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Summary

H igh-temperature (HT) oxidation plays a significant role in various stages of
the steelmaking process, including hot rolling. When exposed to high tem-

peratures and oxygen partial pressure, the steel composition near the surface
can be altered as alloying elements deplete. Additionally, the characteristics of
the oxide scale, such as thickness and phase composition, vary depending on
the oxidation conditions. Due to the experimental challenges of studying such
rapid processes under extreme conditions, predictive models are necessary to
estimate the substrate surface and oxide scale composition as well as the gen-
eral oxidation rate of the alloy.

Chapter 1 serves as a general introduction to the high-temperature oxidation
of metals, highlighting its significance, and includes an outline of the thesis.

Chapter 2 entails a background chapter focused on predictive models for HT
oxidation in steels and iron-based alloys. It presents the classic models proposed
by Carl Wagner and highlights the key advancements derived from his theories.
These models were primarily utilized to examine various aspects of HT oxidation,
such as oxidation modes, oxidation rate, oxide composition, and changes in the
substrate alloy composition, with a focus on pure metals and simple binary al-
loys. The chapter then presents the limitations of diffusion-based models and
proceeds to discuss the subsequent generation of HT oxidation studies, incor-
porating data-driven methodologies. It demonstrates the capability of various
Machine Learning (ML) algorithms, including KNN, ANN, RF, and others, to pre-
dict the growth rate of oxides during HT oxidation in different alloy compositions.

In Chapter 3, we conducted comprehensive high-temperature oxidation ex-
periments on iron binary alloys with varying Mn content, relevant to Advanced
High Strength Steels (AHSS), employing a Thermogravimetric analyzer (TGA).Ox-
idation kinetics showed an initial linear growth rate under most conditions, tran-
sitioning to parabolic growth only in specific scenarios. Notably, the research
revealed that oxygen partial pressure and gas linear flow rate were the primary
factors affecting oxidation kinetics, with temperature and Mn content exhibiting
minimal influence. An activation energy of around 2 kJ ⋅mol-1 was obtained from
the experiments. In addition to the kinetics, a detailed analysis of the oxide scale,
facilitated by SEM, EDS, XRD, and in-situ XRD techniques, unveiled the oxida-
tionmechanism to be gas-phasemass transfer through a laminar boundary layer,
leading to variations in scale thickness along the sample’s length. The experi-
mental results presented in this chapter served as the basis for developing the
predictive model described in Chapter 4.

In Chapter 4, a diffusion-based model is developed to simulate the HT oxi-
dation process of Fe-Mn alloys. The model accounts for both the chemical com-
position of the oxide scale and the depletion of Mn in the substrate alloy. The
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x Summary

input required for this model is the growth rate constants of the oxide scale. To
obtain these constants, a series of HT oxidation experiments using a TGA were
conducted. During these experiments, iron-manganese alloys were exposed to
gas mixtures with varying oxygen partial pressures (10-30 kPa) and gas flow rates
(26.6 to 250 mLmin-1) at different temperatures (950-1150 °C). It is observed
that temperature variations play a pivotal role, influencing the composition pro-
file of Mn within the alloys during oxidation. Additionally, increased oxygen par-
tial pressure within the oxidizing gas mixture results in faster linear growth of the
oxide scale, predominantly composed of iron oxide (FeO) andmanganese oxide
(MnO). This accelerated oxidation process leads to a higher O/M recession and,
consequently, a thinner Mn depleted zone. Finally, the study introduces numer-
ical simulations capable of predicting the Mn to Fe ratio within the oxide layer,
enabling the calculation of the amount of Mn lost from the alloy during HT oxi-
dation. These findings offer valuable insights for controlling the surface behavior
of steels during HT processing and highlight the need for further research on dif-
ferent iron alloys to understand the role of various alloying elements and their
interactions in oxidation behavior.

Finally, inChapter 5, kinetic data for high-temperature oxidationwas extracte-
d from published sources for various steel grades in dry air. To predict 𝑘𝑝, four
machine-learningmodels—ANN, RF, KNN, and SVR—were employed using Python
libraries like Scikit-learn and TensorFlow. Performance evaluation was based on
metrics like MAE, MSE, RMSE, and R-squared, with accuracy being enhanced
through hyperparameter optimization. The most influential factors were found
to be the composition (e.g., Cr, Fe, Ni) and temperature. Effective relationships
between input features (composition and temperature) and target value (𝑘𝑝) were
established by the models. The inclusion of more than three features did not re-
sult in significant improvements in predictions. RF outperformed others when
trained on the top four features. KNN and ANN showed similar prediction ac-
curacy, while SVR displayed larger errors. This research informs the prediction
of oxidation behavior in new steel grades during the steel-making process, and
the methodology is adaptable to other datasets and variables. Lastly, machine
learning integrated with the automated design of experiments can be utilized to
identify gaps in experimental datasets and suggest experiments for further im-
proving model predictions.



Samenvatting

H oge-temperatuur (HT) oxidatie speelt een belangrijke rol in verschillende
stappen van het staalproductieproces, waaronder warmwalsen. De samen-

stelling van het staal kan bij het oppervlak veranderen doordat het blootgesteld
wordt aan hoge temperaturen en zuurstofdruk, hetgeen legeringselementen uit-
put. Bovendien variëren de kenmerken van de oxide-laag, zoals dikte en fase
samenstelling, afhankelijk van de oxidatieomstandigheden. Vanwege de expe-
rimentele uitdagingen bij het bestuderen van dergelijke snelle processen onder
extreme omstandigheden zijn voorspellende modellen noodzakelijk. Deze kun-
nen worden gebruikt om de samenstelling van het substraatoppervlak, de oxide-
laag en de algemene oxidatiesnelheid van de legering in te schatten.

Hoofdstuk 1 dient als een algemene inleiding tot de hoge-temperatuur oxi-
datie vanmetalen. Het benadrukt de relevantie ervan en omvat een overzicht van
het proefschrift.

Hoofdstuk 2 omvat een hoofdstuk gericht op de achtergrond van voorspel-
lendemodellen voor HT-oxidatie in stalen en ijzer legeringen. Het presenteert de
klassieke modellen voorgesteld door Carl Wagner en benadrukt de belangrijk-
ste vooruitgang die is voortgekomen uit zijn theorieën. Deze modellen werden
voornamelijk gebruikt om verschillende aspecten van HT-oxidatie te onderzoe-
ken, zoals oxidatiemodi, oxidatiesnelheid, oxide samenstelling en veranderingen
in de samenstelling van het substraatmetaal, met de nadruk op zuivere metalen
en eenvoudige binaire legeringen. Het hoofdstuk behandelt vervolgens de be-
perkingen van modellen die op diffusie zijn gebaseerd en gaat verder met de
bespreking van de daaropvolgende generatie van HT-oxidatiestudies. Hierbij
worden ook data-gedreven methodologieën meegenomen. Het toont de mo-
gelijkheid van verschillendeMachine Learning (ML) algoritmen, waaronder KNN,
ANN, RF, om de groeisnelheid van oxiden tijdens HT-oxidatie in verschillende le-
geringssamenstellingen te voorspellen.

In Hoofdstuk 3 behandelt uitgebreide oxidatie-experimenten bij hoge tem-
peraturen op ijzer legeringen met variërende Mn-inhoud, relevant voor Advan-
cedHigh Strength Steels (AHSS),met behulp van een Thermogravimetrische ana-
lyse (TGA). Onder de meeste omstandigheden toonde de oxidelaag een initiële
lineaire groei, overgaand naar parabolische groei onder specifieke omstandig-
heden. Het onderzoek toonde aan dat zuurstofdruk en gasstroom de primaire
factoren zijn die de oxidatiekinetiek beïnvloeden, waarbij temperatuur en Mn-
gehalte eenminimale invloed hebben. Er werd een activeringsenergie van onge-
veer 2 kJ ⋅mol-1 verkregen. Naast de kinetiek onthulde een gedetailleerde ana-
lyse van de oxide-laag, met behulp van SEM, EDS en (in-situ) XRD-technieken dat
het oxidatiemechanisme bestaat uit massatransport door een laminaire grens-
laag in het gas. Dit resulteert in variaties in laagdikte langs de lengte van het

xi



xii Samenvatting

proefstuk. De experimentele resultaten die in dit hoofdstuk worden gepresen-
teerd, dienden als basis voor de ontwikkeling van het voorspellende model be-
schreven in Hoofdstuk 4.

In Hoofdstuk 4 wordt een op diffusie gebaseerd model ontwikkeld om het
HT-oxidatieproces van Fe-Mn legeringen te simuleren. Het model houdt reke-
ning met zowel de chemische samenstelling van de oxide-laag als het uitputten
van Mn in de substraatlegering. De groeisnelheidsconstanten van de oxide-laag
vormen de invoer die nodig is voor dit model. Om deze constanten te verkrij-
gen, werden een reeks HT-oxidatie-experimenten uitgevoerd met behulp van
een TGA. Tijdens deze experimentenwerden ijzer-mangaan legeringen blootge-
steld aangasmengselsmet variërende zuurstofdrukken (10-30 kPa) engasstroom
snelheden (26.6 tot 250 mLmin-1) bij verschillende temperaturen (950-1150 °C).
Hierbij werd waargenomen dat temperatuurvariaties een cruciale rol spelen en
de verdeling van Mn binnen de legeringen beïnvloeden tijdens oxidatie. Boven-
dien resulteert een verhoogde zuurstofdruk binnen het oxiderende gasmengsel
in een snellere lineaire groei van de oxide-laag, die voornamelijk bestaat uit ij-
zeroxide (FeO) en mangaanoxide (MnO). Dit versnelde oxidatieproces leidt tot
een hogere oxide-metaalgrensvlak recessie met als gevolg een dunnere Mn uit-
geputte zone. Tot slot introduceert de studie numerieke simulaties die in staat
zijn om de Mn–Fe verhouding binnen de oxide-laag te voorspellen, waardoor
de berekening van de hoeveelheid Mn die verloren gaat uit de legering tijdens
HT-oxidatie mogelijk is. Dit biedt waardevolle inzichten voor het beheersen van
het oppervlaktegedrag van staalsoorten tijdens HT-verwerking. Ook benadrukt
het de noodzaak van verder onderzoek naar verschillende ijzerlegeringen omde
rol van verschillende legeringselementen en hun interacties in oxidatiegedrag te
begrijpen.

Tot slot, in Hoofdstuk 5, werden kinetische gegevens voor oxidatie in droge
lucht bij hoge temperatuur voor verschillende staalkwaliteiten verzameld uit de
literatuur. Om kp te voorspellen, werden vier ML-modellen—ANN, RF, KNN en
SVR—gebruikt met behulp van Python-bibliotheken zoals Scikit-learn en Tensor-
Flow. De prestatie-evaluatie was gebaseerd op indicatoren zoals MAE, MSE,
RMSE en R-kwadraat, waarbij de nauwkeurigheid werd verbeterd via hyperpa-
rameteroptimalisatie. De meest invloedrijke factoren bleken de samenstelling
(bijv., Cr, Fe, Ni) en temperatuur te zijn. Effectieve relaties tussen ingevoerde va-
riabelen (samenstelling en temperatuur) en de doelwaarde (𝑘𝑝) werden door de
modellen vastgesteld. Het opnemen van meer dan drie variabelen resulteerde
niet in significante verbeteringen van de voorspellingen. RF presteerde beter
dan de andere modellen wanneer het getraind wordt op de top vier variabelen.
KNN en ANN toonden een vergelijkbare voorspellingsnauwkeurigheid, terwijl
SVR grotere fouten vertoonde. Dit onderzoek draagt bij aan de voorspelling van
oxidatiegedrag bij nieuwe staalkwaliteiten tijdens het staalproductieproces. Te-
vens is de methodologie aanpasbaar voor andere datasets en variabelen. Ten
slotte kan Machine Learning, geïntegreerd met geautomatiseerd ontwerp van
experimenten, worden gebruikt om lacunes in experimentele datasets te identifi-
ceren en experimenten voor te stellen ter verbetering van modelvoorspellingen.



1
Introduction

T he term ’oxidation’ in metals, is commonly defined as a chemical reaction
that elevates the metal oxidation state, forming a compound such as oxide,

sulfide, carbide, etc [181]. A traditional illustration of oxidation is the process of
rusting. Rusting occurs when iron reacts with oxygen in the presence of water or
moisture in the air to form iron(III) oxide. The chemical reaction is:

4Fe+ 3O2 → 2Fe2O3 (1.1)

Iron(III) oxide, commonly knownas ‘rust’, gives the surfaceof the iron a reddish-
brown appearance. Investigating the oxidation processes is crucial, as it enables
the prevention or slowing down of undesirable oxidation reactions, such as iron
rusting. Furthermore, understanding and predicting the mechanisms of oxida-
tion reactions can aid in reducing material degradation.

In the study of oxidation reactions, a key consideration is the rate at which the
reaction advances, known as the kinetics of oxidation. During oxidation experi-
ments conducted in laboratories, researchers typically assess the oxidation rate
by quantifying the weight of absorbed oxygen reacting with the metal. This tech-
nique is called thermogravimetric analysis and allows continuous monitoring of
mass gain over time, providing valuable insights into the oxidation mechanism.
Furthermore, this approach aids in identifying the controlling step of the oxida-
tion reaction, which may involve either the diffusion of reactants to the reaction
site or the chemical reaction among the present reactants.

One of the main parameters when studying the kinetics of oxidation is tem-
perature. The effect of temperature on oxidation reactions is significant and is
generally described by the Arrhenius equation. The Arrhenius equation relates
the rate constant (𝑘) of a reaction to the temperature (𝑇) and includes an activation
energy (𝐸𝑎) term. The equation is given by:

𝑘 = 𝐴.𝑒−
𝐸𝑎
𝑅𝑇 (1.2)

1
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2 Introduction

The impact of temperatureonoxidation reactionsbecomesevident also throu-
gh laboratory experiments. While the oxidation of iron may require days at room
temperature (rusting process), this timeframe significantly reduces to mere sec-
onds at elevated temperatures [5]. This indicates a substantial alteration in the ki-
netics of oxidation with an increase in temperature. Consequently, the increased
oxidation rates lead to morematerial loss and degradation, emphasizing the crit-
ical importance of studying the high-temperature (HT) oxidation of metals.

The steel-making process serves as an illustrative case highlighting the signifi-
cance of HToxidation. In numerous stages of this process, metals—predominantly
iron—are subjected to elevated temperatures while being exposed to oxygen and
water vapor, leading to oxidation. Although oxidation is undesirable, it is an in-
evitable aspect of these conditions. Hence, it becomes crucial to investigate HT
oxidation effectively in both kinetic and thermodynamic aspects. This allows a
thorough understanding of the oxidation behavior of steels, encompassing as-
pects such as material loss, consequent alterations in properties, surface degra-
dation, and more.

Moreover, the exploration of HT oxidation extends beyond attempts to solely
prevent or decelerate the process. The ability to predict oxidation properties is
equally crucial. This thesis primarily focuses on predictive methodologies for HT
oxidation of steel slabs during and after the hot rolling process (as illustrated in
Figure 1.1), occurring before coiling. In this phase, the temperature ranges be-
tween 900 and 1100 °C, and the slabs are exposed to air and water vapor, creat-
ing an intensely oxidizing gas environment. Accurate predictions regarding the
thickness and composition of the oxide scale are of great importance. They assist
experts in designing preceding factors, such as the content of alloying elements
and temperature, as well as subsequent steps, like optimizing descaling param-
eters, more effectively. Modifications to the preceding steps can be made to en-
sure an additional amount of material compensates for oxidation-related losses.
Subsequent steps can then be designed based on the oxide thickness and adhe-
sion to thoroughly descale the slabs and prevent surface defects in subsequent
stages.

Figure 1.1: Schematic illustration of reheating, hot rolling, and coiling steps within steel-making pro-
cess.

Considering the extensive global steel production, it is imperative to study
HT oxidation in steels. However, the significance of HT oxidation knowledge ex-
tends beyond the realm of steel production. Understanding the HT oxidation of
metals is crucial in various industrial applications where materials are exposed
to elevated temperatures in oxidizing environments. Examples of such applica-
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3

tions include jet engines in aerospace, heat-resistant alloys in power plants, and
components in industrial furnaces. In all these processes, alloys are subjected to
extreme temperatures, and their ability to withstand oxidation is essential.

