassivated), Sr?, 83 andin® have electrode
potentials (kcg of approximately1.1,-1.6,-0.75,-0.46, €0.2t0-0.55),-0.17, and0.67V, respectively,
[77, 78, while carbon steels havedzin the range from0.52to0 -0.73V [59, 60. Given that Sn, Ga, Bi,

andIn could be more noble than carbon steels, the total content of these elements in our coatings was

2 Ga is on the Critical Materials List as the highest priority on the date 10/19/2023.
STo avoid confusiofe,mdt wadnt hkeswmbdl|l 6bfi the el ement |
the symbol of element Indium italicized.
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limited to a maximum of 2@/t%. This greatly increases the probability of obtaining sacrificial coatings
relative to carbon steels (assuming a 100 mV change in the electrode potential for every alloy addition of
10 %).

Corrosion rates in the range froni 80 mpy (mils per year) are usually acceptable for ferrous
alloys [79] . Using Faradayds | aw, corrosion rat¥is in
accordance with ASTNG10289, 2015) [8]. The corrosion rate of 50 mpy is equivalent to @nvalue
of 110 pA/cnt. Therefore, the targeto) for coatings should range froni Q10 pA/cn?t, with lower
corrosion rates being preferred.

To enable new substrate processing routes, thid & new coating alloy should be significantly
lower (preferably at least approximately 100 °C) than theflzn (419.5 °C). Coating alloys with even
lower T. values provide additional flexibility for substrate processing. For this study, tlemde from
25071 325 °C was considered as the design target. Pablsummarizes the target properties and

constraints used for designing the new coating alloys.

Table 4.1 Design Targets for New Coating Alloys

Total % of Noble Elements (Ga, Ir
Property lcorr Ecorr To Bi, Sn,) and their Combinations ir
the Coating Alloys

Constraint/ 0T 110 Lower than 2507 325 o
Range HA/cm? -730 mV SCE °C Less than 20vt%
E<cr of carbon steels Minimal addition of these element
Remark LO‘;" Icora I;’CIE the range from Low T, to Zn was preferred since it coulc
referred.
P -520 t0-730 mV SCE. preferred. change the\irll?(l;Zn to nobler

4.2.3 Methodology Applied for Developing ML Models
4.2.3.1 Data Collection and Data Preprocessing

Data preprocessing is the first crucial step in the ML pipeline. Features (input variables) and
targets (output variables) in the ML database were determined by identifying the properties affecting the
performance criteria: T lcom, and Eor. The selected features included the coating composition and

environmental conditions affecting corrosion resistance, such as the type of electrolyte and its

4 Mils per year (mpy) is a unit of measurement that is equal to one thousandth of parigelar.
1 mpy = 0.0254 mm/yr
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concentration. For the application of ML, the target properties in the initial stage of coating alloy
development were the properties representing corrosion performanceptieddL,. A database for
training the ML models was prepared by collecting experimental data from the published literature that
included coating composition,ok, Ecor, type of electrolyte solution, and concentration of electroly@e [5

60, 69-72, 81-106]. The T_ of the alloys was determined using Ther@alc®. The database contained
information for Znbased coating alloy®(g, Zn, ZnMg, Zn-Mg-Al, Zn-Ni, Zn-Co, ZnMn, Galfar?,

and Galvanneal), Sbased alloys, Mdpased alloys, and Alased alloys. The data observations were
normalized and cleaned by removing noisy and incomplete data sets.

In different studies, the electrode potential was measured using different reference electrodes,
such as those listed in ASTM @3, 2014 107]. To maintainuniformity in the dataset, any electrode
potential values measured using reference electrodes other than SCEs were converted to corresponding
values of the electrode potential measured against an SCE (Bing conversion factors provided in
Table 4.2 as described in ASTM @3, 2014107. When the corrosion rate other thas (such as mass
or thickness loss) was documented in the literature, the procedure described irGABIA89, 2015,
was used to convert the corrosion rate.4@[B0]. The pro@dure is summarized in Appendix i.the
caseof corrosion studies of Zn based allos majorityof the data wreavailable at room temperature,
and neutral pH conditions. Corrosidatathe varying concentration of NaCl electrolyieas available at
room temperature conditions, as reflected in the ML database, Appendikdly the corrosion data
from the accelerated corrosion tests was considered. However, due to limited compositional variation in
the accelerated corrosion test data lac# of stadard methods to convert these data igto(hnd
perhaps En), the data were not used for model training.

Table 4.2 Reference Potentials and Conversion Fadior |

From the Standard Potential of tt To Standard Hydroger To Standard Calomel

Half Cell Electrode (mV) Electrode (mV)
Ho/H* - -241
Ag/AgCl/sat KCI +0.196 -0.045
Ag/AgCl/1 M KCI +0.235 -0.006
Ag/AgCl/0.6 M CI (seawater). +0.25 +0.009
Ag/AgCl/0.1 M Ct +0.288 +0.047
Hg/HgCl./ sat KCI (SCE) +0.241 T
Hg/Hg:Cl2/1 M KCI +0.280 +0.039
Hg2Cl2/0.1 M KCI +0.334 +0.093
Cu/CuSQsat +0.30 +0.06
Hg/HgSQ/H2SO, +0.616 T
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Table 4.3 shows an example of the features and labels in the dataset used for the application of
ML. The log (kor), Ecory Ti, and electrolyteoncentration values were real (numeric) values, while the
values of the electrolyte were categorical. A raw database used in this work is provided in Appendix B.
Table 4.4 shows the number of observations in the database far, thg, Bnd Eor models on
Citrination®. Additionally, the type of data and range of the data for each target property are provided in
Table 4.4.

Table 4.3Example Representation of the Features and Labels in the Generated Datas

Feature Label Reference
ID .
Concentration of To Log (lcorr) Ecorr
Formula  locirolyte (M) EIECTOVE | o0y (uA/em®)  (MVscd)
1 | Zn94Mg3AI3 0.599 NacCl 359.8 0.77 -1129.0 Title/DOI

Table 4.4 Number of Observations in the Database fdog kor, and Eor Models on Citrination®

MOde| T|_ |Og (Icorr) Ecorr
Number of 22831 165 155
Observations
Type of Data Computational Experimental Experimental
Range 140 to 420 °C -4.110 2.94 pAlcm2 -1725 to-400 mV SCE

4.2.3.2 Model Training and Evaluation using the Citrination Platform®

For predictive analysis and mutibjective optimization (Paretsurface Optimization) [16809],
the models were trained on the Citrination® platform [26]. On the Citrination® platform, inorganic
formulae in the database were converted to over 100 elahzevat analytical features (descriptor
properties).e., physically meaningful component vectors using the Citrin&tfeature library [110,
111], which is based on the Magpie library [112]. These features were then used during the ML model
training stageThree target propertiesi ,Tlcor, and Eorr Were separated from the features, 80 % of the
data in a database were employed for training purposes, and the remaining 20 % were employed for
testing purposes. The models were trained on the Citrifigtiatform using the Random Forests (RF)
imbued with uncertainty estimates. Théokd crossvalidation (CV) methodg5] with three CV folds
was employed to evaluate the models. In this method, the dataset is randomly divided into Kiparts; k
partsareemploge t o buil d and train the model, while the
performance was evaluated using the nondimensional model error (NDME) metric, NDME is Root Mean
Squared Error (RMSE) divided by the standard deviation of the obseadtesb in the test set. Later,
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important features influencing target properties were analyzed. The models were then used to predict
compositions within the design restrictiogs:| Ecor, and T, as shown in Tablé.1.

4.2.3.3 Model Training and Evaluation Using OpenSource Python Libraries

After initial ML results, it was identified th&@ALPHAD method (applied usinghermoCalc®
software)is a better than Mimethodgo compute the Tof alloys and study the effect of alloying
elements on the/Tof alloys sincéThermceCalc® uses thermodynamic databases and related
thermodynamic equations to calculate theoflgiven alloy composition. However, such computational
tools were not available to study the effects of alloying elementssearitl ko Also, the Citrination
platform® used only one algorithm for model training and did not restrict its analysis only to the features
available in the collected database during model trainieag ( f eat ures from Citrinat.
were included). Therefore, to analyze the database more extensively, study the importance of features
available only in the colleatkdatabase, and understand the effects of other ML algorithms on model
performance, opesource Python ML libraries [11B18] were used. Histograms were plotted for each
feature to visualize their distributions and a correlation matrix using Pearsomionrebefficients was
computed to examine linear relationships between variables. This analysis was used to identify features
that are highly correlated with the target variable and can be strong predictors.

The tar gedd VvanbeeteEBeparated from the features, and the features and target
were then split into training and testing sets to provide a basis for training the models and evaluating their
performance on unseen data. Eighty percent of the data in a database were eimpl@iaihg
purposes, and the remaining 20 % were employed for testing pufp©SgsThe datasets for predictive
analysis were modified after studying initial feature correlation and feature importance results to increase
the accuracy of the ML models.

A variety of regression algorithms including Random Forest, Gradient Boosting, AdaBoost,
XGBoost, Decision Tree, #learest Neighbors, Linear RegressiBapport Vector RegressioSYR),

Lasso Regression, and Ridge Regression were initially considered. After initial screening, Random
Forest, Gradient Boosting, AdaBoost, and XGBoost algorithms were selected due to better model fitting.
These algorithms are better at capturing completioakhips in data and are also known for their ability

to handle nodinearities and interactions between featur@§{1121].

To optimize the models, hyperparameter tuning was conducted using GridSearchCV [113], which
systematically works through multiple combinations of parameter options;\valdating as it goes to
determine which combination of model parameters gives tstepeeformance. To evaluate models,

k-fold CV with 5 folds during hyperparameter tuning was utilized.
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The model s6 performance was evaluated using Me
Rsquared (R]). MSE and RSME provide a measure of
values, while R? indicates the proportion of variance in the depémdaable that is predictable from the
independent variables.

After training, feature importance relations were extracted from the models, providing insights
into which features have the most influence on the target variable. This information is valuable for
understanding the dr i vi ntipnsfamddot amy necedsayifadatord t he mode

engineering or selection.

4.3 Results And Discussion

In this section, the materials selection cli2a8] is used to illustrate the current state of the design
space and potential future opportunities. ML Data description, evaluation of machine learning models,
analysis of feature correlations, and limitations of the developed ML models. and identifid¢ati@ting

alloys with low T_ in multicomponent systems are discussed.

4.3.1 Development of Materials Selection Chart

In recent decades, propefiyoperty diagrams have gained traction as tools for visualizing and
comparing the attributes of various classes of materials on a single chart. For exampl¢2Blshby
developed material selection charts that compare the mechanical properties of various classes of
mat eri abanawhD| dereftrgated tm gixtapose the strengitngation characteristics of
different types of stee[gl4]. To further facilitate the process of material selectiah,;jaat er i al s sel e
char tshofvn in Figure 4.1, was plotted using the data collected for ML models. This chart envisions the
existing design space particularly focusing on the performance criggriB:br, and 1. The database
created experimental corrosion data collected from the literature and compuiich Were used to
develop the materials selection chart. The raw database is provided in Appendix B

The material selection chart shows the changeinBcor, and L properties as we move from
one alloy system to another. Hence, the chart serves as a tool for studying the effects of alloying elements
and visualizing prospective optimization paths for these criteria.

Figure 4.1 provides a wide range ef:| Ecor, and T values for different alloy systems. For
reference, k& values for uncoated carbon steels range #&20mYV to -730 mV [®, 60] depending on
the environment. Therefore, the alloys below the indicated dashed line on the chart act sacrificially to
carbon steels, offering them protection.

Regarding specific alloy subsets,-Based alloys present some limitations. Despite their Jew |

and T, they are less effective in applications requiring galvanic corrosion protection, as evidenced by
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[72, 93, 122]. This is aggravated by their cost, which 8 @mes higher than that of Zn [3225].
Therefore, the primary benefit of Sn lies in reducinglii contrast, Mg up to 8 wt% enhances the
sacrificial protection qualities of Zn and reduces its corrosion r8eN also has the advantage of a
lower boiling temperature (approximately 1090 °C), which might facilitate its removal during steel
recycling [127]. However, when the Mg content in the coating was increagedgEreased to a more
negative value, reducing the activation energy for the corrosion reactions, and resulting incaffiagh |

Mg-based alloys.
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Figure 4.1 Materials selection chart illustrating the current state of the design space from th

perspective of the performance critdidg, Ecorr, and T. Coatings with Erlower than
-730 mV are sacrificial to carbon steels, while coatings withtitgher than730 mV
are nonsacrificial to carbon steels. Superscript¥' ?for the AFZn alloy data represer
different NaCl electrolyte concentrations of 0.01 and 0.59 M, respectively.

Coatings like AlZn (including AkZn-Si, and AtZn-Fe)exhibit high variability in both & and
lcom, dependent on environmental conditions. However, a significant drawback of these coatings is their
higher T.. In the case of galvannealing, the formation ofénalloy layers requires substrate exposure to
considerably higher temperatures of around 550 °C [34], making these alloys unsuitable for the specific

applications targeted here.
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According to the data presented in the materials selectioniotégure 4.1 Zn-Mg-Al alloys
stand out as the most promising candidates among the existing alloys, based on their perforgaance in |
Ecom, @and . Specifically, these alloys exhibit the lowest corrosion rate withiased alloys, and they
offer sacrificial protection to carbon steels. With a eutectic compositio2 @g3.9Al) featuringa T
of 344 °C, ZaMg-Al alloys also present opportunities for furtherr&duction through adddnal

alloying, for instance with Sn.

4.3.2 Data Description

Figure 4.2 shows the distribution of the features in the database used for models developed using
opensource Python libraries. The total range (maxinvahael minimumvalue) of each feature is
divided into 20 bins (Xaxis) and the frequency of each bin is plotted eaxis, as shown in Figuek?2.

Since the database contained Zn, Mg, Al, andb&ed coatings the elements Zn, Mg, Al, Sn, Cu, and Ag
were seen at greater frequency compared to other alloying elements. The distribution of preperties |
Ecorr, and T is also shown in Figure 4.2.J&values ranged froriL700 to-400 mV, log (lon) vValues

varied from-5.2 to 3.0uA.cm?, and T values varied from 200 to 1200 °C.

Liner correlations between the attributes in the database were reviewed by plotting a heat map
using the Seaborn Pearson correlation matrix, as shown in Figure 4.31i& values of Pearson
correlation coefficients lie betweeh and 1. Negative values represent a negative correlaggmen
the value of the input x increases, the resultant y decreases), positive values mean the opposite, and 0
implies that there is no correlation between the two variables.

When the dataset used for ML modeling is considered, Figure 4.3 indicates that alloying
elements, like Sn, Ag, Cu, Pb, and In decrease thefiile other alloying elements like Zn, Mg, Al, Fe,

Si, Ni, and La, contribute to increasing. The correlation matrix shows tgerall contribution of

features related to each other. When correlations between a target property and remaining features are
considered, Pearson feature correlation is not a very useful way to findrilirearrelations between
featuredo a target property in a specific region of the alloy spacg,Al reduces the Jof Zn when

added up to Wt%, but beyond that Al increases the The correlation matrigannot explain these

details because of the edanensional linear approach exercised in this technique.

