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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 protection, Zn-based coatings 

are applied to these carbon-steels via 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 temperatures (TL), aimed at preserving the 

substrate microstructure during HDG. These alloys offer metallurgical advantages in a variety of steels 

that benefit from reduced exposure of the annealed microstructure to the ñelevatedò temperatures 

associated with molten Zn. 

New coating alloy development started with the creation of a comprehensive database, including 

coating alloy composition, corrosion current density (Icorr), corrosion potential (Ecorr), types of electrolytes, 

and their concentrations extracted from the literature and computed TL for each alloy, to train machine 

learning (ML) models. ML tools including the Citrination platform® and various open-source Python 

libraries were employed to develop Icorr, Ecorr, and TL models. A materials selection chart was also 

developed to visualize the current state and potential future opportunities, focusing on optimizing Icorr, 

Ecorr, and TL 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, and their capacity to offer sacrificial protection to steels 

while lowering the TL of an alloy. Over 300,000 unique conditions were assessed, analyzing more than 

twenty-one binary systems, thirty-five ternary systems, four quaternary systems, and six quinary systems. 

This analysis aimed to identify suitable coating alloy compositions with low TL. Consequently, four 

alloys ï Zn-2.17Mg-3.95Al, Zn-3.25Mg-3.61Al-20.18Sn, Zn-2.61Mg-3.96Al-10.26Sn-9.18Ga, and 

Zn-2.84Mg-3.48Al-10.07Sn-9.4Bi (wt%), ï 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, analyzing the phase transformations and 

microstructures through computed phase diagrams, DSC, scanning electron microscopy with energy 

dispersive X-ray spectroscopy (SEM-EDS), 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 lower TL than pure Zn. A unique phenomenon of liquid phase 

separation was observed in ZnMgAlSnGa alloy at room temperature, therefore, this alloy was not further 
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considered for application to steel. The ZnMgAl coating showed pro-eutectic Zn dendrites and a ternary 

eutectic comprising lamellae of Zn (ɖ-hcp), Cubic MgZn2-based solution, and binary Zn (ɖ-hcp)/Al 

(‌-fcc) regions. The ZnMgAlSnBi coating exhibited Zn (ɖ-hcp), Al (‌-fcc), tetragonal Sn, orthorhombic 

Mg2Sn, and hexagonal Mg3Bi2-based solutions. The ZnMgAlSnBi coating showed significant dross 

formation in the coating alloy bath. The ZnMgAlSn coating showed the best combination of sacrificial 

substrate protection, low TL, and coating uniformity. The coating microstructure involved the Zn phase, 

an Al matrix with Zn precipitates, a Mg2Sn-based solution, and a Sn-rich phase. There was a uniform 

intermetallic layer at the ZnMgAlSn coating-substrate interface with minimal Fe diffusion into the 

coating, and Al segregation at the interface.  

This study highlighted the significance of low TL coatings that could enable new substrate 

concepts, presenting a novel approach for steel processing during HDG, without the extra costs associated 

with modifying existing galvanizing lines. 
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CHAPTER 1  INTRODUCTION 

Road transportation is a primary contributor to greenhouse gas (GHG) emissions, making up to 

70ï80% of emissions in the transportation sector [1ï3]. Consequently, lightweighting vehicles has 

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 vehicle weight could result in a 6ï8% improvement in 

fuel economy [4]. Typically, automobile bodies constitute about 50ï70% of steel (by weight) including 

30ï40% of sheet steel [5ï8]. Therefore, there is a growing global demand for new Advanced 

High-Strength Steels (AHSSs) to meet stringent standards in vehicle safety, fuel economy, and 

emissions [9].  

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. When considering automobile parts that are exposed to the 

environment, corrosion resistance is equally critical, and in steels, where unlike Al  there is no natural 

passivation protection. Therefore, there is a need to apply a protective coating. To address this, around 

60ï70% of sheet steels used in automotive body construction are coated using sacrificial metallic coatings 

like Zn to improve corrosion resistance [7]. Continuous hot-dip galvanizing (HDG) is the primary method 

for applying Zn-based coatings to automotive 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 other coating processes, 

continuous HDG is cost-effective, rapid, and provides a metallurgically bonded coating that fully covers 

the steel surface [10, 11]. Batch galvanizing is another process utilized in other industries where the 

application of Zn-based coatings to individual steel components or structures is required [11]. 

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 the coating) require minimal or very controlled 

exposure to elevated temperatures after cooling from the annealing temperature, to achieve the desired 

final microstructure and properties. Limitations of the current thermal cycle during continuous HDG 

inhibit the ability to produce some of these AHSS grades with increased strength. For example, in dual-

phase (DP) steels with a C-Mn-Cr (Mo) composition, the bainite nose is at nearly 450 °C as shown in 

Figure 1.1(a) [12]. Therefore, substrate exposure to the 460°C Zn bath during continuous HDG could lead 

to the formation of a bainitic microstructure, undesired in certain applications. Furthermore, the bainite 

formation in steels is normally an exothermic reaction [13, 14]. Therefore, undesired bainite formation 
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could result in challenges associated with steel strip temperature control during substrate processing. In 

general, the elevated temperatures used to apply Zn-based coatings could impact the anticipated substrate 

microstructure and mechanical properties during galvanizing [12, 15ï17]. Therefore, new coatings with a 

significantly lower liquidus temperature (TL) and acceptable corrosion resistance would offer new ways to 

process substrates, e.g., bainitic nose can avoided during galvanizing of DP steels, as shown in 

Figure 1.1(b), if coating alloys with lower TL are used. The availability of new coatings with a low TL 

would also allow the design of various substrate processing routes during an austempering thermal cycle 

used for some important substrates [18], 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. 

  
(a) (b) 

Figure 1.1 Schematics showing thermal profiles of continuous HDG of DP steels (a) using 

Zn-bath at 450 °C, and (b) coating alloy bath with lower TL.  

For quenching and partitioning (Q&P) sheet steels, current galvanizing baths cannot be used to 

quench the substrate, due to high galvanizing bath temperatures. Additionally, thermal exposure during 

galvanizing before Q&P, galvanizing after Q&P, or galvanizing after quenching and before partitioning 

may alter the target microstructure and mechanical properties [16]. New coating alloys could enhance the 

recently developed Q&P process by allowing the galvanizing bath temperature to be flexible, as shown in 

Figure 1.2 [18]. Depending on the coating bath temperature, quench temperature (QT), and partitioning 

temperature (PT), the galvanizing bath could be used as a quench bath, or perhaps galvanizing and 

partitioning could be performed simultaneously. Hence, coating alloys with a low TL could 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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(a) (b) 

Figure 1.2 Schematics of thermal profiles of alternate substrate processing concepts that could 

benefit from ñlow temperatureò galvanizing. (a) During Q&P treatment galvanizing 

bath could be used as a quench bath depending on the TL of the coating alloys, (b) If 

coating alloys have sufficiently low TL, galvanizing 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 TL [18ï20]. These elements, in their pure form, have a substantially lower 

TL than Zn, Mg, and Al [18ï20]. Even a small addition (from 5 to 20 wt%) of the above alloying elements 

to Zn-Mg-Al alloys can reduce the TL of the coatings from 190 ï 325 °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 criteria is a time-intensive 

process. However, the emergence of the Materials Genome Initiative in the USA [21] has catalyzed the 

design process, with materials informatics playing a pivotal role in expediting materials design and 

development [22ï24]. In this work, a new approach, Data-Driven Design, Discovery, and 

Development (D5)TM, 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 chart [25] 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 (Icorr), corrosion potential (Ecorr), and TL. 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 low TL. Potential new 

alloys with low liquidus temperatures (TLs) in the vast compositional space that could be generated using 

Time

T
e

m
p

e
ra

tu
re

AC3

M s

M f

QT

Galvanizing 

PT

Time

T
e

m
p

e
ra

tu
re

AC3

M s

M f
QT

Galvanizing 

PT



 

4 

these alloying elements were identified using a computational approach. Potential new alloys (within this 

chemistry window) with low TLs were identified using a computational approach. Machine learning (ML) 

algorithms available on the Citrination® platform as well as open-source ML libraries were trained on a 

database created using i) experimental corrosion data collected from the literature and ii) computed 

TL [26, 27]. ML models were also employed to find feature correlations in the database and predict Icorr 

and Ecorr of the alloys. Insights obtained from the computational results were then used to advance the 

synthesis of novel coating alloys. 

Over 300,000 unique conditions were assessed, analyzing more than twenty-one binary systems, 

thirty-five ternary systems, four quaternary systems, and six quinary systems. This analysis aimed to 

identify suitable coating alloy compositions with low TL. Consequently, four alloys ï Zn-2.17Mg-3.95Al, 

Zn-3.25Mg-3.61Al-20.18Sn, Zn-2.61Mg-3.96Al-10.26Sn-9.18Ga, and Zn-2.84Mg-3.48Al-10.07Sn-9.4Bi 

(wt%) ï were selected for experimental validation of both the TL and corrosion behavior based on the 

computational results. Differential scanning calorimetry (DSC) was used for validation of the computed 

TL, and potentiodynamic polarization tests were performed in mild and severe chloride-containing 

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 Thermo-Calc®, and DSC were utilized to identify phase 

transformations during the melting and solidification of the experimental coating alloys. Phase 

identification in the coated steels was performed using characterization techniques including optical 

microscopy, scanning electron microscopy (SEM) coupled with energy dispersive spectroscopy (EDS), 

transmission electron microscopy (TEM), and X-ray 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 phases in the coating 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 also explores 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 CALPHAD modeling for the 

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



 

5 

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 correlations, and evaluation of machine learning models. It emphasizes 

the importance of CALPHAD modeling in the identification and selection of alloys with desirable TL 

properties. The chapter wraps up with conclusions drawn from the computational findings. 

Chapter 5 starts with the background and methodology for preparing and characterizing as-cast 

alloys designed in this work, including the use of DSC and potentiodynamic polarization testing. The 

results and discussions highlight the determination of TL using DSC and examine the corrosion behavior 

of the alloys. The chapter concludes by encapsulating the findings of the as-cast alloy 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 explores the phase transformation characteristics, utilizing 

equilibrium phase diagrams, Scheil solidification, and DSC analysis. It also investigates coating 

morphology through surface and cross-sectional microstructural analyses and identifies the phases present 

using techniques such as XRD, SEM-EDS, 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.  
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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 microstructure and mechanical 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 influence the 

corrosion potential of Zn. The chapter also addresses the methodology of potentiodynamic polarization 

testing. Additionally, the application of data-driven methodologies within the field of materials science is 

reviewed, highlighting the procedural roadmap for developing machine learning models tailored for 

applications in materials science. 

2.1 Necessity of Coatings on Steel 

Steel, as a predominant material used by Original Equipment Manufacturers (OEMs), Tier 1 

industry, and the building industry, is susceptible to various forms of corrosion1, including uniform, 

cosmetic, galvanic, crevice, under-deposit, and pitting corrosion, when left unprotected [28]. A 

comprehensive overview of these corrosion mechanisms, particularly in automotive applications, is 

provided in Table 2.1 [29, 30].  

To mitigate corrosion, coatings are applied, creating a physical barrier between the metal 

substrate and its environment. Three primary types of coatings ï organic, inorganic, and metallic ï are 

employed for this purpose [31]. 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 barrier protection of metals, are 

also commonly 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 [32-33]. The electrochemical potential of Zn is lower than that of iron/steel; therefore, Zn 

protects steel sacrificially by forming well-adherent hydroxides and oxides that act as a protective layer. 

 

 

 

1 Corrosion, a ubiquitous and often detrimental phenomenon, is defined as the chemical or electrochemical reaction 

between a material and its environment that causes deterioration of the material and its properties [30]. 



 

7 

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

material.  

Table 2.1 Corrosion Mechanisms in Automobile Applications [29, 30]. 

Automobile Part Corrosion Mechanism 

Body Panels-

Structural, Cosmetic 
Uniform, crevice, galvanic, coating failure, poultice, pitting, fretting, 

Chassis 
Uniform, pitting, crevice, fretting, stress corrosion cracking, coating 

failure, poultice 

Trim and Hardware 
Uniform, pitting, crevice, galvanic, dealloying, intergranular, 

coating failure 

Exhaust System 
Uniform, pitting, crevice, dealloying, erosion, fretting, intergranular, 

stress corrosion cracking, coating failure, high-temperature oxidation 

Engine and 

Components 

Uniform, pitting, crevice, galvanic, dealloying, fretting, intergranular, 

stress corrosion cracking, high-temperature oxidation 

Transmission Uniform, crevice, galvanic, fretting 

Fasteners 
Uniform, pitting, crevice, galvanic, fretting, stress corrosion cracking, 

coating failure 

Cooling System 
Uniform, pitting, crevice, galvanic, dealloying, erosion, cavitation, 

intergranular 

Fuel System Pitting, crevice, coating failure 

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

Electrical and 

Electronics 

Uniform, pitting, crevice, galvanic, dealloying, fretting, stress 

corrosion cracking, coating failure, corrosion product creep 

* Italic fonts indicate dominant corrosion mechanism 
 

Various commercial Zn-based coating alloys have been developed for automotive or other sheet 

applications after the introduction of continuous hot-dip galvanizing lines (CGLs) by T. Sendzimir in 

1936 [34]. These alloys include Zn, Galvalume®, Galfan®, galvanneal, Zn-Mg, and Zn-Mg-Al [34-39]. 

Al -Si coatings are increasingly used in certain applications that require high-temperature coating stability 

during service or manufacturing (such as during hot stamping) [40]. The use of Al-Si coatings in the 

automobile industry is mostly focused on press-hardened applications since Al-Si 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 performance [41]. Where 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 and alloys used 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, metal-rich 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 [42].  
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Figure 2.1 Timeline of developments in the hot dip galvanizing process and the development of 

the alloys used [34-41]. 

Generally, the coating of the steel sheet involves continuous hot-dip coating 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 required. Table 2.2 details the metals and alloys used for coating 

sheet steels along with their characteristics and applications [43]. 

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 methods. [43, 44]. 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 parameters. [42, 45]. Figure 2.2 provides a schematic of a typical process line for 

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. Following cleaning, the strip undergoes annealing in a furnace. This step 

influences the microstructure and may be important for avoiding/removing oxides from the steelôs surface 

in a reducing atmosphere, typically composed of nitrogen (N2) and hydrogen (H2). After annealing and 

cooling to an appropriate temperature, the 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 
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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 Steel [31]. 
 

Process 
Coating 

Type 

Composition, 

(wt%) 
Characteristics Applications 

Electrolytic 

Zn Pure Zn 
Sacrificial coating, good 

corrosion resistance 

Autobody panels, appliance 

housings 

Zn-Fe 11-20 Fe 

Good corrosion 

resistance, excellent spot 

weldability and 

paintability 

Autobody panels 

Zn-Ni 19-13 Ni 

Superior corrosion 

protection with thin 

coatings 

Autobody panels, fuel tanks 

Hot-dip 

Zn 
Commercially 

pure Zn 

Sacrificial coating, good 

corrosion 

resistance 

Automotive, metal building, 

construction, and appliances 

Zn-Fe  7-14 Fe 

Good corrosion 

resistance, excellent spot 

weldability and 

paintability 

Autobody panels, floor pans, 

wheelhouse liners, rails, and 

cross-members 

Zn-Al  4-7 Al 

Superior corrosion 

resistance and 

paintability like Zn 

Metal building roofing and 

siding, fence posts, 

appliances, and automotive 

Al -Zn  Zn-55Al-1.6Si 
Excellent outdoor 

corrosion resistance 

Metal building roofing and 

siding, culverts, appliances, 

and automotive 

Al,  

type I 
5-11 Si (5Fe) 

Good formability and 

resistance to high 

temperatures 

Metal building, appliance and 

automotive exhaust parts, 

press hardened parts 

Al,  

type II 
0.5Si-2.5Fe 

Excellent resistance to 

atmospheric 

corrosion 

Metal building and 

construction 

Terne Pb and 4-8Sn Barrier protection 
Automotive fuel tanks, 

radiator parts, tubing 
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Figure 2.2 Schematic layout of continuous sheet metal galvanizing 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 coil [43].  

Figure 2.3(a) shows a schematic of the thermal cycle in a continuous HDG process. In this 

process, cold-rolled, full hard strips are subjected to intercritical annealing or full austenitizing at 

temperatures ranging from 700-890 °C, depending on the specific steel grade. Following annealing, these 

strips are hot-dipped in a liquid Zn alloy bath maintained at approximately 460 °C [44]. The galvanizing 

temperature is varied depending on the alloy used for coating.  