Outline of the Thesis
Chapter 2 provides a thorough literature review of kinetic models predicting the
HT oxidation behavior of steels and iron-based alloys. This review encompasses
analytical, numerical, and data-driven approaches, shedding light on substrate
alloy characteristics, internal/external oxidation, growth rate, and oxide compo-
sition. Chapter 3 focuses on short-time oxidation experiments, with the goal of
elucidating the oxidationmechanism, pinpointing influential parameters, and an-
alyzing the linear to parabolic growth transition across diverse Fe-Mn alloys. This
study spans varying oxygen partial pressures (10-30 kPa) and gas flow rates (26.6
and 53.3 sccm) within a temperature range of 950-1150 °C. A comprehensive ex-
amination of the oxidized samples was conducted through SEM, XRD, and EDS
characterizations. In chapter 4, a numerical model is developed to predict the
formation of oxide phases and the composition profile of a steel alloy during
short-term external oxidation. This model is applied to investigate the HT oxi-
dation of Fe-Mn alloys under various conditions. To obtain input parameters for
the model, oxidizing experiments are conducted using a thermogravimetric an-
alyzer (TGA) on Fe-Mn alloys with varying Mn contents (below 10 wt%). These
experiments helped to determine kinetic parameters critical for the model’s ac-
curacy. Finally, in chapter 5, a data analytics approach is employed to predict
the parabolic growth rate constant (𝑘𝑝) for the HT oxidation of steels. It stands
as the most generic model developed for predicting the HT oxidation kinetics of
various steel alloys and represents the culmination of this thesis.





2
Literature Review: Predictive

Modelling in High-Temperature
Oxidation of Steels

High-temperature oxidation of steel is a critical phenomenon influencing the per-
formance and durability of products in various industrial applications. This work
presents a comprehensive literature reviewon kineticmodels forecasting the high-
temperature oxidation behavior of steels and iron-based alloys. The review cov-
ers analytical, numerical, and data-driven approaches and offers insights into the
substrate alloy characteristics, internal/external oxidation, growth rate, and oxide
composition. The review highlights the strengths and limitations of each model,
aiming to improve understanding of oxidation kinetics and guide future research
and practical applications.

5
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6 2. Literature Review

2.1. Introduction

S teel is being produced in large quantities around the world. In 2022 more
than 1800 Mt of steel has been produced worldwide [174]. Nearly all of it

is cast into massive slabs or other pieces, which are then heat treated between
1000 and 1200 °C for different purposes. Then a thick layer of oxide scale de-
velops due to the presence of oxidizing gases at high temperatures during long
heating times. This type of oxidation accounts for 1-2% of all steel consumption,
whichmeans around 18-36Mt in 2022 [174]. Despite the fact that the oxide scale
is mostly recycled in steel production, the cost of removing and reusing it is quite
significant. Although steel scaling cannot be fully prevented, the identification of
critical factors that impact its emergence, including steel composition, tempera-
ture, and oxygen partial pressure, plays a vital role in enhancing the effectiveness
of steel production methods.

There are various reasons why studying the HT oxidation of steels is vital:

• To understand the degradation of steels in service.

• To improve the performance and lifetime of steels in HT environments.

• To develop new coatings and surface treatments.

• To develop new manufacturing processes.

• To comply with safety and environmental regulations.

Experimental investigation and characterization of the oxidation behavior of
steels/alloys for a particular application are necessary because various factors
such as composition, geometry, and theworkingenvironment affect scale growth.
However, performing lab tests for numerous alloys/compositions requires signif-
icant time and effort. Therefore, computational methods along with thermody-
namic/kinetics databases are developed to predict the HT oxidation behavior.
This could reduce the need for experiments to the ones necessary for validating
the predictions.

In the present work, a review of the physical and computational models used
in the literature to forecast the kinetics of HT oxidation will be provided, with an
emphasis on the oxidation of iron-based alloys and steels. The review starts with
the historical development of such models and ends with an eye on the future of
the field and prospective new developments.

2.2. The Theory of Kinetics of Oxide Scale growth
Oxidation is a chemical reaction that involves the removal of electrons from an
atom, ion, or molecule, leading to an increase in its oxidation state. The oxidized
species loses electrons, while the oxidizing agent gains them. In metal oxidation,
oxygen is incorporated into the oxide scale, while the reactivemetal is transferred
to the alloy-scale interface, where it combines with the oxide scale. The various
steps in the oxidation reaction of metals are shown in Figure 2.1.
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Figure 2.1: A schematic of the processes that con-
tribute to the growth of an oxide scale through re-
actions and transport.

Calculating the kinetics of an HT
oxidation reaction requires identifying
the oxidationmechanismand the rate-
controlling step. As shown in Fig-
ure 2.1, there are three steps that can
control the oxidation rate: (a) The
diffusion of the oxidizing molecules
through the gas layer, (b) the diffusion
of the metal through the oxide layer,
and (c) the adsorption of the gas and
the reaction between the oxygen and
the metal. The oxidation rate can be
calculated through methods of fluid
dynamics, diffusion theory, and sur-
face chemistry. Therefore, as a func-
tion of the alloy composition, temper-
ature, and gas environment, it is desirable to theoretically study an HT oxidation
reaction in order to predict the oxidation rate, reaction product, and mechanical
stability, as well as determine whether oxidation occurs internally or externally.
However, experimental research may still be necessary for complicated systems.
Theoretical predictions can offer qualitative cues for experimental design and ef-
fective laboratory research planning.

2.3.Measuring the Kinetics

Figure 2.2: Cross-section of a Fe-7Mn alloy oxi-
dized in air at 1000 °C for 20 minutes (the cross-
section is made via FIB Helios).

The weight change of a metal or ox-
ide accumulation over time is gen-
erally used to analyze the kinetics
of oxidation reactions. Gravimet-
ric measurement, done continuously
with a microbalance or discontinu-
ously by weighing multiple samples,
is a practical method for this analysis.
The weight change per surface area
(Δ𝑊/𝐴) can be translated to other pa-
rameters like metal consumption, sur-
face recession, and oxide scale thick-
ness [181]. The thickness of the oxide
scale can also be directly measured
using cross-sectional microscopic im-
ages (see Figure 2.2). For use in diffu-

sion equations, the scale growth rate is expressed in terms of thickness rather
than weight change. The general oxidation rate is written as Equation (2.1).

𝑑𝑋
𝑑𝑡 = 𝑓(𝑡) (2.1)
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The mechanism of oxidation determines f(t). The reaction steps can be di-
vided into twomain categories: (a) those that takeplacewithin the scale (paraboli-
c growth), and (b) those occurring outside of it (linear growth).

2.3.1. Linear growth kinetics
Linear growth is observed when the oxidation is governed by reactions outside
the oxide scale, therefore the scale thickness has no effect on the oxidation rate.
As a result Equation (2.1) would be written as

𝑑𝑋
𝑑𝑡 = 𝑘𝑙 (2.2)

Such a situation can occur when a metal is oxidizing at high temperatures in
a gas environment with low oxygen partial pressure, where the diffusion through
the oxide scale is so fast that it is not controlling the overall oxidation rate. Then
the rate-determining steps could be the transfer of oxidizing molecules through
the bulk gas to the scale surface, which is governed by the parameters of the gas
mixture such as flow rate, oxygen partial pressure, and temperature. Also, surface
reactions such as the dissociation of the gas molecules can be rate-controlling
and lead to a linear growth rate.

2.3.2. Parabolic kinetics
When a compact oxide scale is growing, the growth rate is usually governed by
the diffusion of the species within the scale. Then the growth rate is parabolic
and it can be written as Equation (2.3).

𝑑𝑋
𝑑𝑡 =

𝑘𝑝
𝑋 (2.3)

The existence of parabolic oxidation kinetics was originally demonstrated ex-
perimentally by Tammann [152], and independently by Pilling andBedworth [18].
Since diffusion is the controlling step, Fick’s first law in one dimension could de-
scribe it [22]:

𝐽 = −𝐷𝜕𝐶𝜕𝑥 (2.4)

By considering the diffusion of species through the oxide scale as rate con-
trolling it can be concluded that the processes at bothmetal/oxide and oxide/gas
are rapid. These interfaces are then assumed to be in local equilibrium. There-
fore, as shown in the Figure 2.3, the concentrations of the diffusing species at the
interfaces (𝐶1 and 𝐶2) are constant in time. The above assumptions were first im-
plemented by Wagner [181]. He also established the relationship between the
growth rate and the properties of the oxide scale such as diffusion coefficient,
deficiencies, etc. His theories on oxide scale growth are further described in Sec-
tion 2.4.

In the HT oxidation of metals, the parabolic growth rate can be influenced by
a number of factors including temperature [137], oxygen partial pressure [180],
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Figure 2.3: The schematic of a growing oxide scale. The concentrations of the diffusion species at
metal/oxide and oxide gas interfaces are indicated as 𝐶1 and 𝐶2.

and alloy composition [102]. Since diffusion is the rate-determining step, 𝑘𝑝 can
be described with the Arrhenius relationship [181]

𝑘𝑝 = 𝑘𝑜 exp(
−𝑄
𝑅𝑇 ) (2.5)

Where 𝑄 and 𝑘𝑜 are the activation energy and a constant, respectively, both
of which are alloy-dependent.

2.4.Oxidation Kinetics of Pure Metals
2.4.1. Classical Wagner’s theory of scale formation
The Classic theory ofWagner [181] focuses on steady-state kinetics, which is con-
trolled by the lattice diffusion of ions or the transport of electrons/holes within
the oxide scale with fixed boundary conditions. As mentioned in Section 2.3.2,
this implies that the chemical potentials of the diffusing species at the interfaces
are time-invariant (local equilibrium). Therefore, the boundary condition is gov-
erned by thermodynamics, i.e. themetal-oxidant phase diagram. Taking the first-
formed iron oxide (wustite FeO) as an example, it is well known that the composi-
tion can significantly deviate from stoichiometry (Fe1–𝛿O). Accordingly, the oxy-
gen potential gradient across the oxide scale (from the metal/oxide to oxide/gas
interface) results in a defect (𝛿) gradient in the oxide [93]. Such deviations lead
to different chemical potentials at the interfaces that depend on parameters such
as temperature and oxygen partial pressure.

Wagner’s model states that the lattice diffusion of species is rate-controlling,
meaning that other diffusion processes play a negligible role in mass transfer
[161]. Thus, it is assumed that grain boundaries and dislocations are present at
relatively low densities in the oxide scale. Additionally, as it is anticipated that the
gas-phase mass transfer within the scale will be negligible: the scale is assumed
to be nonporous and adherent to the metal. Finally, by solving the transport
equations and relating the diffusive flux to scale thickening, Wagner developed
the Equation (2.6) for predicting the metal oxidation rate [181].
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𝑘𝑝 = ∫
𝑎″𝑂

𝑎′𝑂
𝐷𝑀

1
1 − 𝛿𝑑 ln𝑎𝑂 (2.6)

where 𝑎′𝑂 and 𝑎″𝑂 are the boundary values for the activity of oxygen at the
metal/oxide and oxide/gas interfaces, respectively. 𝐷𝑀 is the diffusion coefficient
and 𝛿 is the deviation from stoichiometry in the oxide. It can be seen that tem-
perature can affect the 𝑘𝑝 (Equation (2.6)) significantly because the diffusion co-
efficient [74], the deviation from stoichiometry [93], and the oxygen activities at
the interfaces are all temperature dependent [181].

2.4.2. Validation of Wagner’s model
To illustrate the accuracy of Wagner’s model, the oxidation of iron as the main el-
ement in steel can be considered. When oxidized at temperatures above 570°C,
iron can form an oxide scale composed of inner, intermediate, and outer layers
of wustite, magnetite, and hematite, respectively. At temperatures at which diffu-
sion is controlling the scale growth, the wustite layer is usually much thicker than
the other two layers. That is because the iron diffusion coefficient in wustite is an
order of magnitude higher than that in the other two oxide phases [67].

In work by Himmel [74], HT oxidation of iron was investigated using the ra-
dioactive tracer technique to determine 𝐷𝐹𝑒 in wustite, magnetite, and hematite.
Then the measured scale growth rates were compared withWagner’s findings. A
good agreement was found between the calculated and measured values of 𝑘𝑝
for both the oxidation of iron to wustite as well as for the conversion of one ox-
ide to another, e.g. iron to wustite and wustite to magnetite, respectively (see
Figure 2.4). Goursat et al. [67] also obtained agreement between measured
parabolic constants and the ones calculated fromWagner’s model.

Figure 2.4: The comparison between measured and calculated values of parabolic growth rate con-
stants as a function of temperature for oxidation of iron towustite, wustite tomagnetite, andmagnetite
and hematite [74].

Smeltzer et al. [142], compared the parabolic growth rate constantsmeasured
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in other works [47, 138] with the theoretical ones calculated with different diffu-
sion coefficients [52] as inputs. As demonstrated in Figure 2.5, the experimental
and calculated values are in good agreement throughout a broad temperature
range, demonstrating the validity of Wagner’s model.

Figure 2.5: The comparison between measured (points) [47, 138] and calculated (curves) parabolic
growth rate constants for oxidation of iron in oxygen as a function of temperature [142].

2.4.3. Limitations of Wagner’s model
Wagner’s model could accurately predict the growth rate in a fair number of
cases, despite making certain questionable assumptions such as a dense oxide
scale and no grain boundary effect (see Section 2.4.1). The use of Equation (2.6)
is primarily hindered by the lack of input data needed to solve it. As a result, cal-
culating the oxidation rate by finding the diffusion coefficients and the deviations
from stoichiometry as a function of oxygenpotential ismoredifficult than testing it
experimentally. Therefore, the true importance of the theory lies in its capacity to
elucidate the oxidation mechanism. This means that it clarifies how parameters
like temperature and oxygen partial pressure impact the diffusion mechanism,
and consequently the growth rate. Some major limitations of Wagner’s theory
are discussed in the following sections.

Impurities and substitute metals
Wagner assumed the oxidizingmetals to be pure. However, that is usually not the
case and the impurities can significantly affect the kinetics of oxidation because
impurities can change the defect concentration in the oxide scale. The valence
difference between the impurity and the solvent could change the vacancy con-
centration, i.e. it can rise by doping with a higher valent cation and vice versa. An
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excellent illustration of this is the HT oxidation of Ni, which has been observed to
proceed more quickly in situations when it includes a low concentration of Cr as
an impurity [50, 190]. Thus, in the mentioned case of Ni oxidation with Cr impu-
rities, to use Wagner’s model (Equation (2.6)), the Cr concentration profile within
the scale is needed. The oxidation of multi-component systems is described in
more detail in Section 2.5.

Microstructural effects
In his classic model, Wagner assumed the oxide layer to be dense and adherent
to the metal substrate with lattice diffusion as the only way of mass transportation
within the oxide scale. Such conditions are not always met in practice.

Grain boundary effect: The formed oxide scales are usually polycrystalline
and therefore at higher temperatures, the diffusion occurs both through the lat-
tice and the grain boundaries. However, at lower temperatures, diffusion primar-
ily occurs through the grain boundaries, which is not accounted for in Wagner’s
model. Herchl [71] showed this effect for NiO. The effect of grain boundary diffu-
sion was considered by Smeltzer [143] for oxidation of Ni by defining an effective
diffusion coefficient including both lattice and grain boundary diffusion contribu-
tions

𝐷𝑒𝑓𝑓 = 𝐷𝐿(1 − 𝑓) + 𝐷𝐵𝑓 (2.7)

where 𝐷𝐿 and 𝐷𝐵 are the lattice and bulk self-diffusion coefficients, respec-
tively. 𝑓 is the fraction of diffusion sites within the boundaries.

Scaleswithmore thanone layer: InmanyHToxidation cases -including iron-
the scale consists of more than one layer, which can be predicted via the phase
diagrams. The oxide layers interfaces are in local equilibrium, so the values for
oxygen activities (𝑎𝑂) are fixed and could be calculated at those points. The clas-
sic examples are the oxidation of iron, copper, and cobalt. The iron oxide scale,
for instance, can be formed of wustite, magnetite, and hematite, depending on
the oxidizing condition such as temperature and oxygen partial pressure [16] (see
Figure 2.6).