The feature correlations in Figure 4.3 also indicate thati€greatly influenced by alloying
elements, like Mg, Zn, Sn, Ag, Cu, Fe, and Bi. Alloying elements Mg and Zn reducedtbétke
coating alloys, whereas Sn, Ag, Fe, and Bi increased:thelttcan be observed in Figure 4.3 thai.E
had a generally negative relationship wigh.IWhen Eqr was very negative, there was a high
thermodynamic driving force for a corrosion reaction. Galvanic protection is a desirable characteristic

assotted with a negative &, although a highcdr is not necessarily desired.
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Figure 4.2 Histograms showing the distribution of feature and target properties in the databs
used for creating ML models using opsource Python libraries. Conc is the
concentration of the electrolyte associated with corrosion results in the database
determned ranges for the design targets were described in Table 4.1. The tagget:
is within 07 110 pA/cn?, Ecoris to be lower thar730 mViscg and T ranges from
2501 325 °C.
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The feature correlation matrix should notutdized to compare features (inputs) and binary or
categorical labels (outputs/targets). The feature correlation matrix in Figure 4.3 does not indicate that |
was highly influenced when the electrolytes used during the test were either KOH or NaCl. Additionally,
it can be seen in Figure 4.3 that:-Wwas negatively correlated with the electrolyte concentration. The
negative correlation implies that as the concentration of the electrolyte increasgecieased. This may

not be true for all alloys the database.
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Figure 4.3 Pearson correlation heat map illustrating the linear correlations between features

database. The target properties the represented by, J;Udadrr (l.on), and Ecorr

(Eco). Conc is the concentration of thkectrolyte associated with corrosion results i

the database.

Pearson Correlation Coefficient

Generally, alloys with high Sn content or high Al content passivate when subjected to

electrochemical corrosion testing. In some cases, passivation increases as the electrolyte concentration
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increases and earlier passivation results in a reduced corrosion rate. If the number of alloys representing a
reduction in the corrosion rate increases (as the concentration of electrolyte increases), or even for a small
number of alloys if b values are significantly reduced after passivation in high electrolyte concentration,
the correlation matrix may show an overall negative correlation. Therefore, the results of the correlation

matrix should not be generalized.

4.3.3 Evaluation of the ML Models on Citrination Platform®

Parity plots showing the regression results of thdcd., and Eor models trained using the
Random Forest algorithm imbued with uncertainty estimates on the Citrihataiform are displayed in
Figure 4.4(a), (b), and (c), respectively §LAn the regression results, the actual values of data points
from the test set were plotted against the predicted values by the models. The error bars repoesent +/
standard deviation, and the green line represents the ideal behavior where evetigmpreould equal
the actual value. OExtrapolatingbé points represen
data (based on a pr obxtrapded tairtygdnepaoiimct)s mwhpid es émNto nv «
similar to the training data and typically exhibit higher predictive accuracy (lower uncertay L B].
For problems with a | ower number of data points,
improves the model.

On the Citrination® platform, NDME and RSME error metrics were utilized to evaluate the
accuracy of the models29®, 130]. NDME, is a unitless measure, is the ratio of the root mean square error
to the standard deviation, and as such, it will fall between 0 (a perfect model) and 1 (an uninformative
model ). A | ower NDME indicates & obbaervedidiizewhenodel 6s p
compared to the variability within the observed data itself. An NDME of 1 would indicate that the RMSE
is equal tahe standard deviation of the observed data, suggesting that the model predictions are on
average as asckciurlabt enoadsela téhnat al ways predicts the
provides a relative measure of error that accounts for the iityialbthe data, which is useful for
comparing model performance across different scales or units of measurement. RMSE measures the
standard deviation of the prediction errors. It gives a sense of how far the predicted values are from the
actual valuesRMSE is sensitive to outliers because it squares the errors before averaging, so larger errors
have a disproportionately large effect on RMSE. RMSE provides an absolute measure of error in the same
units as the predicted value, which can be directly inééed in the context of the data but does not
account for the variability within the dataset. The unit of RMSE is the same as the unit of the observed

and predicted values it is calculated from.
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Table4.5 shows the NDME and RMSE for the, Tog ko, and Eor models. The NDME values
for T, lcom, and Eorrare 0.19, 0.43, and 0.47, respectively. This suggests that all models perform better
than a neskill model, with the T model having the lowest NDME and thus the best relative performance
compared to the spread of the data. The absolute RMSE values of 5.410&2Tfor ko, and 208.86
for Ecor SUggest that the model fordkhas the largest deviation in terms of the scale.gf E contrast,

the model for dorr has the smallest deviation in its predictions.
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Table4.5 Model Performance Metric for.T lcor, and Eorr Models

Error Metric TL Log (Icon) Ecorr
NDME 0.2 0.43 0.47
RMSE 5°C 0.52 pA/cmz, 208 mVsce

The T. model was able to fit data better than thednd Eor models since the Tmodel was
trained orcomputationallygenerated data, while th@dand Eor models were trained using experimental
data reported in the literature. As the data reported in the literature have high vagiaaod, Eor
models have a relatively high error. The computed data were extensive and generated with a single
software package.

4.3.4 Limitations of Applying ML Models on the Citrination® Platform for Alloy Selection

1.Predictions of fAoptimal o all oy compositions b
When the models were employed to predict alloy compositions by providing the design targets as
inputs:01 110pA-cm? for leor, values lower thar730 mV SCE for k&, and 250" 325°C for Ty, as
described in Tabld.1, there were two sets of candidates returned from the design process. The Maximum
Expected Improvement (MEI) set provided a ranked order of materials anticipated to optimize the targets,
while the Maximum Likelihood of Improvement (MLI) set suggested iwhies with a high probability
of ouperforming existing materials, taking into account model uncertainty.[0M.| candidates were
best suited for performing experiments to improve models as a part of the sequential leagjing [13
framework.
Notably, the prediction®.g, Sn90Pb9Mg1, were skewed towardstiased alloys, likely due to
the availability of such alloys in the existing database. Heng exposure of such alloys to the
atmospheric environment could lead to passivati@) 93, 122 The possibility of passivation and the
toxicity of elementsd.g, Pb) were not considered during the modeling process. Moreover, the high cost
of alloy production for testing posed a financial challenge, rendering the sequential learning approach
imprectical.
2. Feature Importance in the Models on the Citrination® Platform
Feature importance is one of the principal techniques for analyzing ML model results. In this
technique, predictor variables are randomly shuffled, and the variable importance is calculated by
observing the effect of the change in the variables on theaagcaf the model [17. Tables4.6i 4.8 list
some of the features used to train theldr, and Eor ML models on Citrination®0On the Citrination®
platform, te features are ranked according to importance scores. Knowledge of the elemental, molecular,

and analytical properties related to the target property and their importance may assist in improving the
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basic understanding of the fundamental properties related to the target properties. This approach could
also help in prioritizing important features for engineering new alloys with the required progerties.
short description of each property is given in the Appendix B.

Table4.6 Important Features Used to Train theModel on the Citrination® Platform

Importance
Feature Score (%)
mean of Shear Modulus Melting Temp Product for composition 54
mean of Number of d valence electrons for composition 11
mean of Miracle Ratio for composition 3
mean ofMulliken electronegativity for composition 3
mean of Elemental bulk modulus for composition 3
mean of Elemental magnetic moment for composition 3
mean of Elemental melting temperature for composition 2
mean of(Density-functional theoryDFT volume ratio for composition 2
Maximum radius ratio for composition 2
From Table4 6 , it was identified that the melting te

mean of shear modulus melting temperature product for the composition and mean of the number of d
val ence el ect r oFros Tabledi7 and Dabvigd.® for exampen it was identified that.
i s highly corr el arneandafthe radius of p orltadsefar formas thel conkeatration of

the soluti on, and mean of el ement al pol arizabilit

related to any of the features available in the Citrination® database.

Table 4.7 Important Features Used to Train theModel on the Citrination® Platform

Importance
Feature Score (%)
mean of Radius of p orbitals for formula 30
Conc. ofSolution 17
mean of Elemental polarizability for formula 15
mean of DFT volume ratio for formula 4
mean of Elemental melting temperature for formule 4
mean of Elemental density for formula 3
mean of Elemental work function for formula 3
mean ofValence electron density for formula 3

By shuffling predictor variables and measuring the impact on model accuracy, valuable insights
into the relevance of different features were gained. However, the feature importance metrics on
Citrination® lacked the capability to filter exclusively for features present in the training database, such
as alloying elements or types of electrolyte solutions. Consequently, the models may have missed
capturing the effects of alloying elements onttrget properties.

44



Table4.8 Important Features Used to Train the®odelon the Citrination® Platform

Importance

Feature Score (%)

mean of Elemental work function for formula
mean of Packing density for formula
mean of Row in perioditable for formula
mean of Elastic Poisson Ratio for formula
mean of Elemental melting temperature for formu
mean of Nordimensional work function for formula
mean of Elemental atomic volume for formula
mean of Radius of d orbitals fiormula
mean of Elemental bulk modulus for formula
mean of Elemental polarizability for formula

A O

3. Availability of only RF algorithm to train ML models.

The Citrination® platform uses onRF algorithm to train ML models. Therefore, it was not
possible to know if other ML algorithms were better for prediction accuracy.

4. Uncertainty associated with Ppredictions

ML models rely on the data available in the database to predict thepgeopgetties. The models
did use any thermodynamic databases for the calculation &éfolvever, software packages like
ThermaCalc® use thermodynamic databases and related fundamental thermodynamic relations to
calculate T. Therefore, the prediction of Tor any given composition was considered more reliable

when ThermeCalc® was employed.

4.3.5 Evaluation of the ML Models Created using OperSource Python Libraries

To study the importance of features available only in the collected databasspapesn Python
libraries were used [11B18]. First, the b and Eor models were trained using Random Forest, Gradient
Boosting, AdaBoost, and XGBoost algorithms to understand the effects of these ML algorithms on model
performance. Then trained models were employed to develop the feature importance scoresdfger each |
and Eor. Figure 4.5 and Figur€.6 show the parity plots containing the regression results ofsthand
Ecor models, respectivelyConsider any subplot in Figure oBFigure 4.6 each blue dot on the plot
represents an individual observation where Haais shows the actuptopertyvalues and the-gxis the
predicted values, both the sameinitsas shown on the axis lab&he red line indicates the béettline
obtained through regression, suggesting the trend that the model predicts. Ideally, if the predictions were
perfect, all dots would fall on the line where the actual values equalgtieted values, which would be
the liney = x.

The red shaded region around the Hi¢dine represents the confidence interval or prediction

interval obtained from the scikiiéarn library. This interval reflects the uncertainty in the predictions: the
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wider the interval, the greater the uncertainty. Points that lie within this band are considered to be in

reasonable agreement with the actual values, given the inherent uncefténetynodel
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Figure 4.5 Parity plots showing the regression results@frhodels trained using the (a) RF,

(b) Gradient Boosting, (¢) AdaBoost, and (d) XGBoost algorithms

Table 4.9 and Table 4.10 show the model performance metricsfant E. models,

respectively. To evaluate the models, MSE, RMSt-aRd NDME error metrics were used BL.3Since
the kfold CV method with 5 folds was used for model evaluation, MSE, RMSE, aad®&s and
respective standard deviatiof8D) were calculated for each fold. Results showing the change in these

errors with each fold for both the,l and Eo.r models are included in Appendix C. These results provide
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a comprehensive view of the mode ldidatiopgacds®r manc e
Tables4.9 and 4.10 show the mean values of these errors over 5 folds.

The R value is a statistical measure that represents the proportion of the variance for a dependent
variable that is explained by the independent variables in a regression m@jleAfLB? value of 1
indicates that the model perfectly predicts the dependent variable, whiteo& Rould mean that the
model does not explain any of the variability in the outcome data. In simpler terms, the cloger the R
value is to 1, the better the model is at making predictions. The MSE is a measure used to assess the
guality of a predictor or a model [3B It calculates the average of the squares of the errors, which are the
differences between the predicted values by the model and the actual values. The lower the MSE, the

better the model ds predictions aogsertothetuadatae it i

a

nd

points. As discussed earlier in section 4.3.3 O0EvV

NDME is a ratio that compares the RMSE to the standard deviation of the actual vaingsa gi
normalized error that is independent of the data scale. Lower NDME values indicate better model
performance when considering the variability of the data. While RMSE error gives an average error
magnitude in the same units as the predicted values.

In the case of:br models, the XGBoost model had the lowest mean MSE at 0.27 (Table 4.9),
suggesting that on average, its predictions were closer to the actual values when squared. The Gradient
Boosting model followed closely with a mean MSE of 0.29, while the Random RoikgtdaBoost
models had slightly higher mean MSE values of 0.31 and 0.37, respectively. The standard deviations for
mean MSE were relatively low for all models, indicating that the error sizes are consistent across different
runs.

RMSE results were quite similar to the MSE. XGBoost led with the lowest mean RMSE of 0.51,
indicating its predictions were generally closer to the true values. Gradient Boosting again followed with
a mean RMSE of 0.53, and Random Forest and AdaBoost stigyedt errors, as indicated by their
mean RMSE values of 0.55 and 0.60, respectively. The standard deviations for RMSE were also low,
mirroring the consistency seen in the MSE values.

The R metric showed that both Gradient Boosting and XGBoost shared the highest,imean R
value of 0.83, signifying that they can explain 83 % of the variability in the data. The Random Forest
model was slightly behind with arBf 0.81, and AdaBoost trailed with 0.77. The standard deviations
for R were small for all models, with Gradient Boosting showing the least variability in performance.

Lastly, XGBoost stands out with the lowest NDME of 0.37, followed by Gradient Boosting at
0.39. Random Forest had an NDME of 0.40, while AdaBoost had the highest NDME at 0.44, suggesting

that it had the largest normalized average error relative to thebildyiin the data.
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Figure 4.6 Parity plots showing the regression results @f: Ehodels trained using the (a) RF,
(b) Gradient Boosting, (¢) AdaBoost, and (d) XGBoost algorithms.

Table4.9 Model Performance Metrics fogl Models

Algorithm " SEI\(/I;Aa/T;mZ)Z sD RMS'I\E"(GJX}CW) SD MS;"‘” SD  NDME
Random Forest 0.31 0.05 0.55 0.04 0.81 0.04 0.40
Gradient Boosting 0.29 0.05 0.53 0.04 0.83 0.02 0.39
AdaBoost 0.37 0.06 0.60 0.05 0.77 0.07 0.44
XGBoost 0.27 0.09 0.51 0.08 0.83 0.05 0.37
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In conclusion, XGBoosippeared to be the most accurate and consistent model for predigting |
using the collected database, closely followed by the Gradient Boosting model. Both models
demonstrated a strong ability to predict with less error and more reliability than Random Forest and
AdaBoost. AdaBoost showed higher error magnitudes and a glightl consistent ability to capture the
variance in the data. These insights are critical when selecting a model for practical applications, as they
highlight the tradeoffs betwea accuracy, consistency, and ability of a model to capture the underlying
patterns in the data.