  

(a) (b) 

Figure 2.3  Schematic illustrating (a) a typical thermal cycle used for a continuous HDG process, 

(b) thermal profile of different modern galvanizing lines [43-46]  

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 [46]. One limitation of continuous galvanizing lines (CGL) is the ñhighò melting point of Zn, 

which restricts the range of isothermal holding temperatures that can be used when compared to 

continuous anneal overaging. However, 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, 

termed the ñlow-endò of initial cooling, is critical for preventing the formation of unwanted bainitic 

microstructures.  

The temperature of this "low-end" cooling, especially in relation to the martensite start (Ms) 

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 the production of steels with tailored microstructures for 

specific applications [46]. 

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

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

composition of 0.2C-1.5Si-1.9Mn under four different processing conditions as shown in Figure 2.4.  

  

(a) (b) 

  

(c) (d) 

Figure 2.4  Schematic illustration of heat treatments applied to the steels (a) Q&T process, (b) 

Q&P process, (c) galvanizing before Q&P process, (d) quenching Ÿ galvanizing Ÿ 

partitioning process [16]. 
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In all the conditions, TRIP sheet samples were intercritically annealed. Condition óaô involved 

quenching and tempering (Q&T), óbô involved quenching and partitioning (Q&P), ócô included 

galvanizing before Q&P, and ódô entailed quenching, followed by galvanizing and subsequent 

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 ócô and ódô dropped by roughly 50 MPa compared to those processed via Q&P. This decline in 

strength for condition ócô was attributed to the formation of bainite post-galvanization, while for condition 

ód,ô it is ascribed to the higher-temperature tempering of martensite. 

Table 2.3 Mechanical Properties of TRIP Steel Sheet [16]. 

Condition Thermal Cycle after Intercrital Annealing 
UTS 

(MPa) 

% Total 

Elongation 

a Q&T 1171 18.7 

b Q&P 1072 23.7 

c Galvanizing Ÿ Q&P 1018 24 

d Quenching Ÿ Galvanizing Ÿ Partitioning 1014 25.8 
 

V. Merklinger et 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 Zn-Mg-Al alloy at different temperature for 6 min. At 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 22MnB5 steel. It is evident that the use of 

higher melting temperature alloys for galvanizing of steels might alter the microstructure of the steel 

substrate, and also deteriorate the mechanical properties.  

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

Coating 

Type/ Alloy 

Processing Steps/Coating 

Parameters 

Effect on UTS 

(Initial UTS - 1650 MPa) 

Zn 

1. Hot forming of bare steel 

2. Hot dipping in liquid Zn bath at 

450 °C for 6 min 

UTS decreased by 750 MPa. 

Zn-Mg-Al  

1. Hot forming of bare steel 

2. Hot dipping in liquid Zn bath at 

400 °C for 6 min 

UTS decreased by 450 MPa. 

Zn-Mg-Al  

1. Hot forming of bare steel 

2. Hot dipping in liquid Zn bath at 

350-375 °C for 6 min 

UTS decreased by 350 MPa. 
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A few studies have suggested that for TRIP steels, 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 effects of HDG temperature on the initial retained austenite 

content of 0.08C-1.5Mn-1.5Si steels, for a constant processing time [45]. The amount of retained 

austenite decreased with an increase in isothermal transformation temperature above 460 °C. 

In summary, changing the percentage of phases present in the microstructure during HDG may 

alter the mechanical properties of steels, and these changes are influenced by galvanizing temperatures. 

Therefore, if coating alloys with lower TL are used for galvanizing, it would be possible to reduce 

undesirable alteration of microstructure during galvanizing process. 

 

Figure 2.5  Effects of HDG temperature on the initial retained austenite content of 

0.08C-1.5Mn-1.5Si steels. Adapted and modified from [47]. 

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 

aqueous environments, this oxidation process is electrochemical and involves 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 surface [48].  

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 (æG) for these electrochemical reactions can be quantified by the relationship [48]: 

æ G = ï nFE (2.1) 

Si TRIP
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where ónô represents the number of moles of electrons transferred in the balanced chemical 

equation and óFô is Faraday's constant, which is the electric charge on a mole of electrons, equaling 

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 introduced thermodynamic equilibrium diagrams (E vs. pH), 

called Pourbaix diagrams [49, 50]. These diagrams do not provide any information regarding the kinetics 

of the considered reactions.  

For the general form of the oxidation half-cell reaction in aqueous corrosion:  

aA + H2O = bB + mH+ + neī (2.2) 

Here, óaô denotes the stoichiometric coefficient of the reactant óAô, indicating the number of 

moles of óAô participating in the reaction, where óAô itself is the chemical species being oxidized, 

meaning it loses electrons. Water (H2O) is involved in the reaction, potentially as a solvent or a reactant. 

The symbol óbô stands for the stoichiometric coefficient of the product óBô, reflecting the number of 

moles of óBô produced, with óBô being the species that is reduced (gains electrons) or otherwise formed as 

a product of the reaction. The coefficient ómô indicates the number of moles of hydrogen ions (H+) 

generated, contributing to the solutionôs acidity. The ónô signifies the number of electrons (eī) transferred 

during the redox (reduction-oxidation) process. 

The transfer of oxygen atoms óOô from the water molecule in this equation is not 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 product óBô if it forms an oxide or 

hydroxide, remains as hydroxide ions (OHī) in the solution, evolves as molecular oxygen (O2) in certain 

oxidation reactions, or combines with another reactant not specified in this generalized equation.  

The stability of the thermodynamic species involved (at T = 25 °C) can be assessed using the 

modified Nernst equation (Equation 2.3) [48, 51]. 

E = E0 + 
0.591

n
 log 

b

a
 - 
0.591m

n
pH (2.3) 

where E0 is the standard electrode potential. ὥ is the activity of reacting species. This equation 

allows for the calculation of the potential of a half-reaction under non-standard 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 (API) [52-55]. 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)), zinc ions (ZnĮ ), and zinc oxide or hydroxide compounds like ZnO and Zn(OH)  are stable. The 

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

like ZnO and Zn(OH)  form protective layers, and the red area signifies corrosion where soluble zinc 

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

iron metal (Fe), iron ions (FeĮ  and Feį ), and iron compounds like Fe O  (magnetite) and Fe O  

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

area represents conditions where passive oxide layers form on Fe, 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 

essentially stifled, and the metal is then protected [49].  

  

(a) (b) 

Figure 2.6 Pourbaix diagram of (a) Zn and (b) Fe in distilled water calculated using Materials 

Project. Lines óaô and óbô separate regions of thermodynamic stability of H2, H2O, and 

O2 at 1 atm and 25 ÁC. Blue dashed line óaô represents the equilibrium between H+ and 

H2, while line óbô represents the equilibrium between H2O and O2. Below line óaô H2 is 

stable, above line óbô O2 is stable, while H2O is stable in the region between lines óaô 

and óbô. The grey domains indicate immunity (cathodic protection), green domains 

indicate passivation, and red domains indicate corrosion. Labels show the stable 

species in the various domains. 

When (only) Pourbaix diagrams are considered, Fe seems to be more corrosion-resistant 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, remaining in its metallic form over a wider range of acidic conditions before 

oxidizing to FeĮ  or Feį  compared to Zn, which more readily transitions to ZnĮ . 

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 porous or 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 be porous or 

non-adherent, 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. However, the real-world 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 Cl  ions can aggressively attack oxide films, leading to pitting corrosion [48].  

Corrosion potential (Ecorr) 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 diagram, Ecorr for a given metal under specific 

conditions could be to the lines representing the stability of the metal and its ions intersection. For 

example, the Ecorr of Zn would be at the intersection of the stability areas of metallic Zn and its oxidized 

form, ZnĮ .  

The Pourbaix diagram itself does not provide a dynamic measure of Ecorr; rather, it offers a 

thermodynamic prediction of where Ecorr should 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 measured Ecorr in practical scenarios. Furthermore, the stability of the 

protective oxides, which are crucial for corrosion protection, is not addressed in the diagram.  

In the case of alloys, the prediction of Ecorr from the Pourbaix diagram is even more complex. The 

Pourbaix diagram (Figure 2.7) for the Zn-2.17Mg-3.95Al 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 line representing the intersection of the stability region of the 

metal and its ions, around -2.3 V, typically suggests the theoretical corrosion potential (Ecorr) of the alloy. 
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However, the actual Ecorr, determined using a potentiodynamic polarization test, for this alloy is observed 

at -1.2 V in a neutral 3.5% NaCl solution. One of the reasons for this discrepancy is the Pourbaix diagram 

assumes the presence of Mg in its elemental form, while Mg is present in the ZnMgAl alloy as part of the 

MgZn  or Mg Zn  phases. The materials database underlying the Pourbaix diagram often considers all 

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

leading to differences between the predicted and actual corrosion behavior Therefore, modification of the 

computed Pourbaix diagram after careful selection of species, would be necessary to minimize such 

discrepancies. 

 

Figure 2.7 Pourbaix diagram of Zn-2.17Mg-3.95Al alloy in 3.5 % NaCl environment calculated 

using Materials Project. The dashed red lines separate regions of thermodynamic 

stability of H2, H2O, and O2 at 1 atm and 25 °C. The labels show the stable species in 

the various domains. The line representing the intersection of the stability region of the 

metal and its ions, around -2.3 V, 
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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 metals that might be used to design alloys 

with low TL, in industrial, marine, and rural environmental conditions [56]. With 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 of Zn, Fe, and Low TL Metals 

(Corrosion Rate Zn is Taken as 1) [56] 
 

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 exhibits a notably 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, especially in 

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, being 30 times 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, Galfan® 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 Galvalume® may be attributed to the influence of aluminum on the nature of surface 

passivation. Also, the eutectic structure may alter the anode-cathode geometry on the surface of the 

coating, influencing the corrosion mechanism of the coating. 

During corrosion of Zn-Al alloys, first, the Zn preferentially dissolves, leaving an aluminum-rich 

porous structure; during this stage, the steel is cathodically protected. After the Zn is depleted 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 aluminum [56].  
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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] 

 

Environment 

Corrosion Loss, (ɛm) 

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 environments [57]. Sn exhibits the lowest 

corrosion rate in rural environments at 0.18 ɛm/year but experiences a significant increase in urban and 

marine settings, with the latter showing the highest rate at 3.02 ɛm/year. The 80Sn-20Zn alloy shows a 

higher corrosion rate than pure tin in rural conditions, at 0.46 ɛm/year, and also incurs increased rates in 

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 80Sn-20Zn alloy in rural and urban settings and matches its 

rate in marine environments at 2.90 ɛm/year. The data indicate that while Sn is exceptionally resistant to 

corrosion in less aggressive rural environments, its performance falls behind the Sn-Zn alloy and pure 

zinc in more corrosive urban and marine conditions. 

Table 2.7 Corrosion Rate Coatings on Steel at Three Tropical Sites After 2 Years of Exposure [57] 

Coating 
Environment 

Rural Urban Marine 

Sn 0.18 1.02 3.02 

80Sn-20Zn 0.46 1.35 2.87 

Zn 0.53 1.45 2.90 
 

Prosek et al. [58] studied the corrosion of Zn-Mg alloys containing from 1 to 32 wt% 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 most profound at concentrations of 4-8 wt% Mg in the 

structure. They concluded that the optimal corrosion protection of Zn-Mg alloys in atmospheric 

conditions is due to a combination of relatively noble corrosion potentials, close to that of Zn, and the 

presence of Mg-based films in the coating which provides good stability and barrier properties. After 

8 wt% Mg, the corrosion rates increased drastically. 

Prosek et al. [41] 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 in Figure 2.8. The reference 



 

20 

materials are hot dip panels of Zn-0.2Al (Z), Zn-5Al (ZA), Zn-55Al-1.6Si (AZ), Zn-1.5Al-1.5Mg (ZM) 

and Zn-11Al-3Mg-0.2Si (ZMM). It was observed that the Zn-Mg-Al -X systems with Zn-3Al-2Mg-X 

composition exhibited the highest corrosion resistance. 

 

Figure 2.8 Mass loss of model alloys after 24 months of marine field exposure; standard deviations 

for reference materials are estimated based on 10-month data. Adapted from [41]. 

2.7 Effect of Alloying on Corrosion Potential of Zinc 

The addition of alloying elements to Zn changes its electrochemical properties, such as Ecorr, 

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 aqueous corrosion [48]. Overpotential 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 the kinetic barriers 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 substances [30, 48, 59, 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 the galvanic protection of steel, alloying is usually engineered to improve 

the corrosion resistance (lowering of the corrosion current Icorr in the electrochemical corrosion test) but 

not to greatly reduce the electrode potential difference between Zn and steel. In general, 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 10 wt%, 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 in Table 2.8. For 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 Table 2.8 that Zn-10Ni alloys behave galvanically in 0.6 M NaCl 

solution when coupled to steel. For Zn-20Ni, the polarity reverses and the corrosion of the coupled steel 

may be accelerated.  

Table 2.8 Corrosion Potential of Various Zinc Alloys and Solutions [59, 60] 

Metal/Alloy Solution ESCE (V) 

Steel NaCl, Na2SO4 -0.55 to -0.73 

Zn NaCl, Na2SO4 -1.00 to -1.10 

Zn-5Al 0.5M NaCl -1.04 to -1.07 

Zn-55Al 1M NaCl -0.99 to -l.05 

Zn-10Fe 0.1M NaCl -0.95 to -0.97 

Zn-25Fe 0.1M NaCl -0.95 

Zn-50Fe 0.1M NaCl -0.72 

Zn-10Ni 0.86M NaCl -0.90 to -1.00 

Zn-20Ni 0.6M NaCl -0.7 

Zn-10Cu 0.6M NaCl -0.85 to -1.02 

Zn-40Cu 0.6M NaCl -0.4 

Zn-25Mn 0.5M NaCl -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 values with 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 to the deviation from the equilibrium 

potential of an electrochemical system due to the passage of current through it [48]. For example, when 

Zn is undergoing corrosion, which is essentially an electrochemical process involving the transfer of 

electrons, polarization 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 steel because 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 discovery of new materials by optimization of composition and processing parameters has 

relied on a combination of domain knowledge, trial, and error. Machine learning (ML) in alloy design 
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represents a transformative shift from empirical and experimental methods to a more data-driven 

paradigm, where vast datasets can be leveraged to predict and optimize material properties. In recent 

years, researchers have implemented machine learning to build models that predict materials with 

required properties or predict properties based on materialsô chemistry and processing conditions. Some 

applications of machine learning in materials science are as follows: Agrawal et al. [61] made predictive 

models for fatigue strength of steel using data from the Japan National Institute of Material Science 

(NIMS) Mat-Navi database. Sumpter et 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 principles. Sha et al. used an artificial neural network 

(ANN) model to connect the composition, processing parameters, working conditions, and mechanical 

properties for maraging steels [63]. Another study has shown that ML can help select corrosion-resistant 

multi-principal element alloys (MPEAs) by down-selecting from a large search space [64]. 

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 literature [65, 66]. 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 method [67] to determine 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 testing sets for checking the accuracy of models. If the 

target attribute is numeric (e.g., fatigue strength, melting point) regression techniques can be used for 

predictive modeling; if it is categorical (e.g., whether a compound is metallic or not), classification 

techniques can be used. Some techniques are capable of doing both classification and regression. Several 

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 contexts After 

training the models, hyperparameter fine-tuning 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 and relationship mining are used to visualize multi-dimensional data 

and find the link between input and output properties. 