Although the produced oxide phases may be predicted, it is not possible to
directly estimate the growth rate of each layer from the diffusion fluxes since there
is extra mass transfer at the interfaces. Several authors have worked on theories
to determine the thickness of simultaneous forming oxides during HT oxidation
[87, 62, 78, 167]. By implementing the theory of the growth of two oxide lay-
ers by Yurek [187] in HT oxidation of iron, Gernaud and Rapp [58] determined
the parabolic growth rate constants for each iron oxide phase individually in the
presence of the others. Finally, the oxide phases thickness ratio values from ex-
periments (Figure 2.7) were in good agreement with the calculated ones.

In a recent work, Larsson [92] combined the independently assessed ther-
modynamic and kinetic data for the Fe–O system to predict the evolution of
hematite, magnetite, and wustite layers during oxidation at 600°C in dry oxygen.
He calculated the effective mobility by considering the grain boundary mobility,
the volume fraction of grain boundaries, and the bulk (lattice) mobility. Finally,
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Figure 2.6: The iron oxygen phase diagram plotted via FactSage software [16].

Figure 2.7: Relative thicknesses of magnetite (Fe3O4) and hematite (Fe2O3) in the scaling of iron in
the air [118].

he demonstrated that the variations in the wustite/magnetite thickness ratio can
be at least partly attributed to the impacts of grain growth and the corresponding
changes in the contribution of grain boundary diffusion.

Macroscopicdefects (surface spalling, pores, and cracks): Wagner’smodel
assumes that the oxide scale is dense and adhered to the substrate, however, this
is not always the case. One of the main causes of scale defects like cracking and
spallation is the stress generated in the oxide scale [176]. In oxide scales, two
basic types of stresses often occur: thermal stress, caused by the difference in
thermal expansion between the oxide scale and the metal substrate, and growth
stress, which develops during the oxidation process and has a complex origin
that is not fully understood. The volume change caused by the development of
the oxide at the metal/oxide interface can cause growth stress and is described
using the Pilling-Bedworth ratio (PBR) [176].

𝑃𝐵𝑅𝑚𝑒𝑡𝑎𝑙 =
𝑉𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑜𝑥𝑖𝑑𝑒
𝑉𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑚𝑒𝑡𝑎𝑙 (2.8)

It is commonly acknowledged that when the PBR is more than 1, compressive
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stress occurs in the oxide scale, and when the PBR is lower than 1, tensile stress
develops. The PBRmodel served as the foundation formodernmodels of growth
stress [135] and has been often implemented for its explanation of how stress is
generated during oxidation [19] to predict cracking and spallation.

Another parameter that can change the scale adhesion on the substrate and
its porosity is the gas environment. Chen [37] discovered that the addition of
water vapor to the atmosphere completely altered the oxidation characteristics
of low carbon and low silicon steel. First, the scale formed in 1%O2-N2 was easier
to spall after cooling, whereas the scale formed in the atmospheres containing
water vapor was not. Moreover, the addition of 2.5–10% water vapor caused the
formation of a number of depressed spots -i.e. where the scale is thinner-, and at
these spots, the scale-steel adhesion was significantly strengthened. Finally, by
the additions of 17.2 and 24.8% water vapor to the environment, the formation
of depressed spots and scale spallation upon cooling were both prevented. The
results from other research [156, 82, 183] on the effect of gas environment on the
adhesion and porosity of the oxide scale on pure iron were in good agreement
with Chen’s. Ehlers’ [51] explanation of how oxygen is transported through the
scale with the assistance of water vapor in the pore is depicted in Figure 2.8.

Figure 2.8: The transportation of water vapor
molecules through the scale and oxygen transfer
across in-scale void via ”H2O-H2 bridge” process
[51].

It is suggested that the molecules of
water vapor might appear in the in-
scale voids. At the surface, clos-
est to the scale/metal interface, wa-
ter molecules oxidize the metal in the
void thereby releasing hydrogen gas.
These hydrogen molecules reduce
the oxide at the void surface closest
to the scale/gas interface. By acceler-
ating the inward transport of oxygen,
this mechanism which is called H2O-
H2 bridge process, increases the rate
at which metals oxidize. Moreover, it
causes the voids to shift from the inte-
rior to the external interface, enhanc-
ing scale adhesion. In conclusion, de-
fects such as pores, cracks, and spalla-
tion can occur in oxide scales but were
not considered in Wagner’s model.

Reactions not controlled by diffusion through the scale - linear growth rate
Contrary towhatWagner assumed, HT oxidation does not always occur at steady-
state conditions. If either the interfacial process (reactions) or gas-phase mass
transfer is slower than diffusion within the scale, a linear scale growth rate would
occur.

A linear growth rate is widely reported for HT oxidation of iron in low oxygen
partial pressures (𝑝O2 ) where only wustite can form [124, 142]. To keep 𝑝O2 low
for only wustite to form, gas mixtures of CO + CO2 and H2 + H2O are used. So
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𝑝O2 would be as low as around 10-14 atm at 1000°C where the gas-phase disso-
ciation of both CO2 and H2O as the main species, is relatively slow. Therefore,
in such cases, the dissociation of CO2 or H2O to adsorbed oxygen and CO/H2,
respectively, controls the scale growth rate via the reaction [124]

CO2(𝑔) + 𝑆 = CO(𝑔) + 𝑂|𝑆 (2.9)

where 𝑆 is a surface adsorption site. Pettit [124] developed a model to show
that in a gas mixture of CO + CO2, the iron oxidation linear rate depends on
𝑝CO2 and also the total gas pressure. The calculated effect of gas pressure and
composition on the oxidation kinetics of iron was shown to be in agreement with
the experiment (see Figure 2.9).

Figure 2.9: Dependence of the linear rate constant on the sum of the partial pressures of CO and
CO2, in the gas phase for a temperature of 1100 °C [124].

Investigation on the oxidation of low-carbon steels in simulated reheat fur-
nace atmospheres by Lee et al.[96] showed that when linear, the growth rate was
controlled by the surface reactions (oxygen uptake reactions). It was determined
that since the oxide growth rate fluctuates with changing gas compositions, the
surface is not saturated with adsorbed CO2. Finally, the following expression to
predict the linear growth rate of the wustite when controlled by the surface reac-
tions was proposed:

𝑘𝑙 =
𝑝CO2

𝑎 + 𝑏 𝑝𝐶𝑂
(2.10)

where 𝑎 and 𝑏 are constants. The data were found to fit this expression well
when with 𝑎 = 0.375 mg-1cm-2s atm and 𝑏 = 27.3 mg-1cm-2s [96]. A similar treat-
ment is valid for the H2O surface reaction, but with different 𝑎 and 𝑏 constants.

Finally, there is another regime of linear growth rate observed when iron is
oxidizing at high temperatures in dilute oxygen-bearing gases. Abuluwefa [2]
worked on the oxidation of low carbon, low silicon steel in a gas mixture with up
to 16% O2 at temperatures between 1000 and 1250 °C. It was found that the
initial linear rate constant had a very low activation energy of 17 kJmol-1, with a
growth rate that was directly proportional to 𝑝O2 .
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Figure 2.10: Comparison between calculated and
measured values of the linear oxidation rate con-
stant for different oxygen concentrations at 1200
°C [2].

The linear oxidation rate constants
calculated using Equation (2.11) for
the mass transport of oxygen in the
gas mixture to the sample surface
were in good agreement with ex-
perimental measurements (see Fig-
ure 2.10), proving that the mass trans-
port of oxygen to the reaction inter-
face controls the initial phase of oxida-
tion.

𝑘𝑙 = 𝑀𝑂𝑘𝑀𝑇𝐶 (𝐶𝐺𝑂2 − 𝐶∗𝑂2) (2.11)

𝑀𝑂 is themolarmass of atomic oxy-
gen (g/mol), and themolar concentra-
tions of oxygen in the bulk gas and at

the sample surface are shown with 𝐶𝐺𝑂2 and 𝐶∗𝑂2 (mol/cm3), respectively. 𝑘𝑀𝑇𝐶
is the mass transfer coefficient (cm/s) that can be obtained from the convective
mass-diffusion equation across a laminar boundary layer to a flat surface with a
known bulk gas velocity [97].

Slow-growing oxides
The Wagner approach is found to be applicable when the scale growth is gov-
erned by solid-state diffusion, provided that sufficient information about the char-
acteristics of the oxide defects is available. In cases of slow-growing oxides such
as Al2O3 and Cr2O3, where there is a lack of knowledge about defect properties
and the oxygen potential effect on them, Wagner’s approach cannot be used.
Furthermore, diffusion in these oxides is usually via the grain boundaries, and as
discussed in Section 2.4.3, then the measured scale growth rates are very differ-
ent from the ones predicted with Wagner’s model [72].

2.5.Oxidation Kinetics of Steels
The kinetic models for the HT oxidation of pure metals, primarily iron, were cov-
ered in Section 2.4. However, usually, a variety of elements is present and in-
volved in oxidation, which complicates the kinetics. In this section modes of alloy
oxidation are discussed with a focus on steels. Models to forecast the conditions
under which each of these modes operates and to determine the rate at which
the alloy is consumed will be discussed [163, 164, 160].

2.5.1. Formation of solid solutions
In HT oxidation of binary alloys, the oxides (𝐴𝑂𝑣1 and 𝐵𝑂𝑣2 ) may form solid solu-
tions. In particular, when conditions are met such as [181]:

1. 𝑣1 = 𝑣2
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2. the oxides having a similar crystal structure

3. the cations having similar size and polarisability

4. the oxides having close stability.

Oxides like MnO, FeO, CoO and NiO, which form a face-centered cubic NaCl
structure, are examples of 𝐴1−𝜉𝐵𝜉𝑂 solid solution oxides where 0 ≤ 𝜉 ≤ 1. The
𝑁𝐴/𝑁𝐵 ratio (with 𝑁𝐴 and 𝑁𝐵 as the mole fraction of components A and B, respec-
tively) in these oxides can be different from that in the substrate alloy, because
of the difference in the stability of the oxides (see Figure 2.11, the stability of an
oxide has an inverse relationship with its Gibbs free energy of formation). Addi-
tionally, the composition of the oxide varies with the position in the scale, due to
changes in the diffusion coefficients of cations, 𝐷𝐴 and 𝐷𝐵, with position within
the scale. To calculate the distribution of the twometals within the scale, Wagner
[163] developed a diffusion-based model which was later extended by Coates
[42]. Next, it was applied byMayer and Smeltzer [108] for the oxidation of Fe–Mn
alloys exposed to CO2 –CO at 1000 °C, where single-phase (FeMn)O scales grow
parabolically. This investigation made it feasible to determine the iron and man-
ganese self-diffusion coefficients as well as the nonstoichiometry of wustite in re-
lation to manganese content (see Figure 2.12).

Figure 2.11: Ellingham/Richardson diagram illustrating the free energies of formation for different
oxides as a function of temperature, together with corresponding equilibrium 𝑝O2 and 𝑝O2/𝑝H2O
and 𝑝CO/𝑝CO2 ratios [181].

Similar studies on the solid-solution oxide scales that formed on Co-Fe [106,
107] and Ni-Fe [45] alloys showed a good agreement between the calculated
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Figure 2.12: The nonstoichiometry of (FeMn)1–𝜉O as a function of mole fraction of MnO in the scale
at 1000 °C. The points are calculated through Wagner’s model, and the curves are measured in the
experiments [108].

and measured concentration profiles within the oxide scale, as can be seen in
Figure 2.13.

(a) (b)

Figure 2.13: Comparison between the calculated and measured FeO Mole fraction (𝜉) vs. the nor-
malized distance coordinate 𝑦 in (a) the (Ni, Fe)O scale layer formed on the Ni alloy containing 2 wt%
Fe (the solid curve represents calculated values [45]), and in (b) the (CoFe)O scales formed on the Co
alloys with 10, 6, and 2 wt% Fe [106].
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2.5.2. Selective oxidation

Figure 2.14: The depletion of the more reactive
alloying element (B) and enrichment of the more
noble component (A) below the oxide (BO)/metal
(AB) interface. N is the mole fraction of the ele-
ments.

Depending on the oxidizing condi-
tion, either one ormore of the compo-
nents can oxidize. In the case of selec-
tive oxidation in a binary alloy AB, the
oxidizing condition is only met for the
less noble element (B) to form an ox-
ide (BO). As a result, the concentration
of B drops at the surface while that of
A rises. The concentration drop of ele-
ment B can either cover a large region
of the alloy or be limited to the sub-
surface area, depending on whether
the rate of diffusion is greater or lesser
than the rate of oxidation (see Fig-
ure 2.14). Therefore, in the case of rel-
atively fast diffusion, there is no deple-
tion of B in the metal substrate. As is the case for HT oxidation of Fe–Cr when the
𝑝O2 value is high enough for the formation of Cr oxides (less noble) but not for
Fe oxides.

Wagner [164] showed that in the internal oxidation of AB (with B, the less no-
ble element forming a BO scale), the rate-controlling step can be the diffusion of
B through the AB alloy or diffusion through the BO scale. If diffusion through the
scale controls the oxidation rate, the rate should be equal to that of pure B. The
oxidation rate would be much slower if the alloy diffusion is controlling the rate.
So, by comparing the oxidation rate of pure B with that of the AB alloy the con-
trolling mechanism could be determined. In the case of Pt –Ni [164], the growth
rates of the NiO scale on Pt –Ni and pure Ni were compared. Considering that
these rates are proportional to nickel cation flux to the oxide, Wagner calculated
the ratio 𝛼.

𝛼 =
𝐽𝑁𝑖𝑂𝐴𝑙𝑙𝑜𝑦
𝐽𝑁𝑖𝑂𝑀𝑒𝑡𝑎𝑙

(2.12)

For Pt-Ni at temperatures of 850 and 1100 °C in air, 𝛼 ≈ 1, which means that
the oxidation is controlled by diffusion in the NiO oxide scale. This implies that
there is a minimum amount of Ni required at the oxide/metal interface to support
the flux of Ni to the oxide surface. This amount is also related to the original Ni
level in the bulk alloy. So, in the case of AB alloy, the critical amount of alloying
element B, abovewhich the alloy can sustain an oxide scale growth is determined
by Equation (2.13).

𝑁(0)𝐵 𝑚𝑖𝑛. =
𝑉𝐴𝐵𝑚
𝑉𝐵𝑂𝑚

[
𝜋 𝑘𝑝
2�̃�𝐴𝐵

]
1/2

(2.13)

where 𝑘𝑝 is the parabolic growth rate of the BO scale, �̃�𝐴𝐵 is the interdiffu-
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sion coefficient in AB assumed to be independent of concentration. 𝑉𝐴𝐵𝑚 and 𝑉𝐵𝑂𝑚
are the molar volume of the alloy and the oxide, respectively. Lashgari [93] used
Equation (2.13) to calculate the minimum manganese concentration in a Fe–Mn
binary to sustain MnO scale growth to be 23 wt%. Similar calculations for slow-
growing scales on iron-based alloys such as Fe–Cr [173] and Fe–Al [14] resulted
in much lower values for Fe–Al than for Fe–Cr. This is due to the lower 𝑘𝑝 and
higher alloy diffusion in the case of alumina-forming alloys. The calculated min-
imum concentrations for Cr and Al to sustain external scale growth were 0.07
and 10-4, respectively, while the experimental values were 0.14 and 0.02-0.04,
respectively.

The discrepancy between the measured and calculated minimum concen-
trations of the alloying element (Equation (2.13)) to sustain the scale growth is
amongst others due to the sensitivity to the input data, 𝑘𝑝 and �̃�. Moreover,
again lattice diffusion is assumed, but in some cases such as Pt –Ni, where a
NiO scale grows, grain boundary diffusion is dominating at temperatures below
900°C [181]. Additionally, Wagner’s assumption that the oxidation to be steady-
state from the start could not be met. The nonsteady-state was studied using
numerical methods like finite difference methods to calculate the diffusion coef-
ficient as a function of composition [170, 175, 17, 115, 116], the variation of the
interfacial concentration with time [170, 115, 116, 5], and the interface recession
[115, 116, 5].

Internal oxidation

Figure 2.15: SEM image (backscattered electrons)
of a cross-section of a Fe-1.7 at%Mn steel, after an-
nealing for 16 hours at 950 °C in a gas mixture with
oxygen partial pressure of 1.0×10-18 atm. An IOZ
of around 15 microns is seen to be formed [101].