Table4.10 outlines the performance metrics for models predictiag Ehe Gradient Boosting
and XGBoost models had the highest mean MSE values of 26960 and 26556 respectively. This indicates
that the predictions from these models, on average, deviate quite a bit from the actual observed values.
The Random Forest and AdaBbonodels had slightly lower mean MSE values of 21712 and 21411,
respectively, which suggests that their predictions are a bit closer to the actual values. However, the large
standard dviations, especially with Gradient Boosting, show that there is a lot of variation in the errors
across different instances for these models.

RMSE followed a similar trend. A lower RMSE is generally better, and the AdaBoost model had
the lowest mean RMSE at 145, which indicates its predictions are relatively closer to the actual values
than the other models. The Random Forest model followedlglasth a mean RMSE of 146. Both
Gradient Boosting and XGBoost had higher mean RMSE values, which indicates their predictions are, on
average, further away from the actual values. In the casgahBdels, the standard deviation of the
RMSE was relatigly higher for Gradient Boosting, which further suggests inconsistency in the

predictions.
Table 4.10 Model Performance Metrics fasEModels
. Mean Mean Mean
Algorithm MSE SD RMSE SD R? SD NDME
(MVsce? (MVsce)

Random Forest 21712 6019 146 19 0.7 0.04 0.47
Gradient Boosting 26960 9375 161 28 0.6 0.09 0.52
AdaBoost 21411 3939 145 13 0.7 0.06 0.47
XGBoost 26556 6510 161 20 0.6 0.07 0.52

The Random Forest and AdaBoost models both had a nteH0OR, meaning they explain about
70 % of the variance inc. In contrast, Gradient Boosting and XGBoost models had a lower niedn R
0.6, indicating they explain only08% of the variance. The standard deviations fowBre relatively

small for all models, but Gradient Boosting has the highest variation.

49



NDME values were the same for Random Forest and AdaBoost at 0.47, suggesting their errors
are about half the spread of the actual datads va
NDME values at 0.52, indicating that their errors are largerrelatt o t he dat ads varianc
In summary, the AdaBoost and Random Forest models performed slightly better in terms of both
accuracy and consistency. The high MSE and RMSE values across all models indicate that preglicting E

is challenging, possibly due to the complexity or noisy nature of the underlying data.

4.3.6 Feature Importance

As mentioned above, feature importance is a technique that assigns a score to input features based
on how useful they are at predicting a target varial@g [B machine learning models, these scores
provide insight into the dataset and can help identify which factors contribute most to the outcome of a
model. It is an integral part of model interpretation and can significantly impact the decisions made based
on model predictions.

Figure 4.7 shows the relative feature importance.gfiodels trained using Random Forest,
Gradient Boosting, AdaBoost, and XGBoost algorith@amnc is the concentration of the electrolyk.
is the liquidus temperature, and Ecorr is the corrosion potential.

In the Random Forest model, the concentration of electrolytes exhibited the highest importance
with a significant margin, indicating its dominant influence in predicting Zn followed as the second
most impactful feature, withcg, T., and Al also playing significant roles.

Gradient Boosting displayed a similar pattern, with concentration again being the most crucial
feature and Zn coming in second. However, Gradient Boosting attributed more importane@ddzh.
than Random Forest, while still considering Sn and Al as influential factors. This indicates a slightly
different but still heavy reliance on the concentration of electrolytes and elemental composition.

AdaBoost presented a contrast where concentration remained a key feature but not as
overwhelmingly dominant. Tand Al were given much higher importance in AdaBoost than in the other
models, with B also being a significant predictor. This distribution of feature importance suggests a
more balanced approach, where concentration, Tand Al wer e all critical to
about kor.

XGBoostranked Zn as the feature with the highest importance, a notable deviation from the other
models where concentration ledeEand concentration were almost equally important, followed by T
and Al. This model gave a more balanced weight across features, suggesting a more complex interaction
between the predictors when estimatigg. It should be noted that, compared to other models, XGBoost

was the most accurate and consistent model for predigting |
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For the database used, across all models, electrolyte concentration and Zn consistently appeared
among the top features, emphasizing their key role in modeding he variations in the importance
rankings for Eor, T, and Al across different algorithms reflect the unique ways each model captures and
processes information. Elements like Mg and Sn fluctuate in their observed importance across the models,
indicating that their impact ool predictions may be more specific to particular characteristitse
model and data set.

Figure 4.8 shows the relative feature importance fgrriodels trained using Random Forest,
Gradient Boosting, AdaBoost, and XGBoost algorith@amnc is the concentration of the electrolyieis
the liquidus temperature, and Ecorr is the corrosion potential. In the case of the feature importance of E
models, for the Random Forest algorithm, Mg and Zn were the most influential features, followed by Sn,
lcor, @and T. The importance scores suggest these elements, particularly Mg and Zn, plagla@stio
the model 6s predictions. Other elements |ike Fe

extent.

a

Gradient Boosting mirrored the Random Forest 6s

the top spots, yet Mgds pr omi peemaiotaginedveasynifisantirogh t |y
reflecting its consistency as a key predictor across models. The importanceas [bwer, indicating
that while it is a relevant feature, it did not carry as much weight as Mg or Zn.

AdaBoost revealed a similar hierarchy of feature importance, with Mg at the forefront, trailed
closely by Zn. o, while still crucial, and given more weight in the AdaBoost model than in Gradient
Boosting. Snds influence was relatively | ess in
T. was recognized as an important but less dominant feature.

XGBoost presented a slightly different perspective, assigning the highest importapge.&o, |
indicating a shift in the predictive focus toward corrosion current density. Zn remained highly influential,
and T. showed increased importance in XGBoost was comparable to Gradient Boosting and AdaBoost.

Across all models, the consistently high importance of Mg and Zn indicates that these elements
are crucial in determining thedzof the alloys.Jod S pr omi nence, especially i
relation to the corrosion potential of alloys. The models generally agreed on the significance of Sn, but to
varying degrees, suggesting that its influence may be rumgendent. It is worth noting theame
features, such as Mn, consistently show zero importance across all models, indicating thamdtey do
contri bute t o -mdkiagprocessevithin the givendataset. Conversely, the importance
of other features varies significantly across the models, due to the different ways each algorithm processes

information and learns from the data.
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Figure 4.7 The relative importance of features fay;Imodels trained using the (Random Forest,
(b) Gradient Boosting (cAdaBoost, and (d) XGBoosigorithm. The features are plotted
against their relative importance (which add to one). Conc is the concentration of the
electrolyte. T is the liquidus temperature, and Ecorr is the corrosion potential.
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Figure 4.7 Continued
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Figure 4.8 The relative importance of features fagEnodels trained using the (Random Forest,
(b) Gradient Boosting (cAdaBoost, and (d) XGBoost algorithm. The features are plotted
against their relative importance (which adds to one). Conc is the concentration of the
electrolyte. T is the liquidus temperature, and Icorr is the corrosion current density.
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Figure 4.8 Continued
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Variations in error values and feature importance across machine learning models stem from their
distinct learning algorithms and structural complexities. Models like Random Forest and Gradient
Boosting capture complex patterns, influencing their predicscuracy and perceived feature
significance. Differing strategies, such as decision tree aggregation in Random Forests or sequential error
focusing in Gradient Boosting, contribute to performance discrepancies. Additionalygasee models
excel at deecting feature interactions, while regularization techniques in models like XGBoost help
prevent overfitting. Variability in model performance can also arise fromvaidance tradeffs,
hyperparameter tuning, and the specific preprocessing appliatttorhndomness introduced through
techniques like bootstrapping in Random Forests further leads to variations. These aspects highlight the
critical role of precise model selection and hyperparameter optimization for specific data and analytic
challenges.

In summary, the assessment of feature importance across these models offers valuable insights
into the factors most crucial for predicting the outcomes of interest. It also underscores the need to
consider multiple models to help identify the influencélifferent features, as each model interprets the

importance of these features uniquely based on its underlying algorithmic structure.

4.3.7 Identification of Preferred Alloys with Low T .

Although ML models provided valuable information regarding the dependenge afid Eor on
different features in the database, the ML models were not particularly useful in predicting alloy
compositions that could satisfy the design targets, because of the lack of data availability near the
required design space. Therefore, the computatap@ioach discussed in this section was employed.

To calculate the Tfor the alloys of interest, the CALPHAD method was employed, leveraging
ThermaCalc® software and associated Al and Mg databases (TCALS5, TCAL6, MOBALS5, TCMGS5,
MOBMG1) [134-138. These Therm&alc® databases provided thermodynamic data for the elements
Li, Be, B, C, Na, Mg, Al, Si, K, Ca, Sc, Ti, V, Cr, Mn, Fe, Co, Ni, Cu, Zn, Ga, Ge, Sr, Y, Zr, Mo, Ag, Cd,
In, Sn, Sh, Hf, Pb, Bi, La, Ce, Pr, Nd, Sm, Gd, Dy, Ho, Er, and Trh&Etelements, Li, Mg, Al, Ga,

Cd, In, Sn, Pb, and Bi can sificantly reduce the Tof Zn-based alloys [1-20]. However, Pb and Cd are
highly toxic, Li is moderately toxic, and a highly flammable elem&8§ these elements were
eliminated from further consideration. Therefata, Mg, Al, Sn, Ga, Bi, and imere shortlisted for
analysis.

The possibility of adding alloying elements like Mg, Al, Sn Ga, Bi, In, and their combinations to
Zn creates a vast compositional space for the selection of coating alloys with @ Tdve Tompositional
space created using the above elements, including tweetpinary systems, thirfjve ternary systems,

four quaternary systems, and six quinary systems was meticulously analymsthgmore than 300,000
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uniqgue CALPHAD conditions to identify alloy compositions with low That could also provide
sacrificial protection to steel substrates.
Table4.11 enlists th&n-basedalloy systems, investigated in this study, that could potentially
satisfy the design targets related toafid wt% of noble elements in the coating allby.calculate the T
of the alloys, Ol iquidus an-Galc® wdrdethploayedtWhenper at ur e
calculating Ts in ThermeCalc®, up to three elements can be vasiiultaneously from 0 to 100 %.
Therefore, it was easiest to identify regions of loweinTbinary and ternary systems. In the case of
alloys having four or more elements, automated variation of all the elements simultaneously from 0 to
100 % was not possible. Also, depending on the step size of the elemental variations, the process of T
calculation could need significant computational resources and tiraetap size of 0.#Wt% was used

when varying concentrations of alloying elements.

Table4.11 Alloy Systems Investigated to Identify Coating with Low T

Type of Alloy

System Alloy Systems

Binary ZnMg, ZnAl, ZnBi, ZnGa, Znin, ZnSn
ZnMgAl, ZnMgSn, ZnMgBi, ZnMgGa, ZnMgln,

Ternary ZnAISn, ZnAlBi, ZnAlGa, ZnAlln, ZnSnBi,

ZnSnGa, ZnSnin, ZnBiG&ZnBiln, ZnGaln
Quaternary ZnMgAISn, ZnMgAIBi, ZnMgAIGa, and ZnMgAlin
Quinar ZnMgAI5SnGa, ZnMgAI5Snin, ZnMgAI5SnBI,
y ZnMgAI10SnGa, ZnMgAI10Snin, and ZnMgAI10SnBi

In binary Znbased alloys, the reduction in iE quite limited when noble elements like Sn, Ga,
Bi, andIn are capped at 20 wt%. In the case ofMg alloys, even though both elements are sacrificial to
carbon steels, the lowest &chieved in this system is 341°C for-ZiA.6Mg compositionwit%).
Additionally, as observed in the materials selection ckégtre 4.1such high Mg levels could
potentially exhibit a higher corrosion rate compared to pure Zn.

Moving to ternary systems, 35 unique systems can be formed using the elements Zn, Mg, Al, Sn,
Bi, Ga, andn. This study specifically considered-i&rnary systems involving Zn, as listed in
Table4.11. Liquidus contour projections for portions of selecteeéb@sed ternary systems are shown in
Figure4.9, with the lowT. regions highlighted by black ovals. The contour projections for the remaining

ternary systems are available in the supplementary docufqgmendix D.
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Figure 4.9 Ternary liquidus contour projection diagrams (a) ZnMgAl, (b) ZnMgSn, (c) ZnAIS
and (d) ZnAlGa. Black ovals indicate the regions of interest with low T

A detailed analysis of these 15 ternary systems (Appendix D) reveals that some alloy system
combinations, like ZnMgAl, do not achieve Below 344 °C, failing to meet the design criteria outlined
in Table4.1. (The liquidus contour projection of the low ZnMgAl region is shown in Figure 4.9(a)).
On the other hand, ternary systems such as ZnMgSn, ZnAlSn, and ZnAlGa do have compositions with
T.s under 325°C, as illustrated in Figdr®(b-d). However, the concentrations of noble elements (Sn,
Ga, Bi, andn) in these lowT regions are substantially above thew&@ threshold. For example,
ZnMgSnand ZnAISn alloys showed significant fieductions when Sn concentrations exceededt#®
Similarly, in the ZnAlGa system, low.$ were found when the concentration of Ga was greater than
25wt%. Therefore, despite their low 3, these alloys do not meet the design criteria concerning the
maximum allowable concentration of noble elements in coatings. Although not suitable for automotive
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coating applications, these alloys could conceivably find utility in other applications ssclil@sng or
brazing,due to their low T.

In the case of quaternary alloy systemg( ZnMgAIlGa), identifying alloy compositions with
low T, is more challenging due to system complexity. In The@atc® more than three elements cannot
be varied simultaneously. Therefore, the concentration of the fourth alloying elenger®4) was kept
constant at a specific value.g, 1 wt%), and then T calculations were performed by varying Zn, Mg,
and Al simultaneously. The Mg and Al were limited to a maximum oft20 since the T increased
beyond thatevel. The lowest T'and corresponding composition for each iteration were recorded. The
same procedure was then followed, where the percent of the fourth alloying element was changed to a
different fixed value. This process was repeated for different fixed values of thie dtlaying element,
and carried out for all four quaternary alloy systeligure 4.10(a) explores the effects of varying
concentrations of Sn, Bi, Ga, ahdon the lowest liquidus temperature T alloy systemsZnMgAISn,
ZnMgAIBi, ZnMgAIGa, and ZnMgAlIn respectively.