Table 2.9 Popular Predictive Modeling Algorithms [66] 

Modeling 

Techniques 
Capability Brief Description 

Naive Bayes Classification A probabilistic classifier based on Bayes theorem 

Bayesian 

network 
Classification 

A graphical model that encodes probabilistic 

conditional relationships among variables 

Logistic 

regression 
Classification Fits data to a sigmoidal S-shaped logistic curve 

Linear 

regression 
Regression 

A linear least-squares fit of the data with respect 

to input features 

Nearest-

neighbor 
Classification/Regression 

Uses the most similar instance in the training data 

for making predictions 

Artificial 

neural 

networks 

Classification/Regression 

Uses hidden layer(s) of neurons to connect inputs 

and outputs, edge weights learned using 

backpropagation 

Decision table Classification/Regression 
Constructs rules involving different combinations 

of attributes 

Decision 

stump 
Classification/Regression 

A weak tree-based machine learning model 

consisting of a single-level decision tree 

Alternating 

decision tree 
Classification 

Tree consists of alternating prediction nodes and 

decision nodes; an instance traverses all applicable 

paths 

Logistic 

model tree 
Classification 

A classification tree with logistic regression 

functions at the leaves regression 

M5 model tree Regression A tree with linear regression function at the leaves 

Random tree Classification/Regression Considers a randomly chosen subset of attributes 

AdaBoost Ensembling 
Boosting can significantly reduce error rate of a 

weak learning algorithm 

Bagging Ensembling 

Builds multiple models on bootstrapped training 

data subsets to improve model stability by 

reducing variance 

Random 

subspace 
Ensembling 

Constructs multiple trees systematically by 

pseudo-randomly selecting subsets of features 

Random forest Ensembling 

An ensemble of multiple random trees, generates 

model ensembles based on feature extraction 

followed by axis rotations 
  

2.8.1.3 Model Evaluation  

To precisely examine the predictive accuracy of these data-driven models, the models are trained 

on only part of the data while the remaining data are used for evaluation. In the k-fold cross-validation 



 

24 

method, the dataset is randomly divided into k parts, k-1 parts 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 allows for the same observations to appear more than once in the 

sample) and using each sample to estimate a statistic. The main difference is that k-fold cross-validation 

is primarily a model validation technique to assess the predictive performance of a model while 

bootstrapping is more about estimating the distribution of a sample statistic and providing uncertainty 

measures (e.g., confidence intervals). K-fold cross-validation does not involve sampling with 

replacement, while bootstrapping does. Table 2.10 compares the model evaluation methods. 

Methods Advantages Disadvantages Application Situation 

Hold-out 

Low 

computational 

complexity. 

The proper relative proportions 

of training/testing data are 

difficult to determine; The 

volume of the training data is 

smaller than that of the original 

dataset. 

The data volume is 

sufficient. 

Cross-

validation 

Not greatly 

influenced by 

changes in the 

volume of 

training data. 

The computational complexity 

is high, especially on a large 

dataset; The volume of the 

training data is smaller than that 

of the original dataset. 

The data volume is 

sufficient. 

The data volume is small, 

and the training and testing 

data can be partitioned 

effectively. 

 

Bootstrapping 

Effective 

partitioning of 

training and 

testing data. 

The distribution of the training 

data differs from that of the 

original dataset. 

The data volume is small, 

and the training and testing 

are difficult to properly 

partition. 
 

After model evaluation, the trained model is implemented for the real-world settings for 

prediction or analysis, and continuously updated with new data to maintain or enhance accuracy.  

 

  

Table 2.10 Comparison of Model Evaluation Methods [65] 
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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 pertinent research 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 TL and improve corrosion resistance. The objectives are set to develop low-TL coating 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 thermal cycle 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 [12-14, 16, 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 modifications to accommodate the specific requirements 

of new steels, ensuring optimal microstructural and mechanical properties in the final product [15, 68]. 

To provide substrate processing flexibility during HDG, there is a need for new coating alloys 

with significantly lower TL 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 existing Sn-based coating alloys have low TL, they do not 

provide sacrificial protection of substrate steels [69-72].  
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An ideal coating alloy for galvanizing applications in the automotive industry should strike a 

meticulous balance of properties to ensure optimal performance across various metrics. This alloy should 

exhibit lower TL, the difference between TL and solidus temperature (TS) should be minimal (narrow 

mushy zone) to avoid any problems in later manufacturing processes, such as paint bake hardening. The 

alloy should offer sacrificial protection to substrate steel and provide superior corrosion resistance (lower 

corrosion rate) to enhance longevity. The microstructure of the alloy should promote both formability and 

weldability, facilitating the forming and joining of sheet components. Additionally, the coating should 

possess high adhesion strength to prevent powdering and flaking, ensuring a durable bond with the base 

metal. 

The alloy must also exhibit wettability and support efficient paintability 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 

essential to minimize wear and tear during manufacturing and operation. Lastly, the composition of the 

coating alloy should be non-toxic, aligning with environmental and safety regulations to minimize its 

impact on both human health and the environment. 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 their TL has 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 corrosion behavior and TL of 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 ï  

3.3 Hypotheses 

The application of coating alloys with significantly lower TL is 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 the TL, while 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 lower TL and acceptable corrosion resistance. 

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

multiple performance criteria, including Icorr, Ecorr, TL, and toxicity? 

Approach Summary: Design targets for new coating alloys were established. Potential new alloys with 

low TL that could satisfy key performance criteria including Icorr, Ecorr, TL, 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 correlation (relationship between two or 

more features i.e., variables within a dataset) and 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 and TL data available to create machine learning 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 open-source ML 

libraries were trained on a database created using i) experimental corrosion data collected from the 

literature and ii) computed TL. ML models were also employed to find feature correlations in the database 

and predict Icorr and Ecorr of the alloys. DSC was used for validation of the predicted TL, and 

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 Thermo-Calc®, and experimental measurements of 

coating alloys using DSC were utilized to identify the phase transformations 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 CORROSION-RESISTANT COATING 

ALLOYS WITH LOW LIQUIDUS TEMPERATURE 

4.1 Introduction  

The design of new corrosion-resistant coating alloys that also exhibit low TL is a complex task, 

necessitating a robust and efficient approach. Traditional physics-based models are available for 

computationally predicting the TL of alloys e.g., CALPHAD (Calculation of Phase Diagrams) 

modeling [73]. However, physics-based models for predicting Icorr and Ecorr based on alloy compositions 

and environmental conditions are not currently available. This gap presents a significant challenge in the 

computational design 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 predict Icorr and Ecorr for specific alloy 

compositions under various environmental conditions. 

For this study, the computation of TL is vital for alloy design, and while Thermo-Calc® [74] offers 

capabilities to calculate TL for given compositions, it does not allow for reverse calculations. This 

limitation means that one cannot input a desired TL range to receive potential alloy compositions as a 

computed output. To circumvent these issues, and simultaneously optimize multi-performance criteria 

including TL, Icorr, and Ecorr, 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, alongside the establishment 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 desirable TL properties. 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 validate TL and 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 include the TL, corrosion 
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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 composition, and toxicity of the coating alloys [7, 75,76]. In this 

work, the performance criteria TL, corrosion resistance, coating composition, cost/availability, 

flammability, and toxicity were utilized to select alloying elements for the development of coating alloys. 

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 dependent on process details as well as the alloy composition. 

In electrochemistry, Icorr and Ecorr are often used to describe and quantify corrosion resistance 

[29-31]. For an electrochemical reaction, Icorr is directly related to the rate of corrosion. Ecorr is the 

potential at which the rate of an anodic reaction is equal to the rate of a cathodic reaction. Ecorr can be 

utilized to determine whether the coating protects a substrate sacrificially or not. If the Ecorr of a coating is 

more negative than the Ecorr of a substrate, the coating corrodes preferentially to the substrate, i.e., 

providing ñgalvanic or sacrificial protection.ò When coupled through an electrically conducting pathway, 

sacrificial coatings protect the substrate even if there are through-thickness scratches in the coating. 

Therefore, the Icorr and Ecorr properties were exploited (along with TL) in 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 here as the reference electrode. 

4.2.2 Design Targets for Coating Alloys 

Adding alloying elements to Zn can affect its Ecorr, thereby affecting its ability to sacrificially 

protect carbon steels. Previous research by D. Jones et al. and X. Zhang have shown that adding up to 

10 wt% of alloying elements to Zn can change its Ecorr by 50 to 100 mV [59, 60]. Adding alloying 

elements more noble than Zn makes the resultant Ecorr more noble and vice versa for elements more 

reactive than Zn.  

In 3.5 % NaCl solution, Zn, Mg, Al (nonpassivated), Sn, Ga2, Bi, and In3 have electrode 

potentials (ESCE) of approximately -1.1, -1.6, -0.75, -0.46, (-0.2 to -0.55), -0.17, and -0.67 V, respectively, 

[77, 78], while carbon steels have ESCE in the range from -0.52 to -0.73 V [59, 60]. Given that Sn, Ga, Bi, 

and In 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. 
3 To avoid confusion between the word óIn (i.e., in)ô and the symbol of the element Indium in the periodic table (In), 

the symbol of element Indium is italicized. 
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limited to a maximum of 20 wt%. 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 from 0 ï 50 mpy4 (mils per year) are usually acceptable for ferrous 

alloys [79]. Using Faradayôs law, corrosion rates in mpy can be converted to corrosion rates in ÕA/cm2 (in 

accordance with ASTM G102-89, 2015) [80]. The corrosion rate of 50 mpy is equivalent to an Icorr value 

of 110 µA/cm2. Therefore, the target Icorr for coatings should range from 0 ï 110 µA/cm2, with lower 

corrosion rates being preferred. 

To enable new substrate processing routes, the TL of a new coating alloy should be significantly 

lower (preferably at least approximately 100 °C) than the Tm of Zn (419.5 °C). Coating alloys with even 

lower TL values provide additional flexibility for substrate processing. For this study, the TL range from 

250 ï 325 °C was considered as the design target. Table 4.1 summarizes the target properties and 

constraints used for designing the new coating alloys. 

Table 4.1 Design Targets for New Coating Alloys 

Property Icorr Ecorr TL 

Total % of Noble Elements (Ga, In, 

Bi, Sn,) and their Combinations in 

the Coating Alloys 

Constraint / 

Range 

0 ï 110 

µA/cm2 
Lower than 

-730 mV SCE 

250 ï 325 

°C 
Less than 20 wt% 

Remark 
Low Icorr 

preferred. 

ESCE of carbon steels 

is in the range from  

-520 to -730 mV SCE. 

Low TL 

preferred. 

Minimal addition of these elements 

to Zn was preferred since it could 

change the Ecorr of Zn to nobler 

value. 
 

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: TL, Icorr, and Ecorr. 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 an inch per year.  

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 performance, like Ecorr and Icorr. A database for 

training the ML models was prepared by collecting experimental data from the published literature that 

included coating composition, Icorr, Ecorr, type of electrolyte solution, and concentration of electrolyte [59, 

60, 69-72, 81-106]. The TL of the alloys was determined using Thermo-Calc®. The database contained 

information for Zn-based coating alloys (e.g., Zn, Zn-Mg, Zn-Mg-Al, Zn-Ni, Zn-Co, Zn-Mn, Galfan®, 

and Galvanneal), Sn-based alloys, Mg-based alloys, and Al-based 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 G3-14, 2014 [107]. To maintain uniformity 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 (ESCE) using conversion factors provided in 

Table 4.2 as described in ASTM G3-14, 2014 [107]. When the corrosion rate other than Icorr (such as mass 

or thickness loss) was documented in the literature, the procedure described in ASTM G-102-89, 2015, 

was used to convert the corrosion rate to Icorr [80]. The procedure is summarized in Appendix A. In the 

case of corrosion studies of Zn based alloys, the majority of the data were available at room temperature, 

and neutral pH conditions. Corrosion data the varying concentration of NaCl electrolyte was available at 

room temperature conditions, as reflected in the ML database, Appendix B. Initially the corrosion data 

from the accelerated corrosion tests was considered. However, due to limited compositional variation in 

the accelerated corrosion test data and lack of standard methods to convert these data into Icorr (and 

perhaps Ecorr), the data were not used for model training. 

Table 4.2 Reference Potentials and Conversion Factors [107] 
 

From the Standard Potential of the 

Half Cell 

To Standard Hydrogen 

Electrode (mV) 

To Standard Calomel 

Electrode (mV) 

H2/H+ - -241 

Ag/AgCl/sat KCI +0.196 -0.045 

Ag/AgCl/1 M KCl +0.235 -0.006 

Ag/AgCl/0.6 M Cl- (seawater). +0.25 +0.009 

Ag/AgCl/0.1 M Cl- +0.288 +0.047 

Hg/Hg2Cl2/ sat KCl (SCE) +0.241 ï 

Hg/Hg2Cl2/1 M KCl +0.280 +0.039 

Hg2Cl2/0.1 M KCl +0.334 +0.093 

Cu/CuSO4sat +0.30 +0.06 

Hg/HgSO4/H2SO4 +0.616 ï 
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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 (Icorr), Ecorr, TL, and electrolyte concentration 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 for the TL, Icorr, and Ecorr models on 

Citrination®. Additionally, the type of data and range of the data for each target property are provided in 

Table 4.4. 

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

 

ID 

Feature Label Reference 

Formula 
Concentration of 

Electrolyte (M) 
Electrolyte 

TL 

(°C) 

Log (Icorr) 

(µA/cm2) 

Ecorr 

(mVSCE) 
 

1 Zn94Mg3Al3 0.599 NaCl 359.8 0.77 -1129.0 Title/DOI 

 

Table 4.4 Number of Observations in the Database for TL, log Icorr, and Ecorr Models on Citrination® 

Model TL log (Icorr) Ecorr 

Number of 

Observations 
22831 165 155 

Type of Data Computational Experimental Experimental 

Range 140 to 420 °C -4.1 to 2.94 µA/cm2 -1725 to -400 mV SCE 
 

4.2.3.2 Model Training and Evaluation using the Citrination Platform®  

For predictive analysis and multi-objective optimization (Pareto-surface Optimization) [108-109], 

the models were trained on the Citrination® platform [26]. On the Citrination® platform, inorganic 

formulae in the database were converted to over 100 elemental and analytical features (descriptor 

properties) i.e., physically meaningful component vectors using the Citrination® feature library [110, 

111], which is based on the Magpie library [112]. These features were then used during the ML model 

training stage. Three target properties: TL, Icorr, and Ecorr 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 Citrination® platform using the Random Forests (RF) 

imbued with uncertainty estimates. The k-fold cross-validation (CV) method [65] with three CV folds 

was employed to evaluate the models. In this method, the dataset is randomly divided into k parts; k-1 

parts are employed to build and train the model, while the remaining part is employed for testing. Modelsô 

performance was evaluated using the nondimensional model error (NDME) metric, NDME is Root Mean 

Squared Error (RMSE) divided by the standard deviation of the observed values 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 restrictions Icorr, Ecorr, and TL, as shown in Table 4.1. 

4.2.3.3 Model Training and Evaluation Using Open-Source Python Libraries  

After initial ML results, it was identified that CALPHAD method (applied using Thermo-Calc® 

software) is a better than ML methods to compute the TL of alloys and study the effect of alloying 

elements on the TL of alloys since Thermo-Calc® uses thermodynamic databases and related 

thermodynamic equations to calculate the TL of given alloy composition. However, such computational 

tools were not available to study the effects of alloying elements on Ecorr and Icorr. 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 training (i.e., features from Citrinationôs own database 

were included). Therefore, to analyze the database more extensively, study the importance of features 

available only in the collected database, and understand the effects of other ML algorithms on model 

performance, open-source Python ML libraries [113-118] were used. Histograms were plotted for each 

feature to visualize their distributions and a correlation matrix using Pearson correlation coefficients 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 target variables óIcorrô and óEcorrô were separated 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 employed for training 

purposes, and the remaining 20 % were employed for testing purposes [119]. The 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, K-Nearest Neighbors, Linear Regression, Support Vector Regression (SVR), 

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 complex relationships in data and are also known for their ability 

to handle non-linearities and interactions between features [120-121]. 

To optimize the models, hyperparameter tuning was conducted using GridSearchCV [113], which 

systematically works through multiple combinations of parameter options, cross-validating as it goes to 

determine which combination of model parameters gives the best performance. To evaluate models, 

k-fold CV with 5 folds during hyperparameter tuning was utilized.  
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The modelsô performance was evaluated using Mean Squared Error (MSE), RMSE, NDME, and 

R-squared (RĮ). MSE and RSME provide a measure of how close the modelsô predictions are to the actual 

values, while R² indicates the proportion of variance in the dependent variable 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 driving factors behind the modelsô predictions and for any necessary feature 

engineering or selection. 

4.3 Results And Discussion 

In this section, the materials selection chart [25] 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 identification of coating 

alloys with low TL in multicomponent systems are discussed. 