Internal oxidation generally occurs
when (i) an alloy component is selec-
tively oxidized but cannot reach the
surface rapidly enough to form a scale
or (ii) when an alloy is selectively ox-
idized to form a scale, and deple-
tion of the oxidized component un-
derneath the scale can lead to internal
oxidation. Therefore, in some condi-
tions, internal and external oxidation
can occur simultaneously. Preventing
internal oxidation is crucial in ensuring
the durability of materials operating at
high temperatures as it is the primary
cause of failure [94].

A typical example of internal oxida-
tion is shown in Figure 2.15 by Mao et
al. [101], where internal precipitation
ofMnOhad occurred because the 𝑝O2

was so low that iron oxides were not stable to form. Obviously, oxygen has dis-
solved and diffused inside the alloy to formMnOprecipitates. The internal oxida-
tion zone (IOZ) or depth of precipitation zone 𝑋𝑖 grew according to the parabolic
kinetics.
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𝑋2𝑖 = 2𝑘𝑖𝑝𝑡 (2.14)

where 𝑘𝑖𝑝 is the parabolic growth rate constant for internal oxidation. Further-
more, various other studies [95, 134] have reported that diffusion governs the
internal oxidation process.

Internal oxidation can be influenced in different ways. Dilute alloys form in-
ternal precipitates, while increased alloying element content can promote the
formation of a scale along with internal oxidation. An even higher amount of the
alloying element can lead to the formation of only the oxide scale. The volume
fraction and shape of the precipitates are additional factors that impact internal
oxidation, as the precipitates act as hindrances to the species’ diffusion [46]. Fur-
thermore, mechanical deformation and surface roughness could accelerate dif-
fusion by introducing subsurface defects that could act as additional diffusion
pathways. Finally, the precipitates can form either within the grains or on the
grain boundaries [181].

In general, in an AB binary alloy there are three conditions for the internal
oxidation of alloying element B:

1. BO is more stable than AO.

2. oxygen can dissolve in the alloy and diffuse internally to reach an activity
high enough to stabilize BO but not AO.

3. 𝑁𝐵 is low enough to form only internal oxidation and not an oxide scale.

The internal oxidation of component B when both B and oxygen are mobile is
shown in Figure 2.16. By assuming very small values of 𝑁𝑂 and 𝑁𝐵 at the reaction
front (low solubility product), Wagner [160] solved the equation for Fick’s second
law of diffusion for both B and O:

𝜕𝑁𝑖
𝜕𝑡 = 𝐷

𝜕2𝑁𝑖
𝜕𝑥2 (2.15)

with the boundary conditions:

𝑁𝑂 = 𝑁(𝑠)𝑂 for 𝑥 = 0, 𝑡 > 0
𝑁𝑂 = 0 for 𝑥 ≥ 𝑋(𝑖), 𝑡 > 0
𝑁𝐵 = 𝑁(0)𝐵 for 𝑥 > 0, 𝑡 = 0
𝑁𝐵 = 0 for 𝑥 ≤ 𝑋(𝑖), 𝑡 > 0

By considering the mass balance at the reaction front (𝑥 = 𝑋(𝑖)), Wagner cal-
culated the parabolic growth rate of internal oxidation through Equation (2.16).

𝑘(𝑖)𝑝 = 𝜋
2𝐷𝐵

(𝐷𝑂𝑁
(𝑠)
𝑂

2𝑣𝑁(0)𝐵
)
2

(2.16)
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Figure 2.16: The schematic representation of internal oxidation of component B in an alloy.

Wagner [162] and Rapp [134] showed that there is a critical concentration of
the less noble element in alloys above which there is a transition from internal to
external oxidation. This is due to the fact that the precipitates are considered as
obstacles for diffusion, thereby reducing the average flux. Hence, if 𝑁(0)𝐵 is high
enough for the flux required to maintain the precipitates’ growth, their expan-
sion leads to the production of a continuous oxide layer. The volume fraction of
internal oxide BO, 𝑔𝐵𝑂, can be calculated by

𝑔𝐵𝑂 = 𝑓𝐵𝑂
𝑉𝐵𝑂
𝑉𝐴

(2.17)

where 𝑓𝐵𝑂 is the mole fraction of BO. Then, Wagner concluded that 𝑁(0)𝐵,𝑚𝑖𝑛
would be the minimum value required for the formation of an external scale.

𝑁(0)𝐵,𝑚𝑖𝑛 = (𝑔𝐵𝑂
𝜋
2𝑣

𝑉𝐴
𝑉𝑂𝑋

𝑁(𝑠)𝑂 𝐷𝑂
𝐷𝐵

)
1/2

(2.18)

Combining Equation (2.18) with Sievert’s law for dissolution of gases inmetals
gives Equation (2.19)

𝑁(0)𝐵,𝑚𝑖𝑛 = (𝑔𝐵𝑂𝑣
𝜋
2𝑣

𝑉𝐴
𝑉𝑂𝑋

𝐾 𝑝1/2O2
𝐷𝑂

𝐷𝐵
)

1/2

(2.19)

where 𝐾 is Sievert’s constant for O in iron. Despite impressive effectiveness of
Wagner’s diffusion model in describing internal precipitation reactions, its appli-
cability is constrained by the assumptions made. These assumptions are:

1. The values of 𝑁𝐵 and 𝑁𝑂 are zero in IOZ.

2. 𝑓𝐵𝑂 is constant in IOZ and zero at the reaction front.

3. The effect of nucleation and growth of the precipitates is not considered in
the reaction kinetics.
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4. Only lattice diffusion is assumed and it is considered to be unaffected by
the formed precipitates.

2.5.3. Scales with several phases
Steels contain multiple alloying elements and most of them are prone to oxida-
tion in a variety of environments. To predict oxidation behavior as a function of
the steel composition and the oxidizing environment the simultaneous growth of
several oxides needs to be taken into account. This section starts with binary iron-
based alloys andmoves forward with more complex steels. The effect of chromia
and alumina scale formation as well as minority component effects are reviewed
in this section.

Fe-Al
According to the phase diagram of the Fe–Al –O system, Al2O3 is by far the most
stable oxide, which implies that the alloys, even those with very low Al contents,
are in equilibrium with Al2O3. Boggs [24] demonstrated that in alloys contain-
ing less than 0.09 wt% Al, at temperatures below 570 °C the scale consisted of
𝛼-Fe2O3 and Fe3O4 at the scale/gas and scale/alloy interfaces, respectively. A
third phase, FeAl2O4, was formed between the alloy and Fe3O4 at above 0.09
wt% Al. The protective phase, 𝛾-Al2O3, started to form at the bottom of the
scale at temperatures above 570 °C, leading to a decrease in growth rate. At
around 800-850 °C, the oxidation rate was at its lowest, and the film was nearly
entirely alumina. 𝛾-alumina was developed at low temperatures (above 570 °C),
and gradually transformed into 𝛼-alumina as the temperature increased (to 800-
850 °C).

Since 𝛼-Al2O3 does not deviate measurably from stoichiometry, the defect
concentration in its structure is very low and the self-diffusion is consequently
very slow. Lattice diffusion measurements by Heuer [72] lead to the conclusion
that 𝐷𝑂𝑙 ≫ 𝐷𝐴𝑙𝑙 , where at 1100 °C, 𝐷𝑂𝑙 = 10-15𝑐𝑚2𝑠-1, which is too low to control
the observed scale growth rates. Therefore, it is expected that grain boundary
diffusion occurs. Reviewing the available diffusion data, and assuming a grain
boundary width 𝛿 of 1 nm, Heuer et al. [73] showed that 𝐷𝑂𝑔𝑏/𝐷𝑂𝑙 is about 106 at
1500 °C. However, there is no good agreement between the found oxygen grain
boundary diffusion coefficients (see Figure 2.17). Also, no tracer diffusion data is
available for grain boundary diffusion of aluminum.

Given that grain size is known, the results of the oxygen permeability serve
as the foundation for the scale growth kinetics prediction supported by grain
boundary diffusion [144, 73, 72]. So, Equation (2.7) is approximated by

𝐷𝑒𝑓𝑓 ≈ 𝑓𝐷𝑂𝑔𝑏 =
2𝛿𝐷𝑂𝑔𝑏
𝐺𝑖

(2.20)

where 𝐺𝑖 is the grain diameter as a function of time and position within the
scale. As a result, it is advisable to treat the scale growth rate as an instanta-
neous variable because it is reliant on grain size (subscript “𝑖”). Substituting Equa-
tion (2.20) in Equation (2.6) then yields



2

24 2. Literature Review

Figure 2.17: An Arrhenius plot showing the best available grain-boundary diffusivity data for oxygen
in Al2O3 [73].

𝑘𝑝,𝑖 =
𝑝O2 ,𝑔𝑎𝑠

∫
𝑝O2 ,𝑖𝑛𝑡

2𝛿𝐷𝑂𝑔𝑏
𝐺𝑖

𝑑 ln𝑝𝑂2 (2.21)

The oxygen grain boundary diffusion term as a function of temperature and
oxygen pressure from permeability measurements [159] is

𝛿𝐷𝑂𝑔𝑏 = 1.52 × 10−8𝑒𝑥𝑝 (
−467𝑘𝐽
𝑅𝑇 )𝑝−1/6𝑂2 𝑐𝑚3𝑠−1𝑎𝑡𝑚−1/6 (2.22)

CombiningEquation (2.21) andEquation (2.22), and integrating fromone side
of the scale to the other results in

𝑘𝑝,𝑖 = −
12𝐴
𝐺𝑖

[( 1
𝑝𝑂2 ,𝑔𝑎𝑠

)
−1/6

− ( 1
𝑝𝑂2 ,𝑖𝑛𝑡

)
−1/6

] ≈ 12𝐴
𝐺𝑖
(𝑝O2 ,𝑖𝑛𝑡)

−1/6
(2.23)

where 𝐴 = 1.52 × 10-8𝑒𝑥𝑝 (-467𝑘𝐽/𝑅𝑇). Such an approximation is reason-
able because the equilibrium oxygen partial pressure at the metal/oxide inter-
face is much lower than the oxygen partial pressure in bulk gas at the surface
of the scale. In Figure 2.18 the measured parabolic rate constants for different
FeCrAl alloys are compared to those calculated by Equation (2.23) using a grain
size of 0.5 µm. Although the predicted values are at least one order of magnitude
greater than the measured ones, they are still more accurate than extrapolations
of bulk alumina diffusivity studies conducted without a 𝑝O2 gradient. The author
related such discrepancy to the fact that the calculations are done for pure alu-
mina while the experimental values are measured from doped alumina scales.
However, there are additional potential sources of deviations, such as the effect
of varying grain size (which was assumed to be constant), or the oxygen grain
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boundary diffusion coefficient value, which varies across reports based on per-
meability measurements as shown in Figure 2.17.

Figure 2.18: Instantaneous 𝑘𝑝,𝑖 measured for 𝐺𝑖 = 0.5 µm, compared to predictions from Equa-
tion (2.23) [144].

Fe-Cr
HT oxidation in diluted Fe–Cr alloys is controlled by the development of the
wustite (FeO) scale. Depending on the temperature, Cr2O3 precipitates can also
form internally. When the scale/metal interface progresses, the precipitates may
become a part of it and transform into spinel. The larger the 𝑁(0)𝐶𝑟 , the greater the
volume fraction of spinel is, until it reaches a crucial point at which the chromia
phase begins to form (see Equation (2.19)). Young [181] calculated the critical Cr
content (wt%) required in an austenitic Fe–Cr alloy at 1000 °C to avoid internal
oxidation to be 0.16, which was very close to the measured value of 0.14.

Young [181] also showed that Fe –Cr alloys with chromium levels close to the
critical value, 𝑁(0)𝐶𝑟,𝑚𝑖𝑛, cannot show long-term oxidation resistance. This is due to
the high solubility of iron in Cr2O3 allowing the outward diffusion of iron and the
formation of iron-rich oxides (spinel FeCr2O4) at the scale surface. A Cr content
of around 25% was suggested to obtain long-term oxidation resistance. Kofstad
[87] concluded that chromia scale growth is governed by outward diffusion of
chromium, based on the early works on chromia scale growth rates and the pro-
posedmechanisms. Later works [119, 145] showed that grain boundary diffusion
is much faster than the lattice diffusion for both chromium and oxygen.

An estimate of the diffusion of iron from the metal/scale interface through the
chromia scale towards its surface can be obtained by the ’pre-oxidation’ tech-
nique [181]. Firstly, the alloy is subjected to a round of oxidation at low 𝑝O2 ,
where wustite is unstable and only a protective Cr2O3 scale forms. Then, larger
oxygen partial pressures are applied to provide a driving force for iron diffusion
through the chromia layer to form iron oxide. The penetration distance of iron by
diffusion is then given by

𝑋2 ≈ 4𝐷𝑒𝑓𝑓(𝐹𝑒)𝑡 (2.24)
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where 𝐷𝑒𝑓𝑓(𝐹𝑒) = 1×10-15cm2s-1 [98]. Young [181] found a good agreement
between the calculated and themeasured values of penetration timeof iron upon
the oxidation of Fe with 7.5 and 9 wt% Cr for a 1 µm thick chromia scale.

Fe-Ni-Cr

Figure 2.19: The mass gain results for oxidation of
Fe–Ni –Cr alloys in pure oxygen at 1000 °C for 100
hours [43].

Since data for 𝑁(𝑠)𝑂 and 𝐷𝑂 are not
available for Fe–Ni binaries, it is not
possible to calculate the minimum
Cr content for scale formation on
Fe–Ni –Cr alloys using Equation (2.18)
or Equation (2.19). Therefore, knowl-
edge about the kinetics for HT oxida-
tion of these alloys is mostly qualita-
tive. Croll et al. [43] showed that
for a given chromium content, the ox-
idation rates of Fe –Ni –Cr alloys de-
crease with an increase in nickel con-
tent (see Figure 2.19). Moreover, for
a given nickel content, increasing Cr
from zero to 10 wt% did not signif-
icantly influence the oxidation rate.
Chromiumwas internally oxidized and
the oxidation was controlled by dif-
fusion through the scale, which was
mainly consistingofNiFe2O4 andNiO.
At chromium contents between 10 and 20 wt%, a layer of chromia was formed
beneath the NiFe2O4 and NiO scale. Cr contents above 20 wt% caused the for-
mation of a predominant chromia layer with low diffusion rates through the scale
and consequently low oxidation rates, comparable with that of pure chromium.

Fe-Cr-Al
The main feature of Fe-Cr-Al alloys is the formation of a protective alumina layer
at very low aluminum contents. It can be seen in Figure 2.20 that when having
around 20 wt% Cr in the alloy, the 𝛼-Al2O3 phase can form with only 3 wt% Al.
However, in Fe–Al binaries, more than 7 wt% aluminum is required for the alu-
mina to form. It is also shown by Pint et al. [129] through the experiments.

The oxidation kinetics of Fe–Cr –Al alloys differ greatly depending on their
composition as a result of the variable diffusion properties of the oxide phases. In
more dilute alloys the oxidation is usually more rapid because of the formation of
an iron-rich oxide layer on top of the scale, or internal oxide precipitates. The ox-
idation is slower because of chromia scale formation in alloys with high amounts
of Cr and low Al levels. An increased amount of Al (to around 5 wt%) causes
the formation of a continuous alumina scale which considerably slows down the
oxidation [181].
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Figure 2.20: The oxide phase diagram for Fe–Cr –Al alloys at temperatures above 1000 °C [155].

Minor components effect
Si. The stability of SiO2 is substantially greater than that of iron oxides (see Fig-
ure 2.11), but the effects of Si vary depending on the third element present. For
instance, in the presence of Al, the more stable oxide (Al2O3) forms and silicon
remains unreacted in the alloy. Furthermore, silica is more stable than chromia,
so when Cr and Si co-exist in an oxidizing alloy, silica can form internal precipi-
tates or an external scale beneath the chromia scale. This silica layer can act as a
diffusion barrier and slow down the oxidation rate [53]. In any case, the presence
of silicon can change the diffusion properties within the alloy.

Mn. even though manganese oxide is more stable than chromia, it does not
form a layer under the latter because Mn is soluble in Cr2O3 [113], and it diffuses
quickly in chromia [98] but rather slowly in the alloy. This results in a depletion
of Mn in the alloy below the oxide/metal interface which explains the absence of
MnO layer formation.