In quinary systemse(g, ZnMgAISnGa), a similar but extended methodology was followed.
Initially, the concentration of the fourth elemeatq, Sn) was held constant aiv®%. Then, for different
fixed values (1 to %) of the fifth elementd.g, Ga), the Zn, Mg, and Al concentrations were varied
simultaneously as previously described. Later, the fourth alloy element was adjusted to a different
constant value of 1@1%, and for different fixed values (1 to ¥8%) of the fifth alloying elementg.g,
Ga), the Zn, Mg, and Al were varied simultaneously. The lowesin@ corresponding composition for
each iteration were recorded. A similar procedure was followed to find alloys with_lowtiTe
following quinary alloy systems: ZnMgAI5SnGa, ZnMgAI5Snin, ZnMgAI5SnBi, ZnMgAI10SnGa,
ZnMgAI10SnIn, and ZnMgAI10SnBFigure 4.10(b), and Figure 4.10(c) explore the effects of varying
concentrations of Sn, Ga, Bi, alrdon the lowest Tin the following alloy systems: ZnMgAI5SnX, and
ZnMgAI10SnX, respectively, whre X can be any of the aforementioned alloying elements.

All studied alloys were constrained to a maximum of\2% total alloying elements (Ga, Sn, Bi,
In, or combinations thereof) to maintain their sacrificial characteristics. The Mg and Al contents in the
alloys ranged from 0 to 5 wt%, with the remainder being Zn.

Figure 4.10(a) suggests that in the ZnMgAlystem, the alloying elements are effective in
reducing T in the order Ga > Sn > Bi > In. The average rate aléicrease (the decrease in the liquidus
temperature for everyit% of alloy that was added over the alloy content range examined) for each
element is summarized in Table 4.12. Foalloying, the T was lowered whein concentration was
increased up to 1Wt%, above which Tincreased.

In the scenarios where Sn and Ga were separately increased fromwt# i2the ZnMgAIX

system, the Twas lowered to 316.5 °C and 297.2 °C, respectively, as shown in Figure 4.10(a). Although
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Ga was more effective, it comes at a cost nearly ten times higher tharBSi?plL2T herefore, increasing
Sn concentrations could offer a cestective alternative, albeit potentially compromising the sacrificial

corrosion resistance of the alloy.
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Figure 4.10 Effect of alloying elements (X = Bi, Ga, In, and Sn) on the lowest liquidus temperatt
corresponding to a fixed percentage of X indajternary ZnMgAIX alloy systems,
(b) quinary ZnMgAI5SnX alloy, and (quinary ZnMgAI10SnX alloy systems. For thes
alloys, the Mg and Al concentrations were in the rangetofS0nt%. The composition
corresponding to each point in Figure 4.10 is given in the Tables D.1 to D.12.

In the ZnMgAI 5SnX system (Fi gur effectivedeSs(inb) ) ,
reducing T was Ga> Sn> In > Bi. Here, the total additional content of Ga, Sn, Bi, Bngias capped at
10 wt%. The average rate of the decrease in the the ZnMgAI5SnX system is specified in Tall42.
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Table4.12 Average Rate of Decrease in Minimumfér Every 1 % Addition of Ga, Sn, Bi, ard in
ZnMgAIX, ZnMgAI5SnX, and ZnMgAI10SnX Alloy Systems

Average Rate of Decrease of Liquidus Temperature \[{#@6)*]
X ZnMgAIX ZnMgAI5SnX ZnMgAI10SnX
(X: 0 to 20wt%) (X: 0 to 5wt%) (X: 0 to 9wt%)
Ga 2.35 2.34 2.37
Sn 1.39 1.56 0.99 (10 wt%)
Bi 0.78 0.52 0.84
In 0.47 (up to 17 wt%) 0.92 0.79

Figure 4.10(c) addressed the ZnMgAI10SnX aBggtems. In this case, Ga remains the most
effective element for Treduction but becomes less effective abowa%®. Bi andIn exhibit a similar
trend. When a 1@t% concentration ofn was added to this alloy system, the lowasadtually
increased. However, comparing ZnMgAI10Sn10In to ZnMgAI20In, and ZnMgAI10Sn10Bi to
ZnMgAI20Bi alloys,In and Bi respectively reduced the By 16 and 7°C in ZnMgAI10SnX systems. A
similar comparison for Ga showed an increase_ibyl7°C. Yet, a 12°C reduction in Was observed
when ZnMgAI10Sn10Ga was compared to ZnMgAl20Bmerefore, by combining alloying elements, it

was possible to reduce While also reducing the alloy cost.

4.3.8 Alloy Selection for the Experimental Examination (and Model Validation) of T and
Corrosion Behavior

Considering design targets f@sd (01 110 pA/cn?), Ecor (lower than-730 mVsce), To (25071
325 °C), and limited addition (up to 20 wt%) of noble elements as previously described in Sectjon 4.2.2
computed results were analyzéthe alloys73.2Znr3.2Mg-3.6Al-20Sn 74.4Zf2.6Mg-4Al-10Sr9Ga,
and 75ZR2.8Mg-3.2AI-10Sr9Bi satisfied exhibited lowest, Tin the ZnMgAISn, ZnMgAISnGa, and
ZnMgAISnBi alloy systems, respectivelyor comparative analysis, the eutecticZAMg3.9Al alloy,
an alloy with the lowest Tin ZnMgAl ternary systemyas alsaonsideredBecause, ecording to data
presented in the materials selection chart, a relatively [oand low ko were displayed by ZnMgAl
alloys compared to other Avased options.

Ecorand torr models on the Citrination® platform were employed to predict these properties of
the new ZnMgAISn, ZnMgAISnGa, ZnMgAISnBi, and ZnMgAl alloyi@ble4.13providesthe predicted
values of By and tor Of these alloys. Predicteddzresults indicated that all of these alloys would
provide sacrificial protection to the carbon steel substrates, since predigtedl&es of these alloys
were below730 mVsce Predicted o values of these alloys were well within the design target rahge o

07 110 pA/cnt, suggesting acceptable corrosion rate of the alloys.
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Table 4.13 Coating Alloy Compositio&t%) Selected for Experimental Investigation

. | Computed  Predicted Predicted
Zn Mg Al Sn Ga B T, (°C) Ecorr (MVscp) l corr (IJ.A'Cm_Z)
93.7 24 39 - - - 344.2 -1086 + 65 26.3+2
732 32 36 20 - - 316.5 -953 + 117 25.1+2.2
744 26 4 10 9 - 305 -982 + 114 20.1+2.6
75 28 32 10 - 9 318.9 -964 + 137 10.7+2.4

Since, thenew alloys 73.2Z18.2Mg-3.6Al-20Sn 74.4Z¢2.6Mg-4Al-10Sr9Ga,
75Zn2.8Mg-3.2AI-10Sn9BI, and Zr2.4Mg3.9Al exhibited computed,Tbelow 325°C, predicted:&:
below-730 m\icg, predicted dorr within 07 110 pA/cnt, and the alloys maintained a total concentration
of noble elements (Sn, Ga, Bi) undenii®, these alloyssatisfied all of the design criteria outlined in
Table4.1. Therefore, these alloys were selected for experimental validation of compuated dorrosion
behavior. Alloys containingn were excluded from the experimental selection dukdwmoderate
toxicity and ineffectiveness in reducing dompared to Ga, Sn, and Bi.

The selected alloys were procured from Sophisticated Alloys, Inc. #ddlerovides both the
aim (ordered) composition of the experimental alloys and the compositions (wt%) ofrdteieed
alloys, along with their computed TThe compositions of the -asceived alloys were analyzed using
Direct Current Plasma Atomic Emission Spectromdb@P-AES) according to ASTM
Standard=109712,2017[1440Q].

Table4.14 Compositions\Wit%) of Ordered and Aseceived Coating Alloys

Alloy Condition Zn Mg Al Sn  Ga Bi ComE)uted
TL (°C)
Ordered 93.70 2.40 3.90 - - - 344.2
ZnMgAl
Asreceived 93.88 2.17 3.95 - - - 348.8
Ordered 73.20 3.20 3.60 20.00 - - 316.5
ZnMgAISn
Asreceived 7296 3.25 3.61 20.18 - - 316.7
Ordered 74.40 2.60 4.00 10.00 9.00 - 305.0
ZnMgAISnGa
As received 73.99 2.61 3.96 10.26 9.18 - 306.0
Ordered 75.00 2.80 3.20 10.00 - 10.00 318.9
ZnMgAISnBiI
Asreceived 74.21 2.84 3.48 10.70 - 9.40 325.3

Since the aseceived alloy compositions were near target (aim) compositions, considering the

model prediction error, predicted.Eand tor were nearly the same, and therefore, not reported in
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Table4.14. It was recognized that thesg-Bnd Lor predictions for ZnMgAISn, ZnMgAISnGa,
ZnMgAISnBi alloys could be significantly different than the actual values since these alloy systems were
never experimentally tested prior to this study.

4.4 Conclusions

1. A database comprised of the alloy compositiagy,Ecor, Te, and electrolyte types and their
concentration was developed for training machine learning models.

2. A material selectioichart was developed to visualize the current state and potential future
opportunities in the design space related to the optimization of key coating attrigites |
Ecor, and 1. A database created to train ML models was used to develop this chart.

3. ML models were developed on the Citrination® Platform using the Random Forest algorithm
with uncertainty estimates to predict the melting temperatureand Eor. The T. model
was able to fit data better than the: bnd E.r models since computational data were utilized
for the T. model, and (less available) experimental data from the literature were utilized for
the Eorand kor models.

4. Opensource Python libraries were also employed to creatand Eo.» models, trained
using Random Forest, Gradient Boosting, AdaBoost, and XGBoost algorithwas.
identified that XGBoost was the most accurate and consistent model for predigfing |
closely followed by the Gradient Boosting modebr predicting k., the AdaBoost and
Random Forest models performed slightly better in terms of both accuracy and consistency.
For the ML database used to create modglswias highly influenced by the concentration of
electrolyte, and Zn, followed by:&, Ti, Al, andSn. However, the electrolyte concentration
had a minor effect onck: (compared withchr). Ecor Was highly dependent on the percent of
Mg and Zn in the coating.

5. Six-binary, fifteenternary, fourquaternary, and siguinary Znbased alloy systems were
computationally analyzed to identify alloy compositions that could satisfy the performance
targets of T, lcor, and Eor. FOur Znbased coating alloys, namely,-2Mg-3.9Al,
73.2Zn3.2Mg-3.6Al-20Sn 74.4Z¢2.6Mg-4Al-10Sr9Ga, 75ZR2.8Mg-3.2AI-10SR9BI,
were chosen for experimental studies to verify opportunities indicated by the computed
results.Computed T, and Predicted & and tor Of these alloys satisfiedl ®f the design

targets.
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CHAPTER 5 CHARACTERIZATION OF ASCAST ALLOYS FOR THE EVALUATION OF
PERFORMANCE CRITERIA USING DIFFERENTIAL SCANNING CALORIMETRY AND
POTENTIODYNAMIC POLARIZATION TESTING

5.1 Introduction

In Chapter 4, the computational methodology and results used to select coating alloys for
experimental evaluation of performance criteria: liquidus temperatuyec@rrosion current {), and
corrosion potential (&) were discussed. Various techniques like potentiodynamic polarization testing,
electrochemical impedance spectroscopy (EIS), linear polarization resistance (LPR), cyclic voltammetry,
and galvanic corrosion testing are employed to study the electrochéetiealior of metals and alloys,
each offering insights into different aspects of corrosion and electrochemical process&s24]L, 2
Potentiodynamic polarization testing is extensively used for identifyingnd Eo because it provides a
rapid and comprehensive assessment of the corrosion behavior of metals and alloys. By sweeping the
potential through a range that encompasses both anodic and cathodic reactions, this technique generates a
polarization curve that visilly represents the kinetics of both the oxidation and reduction processes. The
fundamentals of aqueous corrosion of metals are previously discussed in Section 2.5.

The investigation of the thermal behavior of materials can be conducted using techniques like
differential scanning calorimetry (DSC), differential thermal analysis (DTA), thermogravimetric analysis
(TGA), thermomechanical analysis (TMA), laser flash asialyl FA), and higtemperature Xay
diffraction (HTXRD) [141]. DSC and DTA are widely used to study phase transitions, melting,
crystallization, glass transitions, and other thermal propert#d. [While DSC measures the heat flow
into or out of a sanip as it is heated, cooled, or held at a constant temperature, DTA measures the
temperature difference between a sample and an inert reference under identical thermal conditions as they
are heated or cooled. From a practical standpoint, both DTA and D&&ripr measure the temperature
difference between a sample and reference in uV (thermal voltagi#) For DSC, this temperature
difference can be converted into a hibax difference in mW using an appropriate calibration, making it
more suitable for gantitative measurements of specific heat and enthalpy calculations.

DSC/DTA, while offering numerous advantages, presents challenges in data interpretation,
especially when dealing with complex alloy systems characterized by multiple phase transitions. A
critical aspect of understanding DSC data lies in recognizing ttieadiithermal behaviors of different
classes of materials such as metals, polymers, and ceramics. Metals and alloys, in particular, differ
significantly from ceramics and molecular materials like polymers, due to their excellent heat
conductivity, which afen results in a uniform temperature distribution within the small sample sizes

typically used in DS{142]. This characteristic necessitates a specific approach to data interpretation.
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Therefore, essential background information on interpreting DSC results specifically for metals and alloys
is provided in Section 5.2. This section will also explore how variables like heating rates and sample size
can influence the characteristics obsdrieDSC curves, further aiding in the accurate analysis of

thermal properties in metallic materials.

After providing background on DSC/DTA and potentiodynamic polarization test result data
interpretation, this chapter delves into the methodology used for the preparation of experimental alloys,
performing DSC, and potentiodynamic polarization tests. Tédteeand discussions highlight the
determination of Tusing DSC and examine the corrosion behavior of the alloys. The chapter concludes
by encapsulating the findings of the@st alloy characterization. The-@ast alloys were designed and

introduced m Chapter 4, so this work in part represents a validation phase after modeling and design.

5.2 Background: Interpretation of DSC/DTA Results

DSC can be used to study melting, crystallization, phase transitions during melting and
solidification, supercooling before solidification, and isothermal transformatidi2sl44]. A few studies
have reported the determination of solid and liquid fractions at different temperatures during solidification
using DSC data [15147].

Melting requires an input of heat while freezing (solidification) releases heat. Therefore, the
heating curve is identified by an endothermic trough, while the cooling curve is identified by an
exothermic peak. Consequently, the areas of the troughs/pealissociated with transformation
enthalpies. Completion of melting and onset of solidification reactions are represented by the highest
temperature features in the respective heating and cooling curves in the results, whskatsotehctions
arecappr ed at | ow temperatures. Typically, wundercool
Therefore, the heating curves are used to determine the melting tempergalwitif€ pure metals and
T, of the alloys more accurately42].