4.3.1 Development of Materials Selection Chart 

In recent decades, property-property diagrams have gained traction as tools for visualizing and 

comparing the attributes of various classes of materials on a single chart. For example, Ashby [25] 

developed material selection charts that compare the mechanical properties of various classes of 

materials, while ñbananaò diagrams were created to juxtapose the strength-elongation characteristics of 

different types of steels [44]. To further facilitate the process of material selection, a ómaterials selection 

chart,ô shown 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 criteria Icorr, Ecorr, and TL. The database 

created experimental corrosion data collected from the literature and computed TL data were used to 

develop the materials selection chart. The raw database is provided in Appendix B. 

The material selection chart shows the change in Icorr, Ecorr, and TL 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 of Icorr, Ecorr, and TL values for different alloy systems. For 

reference, Ecorr values for uncoated carbon steels range from -520 mV to -730 mV [59, 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, Sn-based alloys present some limitations. Despite their low Icorr 

and TL, 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 is 6-8 times higher than that of Zn [123-125]. 

Therefore, the primary benefit of Sn lies in reducing TL. In contrast, Mg up to 8 wt% enhances the 

sacrificial protection qualities of Zn and reduces its corrosion rate [58]. Mg 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 increased, Ecorr decreased to a more 

negative value, reducing the activation energy for the corrosion reactions, and resulting in a high Icorr for 

Mg-based alloys.  

 

Figure 4.1  Materials selection chart illustrating the current state of the design space from the 

perspective of the performance criteria Icorr, Ecorr, and TL. Coatings with Ecorr lower than 

-730 mV are sacrificial to carbon steels, while coatings with Ecorr higher than -730 mV 

are non-sacrificial to carbon steels. Superscripts 1 and 2 for the Al-Zn alloy data represent 

different NaCl electrolyte concentrations of 0.01 and 0.59 M, respectively.  

Coatings like Al-Zn (including Al-Zn-Si, and Al-Zn-Fe) exhibit high variability in both Ecorr and 

Icorr, dependent on environmental conditions. However, a significant drawback of these coatings is their 

higher TL. In the case of galvannealing, the formation of Zn-Fe alloy 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 selection chart in Figure 4.1, Zn-Mg-Al alloys 

stand out as the most promising candidates among the existing alloys, based on their performance in Icorr, 

Ecorr, and TL. Specifically, these alloys exhibit the lowest corrosion rate within Zn-based alloys, and they 

offer sacrificial protection to carbon steels. With a eutectic composition (Zn-2.4Mg-3.9Al) featuring a TL 

of 344 °C, Zn-Mg-Al alloys also present opportunities for further TL reduction through additional 

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 

open-source Python libraries. The total range (maximum value ï minimum value) of each feature is 

divided into 20 bins (X-axis) and the frequency of each bin is plotted on Y-axis, as shown in Figure 4.2. 

Since the database contained Zn, Mg, Al, and Sn-based coatings the elements Zn, Mg, Al, Sn, Cu, and Ag 

were seen at greater frequency compared to other alloying elements. The distribution of properties Icorr, 

Ecorr, and TL is also shown in Figure 4.2. Ecorr values ranged from -1700 to -400 mV, log (Icorr) values 

varied from -5.2 to 3.0 µA·cm-2, and TL 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 4.3 [127]. The values of Pearson 

correlation coefficients lie between -1 and 1. Negative values represent a negative correlation (i.e., when 

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 the TL, while other alloying elements like Zn, Mg, Al, Fe, 

Si, Ni, and La, contribute to increasing TL. The correlation matrix shows the overall 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 find the nonlinear relations between 

features to a target property in a specific region of the alloy space, e.g., Al reduces the TL of Zn when 

added up to 5 wt%, but beyond that Al increases the TL. The correlation matrix cannot explain these 

details because of the one-dimensional linear approach exercised in this technique. 

The feature correlations in Figure 4.3 also indicate that Ecorr is greatly influenced by alloying 

elements, like Mg, Zn, Sn, Ag, Cu, Fe, and Bi. Alloying elements Mg and Zn reduced the Ecorr of the 

coating alloys, whereas Sn, Ag, Fe, and Bi increased the Ecorr. It can be observed in Figure 4.3 that Ecorr 

had a generally negative relationship with Icorr. When Ecorr was very negative, there was a high 

thermodynamic driving force for a corrosion reaction. Galvanic protection is a desirable characteristic 

associated with a negative Ecorr, although a high Icorr is not necessarily desired. 



 

38 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2 Histograms showing the distribution of feature and target properties in the database 

used for creating ML models using open-source Python libraries. Conc is the 

concentration of the electrolyte associated with corrosion results in the database. The 

determined ranges for the design targets were described in Table 4.1. The targeted Icorr 

is within 0 ï 110 µA/cm2, Ecorr is to be lower than -730 mVSCE, and TL ranges from   

250 ï 325 °C. 
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The feature correlation matrix should not be utilized to compare features (inputs) and binary or 

categorical labels (outputs/targets). The feature correlation matrix in Figure 4.3 does not indicate that Icorr 

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 Icorr was negatively correlated with the electrolyte concentration. The 

negative correlation implies that as the concentration of the electrolyte increased, Icorr decreased. This may 

not be true for all alloys in the database. 

 

Figure 4.3  Pearson correlation heat map illustrating the linear correlations between features in the 

database. The target properties the represented by TL (TL), Icorr (Icorr), and Ecorr 

(Ecorr). Conc is the concentration of the electrolyte associated with corrosion results in 

the database. 

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 Icorr 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 the TL, Icorr, and Ecorr models trained using the 

Random Forest algorithm imbued with uncertainty estimates on the Citrination® platform are displayed in 

Figure 4.4(a), (b), and (c), respectively [128]. In 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 represent +/- one 

standard deviation, and the green line represents the ideal behavior where every prediction would equal 

the actual value. óExtrapolatingô points represent values that are sufficiently different from the training 

data (based on a proprietary metric), while óNon-Extrapolatingô points represent values that are examples 

similar to the training data and typically exhibit higher predictive accuracy (lower uncertainty) [129, 130]. 

For problems with a lower number of data points, most of the points are óextrapolating,ô and adding data 

improves the model. 

On the Citrination® platform, NDME and RSME error metrics were utilized to evaluate the 

accuracy of the models [129, 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 lower NDME indicates that the modelôs predictions are closer to the observed data when 

compared to the variability within the observed data itself. An NDME of 1 would indicate that the RMSE 

is equal to the standard deviation of the observed data, suggesting that the model predictions are on 

average as accurate as a óno-skillô model that always predicts the mean of the observed values. NDME 

provides a relative measure of error that accounts for the variability of the 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 values. RMSE 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 interpreted 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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(a) TL (b) Icorr 

 
(c) Ecorr 

Figure 4.4 Parity plots on Citrination® platform showing the regression results using the RF 

algorithm for the (a) TL, (b) Icorr , and (c) Ecorr models. óExtrapolatingô and óNon-

Extrapolatingô data points are represented by the orange and blue colors, respectively. 

Table 4.5 shows the NDME and RMSE for the TL, log Icorr, and Ecorr models. The NDME values 

for TL, Icorr, and Ecorr are 0.19, 0.43, and 0.47, respectively. This suggests that all models perform better 

than a no-skill model, with the TL model having the lowest NDME and thus the best relative performance 

compared to the spread of the data. The absolute RMSE values of 5.41 for TL, 0.52 for Icorr, and 208.86 

for Ecorr suggest that the model for Ecorr has the largest deviation in terms of the scale of Ecorr. In contrast, 

the model for Icorr has the smallest deviation in its predictions. 
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Table 4.5 Model Performance Metric for TL, Icorr, and Ecorr Models  
 

Error Metric TL Log (Icorr) Ecorr 

NDME 0.2 0.43 0.47 

RMSE 5 °C 0.52 µA/cm2,  208 mVSCE  

The TL model was able to fit data better than the Icorr and Ecorr models since the TL model was 

trained on computationally generated data, while the Icorr and Ecorr models were trained using experimental 

data reported in the literature. As the data reported in the literature have high variance, Icorr and Ecorr 

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 ñoptimalò alloy compositions by providing design targets as inputs 

When the models were employed to predict alloy compositions by providing the design targets as 

inputs: 0 ï 110 µA·cm-2 for Icorr, values lower than -730 mV SCE for Ecorr, and 250 ï 325 °C for TL, as 

described in Table 4.1, 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 candidates with a high probability 

of outperforming existing materials, taking into account model uncertainty [131]. MLI candidates were 

best suited for performing experiments to improve models as a part of the sequential learning [132] 

framework.  

Notably, the predictions, e.g., Sn90Pb9Mg1, were skewed towards Sn-based alloys, likely due to 

the availability of such alloys in the existing database. Long-term exposure of such alloys to the 

atmospheric environment could lead to passivation [72, 93, 122]. The possibility of passivation and the 

toxicity of elements (e.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 

impractical.  

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 the accuracy of the model [127]. Tables 4.6ï4.8 list 

some of the features used to train the TL, Icorr, and Ecorr ML models on Citrination®. On the Citrination® 

platform, the 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 properties. A 

short description of each property is given in the Appendix B. 

Table 4.6 Important Features Used to Train the TL Model on the Citrination® Platform 

Feature 
Importance 

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 of Mulliken 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 theory) DFT volume ratio for composition 2 

Maximum radius ratio for composition 2 
 

From Table 4.6, it was identified that the melting temperature of an alloy is closely related to ñthe 

mean of shear modulus melting temperature product for the composition and mean of the number of d 

valence electrons for composition.ò From Table 4.7 and Table 4.8, for example, it was identified that Icorr 

is highly correlated with properties like ñmean of the radius of p orbitals for formula, the concentration of 

the solution, and mean of elemental polarizability for formulaò while corrosion potential is not highly 

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

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

Feature 
Importance 

Score (%) 

mean of Radius of p orbitals for formula 30 

Conc. of Solution 17 

mean of Elemental polarizability for formula 15 

mean of DFT volume ratio for formula 4 

mean of Elemental melting temperature for formula 4 

mean of Elemental density for formula 3 

mean of Elemental work function for formula 3 

mean of Valence 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 on the target properties. 
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Table 4.8 Important Features Used to Train the Ecorr Model on the Citrination® Platform  

Feature 
Importance 

Score (%) 

mean of Elemental work function for formula 9 

mean of Packing density for formula 6 

mean of Row in periodic table for formula 5 

mean of Elastic Poisson Ratio for formula 4 

mean of Elemental melting temperature for formula 4 

mean of Non-dimensional work function for formula 4 

mean of Elemental atomic volume for formula 4 

mean of Radius of d orbitals for formula 4 

mean of Elemental bulk modulus for formula 4 

mean of Elemental polarizability for formula 4 
 

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

The Citrination® platform uses only RF 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 TL predictions 

ML models rely on the data available in the database to predict the target properties. The models 

did use any thermodynamic databases for the calculation of TL. However, software packages like 

Thermo-Calc® use thermodynamic databases and related fundamental thermodynamic relations to 

calculate TL. Therefore, the prediction of TL for any given composition was considered more reliable 

when Thermo-Calc® was employed. 

4.3.5 Evaluation of the ML Models Created using Open-Source Python Libraries 

To study the importance of features available only in the collected database, open-source Python 

libraries were used [113-118]. First, the Icorr and Ecorr 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 scores for each Icorr 

and Ecorr. Figure 4.5 and Figure 4.6 show the parity plots containing the regression results of the Icorr, and 

Ecorr models, respectively. Consider any subplot in Figure 4.5 or Figure 4.6, each blue dot on the plot 

represents an individual observation where the x-axis shows the actual property values and the y-axis the 

predicted values, both in the same units as shown on the axis label. The red line indicates the best-fit line 

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 equal the predicted values, which would be 

the line y = x. 

The red shaded region around the best-fit line represents the confidence interval or prediction 

interval obtained from the scikit-learn 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 uncertainty of the model.  

  
(a) Random Forest (b) Gradient Boosting 

  
(c) AdaBoost (d) XGBoost 

Figure 4.5 Parity plots showing the regression results of Icorr models trained using the (a) RF, 

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

Table 4.9 and Table 4.10 show the model performance metrics for Icorr and Ecorr models, 

respectively. To evaluate the models, MSE, RMSE, R2, and NDME error metrics were used [133]. Since 

the k-fold CV method with 5 folds was used for model evaluation, MSE, RMSE, and R2 errors and 

respective standard deviations (SD) were calculated for each fold. Results showing the change in these 

errors with each fold for both the Icorr and Ecorr models are included in Appendix C. These results provide 
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a comprehensive view of the modelôs performance and stability during the cross-validation process. 

Tables 4.9 and 4.10 show the mean values of these errors over 5 folds. 

The R2 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 model [133]. An R2 value of 1 

indicates that the model perfectly predicts the dependent variable, while an R2 of 0 would mean that the 

model does not explain any of the variability in the outcome data. In simpler terms, the closer the R2 

value is to 1, the better the model is at making predictions. The MSE is a measure used to assess the 

quality of a predictor or a model [133]. 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 modelôs predictions are because it indicates that the predictions are closer to the true data 

points. As discussed earlier in section 4.3.3 óEvaluation of the ML Models on the Citrination PlatformÈ,ô 

NDME is a ratio that compares the RMSE to the standard deviation of the actual values, giving a 

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 Icorr 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 Forest and AdaBoost 

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 showed higher 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 R2 metric showed that both Gradient Boosting and XGBoost shared the highest, mean R2 

value of 0.83, signifying that they can explain 83 % of the variability in the data. The Random Forest 

model was slightly behind with an R2 of 0.81, and AdaBoost trailed with 0.77. The standard deviations 

for R2 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 the variability in the data. 
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(a) Random Forest (b) Gradient Boosting 

  
(c) AdaBoost (d) XGBoost 

Figure 4.6 Parity plots showing the regression results of Ecorr models trained using the (a) RF, 

(b) Gradient Boosting, (c) AdaBoost, and (d) XGBoost algorithms. 

 

Table 4.9 Model Performance Metrics for Icorr Models  

Algorithm 
Mean 

MSE (µA/cm2)2 
SD 

Mean 

RMSE (µA/cm2) 
SD 

Mean 

R2 
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, XGBoost appeared to be the most accurate and consistent model for predicting Icorr 

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 slightly less consistent ability to capture the 

variance in the data. These insights are critical when selecting a model for practical applications, as they 

highlight the trade-offs between accuracy, consistency, and ability of a model to capture the underlying 

patterns in the data. 

Table 4.10 outlines the performance metrics for models predicting Ecorr. The 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 AdaBoost models 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 deviations, 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 followed closely with 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 case of Ecorr models, the standard deviation of the 

RMSE was relatively higher for Gradient Boosting, which further suggests inconsistency in the 

predictions. 

Table 4.10 Model Performance Metrics for Ecorr Models 
 

Algorithm 

Mean 

MSE 

(mVSCE)2 

SD 

Mean 

RMSE 

(mVSCE) 

SD 
Mean 

R2 
SD NDME 

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 mean R2 of 0.7, meaning they explain about 

70 % of the variance in Ecorr. In contrast, Gradient Boosting and XGBoost models had a lower mean R2 of 

0.6, indicating they explain only 60 % of the variance. The standard deviations for R2 were relatively 

small for all models, but Gradient Boosting has the highest variation. 
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NDME values were the same for Random Forest and AdaBoost at 0.47, suggesting their errors 

are about half the spread of the actual dataôs variance. Gradient Boosting and XGBoost had higher 

NDME values at 0.52, indicating that their errors are larger relative to the dataôs variance. 

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 predicting Ecorr 

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 variable [88]. In 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 of Icorr models trained using Random Forest, 

Gradient Boosting, AdaBoost, and XGBoost algorithms. Conc is the concentration of the electrolyte. TL 

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 Icorr. Zn followed as the second 

most impactful feature, with Ecorr, TL, 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 importance to TL and Ecorr 

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. TL and Al were given much higher importance in AdaBoost than in the other 

models, with Ecorr also being a significant predictor. This distribution of feature importance suggests a 

more balanced approach, where concentration, TL, and Al were all critical to the modelôs predictions 

about Icorr. 

XGBoost ranked Zn as the feature with the highest importance, a notable deviation from the other 

models where concentration led. Ecorr and concentration were almost equally important, followed by TL 

and Al. This model gave a more balanced weight across features, suggesting a more complex interaction 

between the predictors when estimating Icorr. It should be noted that, compared to other models, XGBoost 

was the most accurate and consistent model for predicting Icorr.  
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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 modeling Icorr. The variations in the importance 

rankings for Ecorr, TL, 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 on Icorr predictions may be more specific to particular characteristics of the 

model and data set. 