All in all, Wagner’s diffusion-based models can be useful in predicting the HT
oxidation of alloys. But the simplifying assumptions such as ignoring effects such
as grain boundary diffusion, the impact of internal precipitates on diffusion, the
microstructure, the volume change, scale spallation, the shape of the precipi-
tates, and the nucleation hinders their general use. Although they have a remark-
able predictive ability for the oxidation kinetics of pure metals and several simple
alloys, the modified models are still unable to accurately forecast the oxidation
kinetics of more complex alloys. There are several reasons why it is highly chal-
lenging to develop kinetic models for such complex multi-component systems:

1. Lack of thermodynamic data

2. Lack of data on the diffusion of elements in oxides and alloys

3. Limited knowledge of the effect of internal precipitates on the kinetics of
oxide scale growth
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4. Lack of information about the effect of nucleation and growth of the precip-
itates on the oxidation kinetics.

5. Insufficient knowledge about themechanisms occurring in some cases such
as the presence of water vapor

2.6. Data-Driven Methods for Kinetics of Oxidation
Because of the complexity of the HT oxidation processes, alternative approaches
are sought based on the analysis of experimental datasets. In recent years, such
data-driven methods have been employed to predict material behaviors, includ-
ing the HT oxidation of alloys [128, 122, 21, 153, 6]. Machine learning (ML) mod-
els use statistical algorithms to analyze and learn from large datasets to accurately
predict material properties. The use of ML in predicting the HT oxidation kinetics
of alloys has the potential to reduce experimental costs, accelerate the design of
new alloys, and improve the accuracy of the predictions.

Despite the success of ML techniques in predicting HT oxidation kinetics of
certain alloys [122, 21], its use is still rather limited. Mainly because large datasets
needed to train the models are often unavailable for the different steel grades
and oxidizing conditions. Accordingly, there are two distinct strategies for ad-
dressing this. The first approach involves compiling data from published litera-
ture [21, 29, 153, 99, 11], and the second approach involves generating a dataset
by conducting experiments under specific conditions [122, 128, 48, 84]. The for-
mer approach can predict a wider range of features but with lower precision due
to the availability of data for many different conditions in the literature. The latter
approach, on the other hand, is restricted to specific conditions, which allows for
highly accurate predictions.

In the domain of HT oxidation of metals, ML studies follow a basic structure.
There is a target value, which is the parameter being predicted, a set of features,
which are the parameters considered that influence the target value, theML algo-
rithms themselves, which are designed to predict the target value based on the
features, and error metrics that assess the accuracy of the predictions. As a result,
themodels are trained using the relationship between the features and the target
values found in the dataset and can forecast the target value for new data based
on the data used as input for training. As a result, the larger the dataset and the
more accurate the selection of influential features, the better the prediction will
be.

There are several ML algorithms that can be employed in data-driven works.
Linear Regression (LR) [55] is among the most frequently employed algorithms
and is well-liked for its ability to predict numerical values by assuming a linear cor-
relation between the input features and the output variable. Polynomial Regres-
sion (PR) [154] extends LR by fitting higher-degree polynomial functions to the
data. Random Forest (RF) [76] is an ensemble learning algorithm that combines
multiple decision trees to improve predictive performance. k-Nearest Neigh-
bors (KNN) [7] is a non-parametric algorithm that uses the similarity of neigh-
boring data points to make predictions. Support Vector Machine (SVM) [13] is
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a regression algorithm that uses a kernel function to map the input data into a
high-dimensional space, where an LRmodel is applied. Artificial Neural Network
(ANN) [20] is a deep learning algorithm that consists of multiple layers of inter-
connected nodes, inspired by the structure of the human brain, and is capable of
learning complex patterns in data. These algorithms have various strengths and
weaknesses, and the choice of algorithm depends on the specific problem and
the characteristics of the data.

Various metrics can be used to assess the performance of ML algorithms,
including Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean
SquaredError (RMSE), andCoefficient ofDetermination (R²), as presented in Equa-
tions (2.25) to (2.28) [41].

MAE =
∑𝑛𝑘=1 |�̂�𝑘 − 𝑦𝑘|

𝑛 (2.25)

MSE = 1
𝑛

𝑛

∑
𝑘=1

(𝑦𝑘 − �̂�𝑘)
2 (2.26)

RMSE = √
∑𝑛𝑘=1 (�̂�𝑘 − 𝑦𝑘)

2

𝑛 (2.27)

𝑅2 = 1 −
∑𝑛𝑘=1 (𝑦𝑘 − �̂�𝑘)

2

∑𝑛𝑘=1 (𝑦𝑘 − �̄�)
2 (2.28)

where 𝑦𝑘 = measured value, �̂�𝑘 = predicted value, �̄� = mean value, and 𝑛 =
number of data points.

There are recent works on training the ML models with collected published
experimental data on HT oxidation of metals in order to predict 𝑘𝑝. Mostly Wag-
ner’s kinetic model is considered to govern the HT kinetics, and the parabolic
growth rate constant, 𝑘𝑝, is used to describe the rate of oxidation. Taylor et al.
[153] conducted one of the limited studies on the kinetics of HT oxidation in iron-
based alloys. They collected data on parabolic rate constants (𝑘𝑝) for 75 alloys
including low- and high-Cr ferritic and austenitic steels exposed to temperatures
ranging from 500 to 1700 °C in various environments. They removed the effect
of temperature in their models using an Arrhenius plot (1000/T in Kelvin vs log
𝑘𝑝 in g2/cm4s); see Figure 2.21. Therefore, the target value was the activation
energy, Δ𝐸𝑎, for oxidation as in Equation (2.29).

𝑘𝑝 = 𝐴𝑒𝑥𝑝 (−Δ𝐸𝑎/𝑅𝑇) (2.29)

For simplification, they wrote Equation (2.29) for activation energy (expressed
by𝑚) with different selections of 𝑐 = log10 𝐴 varied between 0 and +20, as

𝑚 = (𝑙𝑜𝑔10𝑘𝑝 − 𝑐) / (1000/𝑇) (2.30)
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Figure 2.21: Arrhenius plot for the collection of alloys curated from the HT oxidation literature [153].

Several ML models, including LR, RF, ANN, KNN, SVM, and Single Decision
Tree [132] were employed in Taylor’s work. The accuracy of the predictions was
assessed using four different indices: MSE, RMSE, MAE, and R². Finally, Ni, Cr,
Al, and Fe were found to be the most important features in oxidation kinetics,
although Mo and Co composition were also significant factors. The predicted
(via RF model) vs actual values of 𝑚 are shown in Figure 2.22 for 𝑐 = 0, where an
R-squared of 0.83 was achieved. However, it is evident based on Figure 2.21 that
the models lack sufficient training data for oxidation in atmospheres other than
air. Furthermore, when the environment is not explicitly reported in the sourced
data, it is assumed to be air. These factors have the potential to confuse the ML
models, resulting in less accurate predictions.

Figure 2.22: Parity plot of𝑚 values predicted by random forest vs actual values, assuming 𝑐 = 0 [153].
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As previously stated, many ML studies on HT oxidation utilize 𝑘𝑝 as the target
value. However, this can be misleading due to the fact that the growth kinetics
of oxide is not always parabolic. In the research work by Anirudh et al. [11], time
was incorporated as a feature and the target value was the mass gain in this case.
This allows for the unraveling of different growth mechanisms over time. Using
previously published data, different ML models were employed to predict the
mass gain in cyclic oxidation of binary Fe–Cr alloys and ternary Fe–Cr –Ni alloys
between 650 and 800 °C in the air + 10% water vapor atmosphere.

Moreover, a CatBoost classifier model [131] was employed to predict the type
of oxidation behavior after one hundred hours of cyclic oxidation, for a given
composition. These behaviors were divided into three categories: Protective ox-
ide scale (POS), Accelerated attack without spallation (AA), and with spallation
(AAS). In this context, ”accelerated attack” specifically denotes the phenomenon
of rapid oxidation. Finally, the regression model accurately predicted (𝑅2 = 0.99)
the mass change after cyclic oxidation of the binary (Fe-Cr) and ternary (Fe-Cr-
Ni) alloys with varying chromium and nickel concentrations. Besides, the oxida-
tion behaviors POS, AA, and AAS were predicted by the multiclass classification
model (CatBoost) with a probability over 91%.

In fact, most of the research using ML has been done on predicting the HT
oxidation kinetics of non-iron-based alloys. The kinetics of cyclic oxidation was
successfully predicted for NiCr-based alloys by Peng et al. [122]. Dewangan et
al. [48] employed ANN to predict the HT oxidation behavior of AlCrFeMnNiWX
(X = 0, 0.05, 0.1, 0.5) high entropy alloys precisely (𝑅2 > 0.999). They also con-
sidered time as an input feature as well as the alloying elements. The advantage
of having time as a feature is to predict the whole mass gain curve instead of only
the fitted parabolic constant (𝑘𝑝) since the curve is not always fully parabolic. Fur-
thermore, a statistical (machine) learning model was also developed by Somesh
et al. [21] to forecast the parabolic rate constant (𝑘𝑝) for the cyclic and isother-
mal HT oxidation of Ti alloys. They took a broader variety of input features into
account, including the alloy composition, constituent phase of the alloy, the tem-
perature of oxidation, timeof oxidation, oxygen, andmoisture content, remaining
atmosphere (gas except O2 in a dry atmosphere), andmode of oxidation testing.
Among the regressionmodels they utilized, the gradient-boosting regressor pro-
duced an R-squared value of 0.92. All in all, it is shown that HT cyclic oxidation
kinetics of alloys can be predicted accurately via ML methods.

Although utilizing ML models to examine the kinetics of HT oxidation is a rel-
atively new area of research, it offers distinct benefits over traditional predictive
models in this domain. An advantage of MLmodels is their ability to enhance ac-
curacy by incorporating numerous features, which was previously unachievable.
Additionally, ML models can streamline the material design process by decreas-
ing the cost and time of experimentation. There is alsomuch potential to improve
the use of ML in studying the HT oxidation kinetics of steels. Including additional
features in themodels, for instance, can improve their accuracy. Possible features
for future research include gas composition and flow, sample size and rough-
ness, grain size and orientation, pre-oxidation heat treatment, the possibility of
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scale spallation/detachment, and void formation. Therefore, the development
of more extensive data sets is necessary which can be achieved by conducting
additional experiments or compiling data from different sources.

It should be noted that employingMLmodels has its drawbacks too. Themost
important one is the complexity of the models which can lead to misleading re-
sults if they are not appropriately understood. For example, having an overfitting
model is one of the most common ones. Therefore, dealing with hyperparam-
eters (parameters that are set before the learning process begins e.g. the num-
ber of hidden layers in ANN and the number of neighbors in KNN) is of great
importance. Furthermore, ML models are based on statistical relationships be-
tween inputs and outputs. Thus, they may not provide a complete understand-
ing of the underlying physical processes that govern the HT oxidation of steels.
Finally, the development of MLmodels requires large amounts of data. However,
in some cases, limited data may be available for the HT oxidation of steels, mak-
ing it difficult to develop accurate models. So, the experiments are still pretty
much needed for these models.

2.7. Summary and Future Directions
In this chapter, we have delved into various models and approaches for predict-
ing the kinetics of HT oxidation in steels. We have explored the strengths and
weaknesses of each model, shedding light on their capabilities and limitations
in capturing the intricate processes of HT oxidation. This summary provides a
consolidated assessment of the state-of-the-art in this field.

2.7.1. Assessment of Current Approaches:
In evaluating the current approaches to predicting the HT oxidation behavior of
steels, we have explored various models and methodologies that offer unique
insights into this complex phenomenon. Each approach has its own strengths
and limitations, contributing to our understanding of HT oxidation behavior.

AnalyticalModels: Physics-basedmodels havebeen instrumental in describ-
ing HT oxidation kinetics. The classic Wagner’s kinetic model, for instance, de-
scribes theparabolic growthof anoxide layer during high-temperature oxidation.
It uses amathematical equation to represent the oxidegrowth rate basedondiffu-
sion principles and is used to predict the oxidation kinetics of pure iron. Such an-
alytical models, rooted in fundamental principles of chemistry and physics, pro-
vide valuable insights into oxidation processes. While these models are versatile
and capable of capturing various oxidation kinetics, they rely on simplifications
and assumptions. Moreover, determining model parameters experimentally can
be challenging, and the accuracy of predictions may vary based on data quality
and underlying assumptions.

Numerical Models: One of the key takeaways from our exploration is the
pivotal role played by Wagner’s model in understanding HT oxidation kinetics.
It provides a physics-based framework for understanding HT oxidation by con-
sidering the diffusion of reactants through oxide layers. Researchers have con-
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sistently sought to enhance this model by considering additional influencing fac-
tors. By employing numerical solutions for the equations developed by Wagner,
substantial improvements in model accuracy have been achieved. While such
methods excel under well-defined conditions and offer valuable insights, they
may fall short in their ability to predict HT oxidation kinetics in complex real-world
scenarios. They often assume idealized conditions and may not account for the
effects of multi-element alloys and varying gas compositions such as those con-
taining H2O and CO2.

Data-Driven Approaches: Recent advancements in data-driven techniques,
particularlyMLmodels, have introduced a newdimension to predictingHToxida-
tion kinetics. ML models leverage statistical algorithms to analyze large datasets
and predict material behaviors. They have shown promise in accurately predict-
ingparameters like 𝑘𝑝 andmass gain in cyclic oxidation. MLmodels are known for
their ability to consider numerous features that were previously challenging to in-
corporate, offering the potential to enhance prediction accuracy. However, their
effectiveness hinges on the availability and quality of training data. Limited data
can compromise prediction accuracy, and ML models, if not managed properly,
may exhibit overfitting. Furthermore, while they excel at prediction, they may not
provide a comprehensive understanding of the underlying physical mechanisms
governing HT oxidation.

In summary, our assessment of current approaches reveals a diverse land-
scape of models and methodologies used to predict HT oxidation kinetics in
steels. Analytical models, such as Wagner’s, originally developed for pure iron,
provide valuable insights but have limitations when applied to alloys with specific
alloying elements, as they often require separate model development. Both nu-
merical and data-driven approaches necessitate experimental data, and in some
cases, additional experimentsmaybe required togenerate thenecessary datasets
for accurate predictions. It’s worth noting that, to our knowledge, there have
been no ML-based studies specifically addressing the kinetics of HT oxidation
in steels to date. As we move forward, it is essential to recognize the strengths
and limitations of each approach and explore potential synergies to advance our
understanding of HT oxidation in steels.

2.7.2. Pathways for Advancement:
Building upon this critical assessment of current approaches, it is clear that there
are promising pathways to advance our understanding of HT oxidation in steels.
Here, we outline concrete steps for future research:

Expanding the Scope of Data: To improve the accuracy of any model, it is
imperative to gather extensive datasets. Experimental data play a pivotal role in
these models, serving as input, validation data, or the foundation for construct-
ing ML models. Achieving this entails ongoing experimentation or aggregating
data fromdiverse sources. Moreover, there is room for improvement by including
additional features, such as gas composition, gas flow rates, sample characteris-
tics, and pre-oxidation heat treatment, to enhance the predictive capabilities of
these models. As a result, continuous experimentation under various conditions
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remains an ongoing necessity.
Tailored Numerical Models: To advance our understanding of HT oxidation

in steels, it is crucial to develop customized numerical models that account for
the diverse oxidation behaviors observed in different materials/conditions. The
complexity of real-world problems requires specific models for accurate predic-
tions.