Figure 5.1 shows experimental DTA curves for the metals g/ @31.9°C), Zn
(Tm=419.5°C), and Ag (. =961.78°C) . aT -axis isthbtemp¥rature difference between a
sample and an inert reference under identical thermal conditions as they are heated. Figure 5.1(a) shows a
DTA curve for the melting of pure Sn. In the case of pure metalspifesponds to the onset of melting.
On DSC/DTA heating curves that feature an endothermic troughislidentified as the temperature at
the lowest poinbn the DSC curve. Pure metals exhibit a single (sharp) melting point rather than a range;
therefore, T, and T coincide under neagquilibrium conditions, and the slope of the peak corresponding
to melting is notably steep. The temperature at which the signal returns to the baseline, ddaated as

influenced by the heat transfer characteristics of the DSC appat@arsequently, for metals and alloys,
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T is not an accurate indicator of, ©r T, [142]. For instance, flobserved in the DTA curve for Sn
exceeds 260C, a value significantly higher than the recognize®fTSn.
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Figure 5.1 Experimental DSC curves showing (a) the melting of Sn, with a heating rate of 5 k
and sample mass of 163.2 mg, (b) the effect of heating rate on the shape of the D
curve of the samgsample of Zn, and (c) the effect of sample mass on the shape of |
DSC curve of Ag, keeping a constant reference mass and the heating rate of 10 K
Adapted and modified from fP, 148].

Figure 5.1(b) shows the influence of different heatattgs on the DSC curve profile for Zn,
examining the same sample across heating rates of 3, 6, 9, 12, and 15 K/min. The onset of melting for Zn,
as indicated by these curves, shows minimal variation, consistently occurring at approximately 420 °C,

aligningclosely with the T, of Zn. However, the Lacprogressively increases (more pronounced
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endothermic trough) with an increase in the heating rate. Specifically, as the heating rate increased from
3 K/min to 15 K/min, Teadncreased from about 435 °C to approximately 450 °C. Notably, thege T

values are substantially above thefér Zn, suggesting that,dakis not a reliable metric for determining

the Ty of metals Also, note that in Figure 5.1(b), the return of the DSC signal to baseline was delayed
with increasing heating rates, resulting in increasesdth higher heating rates.

Figure 5.1(c) presents a comparison of how the melting behavior of silver (Ag) varies with the
mass of the sample, all measured against a reference of constant mass and subjected to a uniform heating
rate of 10 K/min. The results show that larger masségjdéad to a more prominent endothermic trough
on the DTA curve, signifying a marked shift from the baseline. Consequently, as the sample mass
increases, the temperature at which the peak occpeg @Iso rises. This amplification of the signal not
only shifts Toeakbut also prolongs the time it takes for the temperature to return to baseline after the
melting event, with Tincreasing alongside the sample mass. This delay can obscure the resolution of
closely spaced thermal events. In contrast, heavier sample masses can decrease the lag in temperature
response between the sample and the sample cup. As a result, the gresettteenof melting tends to
approach the melting point ¢ of Ag more closely with increasing sample mass.

Interpreting DSC data of alloys could be relatively difficult, because their melting may involve a
range of temperatures between solidug &hd T, over which melting takes place depending on the
composition. Consider an example of an@g alloy. The phase diagram of the-&g system in
Figure5.2(a) shows that the eutectic alloy-2§.1Cu (vt%) melts at a eutectic temperature)(df
779.6°C. Since the eutectic alloy does not exhibit hypo/hgeectic phases, it does not exhibit an
equilibrium melting range. Correspondingly, the DSC curve in Figure 5.2(b) f@8Ad¢Cu shows
melting as a distinct downward peak, with the onset of meltiggead with Te. In Figure 5.2(b), the
temperature corresponding to the onset of melting is identified as the eutectic tem|§€eattitewever,
the TyeakOf the DSC curve for this eutectic alloy is around 792 °C, which is higher thar treeimined
using the AgCu phase diagram, indicating again thatidmay not reliably represengTor eutectic
alloys where T, Ts, and T converge to a single point. In this casepil the DSC curve is approximately
838°C, significantly higher thang reaffirming that Tis not a suitable characteristic for identifying T
or T in metals or alloys.

In contrast, the solidified microstructure of hypoeutectic alloys likelBGu (vt%), exhibit two
constituents, a hypoeutectic Ag (FCC phase) and a@u\gutectic. Referring to the AQu phase
diagram in Figure 5.2(a),sBnd T for this alloy are 779 °C and 845 °C, respectively. As the solidis T
reached the A@u eutectic begins to melt, and attfie melting of the hypoeutectic Ag phase is
completed. The experimental DSC curve for the hypoeutectic allel58y, depicted in Figure.2(c),

shows two @tinct downward peaks. The first downward peak at a lower temperature corresponds to the
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melting of the AgCu eutectic, while the second downward peak at a higher temperature corresponds to
the melting of hypoeutectic Ag. The onset of melting of the first peak (at 779 °C) is consisterd @fith T
Ag-15Cu alloy, and thepla0f the second, higher temperature peak (847 °C), closely aligns with T

the alloy determined from the phase diagram, suggesting the melting of hypoeutectic Ag is complete.
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Figure 5.2 (a) Ag-Cu phase diagram, (b) experimental DSC curves for melting scans of the e
alloy Ag-28.1Cu (Wt%) obtained usingpeating rates of 15 K/min, and (c) experiment:
DSC curves for melting scans of the hypoeutectic allojiBGu (vt%) obtained using
heating rates of 15 K/min. Adapted and recreated fratg][1
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This suggests that for hypo/hypeutectic alloys, the onset of melting is a reliable indicatorspf T
and TeeakCan accurately represent. However, it is crucial to note that both sample mass and heating rate
can affect Jeax potentially resultinginagka«t e mper at ur e that. exceeds the al

5.3 Background: Interpretation of Potentiodynamic Polarization Test Results

Electrochemical tests are performed to measure the fundamental properties of electrochemical
reactions. The electrochemical potential is equivalent to the driving force for the reactions, and it could be
used to control anodic and cathodic reactions ielactrochemical cell.

The electromotive force (emf) serié&/[ provides standard reduction hakll potentials of
corresponding electrode reactions. In an electrochemical cell, the electrode reactions with lower (or more
negative) halicell potentials are anodic. In contrast, the electrode reactions with higheor@positive)
half-cell potentials are cathodic. When corrosion is thermodynamically possible, the electrochemical
current determines the reaction r&d6][ Corrosion current values can be obtained from galvaalis ¢
and polarization measuremenggjf

Figure 5.3 shows a hypothetical Rpassive potentiodynamic polarization cur@@7]. The test is
performed by applying a potential to a metallic specimen immersed in an electrolyte solution and then
systematically varying (sweeping) this potential over a range that covers both anodic (oxidation) and
cathodic (reduction) reactions.

In electrochemistry b and Eor could be used to describe and quantify the corrosion
resistancg30, 59, 60]. For an electrochemical reactiog,lis directly related to the rate of corrosion (of
the metal/alloy) in a given environmentoiEs the potential at which the rate of anodic reaction is equal
to cathodic reaction rate.dz can be utilized to determine whether the coating will protect a substrate
sacrificially or not. If the & of a coating is more negative than the.Bf a substrate, the coating will
corrode prefemtially to the substrate.e., providing Agal vanico or sacrifi
coatings protect the substrate even if there are thrthigkness scratches in the coating. This means that
the steel at the scratch would have a lower corrosion rate, while the exposedaltmatinguld
preferentially corrode. Thereforeed and Eor properties were exploited in this research to represent and
assess the corrosion performance of coatings. The electrode potential is measured with respect to a
reference electrode.

Certain metals and alloys.@, stainless steel) can form passive films, which are very thin,
oxidized, protective films on the corroding surfaces in certain corrosive environm@it§1p
Improvement in the corrosion resistance of such metals and alloys due to the formation of passive films
under oxidizing conditions is known as passivity. The characteristic passive behavior is identified during

polarization tests by the behavior in thigh anodic polarization region, as shown in Figure 5.4.
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In electrochemistry b and Eorr could be used to describe and quantify the corrosion

resistancg30, 59, 6(. For an electrochemical reactiogylis directly related to the rate of corrosion (of

Hypothetical norpassive potentiodynamic polarization curve. Tafel slopes of an
anodic branch  and cathodic branch dlin the polarization curve are used to

the metal/alloy) in a given environmentqHs the potential at which the rate of anodic reaction is equal

to cathodic reaction rate.dz can be utilized to determine whether the coating will protect a substrate

sacrificially or not. If the k& of a coating is more negative than the.Bf a substrate, the coating will

corrode preferentially to the substrate, ,

providing fAgal vani co

or

sacri

coatings protect the subate even if there are througiickness scratches in the coating. This means that

the steel at the scratch would have a lower corrosion rate, while the exposed coating alloy would

preferentially corrode. Thereforeed and Eor properties were exploited in this research to represent and

assess the corrosion performance of coatings. The electrode potential is measured with respect to a

reference electrode.

Certain metals and alloys.{, stainless steel) can form passive films, which are very thin,

oxidized, protective films on the corroding surfaces in certain corrosive environm@re1p
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Improvement in the corrosion resistance of such metals and alloys due to the formation of passive films
under oxidizing conditions is known as passivity. The characteristic passive behavior is identified during
polarization tests by the behavior in theth&nodic polarization region, as shown in Figure 5.4.
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Figure5.4 Hypothetical potentiodynamic polarization curve illustrating passive behavior. In

active region, corrosion currentdf) and corrosion potential {&) are determined
using the Tafel extrapolation method. Passive filmsamoding metal/alloy surfaces
are stable above the primary passivation potentig).(Ehe anodic current density
corresponding to &eis known as the critical current densityd)l The electrode
potential at which passive films break down is known as the breaking potestial (E
Adapted from 107].

Below the primary passivation potential{E in the active region of the polarization curve, the
anodic current density is high and increases with an increase in applied potential. Abpasdive
films become stable, and anodic current reduces to a significantly lower value as the applied potential
becomes more positive (noble) thap B the passive region. The resulting low anodic current density is
known as passive current density.(IThis results in improved corrosion resistance in the passive region
of the polarization curve. As the applied potential increases (transpassive region), the passive films break
down at a certain potential known as the breaking potential, and the anoditt increases.

In the case of environmental corrosion, passive films form if the environment conditions such as
pH levels, temperature, oxidizing environment, and presence of corrosion ageiusg)Callow for the
formation of a stable and protective oxide film

composition, thickness, adherence, and defect structure greatly influences its protectiveness.
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5.4 Methodology

Alloys selected for experimental work were procured from Sophisticated Alloys, Inc. Using
alloying elements with an initial purity exceeding 99@30, the alloy constituents were melted at
800°C in an AbOs crucible under an argon atmosphere maintained at 25 in-Hg (equivalent to
84,659.7Pa). The molten alloys were subsequently cast into baitdde-coated graphite molds, and a
cooling rate of approximately 15 °C/s was achieved. After solidification, the chemical composition of the
ascast alloys was viied through direct current plasma atomic emission spectrometry-AES), in
accordance with ASTM Standard E1082Z, 2017 [#40], as detailed in Table 5.1.

Table 5.1 Compositionsv%) of As-Received Coating Alloys

Alloy Zn Mg Al Sn Ga Bi

ZnMgAl 93.88 2.17 3.95 - - -

ZnMgAISn 72.96 3.25 3.61 20.18 - -
ZnMgAISnBiI 74.21 2.84 348 10.70 - 9.40

ZnMgAISnGa 73.99 261 396 10.26 9.18 -

The thermal properties of these alloys were assessed using a NETZSCH® STA 449F3 DSC
instrument. Experimental evaluation of the computedflalloys was conducted using DSC tests with
heating/cooling rates of 5 K/min and 10 K/min. The sample weights used during tests are listed in
Table5.2. DSC tests at 10 K/min were performed within 65 days following alloy synthesis, whereas those
at 5 K/min were performed 15560 days possynthesis. This timing is particularly relevant for the
ZnMgAISnGa alloy, which exhibiteliquid phase separatioafter 130 days. The analysis was based on
the DSC curves from the second melt, applying both the firgatilmv method and thepdakmethod to

determine the Tfor each alloy [42)].

Table 5.2 Weight (mg) of Alloy Samples used for DSC Testing

Alloy 5 K/min 10 K/min
ZnMgAl 25 25.5
ZnMgAISn 25.3 6.6
ZnMgAISnBiI 24 5.8
ZnMgAISnGa 19.9 24.6

Corrosion resistance characteristics, including bothcth@mnd Eor, of the experimental alloys
were assessed through potentiodynamic polarization tests. These tests were performed using a Gamry
Reference 600+ potentiostat following ASTM Standatd14,2014 [18)]. The testing apparatus

comprised an electrochemical cell featuring both Par&Catid EuroCelt configurations, equipped
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with a threeelectrode system. The experimental alloy coupons served as the working electrode, graphite
was utilized as the counter electrode, and a saturated calomel electrode functioned as the reference
electrode.

Prior to testing, the alloy samples were polished to a finish of 3 um using silicon carbiyle (SiC
polishing papers and watéee diamond suspensions. This preparation ensured that the surface areas of
approximately 3 cm2 and 5 cm? were adequately exposed to the electrolyte solution in the'Paaell
EuroCell™ setups, respectively. The potentiodynamic polarization testing was performed in electrolyte
solutions containing 0.5 % and 3.5 % sodium chloride (NaCl). The Tafel extrapolation method was
employed to derive thed and Eor values from the obtained polarization curves. Further analfy/sis o
these curves, alongside thgBvalues, allowed for the evaluation of the passivation behavior and the
sacrificial properties of the alloys under study.

Figure 5.5 shows the sample selection scheme used to select specimens for DSC and corrosion
testing. A specimen region, approximately equidistant from the surface and the center was selected for
DSC testing. The approximate central region of circular cosipgth a 40 mm diameter was used for

corrosion testing.

)‘7 300 —'(‘

/ o

As-cast bar

Corrosion
Testing

$ 40

DSC
Testing

*All dimensions are in mm

Figure 5.5 Sample selection scheme used to prepare specimens for DSC and corrosion testi

5.5 Results and Discussion

In this section experimental evaluation of thermal and electrochemical behavior of coating alloys

is discussed.
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5.5.1 Experimental Evaluation of Liquidus Temperatures

Figure 5.6 tdrigure 5.9 shows the experimental DSC curves of the four alloys: ZnMgAl,
ZnMgAISn, ZnMgAISnGa, and ZnMgAISnBi. The samples for these DSC studies were taken from
regions depicted in Figures.Throughout the testing phase, the alloys were melted in alumis@s)Al
crucibles under an argon atmosphere. Two distinct heating rates, 10 K/min and 5 K/min, were employed,
each using different samples. The first deviation (FD) aagimethods were applied to ascertain the T
of the alloys from the DSC data43]. The analysis focused on the DSC curves from the second melt,
which involves remelting a sample after its initial melting and solidification during the DSC test.