Figure 4.8 shows the relative feature importance for Ecorr models trained using Random Forest, 

Gradient Boosting, AdaBoost, and XGBoost algorithms. Conc is the concentration of the electrolyte. TL is 

the liquidus temperature, and Ecorr is the corrosion potential. In the case of the feature importance of Ecorr 

models, for the Random Forest algorithm, Mg and Zn were the most influential features, followed by Sn, 

Icorr, and TL. The importance scores suggest these elements, particularly Mg and Zn, play a critical role in 

the modelôs predictions. Other elements like Fe and Al also contribute to the model, albeit to a lesser 

extent. 

Gradient Boosting mirrored the Random Forestôs valuation of features, with Mg and Zn holding 

the top spots, yet Mgôs prominence was slightly more pronounced here. Icorr maintained a significant role, 

reflecting its consistency as a key predictor across models. The importance of TL was lower, 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. Icorr, while still crucial, and given more weight in the AdaBoost model than in Gradient 

Boosting. Snôs influence was relatively less in AdaBoost compared to the other models, and once again, 

TL was recognized as an important but less dominant feature. 

XGBoost presented a slightly different perspective, assigning the highest importance to Icorr, i.e., 

indicating a shift in the predictive focus toward corrosion current density. Zn remained highly influential, 

and TL 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 the Ecorr of the alloys. Icorrôs prominence, especially in XGBoost, highlights its 

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 model-dependent. It is worth noting that some 

features, such as Mn, consistently show zero importance across all models, indicating that they do not 

contribute to the modelôs decision-making process within the given dataset. 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 for Icorr models trained using the (a) Random Forest, 

(b) Gradient Boosting (c) AdaBoost, and (d) XGBoost algorithm. The features are plotted 

against their relative importance (which add to one). Conc is the concentration of the 

electrolyte. TL is the liquidus temperature, and Ecorr is the corrosion potential. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

54 

 

(a) Random Forest 

 
(b) Gradient Boosting 
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Figure 4.7 Continued 

 

(c) AdaBoost 

 
(d) XGBoost 
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Figure 4.8  The relative importance of features for Ecorr models trained using the (a) Random Forest, 

(b) Gradient Boosting (c) AdaBoost, and (d) XGBoost algorithm. The features are plotted 

against their relative importance (which adds to one). Conc is the concentration of the 

electrolyte. TL is the liquidus temperature, and Icorr is the corrosion current density. 
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(a) Random Forest 

 
(b) Gradient Boosting 
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Figure 4.8 Continued  

 

(c) AdaBoost 

 
(d) XGBoost 
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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 predictive accuracy 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. Additionally, tree-based models 

excel at detecting feature interactions, while regularization techniques in models like XGBoost help 

prevent overfitting. Variability in model performance can also arise from bias-variance trade-offs, 

hyperparameter tuning, and the specific preprocessing applied to data. Randomness 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 influence of different 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 L  

Although ML models provided valuable information regarding the dependence of Icorr and Ecorr 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 computational approach discussed in this section was employed. 

To calculate the TL for the alloys of interest, the CALPHAD method was employed, leveraging 

Thermo-Calc® software and associated Al and Mg databases (TCAL5, TCAL6, MOBAL5, TCMG5, 

MOBMG1) [134-138]. These Thermo-Calc® 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, Sb, Hf, Pb, Bi, La, Ce, Pr, Nd, Sm, Gd, Dy, Ho, Er, and Th. Of these elements, Li, Mg, Al, Ga, 

Cd, In, Sn, Pb, and Bi can significantly reduce the TL of Zn-based alloys [18-20]. However, Pb and Cd are 

highly toxic, Li is moderately toxic, and a highly flammable element [139]; these elements were 

eliminated from further consideration. Therefore, Zn, Mg, Al, Sn, Ga, Bi, and In were 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 a low TL. The compositional 

space created using the above elements, including twenty-one binary systems, thirty-five ternary systems, 

four quaternary systems, and six quinary systems was meticulously analyzed, studying more than 300,000 
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unique CALPHAD conditions to identify alloy compositions with low TL, that could also provide 

sacrificial protection to steel substrates.  

Table 4.11 enlists the Zn-based alloy systems, investigated in this study, that could potentially 

satisfy the design targets related to TL and wt% of noble elements in the coating alloy. To calculate the TL 

of the alloys, óliquidus and solidus temperature modelsô in Thermo-Calc® were employed. When 

calculating TLs in Thermo-Calc®, up to three elements can be varied simultaneously from 0 to 100 %. 

Therefore, it was easiest to identify regions of lower TL in binary 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 TL 

calculation could need significant computational resources and time, so a step size of 0.2 wt% was used 

when varying concentrations of alloying elements. 

Table 4.11 Alloy Systems Investigated to Identify Coating with Low TL  
 

Type of Alloy 

System  
Alloy Systems 

Binary ZnMg, ZnAl, ZnBi, ZnGa, ZnIn, ZnSn 

Ternary  

ZnMgAl, ZnMgSn, ZnMgBi, ZnMgGa, ZnMgIn, 

ZnAlSn, ZnAlBi, ZnAlGa, ZnAlIn, ZnSnBi,  

ZnSnGa, ZnSnIn, ZnBiGa, ZnBiIn, ZnGaIn 

Quaternary ZnMgAlSn, ZnMgAlBi, ZnMgAlGa, and ZnMgAlIn 

Quinary 
ZnMgAl5SnGa, ZnMgAl5SnIn, ZnMgAl5SnBi, 

ZnMgAl10SnGa, ZnMgAl10SnIn, and ZnMgAl10SnBi 

In binary Zn-based alloys, the reduction in TL is quite limited when noble elements like Sn, Ga, 

Bi, and In are capped at 20 wt%. In the case of Zn-Mg alloys, even though both elements are sacrificial to 

carbon steels, the lowest TL achieved in this system is 341°C for Zn-47.6Mg composition (wt%). 

Additionally, as observed in the materials selection chart, Figure 4.1, such 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, and In. This study specifically considered 15-ternary systems involving Zn, as listed in 

Table 4.11. Liquidus contour projections for portions of selected Zn-based ternary systems are shown in 

Figure 4.9, with the low-TL regions highlighted by black ovals. The contour projections for the remaining 

ternary systems are available in the supplementary document, Appendix D.  
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(a) (b) 

  

(c) (d) 

Figure 4.9 Ternary liquidus contour projection diagrams (a) ZnMgAl, (b) ZnMgSn, (c) ZnAlSn, 

and (d) ZnAlGa. Black ovals indicate the regions of interest with low TL. 

A detailed analysis of these 15 ternary systems (Appendix D) reveals that some alloy system 

combinations, like ZnMgAl, do not achieve TL below 344 °C, failing to meet the design criteria outlined 

in Table 4.1. (The liquidus contour projection of the low TL 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 

TLs under 325°C, as illustrated in Figure 4.9(b-d). However, the concentrations of noble elements (Sn, 

Ga, Bi, and In) in these low-TL regions are substantially above the 20 wt% threshold. For example, 

ZnMgSn and ZnAlSn alloys showed significant TL reductions when Sn concentrations exceeded 40 wt%. 

Similarly, in the ZnAlGa system, low TLs were found when the concentration of Ga was greater than 

25 wt%. Therefore, despite their low TLs, 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 such as soldering or 

brazing, due to their low TL. 

In the case of quaternary alloy systems (e.g., ZnMgAlGa), identifying alloy compositions with 

low TL is more challenging due to system complexity. In Thermo-Calc® more than three elements cannot 

be varied simultaneously. Therefore, the concentration of the fourth alloying element (e.g., Ga) was kept 

constant at a specific value (e.g., 1 wt%), and then TL calculations were performed by varying Zn, Mg, 

and Al simultaneously. The Mg and Al were limited to a maximum of 10 wt% since the TL increased 

beyond that level. The lowest TL 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 the fourth alloying element, 

and carried out for all four quaternary alloy systems. Figure 4.10(a) explores the effects of varying 

concentrations of Sn, Bi, Ga, and In on the lowest liquidus temperature (TL) in alloy systems: ZnMgAlSn, 

ZnMgAlBi , ZnMgAlGa, and ZnMgAlIn respectively. 

In quinary systems (e.g., ZnMgAlSnGa), a similar but extended methodology was followed. 

Initially, the concentration of the fourth element (e.g., Sn) was held constant at 5 wt%. Then, for different 

fixed values (1 to 5 wt%) of the fifth element (e.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 10 wt%, and for different fixed values (1 to 10 wt%) of the fifth alloying element (e.g., 

Ga), the Zn, Mg, and Al were varied simultaneously. The lowest TL and corresponding composition for 

each iteration were recorded. A similar procedure was followed to find alloys with low TL in the 

following quinary alloy systems: ZnMgAl5SnGa, ZnMgAl5SnIn, ZnMgAl5SnBi, ZnMgAl10SnGa, 

ZnMgAl10SnIn, and ZnMgAl10SnBi. Figure 4.10(b), and Figure 4.10(c) explore the effects of varying 

concentrations of Sn, Ga, Bi, and In on the lowest TL in the following alloy systems: ZnMgAl5SnX, and 

ZnMgAl10SnX, respectively, where X can be any of the aforementioned alloying elements. 

All studied alloys were constrained to a maximum of 20 wt% 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 ZnMgAlX system, the alloying elements are effective in 

reducing TL in the order Ga > Sn > Bi > In. The average rate of TL decrease (the decrease in the liquidus 

temperature for every 1 wt% of alloy that was added over the alloy content range examined) for each 

element is summarized in Table 4.12. For In alloying, the TL was lowered when In concentration was 

increased up to 17 wt%, above which TL increased. 

In the scenarios where Sn and Ga were separately increased from 0 to 20 wt% in the ZnMgAlX 

system, the TL was 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 than Sn [123-125]. Therefore, increasing 

Sn concentrations could offer a cost-effective alternative, albeit potentially compromising the sacrificial 

corrosion resistance of the alloy. 

  

(a) (b) 

 

(c) 

Figure 4.10  Effect of alloying elements (X = Bi, Ga, In, and Sn) on the lowest liquidus temperature 

corresponding to a fixed percentage of X in (a) quaternary ZnMgAlX alloy systems, 

(b) quinary ZnMgAl5SnX alloy, and (c) quinary ZnMgAl10SnX alloy systems. For these 

alloys, the Mg and Al concentrations were in the range of 0 to 5 wt%. The composition 

corresponding to each point in Figure 4.10 is given in the Tables D.1 to D.12. 

In the ZnMgAl5SnX system (Figure 4.10(b)), the order of alloying elementsô effectiveness in 

reducing TL was Ga > Sn > In > Bi. Here, the total additional content of Ga, Sn, Bi, and In was capped at 

10 wt%. The average rate of the decrease in the TL in the ZnMgAl5SnX system is specified in Table 4.12.  
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Table 4.12 Average Rate of Decrease in Minimum TL for Every 1 % Addition of Ga, Sn, Bi, and In in 

ZnMgAlX, ZnMgAl5SnX, and ZnMgAl10SnX Alloy Systems 
 

X 

Average Rate of Decrease of Liquidus Temperature [°C·(wt%)-1] 

ZnMgAlX 

(X: 0 to 20 wt%) 

ZnMgAl5SnX 

(X: 0 to 5 wt%) 

ZnMgAl10SnX 

(X: 0 to 9 wt%) 

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 ZnMgAl10SnX alloy systems. In this case, Ga remains the most 

effective element for TL reduction but becomes less effective above 9 wt%. Bi and In exhibit a similar 

trend. When a 10 wt% concentration of In was added to this alloy system, the lowest TL actually 

increased. However, comparing ZnMgAl10Sn10In to ZnMgAl20In, and ZnMgAl10Sn10Bi to 

ZnMgAl20Bi alloys, In and Bi respectively reduced the TL by 16 and 7°C in ZnMgAl10SnX systems. A 

similar comparison for Ga showed an increase in TL by 7°C. Yet, a 12°C reduction in TL was observed 

when ZnMgAl10Sn10Ga was compared to ZnMgAl20Sn. Therefore, by combining alloying elements, it 

was possible to reduce TL while also reducing the alloy cost.  

4.3.8 Alloy Selection for the Experimental Examination (and Model Validation) of TL and 

Corrosion Behavior 

Considering design targets for Icorr (0 ï 110 µA/cm2), Ecorr (lower than -730 mVSCE), TL (250 ï 

325 °C), and limited addition (up to 20 wt%) of noble elements as previously described in Section 4.2.2, 

computed results were analyzed. The alloys 73.2Zn-3.2Mg-3.6Al-20Sn 74.4Zn-2.6Mg-4Al-10Sn-9Ga, 

and 75Zn-2.8Mg-3.2Al-10Sn-9Bi satisfied exhibited lowest TL in the ZnMgAlSn, ZnMgAlSnGa, and 

ZnMgAlSnBi alloy systems, respectively. For comparative analysis, the eutectic Zn-2.4Mg-3.9Al alloy, 

an alloy with the lowest TL in ZnMgAl ternary system, was also considered. Because, according to data 

presented in the materials selection chart, a relatively low TL and low Icorr were displayed by ZnMgAl 

alloys compared to other Zn-based options. 

Ecorr and Icorr models on the Citrination® platform were employed to predict these properties of 

the new ZnMgAlSn, ZnMgAlSnGa, ZnMgAlSnBi, and ZnMgAl alloys. Table 4.13 provides the predicted 

values of Ecorr and Icorr of these alloys. Predicted Ecorr results indicated that all of these alloys would 

provide sacrificial protection to the carbon steel substrates, since predicted Ecorr values of these alloys 

were below -730 mVSCE. Predicted Icorr values of these alloys were well within the design target range of 

0 ï 110 µA/cm2, suggesting acceptable corrosion rate of the alloys. 
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Table 4.13 Coating Alloy Compositions (wt%) Selected for Experimental Investigation 

Zn Mg Al  Sn Ga Bi 
Computed  

TL (°C) 

Predicted  

Ecorr (mVSCE) 

Predicted  

Icorr (µA·cm-2) 

93.7 2.4 3.9 - - - 344.2 -1086 ± 65 26.3 ± 2 

73.2 3.2 3.6 20 - - 316.5 -953 ± 117 25.1 ± 2.2 

74.4 2.6 4 10 9 - 305 -982 ± 114 20.1 ± 2.6 

75 2.8 3.2 10 - 9 318.9 -964 ± 137 10.7 ± 2.4 
 

Since, the new alloys 73.2Zn-3.2Mg-3.6Al-20Sn 74.4Zn-2.6Mg-4Al-10Sn-9Ga, 

75Zn-2.8Mg-3.2Al-10Sn-9Bi, and Zn-2.4Mg-3.9Al exhibited computed TL below 325°C, predicted Ecorr 

below -730 mVSCE, predicted Icorr within 0 ï 110 µA/cm2, and the alloys maintained a total concentration 

of noble elements (Sn, Ga, Bi) under 20 wt%, these alloys satisfied all of the design criteria outlined in 

Table 4.1. Therefore, these alloys were selected for experimental validation of computed TL and corrosion 

behavior. Alloys containing In were excluded from the experimental selection due to their moderate 

toxicity and ineffectiveness in reducing TL compared to Ga, Sn, and Bi. 

The selected alloys were procured from Sophisticated Alloys, Inc. Table 4.14 provides both the 

aim (ordered) composition of the experimental alloys and the compositions (wt%) of the as-received 

alloys, along with their computed TL. The compositions of the as-received alloys were analyzed using 

Direct Current Plasma Atomic Emission Spectrometry (DCP-AES) according to ASTM 

Standard E1097-12, 2017 [140].  

Table 4.14 Compositions (wt%) of Ordered and As-received Coating Alloys 

Alloy  Condition Zn Mg Al  Sn Ga Bi 
Computed 

TL (°C) 

ZnMgAl 
Ordered 93.70 2.40 3.90 - - - 344.2 

As received 93.88 2.17 3.95 - - - 348.8 

ZnMgAlSn 
Ordered 73.20 3.20 3.60 20.00 - - 316.5 

As received 72.96 3.25 3.61 20.18 - - 316.7 

ZnMgAlSnGa 
Ordered 74.40 2.60 4.00 10.00 9.00 - 305.0 

As received 73.99 2.61 3.96 10.26 9.18 - 306.0 

ZnMgAlSnBi 
Ordered 75.00 2.80 3.20 10.00 - 10.00 318.9 

As received 74.21 2.84 3.48 10.70 - 9.40 325.3 

  
 

Since the as-received alloy compositions were near target (aim) compositions, considering the 

model prediction error, predicted Ecorr and Icorr were nearly the same, and therefore, not reported in 
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Table 4.14. It was recognized that these Ecorr and Icorr predictions for ZnMgAlSn, ZnMgAlSnGa, 

ZnMgAlSnBi 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 composition, Ecorr, Icorr, TL, and electrolyte types and their 

concentration was developed for training machine learning models. 