Leveraging Experimental Data: Utilizing ML models on experimental data
for HToxidation of different steel grades represents a promising avenue for future
research. This approach not only enhances predictive capabilities but also has
the potential to contribute valuable insights into the mechanisms governing HT
oxidation. It is worth mentioning that developing a predictive model for steels
may necessitate experiments on specific alloys to ensure accuracy and relevance
to real-world applications.
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Initial High-Temperature

Oxidation Behavior Of Fe-Mn
Binaries In Air

High-temperature (HT) oxidation of steels can be relatively fast when exposed to
air. Consequently, elucidating the effect of different parameters on the oxidation
mechanism and kinetics is cumbersome. In this study, short-time oxidation was in-
vestigated to determine the oxidation mechanism, the affecting parameters, and
the linear to parabolic growth transition of different Fe-Mn alloys in various oxy-
gen partial pressures (10-30 kPa) and gas flow rates (26.6 and 53.3 sccm) in a
temperature range of 950-1150 °C. Oxidation kinetics was investigated using a
thermogravimetric analyzer (TGA) under a controlled atmosphere. Linear oxide
growth was observed within the first 20 minutes of oxidation. The linear rate con-
stant was significantly increased by increasing the oxygen partial pressure or the
flow rate of the oxidizing gas. The morphology of the oxide layer was determined
by scanning electronmicroscopy (SEM). The crystal structure of the oxides formed
was followed by in-situ X-ray diffraction (XRD), confirming that the growing layer
consists of wustite mainly, which upon slow cooling to room temperature, trans-
formed into magnetite. Energy-dispersive X-ray spectroscopy (EDS) showed that
the atomic ratio of Fe+Mn to O was ≈1.03:1 in the oxide scale, corresponding to
Fe(Mn)O formation. Based on the characterization and a model for linear growth
kinetics, it is concluded that the oxidation rate is controlled by the diffusion of ox-
idizing molecules through the gas layer to the sample’s surface. The findings led
to a better understanding of initial oxidation behavior and provided a pathway for
improved insight into the HT oxidation behavior for more complex alloys.

This chapter has been published in [4] by S. Aghaeian, W.G. Sloof, J.M.C. Mol, and A.J. Böttger, ”Ini-
tial High-Temperature Oxidation Behavior of Fe–Mn Binaries in Air: The Kinetics and Mechanism of
Oxidation.” Oxidation of Metals 98, no. 1-2 (2022): 217-237.
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3.1. Introduction

O xidation at high temperatures is a critical topic in metallurgical processes
such as steelmaking. The steel is often hot at various processing stages

during production, and if oxygen is present, oxidation can start. For example,
during hot rolling, the steel sheets are heated up for better formability. Conse-
quently, fast oxidation is inevitable since the sheets are in contact with oxidizing
gases such as air and water vapor at high temperatures (around 1000 °C).

This oxidation reaction can change the substrate alloy composition and af-
fect some properties that depend on the alloying element content. Furthermore,
the oxide scale’s characteristics such as thickness can vary depending on the ox-
idation condition. This would lead to different defects on the sheets’ surfaces at
further steps in production, such as coating. For example, the presence of oxide
scale at the surface can reduce the wettability of liquid zinc [146], and decrease
the adhesion between zinc coating and steel substrate. Therefore, understand-
ing and predicting the initial oxidation stage at different conditions is essential.

The progress of oxidation of metals is commonly measured through the mass
change or scale thickness per unit surface area of the sample. There are twomain
regimes in mass change versus time plots: linear and parabolic [181]. Oxidation
typically begins with rapid linear growth of the oxide scale. Then, after reaching
a specific scale thickness the oxide grows parabolically [124, 35].

At the beginning of oxidation, the diffusion through the oxide layer is, in gen-
eral, not the rate-limiting step because the species diffuse rapidly through the
thin scale. Therefore, two other phenomena could control the process: (a) The
surface reactions [96, 142, 123, 26, 178], and (b) the diffusion of the oxidizing
molecules in the gas phase [36, 2, 178, 171]. In both cases, the oxide growth is
linear. In the oxidation of iron, wüstite is the only oxide phase that can formwithin
the linear regime [181]. As the oxide scale gets thicker, the diffusion of species
in the metal phase becomes slower and limits the oxidation rate. This means that
the other iron oxide phases, such as magnetite and hematite, start forming, [182,
38, 180].

The oxygen partial pressure of the atmosphere can significantly influence the
reaction kinetics. Lashgari et al. [95, 94] showed that oxidation of Mn-steel alloys
at low dew point (-45 to +10 °C) and a temperature of 950 °C led to the forma-
tion of only manganese oxide (MnO). Oxidation for more than 4 hours in such
conditions followed a parabolic growth and was dependent on the diffusion of
the species through the matrix. In such cases, the concentration of manganese
in the alloy affects the kinetics. Mayer and Smeltzer [108] exposed Fe-Mn alloys
to carbon dioxide-carbon monoxide atmospheres with equilibrium oxygen par-
tial pressures of between 8 ×10-15 and 8 ×10-11 atm. for more than 10 hours.
They also observed a parabolic growth based on the mass-gain data during the
oxidation.

Wikströmet al. [171] studied the effect of oxygen content and temperature on
the initial HT oxidation behavior of different steels. They showed that increasing
the amount of oxygen in the furnace chamber resulted in higher linear growth-
rate constants, while the effect of temperature was negligible. Finally, they con-
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cluded that the oxidation at the initial stage is controlled by the mass transfer in
the gas phase. However, they did not consider the effect of gas flow rate nor the
dwell time of the gas on themetal’s surface. For low alloyed steels, Yin et al. [178]
observed that at 800 °C, the oxidation rate is initially limited by the mass transfer
in the gas phase. The effect of different parameters such as the oxidizing gas flow
rate were considered, and the experiments were conducted at low oxygen partial
pressures where only wüstite is stable enough to form within the oxide layer.

Extensive research has been carried out on HT oxidation of steels during an-
nealing where the oxygen partial pressure is low, and the exposure time is long.
However, only a few studies have investigated the short-timeHT oxidation behav-
ior of pure Fe-Mn binaries in gases with variable oxygen partial pressures. It has
been done mostly on complex steels in the air, making it difficult to separate the
effect of different alloying elements and parameters such as oxygen partial pres-
sure and gas flow rate. Therefore, the initial oxidation of pure binaries at different
conditions is still not fully understood.

In this paper, the initial HT oxidation behavior of iron-manganese alloys is in-
vestigated. In particular, the effect of different parameters are separated and the
rate-limiting steps and oxidation mechanism in the early oxidation stage are de-
termined. The process starts with the diffusion of the oxidizing molecules to the
alloy surface and ends with the reaction between species. The HT oxidation ex-
periments were conducted in a TGA (thermogravimetric analyzer) to obtain the
mass gain data. Gas mixtures containing high amounts of oxygen with different
flow rates were applied. The oxide layer morphology and composition was stud-
ied using scanning electron microscopy (SEM), combined with X-ray microanaly-
sis using energy-dispersive spectroscopy (EDS) and X-ray diffractometry (XRD).

3.2. Experimental Procedures
3.2.1. Samples and preparation
Alloys with different concentrations of Mn as themain alloying element were pro-
vided by ChemPur (Karlsruhe, Germany). Table 3.1 shows the chemical com-
position of the pure iron and alloys with 1, 3, and 5 percent manganese as ob-
tained with inductive coupled plasma-optical emission spectrometry (ICP-OES).
Samples were cut into pieces of 2 × 8 × 15 mm with a hole of 2.2 mm diameter
by electric discharge machining (EDM). All the surfaces were ground using SiC
emery paper and then cleaned ultrasonically in isopropanol. Finally, the speci-
mens were dried with a flow of pure nitrogen and stored in airtight membrane
boxes (Agar Scientific, G3319, Essex, UK).

3.2.2.Oxidation Process and Analyses
The experiments were carried out in a symmetrical thermogravimetric analyzer
(TGA, SetaramTAG16/18, Caluire, France) to get continuousmass-gain data. The
specimen was hanging through its hole in the first furnace chamber. Addition-
ally, there was a dummy sample of alumina in the second furnace to eliminate the
buoyancy effect. The furnace chamber was a tube with 280 mm length and the



3

38 3. Initial High-Temperature Oxidation Behavior Of Fe-Mn Binaries In Air

Table 3.1: Chemical composition of the alloys obtained with ICP-OES.

Sample Elements (wt.%)
Mn Si Al C Cr

Pure Fe 0.0011 0.0002 0.0003 0.0055 0.0001
Fe-1Mn 1.0300 0.0010 0.0012 0.0157 0.0026
Fe-3Mn 2.8450 0.0014 0.0002 0.0002 0.0002
Fe-5Mn 5.3200 0.0020 0.0003 0.0031 0.0110

diameter of 18 mm. To start, the TGA system was pumped to vacuum (< 50Pa),
then the gas lines, balance, and the furnace were flushed with pure nitrogen. The
purity of nitrogen was 5N vol.% and was filtered to remove any residual hydrocar-
bons, moisture, and oxygen, with Accosorb (< 10 ppb hydrocarbons), Hydrosorb
(< 10 ppb H2O) and Oxysorb (< 5 ppb O2) filters (Messer Griesheim, Germany),
respectively.

Next, the dual furnaces were heated up with a rate of 10 °C/min in pure nitro-
gen again. 5 target temperatures were chosen between 950 and 1150 °C. After
reaching the target temperature, the chamber’s atmosphere was switched to oxi-
dizingby introducing an oxygen/nitrogengasmixture. Different flow rates of 26.6
and 53.3 sccm (Standard Cubic Centimeters per Minute at standard condition of
0 °C and pressure of 1.01 bar) and oxygen partial pressures (10 to 30 kPa) were
applied by changing the ratio betweenO2 andN2 gases, while the total chamber
pressure was kept at 101 kPa (1 atm). After an exposure time of 20 minutes, the
furnace tube was flushed with pure N2 and cooled down to room temperature
with a rate of 10 °C/min.

Figure 3.1 shows the temperature profile and the mass gain per unit area for
an oxidation experiment in the TGA system. The mass gain data is assumed to
correspond to the total weight of oxygen consumed by the metal to form the
oxide scale and is used to determine the thickness of the oxide scale.

Figure 3.1: The mass gain data and temperature profile for oxidation of Fe-5Mn at 1000 °C at oxygen
partial pressure of 20 kPa with a gas flow rate of 53.3 sccm.

X-ray diffraction, on oxidized samples, was conducted to identify the oxide
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phases that were formed during the oxidation experiments. The XRD patterns
were recorded with a D8 Advance diffractometer (Bruker, USA) in the Bragg-
Brentano geometry using Cu K𝛼 radiation and a Lynxeye position-sensitive de-
tector. A 2𝜃 region between 20 to 100 ° with a step size of 0.030 ° 2𝜃 and a dwell
time of 2s was applied.

The surface and cross-section of the oxidized alloyswere observedusing aHe-
lios UXe Dual BeamG4 PFIB SEM (Thermo Fisher Scientific, USA). Energy Disper-
sive Spectroscopy (EDS) was performed with a JSM-6500F (JEOL, Japan) oper-
ated with an accelerating voltage of 15 kV and equippedwith an UltraDry 30mm2

detector (Thermo Fisher Scientific, USA) to determine the chemical composition
of oxides qualitatively. To prepare the cross-section, the oxide surface was em-
bedded in an epoxy resin (G2 epoxy resin, Gatan 601.07270, UK) and covered
with a silicon wafer. Then, the specimens were embedded in fast-curing acrylic
cold mounting resin (ClaroCit Kit, Struers, Denmark) -to protect the scale- and
ground using SiC emery paper and then cleaned ultrasonically in isopropanol.

In-situ HT XRD experiment was performed to follow the phases formed dur-
ing oxidation upon heating and cooling. The sample for this experiment was a
sheet of 7.2 × 8 mm and thickness of 1 mm. Then it was clamped in the Anton-
Paar DHS1100 high-temperature stage andmeasured at the center position. The
experiments were carried out using a D8 Discover diffractometer (Bruker, USA)
using Cu K𝛼 and Eiger-2 500k 2D-detector radiation. The 2𝜃 region was chosen
to be between 22 to 55 ° with a step size of 0.05 ° 2𝜃 and a dwell time of 1s. The
oxidizing condition was the same as in the TGA. The alloy was heated up in nitro-
gen, and at the desired temperature the oxygen partial pressure of the chamber
increased to 20 kPa for 20 minutes. Finally, the sample was cooled down in pure
nitrogen. Scanswere recorded at set temperatures: room temperature, 500, 900,
and 1000 °C during heating as well as cooling.

3.3. Results
The alloys were oxidized in a TGA with a controlled atmosphere where the mass
change was measured continuously. Figure 3.2 shows the mass gain per unit
area Δ𝑚/𝐴 (surface area was 3.32 cm2) as a function of time. The growth was
mostly linear (𝑅2 > 0.99 for all the lines) within the first 20 minutes of oxidation
in 10 to 30 kPa oxygen with the gas linear flow rates of 26.6 and 53.3 sccm. The
slope of the line in this linear part was measured to be the linear kinetic constant
𝑘𝑙. The initial curve in the mass gain is related to switching the atmosphere from
pure N2 to the mixture of N2 and O2. Therefore, the time zero for Figure 3.2 is
determined when the first signs of mass gain were observed. However, to get
more precise linear rate constants, the initial part of the mass gain data was not
considered. Furthermore, an increase in the gas linear flow rate or oxygen partial
pressure increased the mass gain during oxidation. This means a higher linear
rate constant which led to the transition to parabolic growth in some cases.

The samples with 5 wt% Mn were oxidized in 20 kPa oxygen with a gas linear
flow rate of 53.3 sccm at different temperatures (between 950 and 1150 °C) to de-
termine the activation energy. Figure 3.3 shows the logarithm of the measured
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(a) (b)

Figure 3.2: The mass gain data for 20 minutes of oxidation of Fe-5Mn binary alloys at 1000 °C in 10
to 30 kPa oxygen with the total gas linear flow rate of (a) 53.3 sccm and (b) 26.6 sccm.

linear rate constant versus the reciprocal of the absolute temperature, approxi-
mated by a straight line. The activation energy of 2 kJ ⋅mol-1 ± 1 kJ ⋅mol-1 was
obtained, which is a typical value for an oxidation process controlled by the gas
phase diffusion [171].

Figure 3.3: Dependence of the linear rate constant on the temperature for oxidation of Fe-5Mn in
20kPa at a constant gas linear flow rate of 53.3 sccm. The calculated activation energy is approximately
2 kJ ⋅mol-1 ± 1 kJ ⋅mol-1.

To study the effect of the alloy composition on theoxidation kinetics, pure iron,
and samples with 1, 3, and 5%wtMnwere used. The specimens were oxidized at
1000 °C for 20minutes in 20 kPa oxygenwith the gas linear flow rate of 53.3 sccm.
The linear rate constants were measured 2.75×10-5, 2.73×10-5, 2.73×10-5, and
2.72×10-5± 0.1 gcm-2s-1, respectively for pure iron and alloys with 1, 3, and 5wt%
of Mn. Therefore, the effect of the alloy composition was found to be negligible.

The oxidized samples were analyzed with XRD and SEM. The XRD patterns
obtained at room temperature after the TGA experiments, showed the presence
of all iron oxide phases (wüstite, magnetite, and hematite), with magnetite as the
main oxide phase present. Moreover, most of the oxidized samples showed a
non-uniform surface, varying from the top to the bottom. This is related to the
laminar boundary layer’s width formed on the surface of the sample which causes
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different roughnesses on the sample and is discussed inmoredetail in Section 3.4
(see Figure 3.4).

Figure 3.4: The surface of the alloy with 5 wt% Mn oxidized at 1000 °C with a gas linear flow rate of
53.3 sccm and oxygen partial pressure of 20 kPa.

This roughness difference is shown inmoredetail in the surface SEM images of
the samples oxidized at the lowest and highest oxidizing conditions (Figure 3.5).
The sample oxidized with the gas linear flow rate of 53.3 sccm in 30 kPa, had a
loose oxide scale that was separated from the substrate alloy, SEM imaging was
not possible.

Figure 3.5: SEM images fromdifferent spots (top, middle, and bottom) on the surface of the alloy with
5 wt% Mn oxidized at 1000 °C with a gas linear flow rate of 26.6 and 53.3 sccm and oxygen partial
pressures from 10 to 25 kPa.

After the surface characterization of the samples, the cross-sections of the ox-
ide scales were also analyzed. Figure 3.6, shows the oxide scale profile at differ-
ent spots on the samples (top, middle, and bottom). Large differences in oxide
thickness can be seen from bottom to top on most of the samples. For instance,
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the average oxide thickness ratio for the alloy shown in Figure 3.6 (a),(b), and (c)
was 10.6: 2.4: 1, for top to middle to bottom.

Figure 3.6: Cross-section SEM images from the different spots (top, middle, and bottom) of the alloy
with 5 wt% manganese oxidized at 1000 °C with a linear gas flow rate of 26.6 and 53.3 sccm and
oxygen partial pressures from 10 to 30 kPa.

Figure 3.7: Stability regions of different iron and
manganese oxide phases as a function of Mnmole
fraction and oxygen partial pressure at 1000 °C,
obtained by using Factsage software [16]. The
red marks show the experimental condition of this
work.