First melt is often disregarded particularly,
history [142]. This history may include prexisting stresses and processing conditions that can obscure
the true melting behavior of the material. During the first melt, other phenomena such as moisture loss,
relaxation of internal stresses, or chemical degradateynatso occur, further complicating the
interpretation of thermal properties. The subsequent melting cycles are considered more reliable as they
reflect the intrinsic thermal behavior of the material from a consistent baseline, providing reproducible
and characteristic data. Hence, the second and later melts are typically used for analysis to ensure
accuracy and reliability in the characterizationdi e mat eri al 6s t hermal transi i

Since there was not a verification through multiple methods to confirm if trecasved multi
component alloys were eutectic, both the onset of melting gadvere utilized to determine the ©f
the alloys. (Microstructures will be presented in Chapter 6.) Additionally, the temperature at which the
DSC signal reverts to the baseling) @fter the melting event was recorded. The compugdbin
ThermgCalc® is also annotated on the DSC curves from Figufe® 59. Phase transitions occurring
belowthe Ts are indicative of soligtate transformations, while those betweearid T. may represent
the melting of a phase with a lower @r another soligstate transformation within a phase that has a
higher T.. These phase transitions observed in the DSC curves are considered in the context of those
found inthe computed phase diagrams for the alloys; the results and their implications will be further
elaborated upon in Chapter 6.

Table 5.3 compiles the computegl Tomputed T, and experimental, T as determined by the
first deviation (FD) metho@FD of the last thermal eventhe T,eakmethod, and thesValues for the four
experimental alloys at both the®min and 10K/min heating rates. Solidification DSC curves of the

experimental alloys are provided in Appen#ix
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Table 5.3 Comparison of Computed and Experiment&dsults of Experimental Alloys.

Experimental T (°C)

Computec Computec

AIIOy Ts (OC) T|_ (OC) FD FD Tpeak Tpeak Tf Tf
10 K/min 5 K/min 10 K/min 5 K/min 10 K/min 5 K/min
ZnMgAl 343.3 348.8 343 343 360 352 375 362

ZnMgAISn 181.1 316.7 311 311 334 331 348 345
ZnMgAISnBi  173.8 325.3 338 330 349 347 376 373
ZnMgAISnGa  160.1 306.0 264 301 311 314 339 321

For the ZnMgAl alloy, Figure 5(a) shows the DSC curves during melting, acquired using a
heating rate of 10 K/min, whilEigure 56(b) compares DSC melting curves obtained using heating rates
of 5 and 10 K/min. The ThermBalc® computed Jand T. are 343.3 °C and 348.8 °C, respectively.
Experimentally, the first deviation method yielded a consistent onset of melting at 343 °C for both heating
rates, matching the computeddnd very close to the computed The Teaxtemperatures are higher
than the computed, Tobserved at 360 °C for the 10 K/min rate and slightly lower at 352 °C for the
5 K/min rate, which is typical sindaster heating rates can lead to overheating past the equilibrium
melting point [#2]. One solidstate phase transformation was observed around 285 °C.

Moving to ZnMgAISn alloy, Figure 3, the computeddand T. are 181.1 °C and 316.7 °C,
respectively. The first deviation method recorded the onset of melting at 311 °C for both heating rates,
again aligning closely with the computed Tpeatemperatures are seen at 334 °C for the 10 K/min rate
and 331 °C for the 5 K/min rate, both being higher than the computeat Exhibiting a negligible
difference between the two heating rates. In Figuf@pit can be observed that computed181.1 °C)
aligns with the onset of a loemperature phase transformation, suggesting the melting of the phase with
the lowest T, in the alloy.

For the ZnMgAISnBi alloy, Figure 5.8, computeddnd T. are 173.8 °C and 325.3 °C,
respectively. The first deviation method showed the onset of melting at 338 °C for the 10 K/min rate and
330 °C for the 5 K/min rate, which are below the computedie Teaktemperature was recorded at
349°C for the 10 K/min rate and 347 °C for the 5 K/min rate. Both of these temperatures are higher than
the computed (I, with only a marginal difference between the two heating rates, indicating a consistent

Tpeakirrespetive of the rate of heating.
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Figure5.6 DSC scans for the melting of experimental ZnMgAl alloy, (a) obtained using heat

rate of 10K/min, (b) comparison of DSC melting curves obtained using heating ra
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Figure 5.8 DSC scans for the melting of experimental ZnMgASalloy, (a) obtained using
heating rate of 1&/min, (b) comparison of DSC melting curves obtained using hea
rates of 5 and 10 K/min, represented by solid green line and dashed blue line,

respectively.

Lastly, for the ZnMgAISnGa alloy, Figure 5fhe computed values are 160.1 °C ferahd
306.0°C for T.. Here, the first deviation method showed a substantial difference in behavior between the
two heating rates, with the onset of melting at 264 °C for the 10 K/min rate and a much closer 301 °C for

the 5 K/min rate. The pEatemperatures for this alloy are 311 °C at the 10 K/min rate and 314 °C at the
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5 K/min rate, with both being a few degrees above the computdd Gontrast to the other alloys, the
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Figure 5.9 DSC scans for the melting of experimental ZnMgAISnGa alloy, (a) obtained using
heating rate of 18/min, (b) comparison of DSC melting curves obtained using hea
rates of 5 and 10 K/min, represented by solid green line and dashed blue line,
respectively.

It should be noted that the DSC test of ZnMgAISnGa alloy using a heating rate of 10 K/min was

performed within 6%lays after alloy synthesis, whereas the test at 5 K/min was performietb0stays
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after alloy synthesis. The ZnMgAISnGa alloy exhibited an interesting phenomenon during storage at
room temperature, as depicted in Figure 5.8. After approximately 130 daysapbsyg phase separation
(liquid phase formationp ec ame vi sually apparent on the all oyods

Given that Ga has a limited solubility in Zraround 1 atomic percerdat@q at room temperature
T and the binary GZn system contains a eutectic (comprising-G& at%Zn) that melts at
approximately room temperature (24.7 °C), so it is plausible thatzn@atectic could form and lead to
phase separation. Similarly, the-G@a eutectic, with 8.4t% Sn and a i of 20.5°C, could also
contribute to this separation [1%HA. The presence of other alloying elements like Mg and Al may
further influencehe formation of multicomponent eutectics with potentially lower melting temperatures.
The occurrence of this separation is hypothesized to result from the room temperature interdiffusion
between Ga and Zn or Ga and Sn over time.

Figure 5.8(a) presents macr-oagtba sutiase, revealingthe 2Zn Mg
presence of a liquid phase. A secondary electron image of the liquid droplets, captured using a TESCAN
AMBER S8252G microscope at a 20 KV accelerating voltegghown in Figure 5.8(b). The energy
dispersive spectroscopy (EDS) technique was employed to ascertain the elemental composition of the
liquid droplet. The specific spots analyzed via EDS on a liquid droplet are illustrated in Figure 5.8(c),
with the resiiing elemental breakdown provided in Table 5.4. The EDS findings indicate a composition
predominantly of Ga and Sn, with smaller contributions from Mg, Al, and Zn.

The emergence of this liquid phase is likely to have altered the compositidfednt regions in
thesolid ZnMgAISnGa alloy. Such compositional changes could account for the observed discrepancies
in characteristic temperatures when the alloy underwent DSC testing at a heating rate of 5 K/min. These
observations underscore the impact of tiependent phase frsformations on the alloy properties.

In summary, across all alloys, the first deviation method generally indicated the onset of melting
at temperatures close to the computedshowing little variance between different heating rates.

However, the Jeatemperatures consistently exceed the compute@articularly at the faster heating

rate of 10 K/min. It is evident that while the first deviation method provides a reliable indicator for the
onset of melting, the fatemperature is subject to variation based on the heating rate and may not
always align with the computed liquidus temperature. Overall, particularly for ZnMgAl, and ZnMgAISn
alloys, the liquidus temperatures seem to have been reasonably representathioyCENe®,

validating/verifying thealloy designs with respect to melting temperature.
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sample at room temperature
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Figure 5.10 Phase separatione., formation of liquid phase visible on the surface etast
ZnMgAISnGa alloy during storage at room temperature. (a) macrographs of the
ZnMgAISnGa ascast bar surface, (b) secondary electron image of liquid droplets
formed on ZnMgAISnGa alloy surface, and (c) location of EDS measurements or
liquid droplet used to identify the compaosition of the liquid phase.
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Table 5.4 EDS Spot Analysis Performed on a Liquid Droplet Formed on ZnMgAISnGa ¢

Spot No. Mg (at%) Al Zn Ga Sn
1 3.12 1.24 3.28 83.38 8.98
2 7.53 4.42 4.96 74.77 8.32
3 2.95 1.03 0 86.58 9.43

5.5.2 Experimental Evaluation of Corrosion Behavior

Figure 511 shows potentiodynamic polarization curves for the experimental alloy ZnMgAl,
ZnMgAISn, ZnMgAISnBi, and ZnMgAISnGa, as well as a Zn reference specimen. Before starting the
potentiodynamic polarization testing, the samples were exposed to 3.5 % NaChdolutidour at
room temperature of 25 °fOr stabilization of open circuit potentialhroughout the polarization tests, a
steady scan rate of 0.5 mV/s was maintained. The resulting curves provide insight into the
electrochemical behaviors of the allogentributing to the understanding of their corrosion mechanisms

under the specified test conditions.
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Figure 511 Potentiodynamic polarization curves of ZnMgAl, ZnMgAISnGa, ZnMgAISn, and
ZnMgAISnBi alloys after 1 h immersion in 3.5 % NaCl at 25 °C.

Table 5.5 provides estimated electrochemical parameters, specificallytlaadk Lo, for the
alloys under investigation measured in a 3.5 % NaCl solution, which are key indicators of the corrosion
behavior of these materials, and key design targets for the project. These values were derived from
polarization curves using the Tafel exiédion technique [d]. Tafel extrapolation technique involves

plotting the logarithm of the current density against the electrode potential to obtain a Tafel plot. Tw
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distinct linear regions, corresponding to the anodic and cathodic branches, emerge at higher
overpotentials where activatia@ontrolled reactions dominate. Extrapolating these linear segments to
intersect at the corrosion potential enables the determinatithe corrosion current density, a quantifier
of the corrosion rate.

Starting with pure Zn, it has andzof -1.10 Vsceand an dor 0f 52 pA/cnt. This sets a baseline
for comparing the corrosion resistance of the other alloys. The ZnMgAl alloy shows an increase in
resistance to corrosion with ag.iz0f -1.19 Vscg, which is more negative than pure Zn, indicating a
higher tendency for the alloy to act as a sacrificial anode. Howevegiis significantly lower at
3.5pA/cn?, suggesting it corrodes at a much slower rate than pure Zn under similar conditions. For
ZnMgAISn, the Eor becomes even more negativelatt4 Vscg, and the & increases to 82 1A/cm?,
indicating that this alloy is sacrificial but may corrode fattan ZnMgAl. The ZnMgAISnBi alloy has
an Eor 0f -1.33 Vscg Which is less negative than the ZnMgAISn and ZnMgAISnGa alloys but more
negative than pure Zn and ZnMgAl, indicating a moderate tendency towards corrosion. ZnMgAISnBI
alloy has anchr of 79.2 pA/cni, similar to that of ZnMgAISn, suggesting they have comparable
corrosion rates. Lastlyhe ZnMgAISnGa alloy demonstrates the most negativedE-1.50 Vsceand the
highest dor of 276.8 pA/cnd among the alloys listed, which implies it has the highest corrosion activity.

Table 5.5 B and tor Obtained from Polarization Curves of Experimental Alloys in 3.5 % NaCl So

ECO“’ Icorr
Alloy (Vo (uA/C?)
Zn -1.10 52
ZnMgAl -1.19 3.5
ZnMgAISn -1.44 82.1
ZnMgAISnGa -1.50 276.8
ZnMgAISnBi -1.33 79.2

Thepolarization data indicated that the,Hor these alloys trends more negative in the sequence of
Zn, followed by ZnMgAl, ZnMgAISnBi, ZnMgAISn, and is most negative for ZnMgAISnGa.
Conversely, thec values increase in the order of ZnMgAl, which has the lowgstan, with
ZnMgAISnBi and ZnMgAISn showing approximately equal values, and the highest being ZnMgAISnGa.
Further analysis of the data indicates that when Bi, Sn, and Ga are introduced into a ZnMdgAl alloy that is
near the eutectic compositiothere is a notable decrease igHndicating a shift to more negative
values. This shift signifies an increase in the overpotential necessary for corrosion reactions to occur,
which in turn translates to an elevation s values, as mentioned ing@highlighting the impact of
alloying elements on the electrochemical behavior of ZnMggHed systems.

In summary, the addition of Mg, Al, Sn, and Ga to the Zn base tends to increase the corrosion

current density, with ZnMgAISnGa exhibiting the most significant increase. The negative shiftfior E
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the alloys compared to pure Zn indicates a higher electrochemical activity, which may suggest a greater
tendency for these alloys to corrode in a saline environment.

Passivity during polarization tests is exhibited by a marked reduction in the anodic current upon
reaching the electrochemical passivation potential) (Eeading to a stable current value known as the
passive current), as referenced in 8 107. This study observed varying levels of pseydssivity,
indicative of a transition from active to passive states, as documentéd,ii%2]. In the pseudgassive
region, typically observed after reaching a certain anodic potential, the anodic curreytedtresi
stabilizes at a value greater than the corrosion curtgitdl climbs more gradually with increasing
potential. This type of response, characterized by pspassivity, has been noted in-Zm alloys
containing 19 wt% Sn when subjected to polarization in chloride solutioBd][1Such behavior is often
ascribed to the buildup of oxide or hydroxide
against further dissolution and thus result in a reduced anodic current density. Coiigeque
pseudepassivity during anodic polarization leads to diminished dissolution rates, which can be
interpreted as enhanced corrosion resistance when the alloy is in contact with the electrolyte.

Specifically, for the ZnMgAl alloy shown in Figureld, pseudepassivity was initially detected
within a potential range fronl.18 Vsceto -1.14 Viscg, Which could be due to oxide or hydroxide
formation on the alloy surface during the héamg immersion period preceding the polarization test.
Beyond (above)1.14 Vscg, a significant uptick in the anodic current was noted, which is indicative of an
active corrosion process. Notably, a secondary pspasdsive regime was identified abc@e98 V,
potentially resulting from the formation of more stable or supersaturated oxide/hydroxide films during the
ongoing test. For other alloys such as ZnMgAISnBi, ZnMgAISn, and ZnMgAISnGa, similar pseudo
passive behaviors were recorded but initiated potentials abd&¥/, -1.37V, and-1.4V respectively,
suggesting the onset of passivity occurs at more noble potentials for these alloys.