2. A material selection chart was developed to visualize the current state and potential future 

opportunities in the design space related to the optimization of key coating attributes Icorr, 

Ecorr, and TL. 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 temperature, Icorr, and Ecorr. The TL model 

was able to fit data better than the Icorr and Ecorr models since computational data were utilized 

for the TL model, and (less available) experimental data from the literature were utilized for 

the Ecorr and Icorr models. 

4. Open-source Python libraries were also employed to create Icorr and Ecorr models, trained 

using Random Forest, Gradient Boosting, AdaBoost, and XGBoost algorithms. It was 

identified that XGBoost was the most accurate and consistent model for predicting Icorr, 

closely followed by the Gradient Boosting model. For predicting Ecorr, the AdaBoost and 

Random Forest models performed slightly better in terms of both accuracy and consistency. 

For the ML database used to create models, Icorr was highly influenced by the concentration of 

electrolyte, and Zn, followed by Ecorr, TL, Al, and Sn. However, the electrolyte concentration 

had a minor effect on Ecorr (compared with Icorr). Ecorr was highly dependent on the percent of 

Mg and Zn in the coating. 

5. Six-binary, fifteen-ternary, four-quaternary, and six-quinary Zn-based alloy systems were 

computationally analyzed to identify alloy compositions that could satisfy the performance 

targets of TL, Icorr, and Ecorr. Four Zn-based coating alloys, namely, Zn-2.4Mg-3.9Al, 

73.2Zn-3.2Mg-3.6Al-20Sn 74.4Zn-2.6Mg-4Al-10Sn-9Ga, 75Zn-2.8Mg-3.2Al-10Sn-9Bi, 

were chosen for experimental studies to verify opportunities indicated by the computed 

results. Computed TL, and Predicted Ecorr and Icorr of these alloys satisfied all of the design 

targets. 
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CHAPTER 5  CHARACTERIZATION OF AS-CAST 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 temperature (TL), corrosion current (Icorr), and 

corrosion potential (Ecorr) 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 electrochemical behavior of metals and alloys, 

each offering insights into different aspects of corrosion and electrochemical processes [11, 28, 29]. 

Potentiodynamic polarization testing is extensively used for identifying Icorr and Ecorr 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 visually 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 analysis (LFA), and high-temperature X-ray 

diffraction (HTXRD) [141]. DSC and DTA are widely used to study phase transitions, melting, 

crystallization, glass transitions, and other thermal properties [142]. While DSC measures the heat flow 

into or out of a sample 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 DSC primarily measure the temperature 

difference between a sample and reference in µV (thermal voltage) [143]. For DSC, this temperature 

difference can be converted into a heat-flux difference in mW using an appropriate calibration, making it 

more suitable for quantitative 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 the distinct thermal 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 often results in a uniform temperature distribution within the small sample sizes 

typically used in DSC [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 observed in DSC 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. The results and discussions highlight the 

determination of TL using DSC and examine the corrosion behavior of the alloys. The chapter concludes 

by encapsulating the findings of the as-cast alloy characterization. The as-cast alloys were designed and 

introduced in 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 transformations [142-144]. A few studies 

have reported the determination of solid and liquid fractions at different temperatures during solidification 

using DSC data [145-147]. 

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/peaks are associated 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, while solid-state reactions 

are captured at low temperatures. Typically, undercooling (æT) is necessary to solidify metals and alloys. 

Therefore, the heating curves are used to determine the melting temperature (Tm) of the pure metals and 

TL of the alloys more accurately [142]. 

Figure 5.1 shows experimental DTA curves for the metals Sn (Tm = 231.9 ºC), Zn 

(Tm = 419.5 ºC), and Ag (Tm = 961.78 ºC). æT on the Y-axis is the temperature 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 metals, Tm corresponds to the onset of melting. 

On DSC/DTA heating curves that feature an endothermic trough, Tpeak is identified as the temperature at 

the lowest point on the DSC curve. Pure metals exhibit a single (sharp) melting point rather than a range; 

therefore, Tm and TL coincide under near-equilibrium conditions, and the slope of the peak corresponding 

to melting is notably steep. The temperature at which the signal returns to the baseline, denoted as Tf, is 

influenced by the heat transfer characteristics of the DSC apparatus. Consequently, for metals and alloys, 
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Tf is not an accurate indicator of Tm or TL [142]. For instance, Tf observed in the DTA curve for Sn 

exceeds 260 ºC, a value significantly higher than the recognized Tm of Sn. 

  

(a) (b) 

 

(c) 

Figure 5.1 Experimental DSC curves showing (a) the melting of Sn, with a heating rate of 5 K/min 

and sample mass of 163.2 mg, (b) the effect of heating rate on the shape of the DSC 

curve of the same sample of Zn, and (c) the effect of sample mass on the shape of the 

DSC curve of Ag, keeping a constant reference mass and the heating rate of 10 K/min. 

Adapted and modified from [142, 148].  

Figure 5.1(b) shows the influence of different heating rates 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 ºC, 

aligning closely with the Tm of Zn. However, the Tpeak progressively 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, Tpeak increased from about 435 ºC to approximately 450 ºC. Notably, these Tpeak 

values are substantially above the Tm for Zn, suggesting that Tpeak is not a reliable metric for determining 

the Tm 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 increased Tf with 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 masses of Ag lead 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 occurs (Tpeak) also rises. This amplification of the signal not 

only shifts Tpeak but also prolongs the time it takes for the temperature to return to baseline after the 

melting event, with Tf increasing 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 onset temperature of melting tends to 

approach the melting point (Tm) 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 solidus (TS) and TL, over which melting takes place depending on the 

composition. Consider an example of an Ag-Cu alloy. The phase diagram of the Ag-Cu system in 

Figure 5.2(a) shows that the eutectic alloy Ag-28.1Cu (wt%) melts at a eutectic temperature (TE) of 

779.6 °C. Since the eutectic alloy does not exhibit hypo/hyper-eutectic phases, it does not exhibit an 

equilibrium melting range. Correspondingly, the DSC curve in Figure 5.2(b) for Ag-28.1Cu shows 

melting as a distinct downward peak, with the onset of melting aligned with TE. In Figure 5.2(b), the 

temperature corresponding to the onset of melting is identified as the eutectic temperature (TE). However, 

the Tpeak of the DSC curve for this eutectic alloy is around 792 °C, which is higher than the TE determined 

using the Ag-Cu phase diagram, indicating again that Tpeak may not reliably represent TE for eutectic 

alloys where TE, TS, and TL converge to a single point. In this case, Tf on the DSC curve is approximately 

838 °C, significantly higher than TE, reaffirming that Tf is not a suitable characteristic for identifying Tm 

or TL in metals or alloys. 

In contrast, the solidified microstructure of hypoeutectic alloys like Ag-15Cu (wt%), exhibit two 

constituents, a hypoeutectic Ag (FCC phase) and an Ag-Cu eutectic. Referring to the Ag-Cu phase 

diagram in Figure 5.2(a), TS and TL for this alloy are 779 °C and 845 °C, respectively. As the solidus TS is 

reached the Ag-Cu eutectic begins to melt, and at TL the melting of the hypoeutectic Ag phase is 

completed. The experimental DSC curve for the hypoeutectic alloy Ag-15Cu, depicted in Figure 5.2(c), 

shows two distinct downward peaks. The first downward peak at a lower temperature corresponds to the 
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melting of the Ag-Cu 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 consistent with TS of 

Ag-15Cu alloy, and the Tpeak of the second, higher temperature peak (847 °C), closely aligns with TL of 

the alloy determined from the phase diagram, suggesting the melting of hypoeutectic Ag is complete.  

 
(a) 

  
(b) (c) 

Figure 5.2 (a) Ag-Cu phase diagram, (b) experimental DSC curves for melting scans of the eutectic 

alloy Ag-28.1Cu (wt%) obtained using heating rates of 15 K/min, and (c) experimental 

DSC curves for melting scans of the hypoeutectic alloy Ag-15Cu (wt%) obtained using 

heating rates of 15 K/min. Adapted and recreated from [142]. 
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This suggests that for hypo/hyper-eutectic alloys, the onset of melting is a reliable indicator of TS, 

and Tpeak can accurately represent TL. However, it is crucial to note that both sample mass and heating rate 

can affect Tpeak, potentially resulting in a Tpeak temperature that exceeds the alloyôs TL. 

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 in an electrochemical cell.  

The electromotive force (emf) series [77] provides standard reduction half-cell potentials of 

corresponding electrode reactions. In an electrochemical cell, the electrode reactions with lower (or more 

negative) half-cell potentials are anodic. In contrast, the electrode reactions with higher (or more positive) 

half-cell potentials are cathodic. When corrosion is thermodynamically possible, the electrochemical 

current determines the reaction rate [30]. Corrosion current values can be obtained from galvanic cells 

and polarization measurements [80]. 

Figure 5.3 shows a hypothetical non-passive potentiodynamic polarization curve [107]. 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, Icorr and Ecorr could be used to describe and quantify the corrosion 

resistance [30, 59, 60]. For an electrochemical reaction, Icorr is directly related to the rate of corrosion (of 

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

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

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

corrode preferentially to the substrate, i.e., providing ñgalvanicò or sacrificial protection. Sacrificial 

coatings protect the substrate even if there are through-thickness 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. Therefore, Icorr and Ecorr 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 (e.g., stainless steel) can form passive films, which are very thin, 

oxidized, protective films on the corroding surfaces in certain corrosive environments [59, 107]. 

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 the high anodic polarization region, as shown in Figure 5.4.  
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Figure 5.3 Hypothetical non-passive potentiodynamic polarization curve. Tafel slopes of an 

anodic branch (ba) and cathodic branch (bc) in the polarization curve are used to 

determine corrosion current (Icorr) and corrosion potential (Ecorr) using the Tafel 

extrapolation method. Adapted from [107]. 

In electrochemistry, Icorr and Ecorr could be used to describe and quantify the corrosion 

resistance [30, 59, 60]. For an electrochemical reaction, Icorr is directly related to the rate of corrosion (of 

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

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

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

corrode preferentially to the substrate, i.e., providing ñgalvanicò or sacrificial protection. Sacrificial 

coatings protect the substrate even if there are through-thickness 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. Therefore, Icorr and Ecorr 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 (e.g., stainless steel) can form passive films, which are very thin, 

oxidized, protective films on the corroding surfaces in certain corrosive environments [59, 107]. 
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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 the high anodic polarization region, as shown in Figure 5.4.  

 

Figure 5.4  Hypothetical potentiodynamic polarization curve illustrating passive behavior. In the 

active region, corrosion current (Icorr) and corrosion potential (Ecorr) are determined 

using the Tafel extrapolation method. Passive films on corroding metal/alloy surfaces 

are stable above the primary passivation potential (EPP). The anodic current density 

corresponding to EPP is known as the critical current density (ICC). The electrode 

potential at which passive films break down is known as the breaking potential (EBP). 

Adapted from [107]. 

Below the primary passivation potential (Epp), in the active region of the polarization curve, the 

anodic current density is high and increases with an increase in applied potential. Above EPP, passive 

films become stable, and anodic current reduces to a significantly lower value as the applied potential 

becomes more positive (noble) than Epp in the passive region. The resulting low anodic current density is 

known as passive current density (IP). This 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 anodic current 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 agents (Clï ions) allow for the 

formation of a stable and protective oxide film on the metalôs surface. The nature of this film including its 

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 99.95 wt%, the alloy constituents were melted at 

800 °C in an Al2O3 crucible under an argon atmosphere maintained at 25 in·Hg (equivalent to 

84,659.7 Pa). The molten alloys were subsequently cast into boron-nitride-coated graphite molds, and a 

cooling rate of approximately 15 °C/s was achieved. After solidification, the chemical composition of the 

as-cast alloys was verified through direct current plasma atomic emission spectrometry (DCP-AES), in 

accordance with ASTM Standard E1097-12, 2017 [140], as detailed in Table 5.1. 

Table 5.1 Compositions (wt%) of As-Received Coating Alloys  

Alloy Zn Mg Al  Sn Ga Bi 

ZnMgAl 93.88 2.17 3.95 - - - 

ZnMgAlSn 72.96 3.25 3.61 20.18 - - 

ZnMgAlSnBi 74.21 2.84 3.48 10.70 - 9.40 

ZnMgAlSnGa 73.99 2.61 3.96 10.26 9.18 - 
 

The thermal properties of these alloys were assessed using a NETZSCH® STA 449F3 DSC 

instrument. Experimental evaluation of the computed TL of alloys 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 

Table 5.2. DSC tests at 10 K/min were performed within 65 days following alloy synthesis, whereas those 

at 5 K/min were performed 155ï160 days post-synthesis. This timing is particularly relevant for the 

ZnMgAlSnGa alloy, which exhibited liquid phase separation after 130 days. The analysis was based on 

the DSC curves from the second melt, applying both the first deviation method and the Tpeak method to 

determine the TL for each alloy [142]. 

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

Alloy 5 K/min 10 K/min 

ZnMgAl 25 25.5 

ZnMgAlSn 25.3 6.6 

ZnMgAlSnBi 24 5.8 

ZnMgAlSnGa 19.9 24.6 
 

Corrosion resistance characteristics, including both the Icorr and Ecorr, of the experimental alloys 

were assessed through potentiodynamic polarization tests. These tests were performed using a Gamry 

Reference 600+ potentiostat following ASTM Standard G5-14, 2014 [149]. The testing apparatus 

comprised an electrochemical cell featuring both ParaCellÊ and EuroCellÊ configurations, equipped 
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with a three-electrode 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 µm using silicon carbide (SiC) 

polishing papers and water-free diamond suspensions. This preparation ensured that the surface areas of 

approximately 3 cm² and 5 cm² were adequately exposed to the electrolyte solution in the ParaCellTM and 

EuroCellTM 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 the Icorr and Ecorr values from the obtained polarization curves. Further analysis of 

these curves, alongside the Ecorr values, 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 coupons with a 40 mm diameter was used for 

corrosion testing. 

 

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

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 to Figure 5.9 shows the experimental DSC curves of the four alloys: ZnMgAl, 

ZnMgAlSn, ZnMgAlSnGa, and ZnMgAlSnBi. The samples for these DSC studies were taken from 

regions depicted in Figure 5.5. Throughout the testing phase, the alloys were melted in alumina (Al2O3) 

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) and Tpeak methods were applied to ascertain the TL 

of the alloys from the DSC data [142]. 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, due to the influence of the sampleôs prior thermal 

history [142]. This history may include pre-existing 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 degradation may also 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 characterization of the materialôs thermal transitions. 

Since there was not a verification through multiple methods to confirm if the as-received multi-

component alloys were eutectic, both the onset of melting and Tpeak were utilized to determine the TL of 

the alloys. (Microstructures will be presented in Chapter 6.) Additionally, the temperature at which the 

DSC signal reverts to the baseline (Tf) after the melting event was recorded. The computed TS from 

Thermo-Calc® is also annotated on the DSC curves from Figures 5.6 to 5.9. Phase transitions occurring 

below the TS are indicative of solid-state transformations, while those between TS and TL may represent 

the melting of a phase with a lower TL or another solid-state transformation within a phase that has a 

higher TL. These phase transitions observed in the DSC curves are considered in the context of those 

found in the computed phase diagrams for the alloys; the results and their implications will be further 

elaborated upon in Chapter 6. 

Table 5.3 compiles the computed TS, computed TL, and experimental TL, as determined by the 

first deviation (FD) method (FD of the last thermal event), the Tpeak method, and the Tf values for the four 

experimental alloys at both the 5 K/min and 10 K/min heating rates. Solidification DSC curves of the 

experimental alloys are provided in Appendix E. 
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Table 5.3 Comparison of Computed and Experimental TL Results of Experimental Alloys. 