Figure 3.7 is a phase diagram,
obtained by using Factsage software
[16], showing the thermodynamically
stable phases possible to form in
the current work’s experimental con-
dition. The thermodynamic data cor-
responds to oxidation at 1000 °C. All
in all, the phase diagram shows that all
the oxide phases are thermodynami-
cally stable in the experimental con-
ditions applied in this work. In addi-
tion, it shows that FeO and MnO are
the most stable ones, and are the first
ones to form. It means that these two
oxide phases are at the metal/oxide
interface. Additionally, it shows that
FeO and MnO are entirely miscible
and could form a continuous solid so-
lution with the rock salt cubic structure.

An in-situ XRD experiment was conducted to identify the oxide phases form-
ing at each stage of the oxidation. Figure 3.8 shows the XRD patterns at different
times and temperatures. At room temperature, only ferrite was observed. Then,
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the sample was heated in nitrogen with only small amounts of impurities such
as oxygen. Accordingly, at 500 °C, there were traces of oxide phases. At 900°C
during heating, the ferrite to austenite transformation occurred and diffraction
peaks of wüstite were detected. Then, at 1000 °C, the metal substrate was en-
tirely austenite, and no peaks for magnetite and hematite could be observed. Af-
ter 20 minutes of oxidation, when cooling down in nitrogen, the XRD pattern at
900 °C showed wüstite still as the only oxide phase. It also showed the austenite
to ferrite transformation in the substrate. Since wüstite is not thermodynamically
stable below 570 °C, by reaching 500 °C, the pattern showed the partial trans-
formation of wüstite into magnetite and ferrite. Finally, at room temperature, the
oxide scale consisted mainly of magnetite, and only little peaks of wüstite were
seen.

Figure 3.9 shows the EDS mapping results of the sample with 5 wt% Mn oxi-
dized at 1100 °C in 20 kPa oxygen with a linear flow rate of 53.3 sccm. The EDS
results show that the oxide scale contains Fe, O, andMn, 47.3, 49.1, and 3.6 at.%,
respectively.

3.4. Discussion
The initial linear growth of the oxide scale at all oxidation conditions is shown in
Figure 3.2. The transition from linear to parabolic regime was seen for the sam-
ples oxidized in 25 and 30 kPa oxygen with a linear flow rate of 53.3 sccm. This
linear part of the oxidation before the parabolic growth is observed many times
in previous works by different authors [36, 2, 96]. The mechanism that controls
the oxidation within the parabolic regime is known to be the diffusion of species
in the solid phase. However, in the initial stage of the reaction, there is only a thin
scale of wüstite in which diffusion is fast. Therefore, the oxidation rate is limited by
either the surface reactions or the gas phase diffusion. To identify themechanism
of oxidation, the effects of different parameters were studied.

Measurements showed that increasing theMnconcentration of the alloys from
zero to 5wt%did not change the results substantially. Moreover, Figure 3.7 shows
that FeOandMnOcan forma continuouswüstite solid solution in thewhole range
of Mn concentration. Both FeO and MnO have the cubic crystal lattice (rock salt),
which is expected to be the main phase in the oxide scale. This can explain the
very close linear rate constant values for pure iron and the Fe-Mn alloys studied in
this work. It is shown in [93] that increasing the amount of oxygen in the chamber
causes the Fe/Mn ratio in the oxide layer to increase. Hence, this explains the
negligible effect of Mn concentration on oxidation of alloys at high oxygen partial
pressures and is in agreement with previous findings in the literature [179, 88].

The oxidation kinetics was also unaffected by the temperatures applied in this
work (between 950 and 1150 °C) (Figure 3.3). An activation energy of around
2kJ ⋅mol-1 was measured, which is comparable to values found in literature [36,
171, 96, 2]. When the oxide growth follows a linear regime, a low activation
energy (between zero and 20 kJ) indicates that gas phase diffusion is the rate-
controlling step. But, when surface reactions control the oxidation, the activation
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Figure 3.8: In-situ XRD results for the alloy with 5 wt% Mn during heating from room temperature to,
500 °C, 900 °C, 1000 °C and during cooling at 900 °C, 500 °C, and room temperature. Oxidation
occurs at 1000 °C for 20 minutes in the presence of a gas mixture including oxygen and nitrogen with
partial pressures of 20 kPa and 80 kPa, respectively.

energy is found to be larger than 80 kJ [3, 178]. Furthermore, higher activation
energies (> 140 kJ) relate to solid-phase diffusion control [31]. Accordingly, the
low temperature sensitivity of the activation energy supports the idea of an oxi-
dation process controlled by the gaseous mass transfer.

All in all, the amount of oxygen in contact with the sample surface was the
most influential parameter on the oxidation kinetics. That can be controlled by
changing the oxygen partial pressure and/or the oxidizing gas linear flow rate
in the chamber. Increasing any of those parameters led to an increase in the
linear rate constant. If the oxidation process was limited by the diffusion rate
of the species within the solid or if the reaction rate between iron/manganese
and oxygen was slow, neither the oxygen partial pressure of the bulk gas nor the
gas linear flow rate could play a role in the kinetics. This also points to oxygen
diffusion through the gas layer as the rate-controlling step. The same pattern was
seen in the literature on linear growth of the oxide layer for low-carbon steels
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Figure 3.9: Cross-sectional SEM image and EDS mapping results of alloy with 5 wt% Mn oxidized at
1100 °C with gas linear flow rate of 53.3 sccm and oxygen partial pressure of 20 kPa.

when gas diffusion was the controlling step during oxidation [2, 35].
The roughness of the oxide scale reflects themechanism of oxidation [96, 36].

Figure 3.5 shows the SEM images taken from different spots on the surface of
samples oxidized at different conditions. It can be seen in the images from the
top part of the samples (Figure 3.5(a, d, g, and j)) that the surface is more smooth
compared to the other ones. Whereas, in the first three images from the middle
part, massive grains are observed and the surfaces are extremely rough; see Fig-
ure 3.5(b, e, and h). The first three images from the bottom part (Figure 3.5(c, d,
and i)) also show rough surfaces but not as rough as those from the middle. Fur-
thermore, Figure 3.6 shows the SEM images on the cross-sections of the samples
in different spots from top to bottom. It can be seen that for all the oxidizing con-
ditions, the oxide scale on top is between 7 to 10 times thicker compared to it on
the bottom, and the oxide on the middle is between 1.5 to 3 times thicker than
on the bottom. Therefore, it can be concluded that the rough surface pertains to
a thinner oxide scale and the smooth surface to the thicker scales.

During the first 20 minutes of oxidation, when the oxide scale is following a
linear growth regime (see Figure 3.2), the amount of oxygen consumed by the
alloy is constant over time. This means that the oxidation rate is independent of
the thickness of the oxide scale. Local thickness variations are related to the grain
orientations, which leads to a rough surface. Furthermore, when there is a laminar
flow over a flat surface, a boundary layer forms which has a width of almost zero
at the leading edge and it is wider at the trailing edge [35]. So, diffusion of gas
through this layer is easier at the leading edge. Therefore, different thicknesses
and roughnesses ondifferent spots (top,middle, bottom) of the oxidized samples
are related to the width of the laminar boundary layer formed across the surface
of the sample, when gaseous diffusion is the controlling step. Also after the set
time of 20 minutes of oxidation, it took some time for the chamber atmosphere
to switch back to pure nitrogen. This caused further oxidation. Figure 3.10 shows
the mass gain data and indicates when the gas atmosphere was switched from
inert to oxidizing and vice versa.



3

46 3. Initial High-Temperature Oxidation Behavior Of Fe-Mn Binaries In Air

Figure 3.10: The total mass gain data for oxidation of Fe-5Mn binary alloy at 1000 °C in the presence
of 10 kPa oxygen partial pressure with a gas linear flow rate of 26.6 sccm. The vertical dotted lines
show the 20 minutes of isothermal oxidation and indicate when the gas atmosphere is switched from
inert to oxidizing and vice versa.

Moreover, the samples which were oxidized in 25 and 30 kPa oxygen with a
linear flow rate of 53.3 sccm, showed parabolic growth during the last minutes of
oxidation (Figure 3.2). It can be seen in the SEM images of the surface (Figure 3.5
(k and l)) that the oxide scale is not as rough as in the other images. This is also
an indicator of parabolic growth of the oxide scale. Additionally, in the images of
the cross-section of the same sample it can be seen that the oxide thickness on
the bottom is almost equal to that at themiddle part (see Figure 3.6 (k and l)). This
is due to the parabolic growth of the oxide layer on this sample which was seen
in the mass-gain data. So, SEM images from the surface and the cross-section
showed a thick and smooth scale which indicates the parabolic growth regime
and solid-phase diffusion mechanism.

However, the kinetic data from the first 20minutes of oxidation shows that the
gas phase diffusion controls the oxide scale growth. HT in-situ XRDmeasurement
(See Figure 3.8) showedwüstite as theonly oxidephasepresent at 1000 °Cduring
oxidation. The formation of magnetite only occurred during cooling down and
at temperatures where wüstite is not thermodynamically stable. Moreover, the
EDS analysis showed that the atomic ratio of Fe +Mn to O within the oxide layer
was around 1.03:1, corresponding to Fe(Mn)O formation (see Figure 3.9). The
weight fraction of Mn within the oxide layer was almost the same as it was in the
substrate alloy (around 5 wt%).

All in all, wüstite was the main oxide phase present in the oxide scale during
the first 20 minutes of oxidation. Moreover, based on the previously shown re-
sults, it is concluded that the gas-phase diffusion is the controlling mechanism.
Also, the gas-phase diffusion is considered for the model in the work by Abu-
luwefa [2]. Next, the kinetic constants measured in this work were compared with
the ones calculated via this model. If the gaseous mass transfer limits the oxi-
dation rate, then the linear rate constant 𝑘𝑙 (gcm-2s-1)can be calculated through
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Equation (3.1).

𝑘𝑙 = 𝑀𝑂𝑘𝑀𝑇𝐶 (𝐶𝐺𝑂2 − 𝐶∗𝑂2) (3.1)

𝑀𝑂 is the molar mass of atomic oxygen (g/mol). 𝐶𝐺𝑂2 and 𝐶∗𝑂2 are the molar
concentrations of oxygen in the gas mixture at the bulk of the gas and at the
sample surface, respectively. 𝑘𝑀𝑇𝐶 is the mass transfer coefficient (cm/s) and can
be obtained from Equation (3.2), which is the convective mass-diffusion equation
across a laminar boundary layer to a flat surface with a known bulk gas velocity
[97].

𝑘𝑀𝑇𝐶 =
4
3
𝐷𝑁2−𝑂2
𝑙 (𝑅𝑒)

1
2 (𝑆𝑐)

1
3 (3.2)

𝑅𝑒 and 𝑆𝑐 are the Reynolds number (𝑢𝑙/𝜈) and Schmidt number (𝜈/𝐷𝑁2−𝑂2),
respectively. 𝑢 is the velocity of the gas mixture above the sample surface (cm/s),
𝑙 is the sample’s length (cm), and 𝜈 is the kinematic viscosity of the gas (g/cm.s).
𝐷𝑁2−𝑂2 is the diffusion coefficient in the binary gas layer (cm2/s), and can be cal-
culated via the Chapman-Enskog formulation of the kinetic theory of gases [130].

𝐷𝑁2−𝑂2 =
1.858 × 10−3√𝑇3 (1/𝑀𝑁2 + 1/𝑀𝑂2)

𝑝 𝜎2𝑁2−𝑂2Ω𝑁2−𝑂2
(3.3)

𝑇 is the temperature (K), 𝑝 is the pressure (atm.),𝑀𝑁2 and𝑀𝑂2 are themolecular
weights of nitrogen and oxygen (g/mol). 𝜎𝑁2−𝑂2 is the average collision diameter
(in ) in the N2-O2 gas mixture, and can be estimated by the average of individual
collision diameters of oxygen and nitrogen (𝜎𝑁2 and 𝜎𝑂2 ). Ω𝑁2−𝑂2 is the collisional
integral for diffusion, which is dimensionless and a function of a dimensionless
temperature parameter 𝑘𝑇

𝜀𝑁2−𝑂2
, where 𝑘 is the Boltzmann constant, and 𝜀𝑁2−𝑂2 is

the interaction energy between oxygen and nitrogen molecules. 𝜎𝑁2 , 𝜎𝑂2 , 𝜀𝑁2/𝑘
and 𝜀𝑂2/𝑘 are the Lennard-Jones parameters. These parameters as well as the
collisional integral for diffusion for oxygen and nitrogen are obtained from [59].

In order to calculate the kinematic viscosities (given by 𝜈 = 𝜂/𝜌, where 𝜂 is
absolute viscosity and 𝜌 is density), the absolute viscosities (𝜂) for the two gases
have to be calculated [130].

𝜂 = 2.669 × 10−5√𝑀𝑇
𝜎2Ω (3.4)

𝑀 is the molecular weight of the species. In order to calculate the viscosity for
a mixture of gases, the method given by [130] is used.

𝜂𝑁2−𝑂2 =
𝑋𝑁2𝑀

1/2
𝑁2 𝜂𝑁2 + 𝑋𝑂2𝑀

1/2
𝑂2 𝜂𝑂2

𝑋𝑁2𝑀
1/2
𝑁2 + 𝑋𝑂2𝑀

1/2
𝑂2

(3.5)

𝑋𝑁2 and 𝑋𝑂2 are the mole fractions of nitrogen and oxygen in the gas mixture,
𝜂𝑁2 and 𝜂𝑁2 are the absolute viscosities of each gas at the system temperature
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and pressure. The densities of each gas and the binary mixture of gases at differ-
ent temperatures were calculated. Therefore, the dimensionless Reynolds and
Schmidt numbers are calculated as required for having the mass transfer coeffi-
cient 𝑘𝑀𝑇𝐶 .

Finally, the linear rate constants calculated using Equations (3.1) to (3.5) were
compared with the ones measured in the experiments. The calculated values
were not sensitive to small changes of a few percent in the parameters. The dis-
crepancy between themodel and the experiments can be due to the assumption
that all the oxygenmolecules diffused to the alloy surface are consumed. In other
words, the sticking probability was neglected in the model. By considering stick-
ing probabilities of 0.3 for oxidation with a gas linear flow rate of 26.6 sccm, and
0.4 for 53.3 sccm, the discrepancy between the model and the experiments was
below 6 percent, for both the low and high flow rates (See Figure 3.11). These
sticking probabilities are very close to the values found previously in the literature
[77].

Figure 3.11: Comparison between measured and calculated linear rate constants for oxidation at
1000 °Cwith considering the sticking probabilities of 0.3 and 0.4, respectively for low and high linear
flow rates.

Based on all the data and calculations, it was concluded that gas-phase mass
transfer is the controlling step in the HT oxidation of iron-manganese alloys within
the mentioned experimental condition. It means that species diffusion through
the oxide scale was fast enough and did not control the oxidation rate. Know-
ing the diffusion coefficient of iron cations in the oxide scale [74] (which is fully
wüstite; see Figure 3.8), the total flux of iron species to the scale-gas interface can
be calculated. So, it can be confirmed via calculations that the diffusion within the
oxide scale has been quick enough and it was not the controlling step.

In the short-time oxidation experiments done in this work, the growth of the
oxide layer was linear, which means that the amount of iron cations needed at
the surface to form a new layer of oxide is constant during the time. Using Equa-
tion (3.6), the total mass gain caused by oxygen entering the oxide layer from the
gas environment can be calculated.
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Δ𝑚
𝐴 = 𝑘𝑙 × 𝑡 (3.6)

Where Δ𝑚 is the oxygen mass-gain (g), 𝐴 is the oxidized area of the sample
(cm2), and 𝑡 is the time (s). Having the linear rate constant from the experiments,
the mass of oxygen per unit area per second can be calculated and translated to
the number of moles of oxygen. Assuming wüstite (FeO) as the only oxide phase
present in the oxide scale, the number of moles of oxygen and wüstite would be
equal. Therefore, the average thickness of the oxide scale as a function of time
can be calculated from the experimental data.