The experimental & values for these coating alloys were significantly more negative than the
Ecor range for carbon steels, which typically lie betwe@b2 V t0-0.73 V [P, 60]. Consequentlyall
four alloys would offer effective sacrificial protection to steel substr&@esvious research$1-155] has
noted the formation of passive layers@mbased alloys during corrosion tests in chlodataining
environments, leading to a marked decrease in gas evolution within the electrochemical cell due to the
reduction of anodic current. Such passive films on the metal surface reduce corrosiorerpassivity
was not observed in the polarization tests for alloys containing Sn in this study, potentially due to the
brief immersion time of 1 h. Additionally, the aggressive nature of the 3.5 % NaCl corrosion testing
environment may have been a factdotably, gas evolution was detected in the electrochemical cell after
just an hour of immersing the samples without an external potential applied, which could be due to

oxygen reduction or hydrogen evolution reaction$]15his lack of passivity contrasts with earlier
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studiesInsteada pseudegpassive behavior showing gradual (slower) increase in the anodic current with
increasing potential.

Regarding the ZnMgAISnGa alloy, the emergence of a liquid phase on the surface afabke as
alloy over time at room temperature was visually evident. As a résslparticular alloy was excluded
from further corrosiontesting The ZnMgAIl SnGa al lepvgldesf28precpit i onal |
during potentiodynamic polarization testing may be a consequence of the phase separation propensity
observed in this alloy, which could disrupt the integrity of the protective layer and accelerate corrosion
processes.

The open circuit potential (OCP) suggests the electrochemical equilibrium between a metal and
its surrounding electrolyte without any external electrical interferer8le(XCP assessments were
conducted to ascertain the duration needed for the corrosion potential of alloys to be stabilized after
immersion in electrolytes, and to evaluate the impact of extended immersion on the corrosion potential
[30]. Before testing, samples from three alldy2nMgAl, ZnMgAISn, and ZnMgAISnBi were
uniformly repolishedo a fine finish 8 um) using a watefree diamond suspension to ensure consistent
surface roughness across all sampdssopposed to OCP, the termyEs specifically used in the context
of corrosion when external potential is applied to study electrochemical behavior.

Notably, the ZnMgAISnBi sample exhibited microporosity across #sags surface, with these
microvoids being prevalent throughout the material. These pores tend to serve as anodic sites when the
alloy is immersed in a chloridgearing, watebased electiyte. The presence of chloride ions'(Cl
fosters their migration towards these anodic zones, which accelerates the formation of metal chlorides
and, consequently, enhances the rate of metal dissolution in the elecé&glyte [

Figure 5.2(a) illustrates the open circuit potential (OCP) behavior of ZnMgAl and ZnMgAISn
alloys over a 72 period following immersion in both 0.5 % and 3.5 % NaCl solutions. The OCP
readings, being more positive in the 0.5 % NaCl solution compared to the 3.5 % NaCl, indicate a higher
reactivity and susceptibility to corrosion in the latter. Notably, the O€Bdih alloys reached stability
after approximately 6 h, hinting at the potential formation of a protective film that conferred a more noble
character to the alloys.

Specifically, the ZnMgAl alloy in the 0.5 % NaCl solution experienced a gradual decline in OCP
from -1.00 V to-1.04 V before settling at arountl.05 V. In the 3.5 % NaCl solution, an initial drop from
-1.05 V t0-1.16 V occurred within the first hour taf which the OCP climbed t4.09 V and eventually
stabilized at approximateht.07 V. The ZnMgAISn alloy displayed a steady increase in OCP during the
first 6 hours of immersion in both solutions, after which the values plateaued.

Table 5.6 summarizes the OCP data for both alloys across three time irite39as6 h, and 72

h postimmersioni providing a succinct overview of their electrochemical stabilities in different chloride
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concentrations. Stabilization of OCP is particularly important for EIS testing, and it is recommended that
future EIS studies of these alloys allow a minimum of 6 hours for stabilization in NaCl solutions. EIS
measures the impedance of a system over & ranigequencies to provide information about the

electrochemical processes atthemstal | ut i on

the protective properties of coatings.
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Figure 5.2 Change in open circuit potential with time for (a) ZnMgAIl and ZnMgAISn alloys in

0.5% and3.5% NacCl electrolyte, and (b) ZnMgAISnBi alloy in 0.5 % NaCl electroly

The OCP results for thenMgAISnBi alloy in a 0.5 % NacCl solution, depicted in Figure2gh],
revealed a lack of stabilization even after an extended period of 72 hours. This persistent instability in
OCP suggests a heightened vulnerability of the alloy to localized corrosion when exposed to a corrosive
environment. As previously mentioned,am@porosity within the ZnMgAISnBi sample may serve as
initiation sites for localized corrosion, as these migmed pores can foster the formation of metal
chlorides, thereby acceleratingggblution in chlorideaich environments [@, 157].

The continuous instability of the OCP signals an ongoing, dynamic state in the electrochemical
system indicated that the protective passive films may not have formed effectively or that the films were
not sufficiently robust to prevent progressive corrosithe pervasive presence of microporosity
throughout the ZnMgAISnBi alloy further compounds this issue, amplifying the likelihood of persistent
corrosion reactions. Consequently, due to these concerns and the inherent instability observed, OCP

testing ina more concentrated 3.5 % NaCl solution was considered unnecessary for this alloy.
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Table5.6 Open Circuit Potential of ZMg-Al and ZnMg-Al-Sn in 0.5 and 3.5 % NacCl

0.5 % NaCl 3.5 % NaCl
Alloy OCP(V) after immersion time of
30s 6 h 72 h 30s 6 h 72 h

ZnMgAl -1.00 -104 -105 -1.05 -1.09 -1.07
ZnMgAISn ~ -1.43 -1.23 -1.15 -148 -1.25 -1.20

The comparative analysis of the corrosion behavior of ZnMgAIl and ZnMgAISn alloys in both
severe (3.5 9aCl) and relatively mild (0.5 % NaCl) environments is shown in Figur@ e
ZnMgAISnGa alloy was excluded from this study due to the formation of a liquid phase on the surface of
the ascast alloy, and the ZnMgAISnBi alloy was omitted because of the microporosity inthstas
alloy. Additional potentiodynamic polarization tests were conducted in a 0.5 % NacCl electrolyte, with all
other experimental parameters consistent with those used in the 3.5 % NaCl tests. A steady scan rate of

0.5 mV/s was empied during these tests.
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Figure 5.8 Potentiodynamic polarization curves of ZnMgAIl and ZnMgAISn alloys after 1 h
immersion in 0.5 and 3.5 % NacCl at 25 °C.

Table 5.7 presents resulting approximate values of the electrochehacatteristics, & and
lcom, Obtained from the polarization curves of these alloys using the Tafel extrapolation method. Since the
polarization curves of the experimental alloys do not exhibit ideal behavior during tests, fitting
polarization curves to calculate electrochemical ipatars was not always possible. Therefore,

approximate values of the electrochemical parameters are provided.
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Similar to the OCP results, thesof both the alloys is slightly higher in 0.5 % NaCl compared
to 3.5 % NacCl, as expected. For the ZnMgAl allgy, ih 0.5 % NaCl solution (2.7 pA/cfhwas lower
than Lorin 3.5 % NaCl (3.uA/cm?). In the case of the ZnMgAISn alloy, a significant reductiondn |
was observed in a mild environment of 0.5 % NaCl (13.8 pAycefative to o in the severe
environment of 3.5 % NaCl (82.1 pA/@nThe corrosion rates of these alloys are well below the target
lcorr range(0-110 pA/cn®). Therefore, these alloys could exhibit better corrosion performance than
carbon steels in mild and severe atmospheric corrosive environments in addition to the galvanic

protection they provide.

Table 5.7 Borand ko Measured from Polarization Curves of Alloys in 0.5 and 3.5 % NaCl Solut

AIIOy Ecorr (VSCE) lcorr (HA/CI’nz)
ZnMgAl (3.5 %NaCl) 1.19 35
ZnMgAl (0.5 % NaCl) 1.14 2.7
ZnMgAISh (3.5 % NaCl) [1.44 82.1
ZnMgAISh (0.5 % NaCl) 1.33 13.8

In summary, the potentiodynamic polarization tests conducted on the experimental alloys
ZnMgAl, ZnMgAISn, ZnMgAISnBi, andZnMgAISnGa have provided a comprehensive assessment of
their electrochemical behaviors in a 3.5 % NaCl solution. The electrochemical assessment of various
Zn-based alloys through potentiodynamic polarization testing revealed a sequential decreasg:in the E
across the series from pure Zn to ZnMgAISnGa. This trend demonstrates an increased negative shift in
Ecor and consequently a higher electrochemical activity, especially noted in the ZnMgAISnGa alloy. In
contrast, thechr is lowest for the ZnMgAl ably, indicating the slowest corrosion rate among the tested
materials. The ZnMgAISnBi and ZnMgAISn alloys exhibit comparakleshlues, suggesting similar
corrosion rates, while the ZnMgAISnGa alloy displays the highgsindicating the most rapid
corrosion rate. These findings underscore the variable corrosion behaviorbagethalloys, with
particular implications for their protective performance in sacrificial coatings.

In a 3.5 % NaCl solution, which represents a more aggressive or severe corrosion environment
due to the higher chloride ion concentration, the ZnMgAISn alloy showeg,ath&t is more negative
than ZnMgAl. This suggests that ZnMgAISn is more active and would provide stronger sacrificial
protection to the steel substrate in such environments. Howeves itsdlso higher compared to
ZnMgAl in the same environment, indicating a faster rate of corrosion.

When the chloride concentration is reduced to 0.5 % NaCl, a milder corrosive environment, the
Zn MgAIl Sn «avélle & gighificantly reduced. This reduction indicates that while the alloy

remains more active than the steel substrate and thus continues to provide sacrificial protection, it
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corrodes at a much slower rate than in the 3.5 % NaCl solution. This slower corrosion rate in milder
environments suggests that the ZnMgAISn alloy could offer more durable protection over time.

In the context of corrosioprotection,all the experimental coating alloys would provide
sacrificial protection to the substrate steels, serving the primary purpose of these coatingalloys.
coated steels, especially in applications like automotive body parts, the layers of protective and decorative
coatings are applied to ensure optimal adhesion, corrosion resistance, and aesthetithegsedalyers
typically include Ecoat, primer, base coat, and clear coat. Therefore, corrosion rate of the eaytosed
body parts is determined by the corrosion rate of
coatings comes into picture when the top layers are damaged. Therefore, even though alloys such as
ZnMgAISnh exhibitedrelatively higher (but still within design target randey: in sever electrolyte
conditions, the corrosion protection provided by top layers will not be affected.

Table5.8 provides comparative analysisaimputedand experimental results focusing in
Ecorr and Lo Of the ascast alloys Experimental T of alloys calculated usingpdakare consistentlhigher
than computed results by 5 to 15, &®Xcept for ZnMgAISnBiI alloy which exhibited experimental T
28 °C higherthanthe computed T.

Table5.8 Comparison of Computed (Comp), Predicted, and Experimental (Exp) Properties of Coz
Alloys, using DSC heating rate of 5K/min, and 3.5 % NaCl condition

Aloy C_(IJ_Tp E)f,p Predicted Exp Pr(?ilrrcted ExpeIELTentaI
(oc) T ( C) Ecorr (mVSCE) Ecorr (mVSCE) (uA-cm‘z) (HA'Cm'Z)
ZnMgAl 344.2 352 -1086 + 65 -1190 26.3+2 35
ZnMgAISn  316.5 331 -953 + 117 -1440 25.1+2.2 82.1
ZnMgAISnGa 305 314 -982 + 114 -1500 20.1+2.6 276.8
ZnMgAISnBi  318.9 347 -964 + 137 -1330 10.7+2.4 79.2

E.or datarevealthat the experimental values are more negative than the predicted ones for all
alloys. This trend is particularly pronounced in the ZnMgAISnGa alajgAISn andZnMgAISnBi
alloys also show a more negative experimental @mpared to the predicted value, impact appears to be
less drastic but still noteworthy. Suggesting more deteequired for those alloy systems to improve
Ecrmodel . ZnMgAIl al krolgsélysmatehawiheprediated values. ' The ML database
exhibited ZnMgAl allys, thereforebetterpredictionswvere expected in the case of ZnMgAl alloys.

The experimentakd values for ZnMgAl indicate a much lower corrosion rate than predicted.
Conversely, the ZnMgAISn, ZnMgAISnBI, and ZnMgAISnGa alloys exhibit significantly higher
experimental b values than predicted. Suggesting requirement of more refined ML database for this

model.
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5.6 Conclusions

1. T. of experimental alloys were evaluated using the first deviation gragdnethods. The first
deviation method generally indicated the onset of melting at temperatures close to the computed T
showing little variance between different heating rates. However ,th¢emperatures consistently
exceed the computed ,Tparticularly at the faster heating rate.

2. DSC analysis revealed that the newly developed coating alloys ZnMgAISn and ZnMgAISnGa exhibit
T, that are notably lower by approximately 100 °C compared to Zn. Additionally, the ZnMgAl and
ZnMgAISnBiI alloys demonstrate a That is reduced by around 60 °C when contrasted with thed T
Zn.

3. The emergence of a liquid phase on the surface of the ZnMgAISnGa alloy was observed, which
makes this alloy unsuitable for practical applications.

4. Ecorfor these alloys trends more negative in the sequence of Zn, followed by ZnMgAl, ZnMgAISnBi,
ZnMgAISn, and is most negative for ZnMgAISnGa. Conversely, therdlues increase in the order
of ZnMgAl, which has the lowestql, Zn, with ZnMgAISnBi and ZnMgAISh showing approximately
equal values, and the highest being ZnMgAISnGa.

5. All these alloys have more negativeEvalues than carbon steel, which typically ranges from -
0.52V to -0.73 Vsce Therefore, they would act as sacrificial anodes and provide corrosion protection
to steel substrates. However, the highValue of ZnMgAISnGa suggests that while it may offer
strong initial protection, its high corrosion rate could limit the duration of that protekioaf
ZnMgAISn and ZnMgAISnBi alloys were within design range.

6. The unstable OCP readings for ZnMgAISnBi in a 0.5 % NaCl solution suggested a susceptibility to
localized corrosion, likely exacerbated by microporosity.
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CHAPTER 6 CHARACTERIZATION OF COATED STEELS

6.1 Introduction

Recent advancements in metallic coatings for the automotive industry focus on improving
performance, durability, and environmental sustainabilitg]1bhese developments are driven by the
need for better corrosion resistance and ligfeay, lighter)materials to enhance fuel efficiency while
complying with environmental regulations @,3.60. Advanced higkstrength steels (AHSS), known for
their high strengtito-weight ratio, are increasingly usagsually withcoatings thatomprie mainly Zn
with a small Al addition to inhibit Zite intermetallic formation [19.