Alloy 
Computed 

TS (°C) 

Computed 

TL (°C) 

Experimental TL (°C) 

FD 

10 K/min 

FD 

5 K/min 

Tpeak 

10 K/min 

Tpeak 

5 K/min 

Tf 

10 K/min 

Tf 

5 K/min 

ZnMgAl 343.3 348.8 343 343 360 352 375 362 

ZnMgAlSn 181.1 316.7 311 311 334 331 348 345 

ZnMgAlSnBi 173.8 325.3 338 330 349 347 376 373 

ZnMgAlSnGa 160.1 306.0 264 301 311 314 339 321 
 

For the ZnMgAl alloy, Figure 5.6(a) shows the DSC curves during melting, acquired using a 

heating rate of 10 K/min, while Figure 5.6(b) compares DSC melting curves obtained using heating rates 

of 5 and 10 K/min. The Thermo-Calc® computed TS and TL 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 computed TS and very close to the computed TL. The Tpeak temperatures are higher 

than the computed TL, observed at 360 °C for the 10 K/min rate and slightly lower at 352 °C for the 

5 K/min rate, which is typical since faster heating rates can lead to overheating past the equilibrium 

melting point [142]. One solid-state phase transformation was observed around 285 °C.  

Moving to ZnMgAlSn alloy, Figure 5.7, the computed TS and TL 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 TL. Tpeak temperatures 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 computed TL but exhibiting a negligible 

difference between the two heating rates. In Figure 5.7(a) it can be observed that computed TS (181.1 °C) 

aligns with the onset of a low-temperature phase transformation, suggesting the melting of the phase with 

the lowest Tm in the alloy.  

For the ZnMgAlSnBi alloy, Figure 5.8, computed TS and TL 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 computed TL. The Tpeak temperature 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 TL, with only a marginal difference between the two heating rates, indicating a consistent 

Tpeak irrespective of the rate of heating.  
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(a) 

 

(b) 

Figure 5.6  DSC scans for the melting of experimental ZnMgAl alloy, (a) obtained using heating 

rate of 10 K/min, (b) comparison of DSC melting curves obtained using heating rates 

of 5 and 10 K/min, represented by solid green line and dashed blue line, respectively. 
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(a) 

 

(b) 

Figure 5.7 DSC scans for the melting of experimental ZnMgAlSn alloy, (a) obtained using heating 

rate of 10 K/min, (b) comparison of DSC melting curves obtained using heating rates of 

5 and 10 K/min, represented by solid green line and dashed blue line, respectively. 
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(a) 

 

(b) 

Figure 5.8 DSC scans for the melting of experimental ZnMgAlSnBi alloy, (a) obtained using 

heating rate of 10 K/min, (b) comparison of DSC melting curves obtained using heating 

rates of 5 and 10 K/min, represented by solid green line and dashed blue line, 

respectively. 

Lastly, for the ZnMgAlSnGa alloy, Figure 5.7, the computed values are 160.1 °C for TS and 

306.0 °C for TL. 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 Tpeak temperatures 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 computed TL. In contrast to the other alloys, the 

slower rate yielded a higher Tpeak. 

 

(a) 

 

(b) 

Figure 5.9 DSC scans for the melting of experimental ZnMgAlSnGa alloy, (a) obtained using 

heating rate of 10 K/min, (b) comparison of DSC melting curves obtained using heating 

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 ZnMgAlSnGa alloy using a heating rate of 10 K/min was 

performed within 65 days after alloy synthesis, whereas the test at 5 K/min was performed 155ï160 days 
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after alloy synthesis. The ZnMgAlSnGa alloy exhibited an interesting phenomenon during storage at 

room temperature, as depicted in Figure 5.8. After approximately 130 days post-casting, phase separation 

(liquid phase formation) became visually apparent on the alloyôs surface.  

Given that Ga has a limited solubility in Zn ï around 1 atomic percent (at%) at room temperature 

ï and the binary Ga-Zn system contains a eutectic (comprising Ga - 3.9 at% Zn) that melts at 

approximately room temperature (24.7 °C), so it is plausible that a Ga-Zn eutectic could form and lead to 

phase separation. Similarly, the Sn-Ga eutectic, with 8.4 at% Sn and a Tm of 20.5 °C, could also 

contribute to this separation [19, 150]. The presence of other alloying elements like Mg and Al may 

further influence the 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 macrographs of the ZnMgAlSnGa alloyôs as-cast bar surface, revealing the 

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 voltage, is shown 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 resulting 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 composition of different regions in 

the solid ZnMgAlSnGa 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 time-dependent phase transformations on the alloy properties. 

In summary, across all alloys, the first deviation method generally indicated the onset of melting 

at temperatures close to the computed TL, showing little variance between different heating rates. 

However, the Tpeak temperatures consistently exceed the computed TL, particularly 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 Tpeak temperature is subject to variation based on the heating rate and may not 

always align with the computed liquidus temperature. Overall, particularly for ZnMgAl, and ZnMgAlSn 

alloys, the liquidus temperatures seem to have been reasonably represented by Thermo-Calc®, 

validating/verifying the alloy designs with respect to melting temperature. 
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(a) 

  

(b) (c) 

Figure 5.10 Phase separation, i.e., formation of liquid phase visible on the surface of as-cast 

ZnMgAlSnGa alloy during storage at room temperature. (a) macrographs of the 

ZnMgAlSnGa as-cast bar surface, (b) secondary electron image of liquid droplets 

formed on ZnMgAlSnGa alloy surface, and (c) location of EDS measurements on a 

liquid droplet used to identify the composition of the liquid phase. 
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Table 5.4 EDS Spot Analysis Performed on a Liquid Droplet Formed on ZnMgAlSnGa Alloy  

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 5.11 shows potentiodynamic polarization curves for the experimental alloy ZnMgAl, 

ZnMgAlSn, ZnMgAlSnBi, and ZnMgAlSnGa, as well as a Zn reference specimen. Before starting the 

potentiodynamic polarization testing, the samples were exposed to 3.5 % NaCl solution for 1 hour at 

room temperature of 25 °C for stabilization of open circuit potential. Throughout 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 alloys, contributing to the understanding of their corrosion mechanisms 

under the specified test conditions. 

 

Figure 5.11 Potentiodynamic polarization curves of ZnMgAl, ZnMgAlSnGa, ZnMgAlSn, and 

ZnMgAlSnBi alloys after 1 h immersion in 3.5 % NaCl at 25 °C. 

Table 5.5 provides estimated electrochemical parameters, specifically the Ecorr and Icorr, 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 extrapolation technique [48]. Tafel extrapolation technique involves 

plotting the logarithm of the current density against the electrode potential to obtain a Tafel plot. Two 
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distinct linear regions, corresponding to the anodic and cathodic branches, emerge at higher 

overpotentials where activation-controlled reactions dominate. Extrapolating these linear segments to 

intersect at the corrosion potential enables the determination of the corrosion current density, a quantifier 

of the corrosion rate. 

Starting with pure Zn, it has an Ecorr of -1.10 VSCE and an Icorr of 52 µA/cm2. This sets a baseline 

for comparing the corrosion resistance of the other alloys. The ZnMgAl alloy shows an increase in 

resistance to corrosion with an Ecorr of -1.19 VSCE, which is more negative than pure Zn, indicating a 

higher tendency for the alloy to act as a sacrificial anode. However, its Icorr is significantly lower at 

3.5 µA/cm2, suggesting it corrodes at a much slower rate than pure Zn under similar conditions. For 

ZnMgAlSn, the Ecorr becomes even more negative at -1.44 VSCE, and the Icorr increases to 82.1 µA/cm2, 

indicating that this alloy is sacrificial but may corrode faster than ZnMgAl. The ZnMgAlSnBi alloy has 

an Ecorr of -1.33 VSCE, which is less negative than the ZnMgAlSn and ZnMgAlSnGa alloys but more 

negative than pure Zn and ZnMgAl, indicating a moderate tendency towards corrosion. ZnMgAlSnBi 

alloy has an Icorr of 79.2 µA/cm2, similar to that of ZnMgAlSn, suggesting they have comparable 

corrosion rates. Lastly, the ZnMgAlSnGa alloy demonstrates the most negative Ecorr of -1.50 VSCE and the 

highest Icorr of 276.8 µA/cm2 among the alloys listed, which implies it has the highest corrosion activity. 

Table 5.5 Ecorr and Icorr Obtained from Polarization Curves of Experimental Alloys in 3.5 % NaCl Solution 

Alloy 
Ecorr 

(VSCE) 

Icorr 

(µA/cm2) 

Zn -1.10 52 

ZnMgAl -1.19 3.5 

ZnMgAlSn -1.44 82.1 

ZnMgAlSnGa -1.50 276.8 

ZnMgAlSnBi -1.33 79.2 
 

The polarization data indicated that the Ecorr for these alloys trends more negative in the sequence of 

Zn, followed by ZnMgAl, ZnMgAlSnBi, ZnMgAlSn, and is most negative for ZnMgAlSnGa. 

Conversely, the Icorr values increase in the order of ZnMgAl, which has the lowest Icorr, Zn, with 

ZnMgAlSnBi and ZnMgAlSn showing approximately equal values, and the highest being ZnMgAlSnGa. 

Further analysis of the data indicates that when Bi, Sn, and Ga are introduced into a ZnMgAl alloy that is 

near the eutectic composition, there is a notable decrease in Ecorr, indicating 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 in Icorr values, as mentioned in [48] highlighting the impact of 

alloying elements on the electrochemical behavior of ZnMgAl-based systems. 

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

current density, with ZnMgAlSnGa exhibiting the most significant increase. The negative shift in Ecorr for 
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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 (EPP), leading to a stable current value known as the 

passive current (IP), as referenced in [48, 107]. This study observed varying levels of pseudo-passivity, 

indicative of a transition from active to passive states, as documented in [151, 152]. In the pseudo-passive 

region, typically observed after reaching a certain anodic potential, the anodic current density either 

stabilizes at a value greater than the corrosion current (Icorr) or climbs more gradually with increasing 

potential. This type of response, characterized by pseudo-passivity, has been noted in Zn-Sn alloys 

containing 1-9 wt% Sn when subjected to polarization in chloride solutions [151]. Such behavior is often 

ascribed to the buildup of oxide or hydroxide layers on the materialôs surface, which act as barriers 

against further dissolution and thus result in a reduced anodic current density. Consequently, 

pseudo-passivity 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 Figure 5.11, pseudo-passivity was initially detected 

within a potential range from -1.18 VSCE to -1.14 VSCE, which could be due to oxide or hydroxide 

formation on the alloy surface during the hour-long immersion period preceding the polarization test. 

Beyond (above) -1.14 VSCE, a significant uptick in the anodic current was noted, which is indicative of an 

active corrosion process. Notably, a secondary pseudo-passive regime was identified above -0.98 V, 

potentially resulting from the formation of more stable or supersaturated oxide/hydroxide films during the 

ongoing test. For other alloys such as ZnMgAlSnBi, ZnMgAlSn, and ZnMgAlSnGa, similar pseudo-

passive behaviors were recorded but initiated potentials above -1.26V, -1.37V, and -1.4V respectively, 

suggesting the onset of passivity occurs at more noble potentials for these alloys.  

The experimental Ecorr values for these coating alloys were significantly more negative than the 

Ecorr range for carbon steels, which typically lie between -0.52 V to -0.73 V [59, 60]. Consequently, all 

four alloys would offer effective sacrificial protection to steel substrates. Previous research [151-155] has 

noted the formation of passive layers on Sn-based alloys during corrosion tests in chloride-containing 

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 corrosion. However, passivity 

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 factor. Notably, 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 reactions [156]. This lack of passivity contrasts with earlier 
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studies. Instead, a pseudo-passive behavior showing gradual (slower) increase in the anodic current with 

increasing potential. 

Regarding the ZnMgAlSnGa alloy, the emergence of a liquid phase on the surface of the as-cast 

alloy over time at room temperature was visually evident. As a result, this particular alloy was excluded 

from further corrosion testing. The ZnMgAlSnGa alloyôs exceptionally high Icorr value of 276.8 µA·cm-2 

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 interference [48]. OCP 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 alloys ï ZnMgAl, ZnMgAlSn, and ZnMgAlSnBi ï were 

uniformly repolished to a fine finish (3 µm) using a water-free diamond suspension to ensure consistent 

surface roughness across all samples. As opposed to OCP, the term Ecorr is specifically used in the context 

of corrosion when external potential is applied to study electrochemical behavior. 

Notably, the ZnMgAlSnBi sample exhibited microporosity across its as-cast surface, with these 

microvoids being prevalent throughout the material. These pores tend to serve as anodic sites when the 

alloy is immersed in a chlorine-bearing, water-based electrolyte. The presence of chloride ions (Clï) 

fosters their migration towards these anodic zones, which accelerates the formation of metal chlorides 

and, consequently, enhances the rate of metal dissolution in the electrolyte [48]. 

Figure 5.12(a) illustrates the open circuit potential (OCP) behavior of ZnMgAl and ZnMgAlSn 

alloys over a 72 h 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 OCP for both 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 around -1.05 V. In the 3.5 % NaCl solution, an initial drop from 

-1.05 V to -1.16 V occurred within the first hour, after which the OCP climbed to -1.09 V and eventually 

stabilized at approximately -1.07 V. The ZnMgAlSn 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 intervals ï 30 s, 6 h, and 72 

h post-immersion ï 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 a range of frequencies to provide information about the 

electrochemical processes at the metal-solution interface. Itôs useful for studying corrosion kinetics and 

the protective properties of coatings. 

  
(a) (b) 

Figure 5.12 Change in open circuit potential with time for (a) ZnMgAl and ZnMgAlSn alloys in 

0.5 % and 3.5 % NaCl electrolyte, and (b) ZnMgAlSnBi alloy in 0.5 % NaCl electrolyte.  

The OCP results for the ZnMgAlSnBi alloy in a 0.5 % NaCl solution, depicted in Figure 5.12(b), 

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, microporosity within the ZnMgAlSnBi sample may serve as 

initiation sites for localized corrosion, as these micro-sized pores can foster the formation of metal 

chlorides, thereby accelerating dissolution in chloride-rich environments [48, 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 corrosion. The pervasive presence of microporosity 

throughout the ZnMgAlSnBi alloy further compounds this issue, amplifying the likelihood of persistent 

corrosion reactions. Consequently, due to these concerns and the inherent instability observed, OCP 

testing in a more concentrated 3.5 % NaCl solution was considered unnecessary for this alloy. 
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Table 5.6 Open Circuit Potential of Zn-Mg-Al and Zn-Mg-Al -Sn in 0.5 and 3.5 % NaCl  

Alloy 

0.5 % NaCl 3.5 % NaCl 

OCP (V) after immersion time of 

30 s 6 h 72 h 30 s 6 h 72 h 

ZnMgAl -1.00 -1.04 -1.05 -1.05 -1.09 -1.07 

ZnMgAlSn -1.43 -1.23 -1.15 -1.48 -1.25 -1.20 
 

The comparative analysis of the corrosion behavior of ZnMgAl and ZnMgAlSn alloys in both 

severe (3.5 % NaCl) and relatively mild (0.5 % NaCl) environments is shown in Figure 5.13. The 

ZnMgAlSnGa alloy was excluded from this study due to the formation of a liquid phase on the surface of 

the as-cast alloy, and the ZnMgAlSnBi alloy was omitted because of the microporosity in the as-cast 

alloy. Additional potentiodynamic polarization tests were conducted in a 0.5 % NaCl 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 employed during these tests.  

 

Figure 5.13 Potentiodynamic polarization curves of ZnMgAl and ZnMgAlSn alloys after 1 h 

immersion in 0.5 and 3.5 % NaCl at 25 °C. 