Continuous hot dip galvanizing (HDG) is a key method in the steel industry for applying coatings
on steels, known for its ability to produce uniform, highality coatings as detailed in Section 2.3 of
Chapter 2 [8, 44]. This contrasts with batch galvanizing used for discrete parts, involving two main
approaches: the wet and dry process6§][ITThe wet process uses a flux blanket on the molten bath,
while the dry process involves pflexing of substrates without a flux blanket. The dry process is less
erergy-intensive but more sensitive to surface preparation. After degreasing and pickling, substrates in
the dry process are fluxed, dried, and dipped in zinc, whereas in the wet process, they are directly
immersed through a top flux blanket, sometimes casiwith prefluxing.

The performance of coating alloys is influenced by their composition, microstructural phases,
structure, and morphology. Understanding phase transformations and microstructural features is necessary
to further improve and control the desired functionatioggproperties for automotive and other
applications. Phase identification in novel malbmponent alloys can be challenging due to several
factors:1. Complex Phase Diagramistulti-component alloys often have intricate equilibrium phase
diagrams with mitiple phases, as per the Gibbs phase rule where the number of phases potentially
present at equilibrium scales with the number of components in the alloy system. Interpreting the phase
behavior in these alloys can be challenging due to the interactiargatifferent elements §P-164).

2. Thermodynamic Data Limitationfredicting phase formation in barely explored meidtnponent

systems is often hampered by incomplete or unavailable thermodynamic data. This gap makes accurate
modeling or prediction gbhase behavior difficul8. Norrequilibrium StatesMany alloys do not achieve
equilibrium during processing, leading to the formation of metastable phases not anticipated by
equilibrium phase diagramé. Intermetallic Compound Formatiofhe emergence of intermetallic
compounds in these alloys can be unpredictable due to their complex crystal structures and specific
formation conditions5. Diverse Diffusion Kinetics/ariation in the diffusion rates of different elements

in multi-component alloys affegfphase formation. Slower diffusing elements can result in partial phase

transformations, creating a mix of anticipated and unexpected pbaSesface and Bulk Phase
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DiscrepanciesSurface phases in an alloy may differ from those in the bulk due to compositional
variations, processing differences (like cooling rates during solidification), or environmental interactions.
This adds complexity to phase identification. Additionally,eleped structures in these alloys can be
intricate and need to be examined at various scales. For instance, primary Zn dendrites in ZnMgAl
coatings are relatively large, measuring over @@0in diameter [18]. In contrast, eutectic phase
structures are significantly smaller, with dimensions aroundnt®0These variances underscore the
importance of detailed studies and sophisticated modeling approaches to better comprehend and predict
phase behavior in new multomponent alloy systems.

This chapter therefore delves into understanding how the coatings developed in this research
interact with substrate steel. It presents the methodology falip@oating the alloys onto carbon steels
and thoroughly characterizes their microstructure. éftagpter explores phase transformation
characteristics using equilibrium phase diagrams, Scheil solidification models, and differential scanning
calorimetry (DSC). It further examines coating morphology and phases formed via surface and cross
sectional micostructural analyses, employing scanning electron microscopy (SEM), alispgysive
X-ray spectroscopy (EDS),-May diffraction (XRD), and transmission electron microscopy (TEM). The
chapter concludes by summarizing key findings related to the microstructure of coated steels.

6.2 Methodology

After evaluating the corrosion behavior and liquidus temperatujeo{The experimental alloys
in bulk form, three of the alloys ZnMgAl, ZnMgAISn, and ZnMgAISnBi were chosen for application on
carbon steels. For a comparative analysis, pure Zn was also used for coating. The alloys were selected
based on their sacrificiblehavior and lower T The compositions of the alloys are provided again in
Table 6.1. The Gaontaining alloy was excludetue to liquid phastormation onthe surface of asast

alloy & room temperature as previously described in Section 5.5.1.

Table 6.1 Compositionsv%) of Experimental Coating Alloys

Alloy Zn Mg Al Sn Ga Bi

Zn 99.9 - - - - -

ZnMgAl 93.88 2.17 3.95 - - -

ZnMgAISn 72.96 3.25 3.61 20.18 - -
ZnMgAISnBiI 74.21 284 3.48 10.70 - 9.40

Plain carbon steel substrates were utilized for initial study of the interaction between the coating
alloys and iron during the galvanizing process, given their lower alloy content compared to AHSS. The

chosen plain carbon steel sheets, 1 mm thick, wergded by Cleveland Cliffs, and their chemical
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composition is listed in Table 6.2. This approach allows for a focused examination of the interactions
between the coatings and steel substrates. Should these coating alloys be considered for industrial scale
up, further studies using substrates of speeifiplication interest would be needed.

Table6.2 CompositionWt%) of Plain Carbon Steel Substrate Provided by Cleveland Cli

C Mn Al Ni Cr Mo Ti Sn Si N S P CL
0.003 0.075 0.05 0.016 0.021 0.006 0.061 0.005 0.006 0.003 0.011 0.008 0.0

In the steel industry, Zbhased coatings on carbon steels are typically applied using continuous
HDG. Replicating these industrial processes on a smaller scale for research purposes often involves using
agalvanizing simulator, which requires larger amounts of coating alloy$Q3&) than acquired in the
present work (about 1.8 kg) [@6 In order to apply hetlip coatings in the laboratory without a
sophisticated hedip coating simulator, an alternative process was developed to replicate industrial

processing.

Initially, a vacuum furnace was modified to heat the alloys and substrates, respectively, under a
reducing atmosphere created by a mixture of hydrogen and nitrogen gases. A schematic and images of the
modified furnace are shown in Figure 6.1. The furnaea hot plate and an induction heatéis
setup aimed to closely mimic the thermal profile and atmosphere associated with industlilal hot
galvanizing.n attempting to replicate industrial continuous HDG processes in a lab setting, several
practicad challenges were encountered with this setup. The sample was attached to a hex bolt for
movement into and out of the alloy crucible, as depicted in Figure 6.1(a). However, this movement was
often not perfectly perpendicular to the hot plate base, caabimment issues with the crucible. This
misalignment sometimes led to alloy spills in the furnace. Moreover, the sample movement was not
consistently smooth, resulting in uneven coating times. Maintaining stable temperatures for the substrate
and alloy bth also proved difficult with the existing temperature controllers, and even minor tasks like
changing thermocouple wires were thiw@nsuming. Due to these challenges and the need for significant
time and financial investment to resolve them, an altemmapproach akin to dry batch galvanizing was

adopted, although it did not fully replicate the industrial HDG thermal profile.

A lab-scale batch galvanizing setup was successfully developed and utilized to coat the
experimental alloy$ Zn, ZnMgAl, ZnMgAISn, and ZnMgAISnBiThe setup is shown in Figure 6.2. In
this met hod, the substrate surface was initially
paper to remove coarse irregularities. The polished substrate was then degreased by immersion in a 10 %

NaOH soluion at 80 °C forl20 s, eliminating surface contaminants such as oil and dift164j.
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Subsequently, pickling was performed by immersing the substrate in a 10 % HCI and 0.2 % hexamine
solution at 80 °C for 25 s to remove any metal oxides or scale from the substrate surface .

Hex Bolt

v

Induction Heater
Controlled N,/H,

Gas Mixture
\ Pre-Treated Steel

Substrate

Temp.
Thermocouple 1 Iﬁ / Controller 1
Thermocouple 2 I

AN

Alloy Crucible
Temp.
‘ Controller 2
Hot Plate
(@ =
Substrate
Sample Holder
Induction Heater
Alloy Crucible
Hot Plate
Thermocouples
Side View
Front View
(b)
Figure6.1 (a) Schematic of the vacuum furnace modified for coating of alloys to substrates.

(b) The side view and the front view of tilacuum furnace. Different parts of the
furnace are annotated.
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Figure 6.2 Lab-scale batch galvanizing setup developed for coating experimental alloys to ¢

steels. A box furnace was used to preheat substrate samples after fluxing. Coatil
alloys were melted in a graphite crucible using the eleuottl furnace.

Fluxing followed, using Zaclon W 43% Solution (W) or Zaclon High Speed 50° Regular Solution
(HS) at 40 °C for 30 s, which prevented oxide formation during coating and enhanced the wettability of
the substrate. Prior to final coating, two substrate prefgeatienarios were considered: one with no
preheating and another with preheating to 200 °C, to observe their effects on the final coating. initial Zn
coated samples were analyzed visually and based on the results, all the substrate samples for evaluation
were preheated to 20C before coating. (Fluxing is discussed in more detail below.) The substrate was
then immersed into the coating bath with a temperatus@)(ifhaintained abowt0 °C above the Tof the
coating alloy, allowing the alloy to remain molten and ensuring a uniform coating. Samples were dipped

99



for 15 s, after which they were removed and allowed to@of, enabling the alloy coating to solidify in
the vertical orientation.

The compositions of the galvanizing fluxes procured from Zaclon LLC are listed in Table 6.3.
These fluxes also contain proprietary wetting agents that promote the wetting of substrate surface by Zn.
The fluxes are stable up to 200 °C, and their performdetiorates at higher temperatures.

Table 6.3 Compositions (%) of Galvanizing Fluxes

Dissolved  Sulphates

Flux ZnCl, NH4CI Iron (SO)
Zaclon High Speed 50°
Regular Solution (HS) ~ Balance 4.9 0.0037 0.0028
ZaclonW 43% Solution (W) Balance 27.9 0.0021 0.0051

The experimental alloys demonstrated a high sensitivity/reactivity to-vased lubricants
during metallographic polishing, leading to extensive pitting. Etching was also observed with-alcohol
based diamond suspensions. To avoid these issues, a JEGIIWIBCP crossection polisher
employing ion milling was utilized for metallographic sample preparation. This method, involving an Ar+
ion beam of 9 8 kV for 57 8 hours, depending on the alloy, ensured no abrasive embedding and
prevented heahduced dstortion, crucial for heagensitive (low T) samples. lon beam polishing was
more effective for the asast alloys compared to coated samples, likely due to the substantial hardness
differential between the substrate steel and coating alloys.

ThermaCalc® was used for computing phase diagrams to predict phase transformation
sequences during solidification and cooling in the coating alloys. Predictions were compared to the
experiment NETZSCH® STA 449F3 DSC measureméditie.analysis was based on the DSC curves
from the second melt, with a heating/cooling rate of 10 K/min as the first melt results are often influenced
by the thermal, and mechanical stresses exhibited by the sample, and could mislead to incorrect
conclusios. Therefore, tmelt dda were avoided during the analysis. Phase identification in the coated
steels was performed using techniques such as XRD, optical microscopy, SEM, EDS, and TEM.

The structural characterization of coatings was performed using a Malvern Panalytical Empyrean
X-Ray diffractometer (Gonio scans) with a Cu (anodeaxtube with a l&; radiation wavelengthej of
1.54060 A and K, radiationa-of 1.54443A. The XRD was equipped with a Brag@gentanoHD
(BBHD) prefix module for excellent monochromatization of the radiation from they)6ource (to
remove K X-rays) and a hybrid pixel detector (Galipix 3D) for fast data acquisitiof].[A step size
( A2 DY29arfd a scan step time of 1 s with an accelerating voltage of 45 kV and a current of 40 mA
were used. Soller slits were used to minimize the measured peak asymmetries. The sizes of the divergent

slit, mask, and incident beam antatter slit were adfied for each scan to obtain the maximum possible
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sample area available for data acquisition. XRD p
software. During data analysis, peaks frigay radiation were removed (stripped) using the Ranchinger
method keeping thede/ Ka intensity ratio as 0.5 [1]. This allowed more accurate determination of
the major peak positions and intensities. The PDF4+ Database (2021) from the International Centre for
Diffraction Data(ICDD) was used for identifying phases.
Optical microscopy was performed using an Olympus DSX500 digital optical microscope.
Electron microscopy using secondary and backscatter electrons, coupled with EDS, was performed using
the TESCAN AMBER S8252G microscope. Apex EDAX software with thecoents evaluation eZAF
met hod was used for EDS data analysis, OZAFO® st an
fluorescence (F) correctionT2]. In some instances, the JEOL 7000F FESEMId EmissiorSEM) and
FEI Quanta 600i Environmental SEM werged to perform SEM imaging. Generally, during SEM
imaging, the spot size (of the electron beam) was kept lower than the pixel size by adjusting accelerating
voltage and current to achieve better resolution at higher magnifications. TEM was performed on a
ZnMgAISn-coated sample using the FEI Talos F200X scanning transmission electron microscope
(STEM). The TEM sample lifout was prepared from a ZnMgAl®woated sample area containing
coating, intermetallic, and substrate regions, the TEM foil was thinnaehtoelectron transparency by
using a focused ion beam (FIB) utilizing the FEI Helios Nanolab 600i SEM/FIB instruirigvitwas
used only for ZnMgAISn coating because unlike other alloys, the ZnMgAISn coating was well adherent,
defect free, and relatively more uniform.
Figure 6.3 shows the sample selection scheme used to prepare specimens for DSC, XRD, and
microstructure evaluation from-asast alloys. A specimen region, approximately equidistant from the
surface and the center was selectedtfercharacterization
After applying alloy coatings to carbon steels, various microstructural features were analyzed.
This included studying the surface morphology, examining the phases formed both in the coating and at
the interface between the coating and substrate, anagagingl the distribution of intermetallic
compounds. These investigations provided insights into the detailed structure and composition of the
phases formed in the coated steels. It is understood that coating microstructures and other important
attributes ee influenced by the coating process, but a thorough assessmengibétieof coating
process variations was outside the scope of the current investigation. The current work is aimed at
identifying promising coating alloys at a |l ow fte

that much more development would be neetleassess the viability for implementatioraaicale
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Figure 6.3 Sample selection scheme used to prepare specimens for DSC, XRD, and microst
evaluation of azast alloys. Approximately, a greenlored crossection area
(2 mmx1 mm) shown in the red box was used for polishing using a JEOL®IRCP
crosssection polisher.

6.3 Results and Discussion

This section discusses tha#fects of galvanizing flux on coating formation, phase transformations,
and microstructure evaluation in the Zn, ZnMgAl, ZnMgAISn, and ZnMgAISnBi coatirgs.
ZnMgAISnGa alloy, the formation of a liquid phase on the surface of thastslloy over time at room

temperature was visually evident. Therefonés particular alloy was excluded from coating experiments

6.3.1 Effect of Galvanizing Flux on Coating Formation

The labscale batch galvanizing setup was used for applying the experimental alloy coatings to
plain carbon sheet steel. During the coating process, pickling wasousadove metal oxides or scale
from the substrate surface. However, as soon as the samples were removed from the pickling solution and
cleaned, a very thin layer of oxide formed immediately on the substrate surface. To address this,
galvanizing flux was sed to reduce (deoxidize) the oxide layer on the steel surface and prepare it for
effective coating. The flux, consisting of zinc chloride and ammonium chloride, reacts to form
ammonium zinc chloride as shownkiquation6.1. This compound effectively removes iron oxides from

the steel surface, creating products like zinc oxide and ammonium chlorigje. §8p
ZnCl; + NHsCl A NH4ZnCls (6.1)

Ammonium chloride decomposes to form hydrochloric a€mgljation6.2.
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