Table 5.7 presents resulting approximate values of the electrochemical characteristics, Ecorr and 

Icorr, 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 parameters was not always possible. Therefore, 

approximate values of the electrochemical parameters are provided.  
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Similar to the OCP results, the Ecorr of both the alloys is slightly higher in 0.5 % NaCl compared 

to 3.5 % NaCl, as expected. For the ZnMgAl alloy, Icorr in 0.5 % NaCl solution (2.7 µA/cm2) was lower 

than Icorr in 3.5 % NaCl (3.5 µA/cm2). In the case of the ZnMgAlSn alloy, a significant reduction in Icorr 

was observed in a mild environment of 0.5 % NaCl (13.8 µA/cm2) relative to Icorr in the severe 

environment of 3.5 % NaCl (82.1 µA/cm2). The corrosion rates of these alloys are well below the target 

Icorr range (0-110 µA/cm2). 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 Ecorr and Icorr Measured from Polarization Curves of Alloys in 0.5 and 3.5 % NaCl Solution 

Alloy Ecorr (VSCE) Icorr (µA/cm2) 

ZnMgAl (3.5 % NaCl) -1.19 3.5 

ZnMgAl (0.5 % NaCl) -1.14 2.7 

ZnMgAlSn (3.5 % NaCl) -1.44 82.1 

ZnMgAlSn (0.5 % NaCl) -1.33 13.8 
 

In summary, the potentiodynamic polarization tests conducted on the experimental alloys 

ZnMgAl, ZnMgAlSn, ZnMgAlSnBi, and ZnMgAlSnGa 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 decrease in the Ecorr 

across the series from pure Zn to ZnMgAlSnGa. This trend demonstrates an increased negative shift in 

Ecorr and consequently a higher electrochemical activity, especially noted in the ZnMgAlSnGa alloy. In 

contrast, the Icorr is lowest for the ZnMgAl alloy, indicating the slowest corrosion rate among the tested 

materials. The ZnMgAlSnBi and ZnMgAlSn alloys exhibit comparable Icorr values, suggesting similar 

corrosion rates, while the ZnMgAlSnGa alloy displays the highest Icorr, indicating the most rapid 

corrosion rate. These findings underscore the variable corrosion behaviors of Zn-based alloys, 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 ZnMgAlSn alloy showed an Ecorr that is more negative 

than ZnMgAl. This suggests that ZnMgAlSn is more active and would provide stronger sacrificial 

protection to the steel substrate in such environments. However, its Icorr is also 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 

ZnMgAlSn alloyôs Icorr value is significantly 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 ZnMgAlSn alloy could offer more durable protection over time. 

In the context of corrosion protection, all the experimental coating alloys would provide 

sacrificial protection to the substrate steels, serving the primary purpose of these coating alloys. For 

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 aesthetic appeal. These layers 

typically include E-coat, primer, base coat, and clear coat. Therefore, corrosion rate of the exposed auto-

body parts is determined by the corrosion rate of ñtop layersò. The corrosion protection of the metallic 

coatings comes into picture when the top layers are damaged. Therefore, even though alloys such as 

ZnMgAlSn exhibited relatively higher (but still within design target range) Icorr in sever electrolyte 

conditions, the corrosion protection provided by top layers will not be affected.  

Table 5.8 provides comparative analysis of computed and experimental results focusing on TL, 

Ecorr and Icorr of the as-cast alloys. Experimental TL of alloys calculated using Tpeak are consistently higher 

than computed results by 5 to 15 °C, except for ZnMgAlSnBi alloy which exhibited experimental TL 

28 °C higher than the computed TL.  

Table 5.8 Comparison of Computed (Comp), Predicted, and Experimental (Exp) Properties of Coating 

Alloys, using DSC heating rate of 5K/min, and 3.5 % NaCl condition 

Alloy 

Comp 

TL 

(°C) 

Exp 

TL (°C) 

Predicted 

Ecorr (mVSCE) 

Exp 

Ecorr (mVSCE) 

Predicted 

Icorr 

(µA·cm-2) 

Experimental 

Icorr  

(µA·cm-2) 

ZnMgAl 344.2 352 -1086 ± 65 -1190 26.3 ± 2 3.5 

ZnMgAlSn 316.5 331 -953 ± 117 -1440 25.1 ± 2.2 82.1 

ZnMgAlSnGa 305 314 -982 ± 114 -1500 20.1 ± 2.6 276.8 

ZnMgAlSnBi 318.9 347 -964 ± 137 -1330 10.7 ± 2.4 79.2 
 

Ecorr data reveal that the experimental values are more negative than the predicted ones for all 

alloys. This trend is particularly pronounced in the ZnMgAlSnGa alloy. ZnMgAlSn and ZnMgAlSnBi 

alloys also show a more negative experimental Ecorr compared to the predicted value, impact appears to be 

less drastic but still noteworthy. Suggesting more data are required for those alloy systems to improve 

Ecorr model. ZnMgAl alloyôs experimental Ecorr closely match with predicted values. The ML database 

exhibited ZnMgAl alloys, therefore, better predictions were expected in the case of ZnMgAl alloys. 

The experimental Icorr values for ZnMgAl indicate a much lower corrosion rate than predicted. 

Conversely, the ZnMgAlSn, ZnMgAlSnBi, and ZnMgAlSnGa alloys exhibit significantly higher 

experimental Icorr values than predicted. Suggesting requirement of more refined ML database for this 

model. 
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5.6 Conclusions 

1. TL of experimental alloys were evaluated using the first deviation and Tpeak methods. The first 

deviation method generally indicated the onset of melting at temperatures close to the computed TL, 

showing little variance between different heating rates. However, the Tpeak temperatures consistently 

exceed the computed TL, particularly at the faster heating rate. 

2. DSC analysis revealed that the newly developed coating alloys ZnMgAlSn and ZnMgAlSnGa exhibit 

TL that are notably lower by approximately 100 °C compared to Zn. Additionally, the ZnMgAl and 

ZnMgAlSnBi alloys demonstrate a TL that is reduced by around 60 °C when contrasted with the Tm of 

Zn. 

3. The emergence of a liquid phase on the surface of the ZnMgAlSnGa alloy was observed, which 

makes this alloy unsuitable for practical applications. 

4. Ecorr for these alloys trends more negative in the sequence of Zn, followed by ZnMgAl, ZnMgAlSnBi, 

ZnMgAlSn, and is most negative for ZnMgAlSnGa. Conversely, the Icorr values increase in the order 

of ZnMgAl, which has the lowest Icorr, Zn, with ZnMgAlSnBi and ZnMgAlSn showing approximately 

equal values, and the highest being ZnMgAlSnGa. 

5. All these alloys have more negative Ecorr values than carbon steel, which typically ranges from           -

0.52 V to -0.73 VSCE. Therefore, they would act as sacrificial anodes and provide corrosion protection 

to steel substrates. However, the high Icorr value of ZnMgAlSnGa suggests that while it may offer 

strong initial protection, its high corrosion rate could limit the duration of that protection. Icorr of 

ZnMgAlSn and ZnMgAlSnBi alloys were within design range. 

6. The unstable OCP readings for ZnMgAlSnBi 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 sustainability [158]. These developments are driven by the 

need for better corrosion resistance and lighter (e.g., lighter) materials to enhance fuel efficiency while 

complying with environmental regulations [159, 160]. Advanced high-strength steels (AHSS), known for 

their high strength-to-weight ratio, are increasingly used, usually with coatings that comprise mainly Zn 

with a small Al addition to inhibit Zn-Fe intermetallic formation [159].  

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, high-quality coatings as detailed in Section 2.3 of 

Chapter 2 [43, 44]. This contrasts with batch galvanizing used for discrete parts, involving two main 

approaches: the wet and dry processes [161]. The wet process uses a flux blanket on the molten bath, 

while the dry process involves pre-fluxing of substrates without a flux blanket. The dry process is less 

energy-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 combined with pre-fluxing.  

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 functional coating properties for automotive and other 

applications. Phase identification in novel multi-component alloys can be challenging due to several 

factors: 1. Complex Phase Diagrams: Multi -component alloys often have intricate equilibrium phase 

diagrams with multiple 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 interactions among different elements [152-164]. 

2. Thermodynamic Data Limitations: Predicting phase formation in barely explored multi-component 

systems is often hampered by incomplete or unavailable thermodynamic data. This gap makes accurate 

modeling or prediction of phase behavior difficult. 3. Non-equilibrium States: Many alloys do not achieve 

equilibrium during processing, leading to the formation of metastable phases not anticipated by 

equilibrium phase diagrams. 4. Intermetallic Compound Formation: The emergence of intermetallic 

compounds in these alloys can be unpredictable due to their complex crystal structures and specific 

formation conditions. 5. Diverse Diffusion Kinetics: Variation in the diffusion rates of different elements 

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

transformations, creating a mix of anticipated and unexpected phases. 6. Surface and Bulk Phase 
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Discrepancies: Surface 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, developed 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 100 µm in diameter [165]. In contrast, eutectic phase 

structures are significantly smaller, with dimensions around 100 nm. These variances underscore the 

importance of detailed studies and sophisticated modeling approaches to better comprehend and predict 

phase behavior in new multi-component alloy systems. 

This chapter therefore delves into understanding how the coatings developed in this research 

interact with substrate steel. It presents the methodology for hot-dip coating the alloys onto carbon steels 

and thoroughly characterizes their microstructure. The chapter 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 microstructural analyses, employing scanning electron microscopy (SEM), energy-dispersive 

X-ray spectroscopy (EDS), X-ray 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 temperature (TL) of the experimental alloys 

in bulk form, three of the alloys ZnMgAl, ZnMgAlSn, and ZnMgAlSnBi 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 sacrificial behavior and lower TL. The compositions of the alloys are provided again in 

Table 6.1. The Ga-containing alloy was excluded due to liquid phase formation on the surface of as-cast 

alloy at room temperature as previously described in Section 5.5.1. 

Table 6.1 Compositions (wt%) of Experimental Coating Alloys 

Alloy Zn Mg Al  Sn Ga Bi 

Zn 99.9 - - - - - 

ZnMgAl 93.88 2.17 3.95 - - - 

ZnMgAlSn 72.96 3.25 3.61 20.18 - - 

ZnMgAlSnBi 74.21 2.84 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, were provided 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 specific application interest would be needed. 

Table 6.2 Composition (wt%) of Plain Carbon Steel Substrate Provided by Cleveland Cliffs 

 

 C Mn Al  Ni Cr Mo Ti Sn Si N S P Cu 

 0.003 0.075 0.05 0.016 0.021 0.006 0.061 0.005 0.006 0.003 0.011 0.008 0.048 

 In the steel industry, Zn-based coatings on carbon steels are typically applied using continuous 

HDG. Replicating these industrial processes on a smaller scale for research purposes often involves using 

a galvanizing simulator, which requires larger amounts of coating alloys (35ï50 kg) than acquired in the 

present work (about 1.8 kg) [166]. In order to apply hot-dip coatings in the laboratory without a 

sophisticated hot-dip 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 furnace used a hot plate and an induction heater. This 

setup aimed to closely mimic the thermal profile and atmosphere associated with industrial hot-dip 

galvanizing. In attempting to replicate industrial continuous HDG processes in a lab setting, several 

practical 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, causing alignment 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 bath also proved difficult with the existing temperature controllers, and even minor tasks like 

changing thermocouple wires were time-consuming. Due to these challenges and the need for significant 

time and financial investment to resolve them, an alternative approach 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 alloys ï Zn, ZnMgAl, ZnMgAlSn, and ZnMgAlSnBi. The setup is shown in Figure 6.2. In 

this method, the substrate surface was initially prepared through mechanical polishing using 15.3 ɛm SiC 

paper to remove coarse irregularities. The polished substrate was then degreased by immersion in a 10 % 

NaOH solution at 80 °C for 120 s, eliminating surface contaminants such as oil and dirt [167-169]. 
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Subsequently, pickling was performed by immersing the substrate in a 10 % HCl and 0.2 % hexamine 

solution at 80 °C for 25 s to remove any metal oxides or scale from the substrate surface .  

 

(a) 

 

(b) 

Figure 6.1 (a) Schematic of the vacuum furnace modified for coating of alloys to substrates. 

(b) The side view and the front view of the vacuum 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 carbon 

steels. A box furnace was used to preheat substrate samples after fluxing. Coating 

alloys were melted in a graphite crucible using the electro-melt 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 preheating scenarios 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 200 °C before coating. (Fluxing is discussed in more detail below.) The substrate was 

then immersed into the coating bath with a temperature (TBath) maintained about 40 °C above the TL of the 

coating alloy, allowing the alloy to remain molten and ensuring a uniform coating. Samples were dipped 

Fume Hood

Box Furnace

Hot plates

Electro melt furnace 

Thermocouple
Galvanizing 

fluxes
10 vol pct NaOH

10 vol pct HCl
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for 15 s, after which they were removed and allowed to air-cool, 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 performance deteriorates at higher temperatures.  

Table 6.3 Compositions (%) of Galvanizing Fluxes  

Flux ZnCl2 NH4Cl 
Dissolved 

Iron 

Sulphates 

(SO3) 

Zaclon High Speed 50° 

Regular Solution (HS) 
Balance 4.9 0.0037 0.0028 

Zaclon W 43% Solution (W) Balance 27.9 0.0021 0.0051 
 

 The experimental alloys demonstrated a high sensitivity/reactivity to water-based lubricants 

during metallographic polishing, leading to extensive pitting. Etching was also observed with alcohol-

based diamond suspensions. To avoid these issues, a JEOL® IB-09010CP cross-section polisher 

employing ion milling was utilized for metallographic sample preparation. This method, involving an Ar+ 

ion beam of 5 ï 8 kV for 5 ï 8 hours, depending on the alloy, ensured no abrasive embedding and 

prevented heat-induced distortion, crucial for heat-sensitive (low TL) samples. Ion beam polishing was 

more effective for the as-cast alloys compared to coated samples, likely due to the substantial hardness 

differential between the substrate steel and coating alloys. 

 Thermo-Calc® 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 measurements. The 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 

conclusions. Therefore, 1st melt data 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 (anode) X-ray tube with a Ka1 radiation wavelength (ɚ) of 

1.54060 Å and Ka2 radiation ɚ of 1.54443 Å. The XRD was equipped with a Bragg-BrentanoHD 

(BBHD) prefix module for excellent monochromatization of the radiation from the X-ray source (to 

remove Kɓ X-rays) and a hybrid pixel detector (Galipix 3D) for fast data acquisition [170]. A step size 

(Á2ɗ) of 0.029 and 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 anti-scatter slit were adjusted for each scan to obtain the maximum possible 
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sample area available for data acquisition. XRD peaks were analyzed using Xôpert HighScore PlusÈ 

software. During data analysis, peaks from Ka2 radiation were removed (stripped) using the Ranchinger 

method keeping the Ka2/ Ka1 intensity ratio as 0.5 [171]. 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 the net-counts evaluation eZAF 

method was used for EDS data analysis, óZAFô stands for atomic number (Z), absorption (A), and 

fluorescence (F) correction [172]. In some instances, the JEOL 7000F FESEM (Field Emission-SEM) and 

FEI Quanta 600i Environmental SEM were used 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 

ZnMgAlSn-coated sample using the FEI Talos F200X scanning transmission electron microscope 

(STEM). The TEM sample lift-out was prepared from a ZnMgAlSn-coated sample area containing 

coating, intermetallic, and substrate regions, the TEM foil was thinned to near electron transparency by 

using a focused ion beam (FIB) utilizing the FEI Helios Nanolab 600i SEM/FIB instrument. TEM was 

used only for ZnMgAlSn coating because unlike other alloys, the ZnMgAlSn 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 as-cast alloys. A specimen region, approximately equidistant from the 

surface and the center was selected for the characterization. 

 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, and evaluating 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 are influenced by the coating process, but a thorough assessment of the effects of coating 

process variations was outside the scope of the current investigation. The current work is aimed at 

identifying promising coating alloys at a low ñtechnology readiness levelò (TRL) and it was recognized 

that much more development would be needed to assess the viability for implementation at a scale. 
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Figure 6.3 Sample selection scheme used to prepare specimens for DSC, XRD, and microstructure 

evaluation of as-cast alloys. Approximately, a green-colored cross-section area 

(1 mm x1 mm) shown in the red box was used for polishing using a JEOL® IB-0910CP 

cross-section polisher. 

6.3 Results and Discussion 

This section discusses the effects of galvanizing flux on coating formation, phase transformations, 

and microstructure evaluation in the Zn, ZnMgAl, ZnMgAlSn, and ZnMgAlSnBi coatings. The 

ZnMgAlSnGa alloy, the formation of a liquid phase on the surface of the as-cast alloy over time at room 

temperature was visually evident. Therefore, this particular alloy was excluded from coating experiments. 

6.3.1 Effect of Galvanizing Flux on Coating Formation 

The lab-scale batch galvanizing setup was used for applying the experimental alloy coatings to 

plain carbon sheet steel. During the coating process, pickling was used to remove 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 used 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 shown in Equation 6.1. This compound effectively removes iron oxides from 

the steel surface, creating products like zinc oxide and ammonium chloride [167, 168]. 

ZnCl2 + NH4Cl Ą NH4ZnCl3 (6.1) 

Ammonium chloride decomposes to form hydrochloric acid, Equation 6.2.  








































































































































































































































