Then, the flux of iron that can diffuse through the growing oxide layer at each
time step and unit area is calculated. Since the thickness of the oxide layer is
growing over time, it is expected to see a decreasing flux of iron diffused through
the oxide layer, which in the end leads to parabolic growth. A coupled linear-
parabolic kinetic model was implemented to find the flux of iron that is diffused
from the substrate to the scale-gas interface. Then the incorporation rate of oxy-
gen can be related to the outward flux of iron ions [124].

𝐽𝑂 =
𝐽𝐹𝑒
1 − �̃� (3.7)

Where �̃� is the average irondeficiency in thewüstite scale (Fe1−�̃�O),moreover,
the outward flux of iron can be calculated as followed.

𝐽𝐹𝑒 =
𝐷𝛿𝐹𝑒/𝐹𝑒𝑂
𝑥𝑉 ( 𝛿∗

𝛿𝐹𝑒/𝐹𝑒𝑂 − 1) (3.8)

Where 𝛿∗ and 𝛿𝐹𝑒/𝐹𝑒𝑂 are the iron deficiency at the scale-gas and the scale-
alloy interface, respectively. 𝐷 is the diffusion coefficient of iron in the wüstite
scale and is assumed to be only a function of temperature [74]. 𝑥 and 𝑉 are the
thickness and the molar volume of the oxide scale, respectively. Due to the high
oxygen partial pressure, based on the phase diagram, it is expected that a thin
layer of magnetite is formed on top of wüstite (Figure 3.7). Then local thermody-
namic equilibrium is established at themagnetite-wüstite interface, and 𝛿∗ can be
taken as the iron deficiency of wüstite at that interface (𝛿𝐹𝑒𝑂/𝐹𝑒3𝑂4 ). Moreover, the
equilibrium iron deficiency of wüstite (𝛿) is a function of oxygen partial pressure
[63].

𝑙𝑜𝑔(𝑝𝑂2) = 𝑀(
1

1 − 𝛿) + 𝐵 (3.9)

Where 𝐵 and 𝑀 are temperature-dependent constants that were experimen-
tally evaluated for the temperature range of 700 to 1300 °C [63].

𝑀 = −7765.6𝑇 + 29.4 (3.10)

and
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𝐵 = −19475.1𝑇 − 24.1 (3.11)

Then the iron deficiency of wüstite at bothwüstite-alloy andwüstite-magnetite
interfaces can be obtained simply by putting equilibrium oxygen partial pres-
sures at wüstite-alloy and wüstite-magnetite interfaces in Equation (3.9). There-
fore, assuming that all the iron species diffused through the oxide layer would
immediately react with the oxygen at the surface, the oxide layer thickness as a
function of time can be calculated assuming that solid-phase diffusion is the rate-
controlling step.

(a) (b)

Figure 3.12: Calculated oxide scale thickness as a function of time for gas-phase mass transfer as the
rate controlling step (linear) and for solid-phase diffusion as the rate controlling step (parabolic) com-
pared to the experimental result. The oxidation experiment is conducted for 20 minutes at 1000°C
with a gas linear flow rate of 53.3 sccm (a) in the presence of 30 kPa oxygen partial pressure, and (b)
in the presence of 15 kPa oxygen partial pressure.

Figure 3.12 shows both the linear and parabolic growth regimes. At each
moment, the slower one would be controlling the oxidation rate. In Section 3.4,
for 30 kPa oxygen partial pressure, the transition time from linear to parabolic
occurred after around 10 minutes in the experiment in agreement with the cal-
culated transition time. On the other hand, for 15 kPa oxygen partial pressure
Section 3.4, the transition time is beyond the 20minutes of oxidation. Gas-phase
diffusion is slower and controls oxidation. It shows that the experimental results
of this work are in agreement with the proposed mechanism for oxidation.

Similar calculations were done for all the experimental oxidation conditions
used. In most cases within the first 20 minutes, the solid-phase diffusion was pre-
dicted to be faster. Exceptions were the alloys oxidized at 1000 °C in the pres-
ence of 25 and 30 kPa oxygen with a linear flow rate of 53.3 sccm. Those showed
a parabolic growth already before the 20min. The transition times obtained from
the calculations are close (average deviation of around 10%) to those determined
from the experiments.

Furthermore, the difference between the thickness of the oxide scale ondiffer-
ent spots of the specimens can be explained by the diffusion of oxygen through
the laminar boundary layer. The parts of the sample that are close to the leading
edge (which means smaller 𝑙 in Equation (3.2)) will get more oxidizing gas dif-
fused to the surface. Therefore, the oxidation is faster on top of the sample which



3.5. Conclusions

3

51

causes the oxide scale on top of the sample to be substantially thicker than the
bottom.

Figure 3.13 schematically shows all the stages from the beginning of the ox-
idation experiment until the end. It starts when the sample is at the required
temperature and the atmosphere is switched from inert to oxidizing gas (Fig-
ure 3.13(a)). A gasmixture of oxygen and nitrogen flows over the sample surface.
The oxygen molecules are in contact with the sample surface and the oxidation
starts with the formation of a thin oxide layer on the surface (Figure 3.13(b)). A
laminar boundary layer is formed on the surface of the specimen because of the
gas flow, and the diffusion of oxygen molecules through this layer becomes the
rate-determining step for the oxidation (Figure 3.13(c)). After 20 minutes of oxi-
dation, the atmosphere is switchedback to inert gas. Due to the thinner boundary
layer and therefore faster diffusion to the leading edge, the scale is much thicker
than at the trailing edge (bottom) (Figure 3.13(d)).

Figure 3.13: Schematic illustration of the alloy surface at different stages during HT oxidation of Fe-
Mn samples in N2-O2 atmosphere. From (a) the start of the oxidation when the oxidizing gas flows
over the sample, to (b) the formation of the oxide scale, (c) the formation of the boundary layer and
diffusion of gas through this layer, and finally, (d) formation of a thicker and less rough oxide on the
top part of the sample.

3.5. Conclusions
To study the kinetics and the mechanism of HT oxidation of Fe-Mn binaries, a
series of experiments were conducted. The samples of pure iron and iron with
1, 3, and 5 wt% Mn were oxidized at 950-1150 °C in gas mixtures with 10-30 kPa
oxygen and linear flow rates of 26.6 and 53.3 sccm. The following conclusions
can be drawn.

1. In all of theoxidizing conditions, theoxidation kinetics of the samples showed
a linear growth rate in the beginning. Only the samples oxidized in 25 and
30 kPa oxygen partial pressures with the linear flow rate of 53.3 sccm ex-
perienced the transition to parabolic growth within the first 20 minutes of
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oxidation. Oxygen partial pressure and gas linear flow rate were the only
parameters influencing the oxidation kinetics. Temperature and Mn con-
tent had no significant effect on the growth rates. An activation energy of
around 2 kJ ⋅mol-1 was obtained from the experiments.

2. Wüstite was the only oxide phase present in the scale during oxidation at
high temperatures. But it was transformed to magnetite due to a low cool-
ing rate (10 °C/min).

3. Within the 20 minutes of oxidation, the gas-phase mass transfer through a
laminar boundary layer was the rate-controlling step for the oxidation reac-
tion. On the leading and trailing edge of the sample, the oxidation rate was
different, due to the substantial difference in the boundary layer thickness
at different lengths. It led to thicker oxide layers on top and thinner ones at
the bottom of the sample.

4. Themeasured linear rate constantswere comparedwith theones calculated
via a model based on gas diffusion to the sample surface. The measured
and calculated values agreed when taking into account the sticking proba-
bility (0.3-0.4) of oxygen molecules on the surface.

Understanding the kinetics and mechanism of initial HT oxidation of alloys in
various oxidizing conditions can significantly help to develop new steel grades.
Further study on other iron binary or ternary alloys will be necessary, in order to
give more insights regarding the role of different alloying elements on the oxi-
dizing behavior of the alloys.
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Numerical Model For

Isothermal Oxidation of Fe-Mn
Binaries

Since the oxidation reactions in the process of steel production occur in harsh con-
ditions (i.e. high temperatures andgas atmospheres), it is practically impossible to
observe in-situ the compositional changes in the steel and the formed oxide scale.
Hence, a coupled thermodynamic-kinetic numerical model is developed that pre-
dicts the formation of oxide phases and the composition profile of the steel alloy in
a short time due to external oxidation. The model is applied to high-temperature
oxidation of Fe-Mn alloys under different conditions. Oxidizing experiments exe-
cuted with a thermogravimetric analyzer (TGA) on Fe-Mn alloys with different Mn
contents (below 10 wt %) are used to determine kinetic parameters that serve as
an input for the model. The mass gain data as a function of time show both linear
and parabolic regimes. The results of the numerical simulations are presented.
The effect of different parameters, such as temperature, Mn content of the alloy,
oxygen partial pressure, and oxidizing gas flow rate on the alloy composition and
oxide phases formed is determined. It is shown that increasing the temperature
and decreasing the oxygen partial pressure both lead to a thicker depleted area.

This chapter has been published in [5] by S. Aghaeian, J.C. Brouwer, W.G. Sloof, J.M.C. Mol, and A.J.
Böttger, ”Numerical Model For Short-Time High-Temperature Isothermal Oxidation of Fe–Mn Binaries
at High Oxygen Partial Pressure.” High Temperature Corrosion of Materials (2023): 1-18.
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4.1. Introduction

H igh-temperature oxidation is a prominent phenomenon in several steps of
steelmaking, such as hot rolling. Oxidation at high temperatures and high

oxygen partial pressure can change the composition of the steel near the surface
due to the depletion of the alloying elements. Furthermore, the oxide scale’s
characteristics such as thickness and phase composition vary depending on the
oxidation condition. Since it is challenging to study such rapid processes under
such extreme conditions experimentally, models are needed to predict the com-
position at the substrate surface as well as that of the oxide scale.

To model the oxidation behavior, fundamental and comprehensive knowl-
edge of thermodynamics and kinetics of the occurring process is required [111,
39]. Although numerical and analytical models have been developed to predict
the oxidation behavior and the compositional change of alloys during thermal ox-
idation, their general application is limited. A number of these studies focused
on finding a criterion to predict whether internal or external oxidation occurs [95,
17, 60, 68, 61]. Furthermore, mathematical models developed for external oxida-
tion of binary and ternary alloysmostly consider only parabolic growth kinetics for
the oxide layer [115, 33, 28, 114, 117], while the growth rate in the initial stages
of oxidation is usually linear [115, 89, 181]. Moreover, in most cases, only selec-
tive oxidation of the alloying element forming the most stable oxide phase at low
oxygen partial pressures is considered [100, 17, 60, 65, 66, 164, 166, 170].

As an input for the oxidation simulations, the linear and parabolic kinetic con-
stants of the oxidation reaction under different conditions of steel composition,
temperature, and oxygen partial pressure are needed [115, 184, 127, 125, 126].
For the hot-rolling process, high oxygen partial pressures and temperatures need
to be considered. However, experimental research on the oxidation of iron alloys
with manganese as the main alloying element is either focused on the annealing
step, i.e., at low oxygen partial pressures [149, 157, 103, 104, 141] or are done
for long exposure times [108, 81, 172].

In the present work, a coupled thermodynamic-kinetic numerical model is de-
veloped that also considers hot-rolling conditions, basedon earlier works byNes-
bitt [114], and Nijdam [116, 115]. The model is applicable to high-temperature
external oxidation of different alloys in dry oxygen with different partial pressures
and flows. Here themodel is applied to short-time, high-temperature oxidation of
iron-manganese binary alloys to predict the amount of formed oxides, the con-
centration profiles of iron and manganese within the substrate alloy, and their
oxide/metal (O/M) interface concentration. Measuring such parameters is not
simply possible experimentally, because during cooling diffusion and homoge-
nization in both the oxide scale and the substrate alloy can occur. Furthermore,
fast cooling of steels could evoke phase transformations (such as martensite for-
mation). Therefore, the developed model could provide information on oxida-
tion that is practically impossible to measure.

The simulation consists of two main steps. In the first step, thermodynamic
calculations are implemented in order to predict the stable phases. In the second
step, the alloy composition change beneath theO/M interface is calculated using
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a recently developed modified flux equation for a lattice fixed frame of reference
[90, 91].

There are several advantages of the current model over the previous analyti-
cal and numerical models for oxidation. First, the computations include the initial
stages of oxidation, whereas previous models only considered long-time expo-
sures. Second, there is no limit to the number of elements that can oxidize simul-
taneously, unlike previous models that considered the most stable oxide phase
only. Finally, the computation time is shorter due to the implementation of the
modified flux equation for diffusion.

As an input for the calculations, the kinetic constants of both linear andparabo-
lic growthmodes are needed. Therefore, a series of oxidation experiments using
a thermogravimetric analyzer (TGA) were conducted. The iron-manganese alloys
were exposed to a gas mixture with different oxygen partial pressures and differ-
ent velocities. Then the kinetic constants were obtained from themass gain data.

4.2. Coupled Thermodynamic-Kinetic Model
We have considered a single-phase Fe-Mn binary alloy reacting with oxygen at
temperature 𝑇 and pressure 𝑝.

2𝑥
𝑦 Me+O2 →

2
𝑦Me𝑥O𝑦 (4.1)

where Me represents Fe or Mn.
The most stable oxide phases can be found by calculating and comparing

the dissociation oxygen partial pressures at the O/M interface for different oxide
phases, through their standard Gibbs free energy of formation Δ𝐺∘Me𝑥O𝑦 [115].
The equilibriumoxygen partial pressure in which the oxideMexOy is in local equi-
librium with the metal at the interface, can be calculated according to:

𝑝𝑂2(Me𝑥O𝑦)
= (

𝑎
2
𝑦
𝑀𝑒𝑥𝑂𝑦

𝑎
2𝑥
𝑦
𝑀𝑒

)exp(
Δ𝐺∘Me𝑥O𝑦

𝑅𝑇 ) (4.2)

where 𝑎𝑀𝑒𝑥𝑂𝑦 and 𝑎𝑀𝑒 are the thermodynamic activities of the oxide phaseMexOy

and the alloy constituent (Me) at the O/M interface, respectively.
A phasediagram that shows the iron andmanganese oxides phaseswhich can

form at 1000 °C, is shown in Figure 4.1. The mixture of MnO and FeO (wüstite)
is the most stable oxide phase forming at very low oxygen pressure. Due to
the higher diffusion coefficient of Fe and Mn in wüstite than in magnetite and
hematite, wüstite grows much faster than the other oxides. This for high temper-
ature oxidation of pure iron, results in the formation of wüstite, magnetite, and
hematite with thickness ratios of 95, 4, and 1, respectively [67]. In-situ XRD re-
sults [4] also showed the formation of FeO and MnO together as a solid solution
at oxidizing temperature. It is also known that during the linear growth of the ox-
ide scale, a local equilibriumbetween the oxide scale and the alloy is established,
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Figure 4.1: Stability regions of different iron andmanganese oxide phases as a function of Mn weight
fraction and oxygen partial pressure at 1000 °C, obtained by using Factsage software [16]. The red
marks show the experimental conditions of this work which are oxygen partial pressures of 10, 20,
and 30 kPa for three different alloys.

and thus the equilibrium oxygen partial pressure is fixed. The parabolic regime
starts only after the formation of magnetite and hematite. Then the equilibrium
oxygen partial pressures at the wüstite/magnetite and magnetite/hematite inter-
faces are also fixed. Although all the iron oxide phases can form in such condi-
tions, it was seen that wüstite (FeO+MnO) was the main oxide phase that formed
more than 95% of the oxide scale. Therefore, only FeO and MnO are the consid-
ered oxides in our simulations.

The simulation is based on a model which was developed and also validated
previously [116, 127, 126]. A schematic illustration of the grid used for themodel
calculations at the start of the oxidation process (𝑡 = 0) and also after some time
(𝑡 = 𝑡) is shown in Figure 4.2. At the beginning of oxidation, a number of slices
𝐿 with an initial equal width of Δ𝑧𝑖,0 are defined perpendicular to the surface of
the alloy with total thickness 𝑍. 𝑍 is considered thick enough to simulate a semi-
finite diffusion case. The slices have a homogeneous and uniform composition
𝐶𝑖,0Me, where 𝑖 and Me refer to the slice number and the constituent (Fe or Mn),
respectively.

The compositional variations parallel to the metal surface are negligible, thus
only diffusion perpendicular to the O/M interface within a limited depth of mate-
rial is considered. The positions of the boundaries between slices are indicated
with 𝑧𝑖, and the concentration of each slice is assigned to themiddle point of each
slice which is located at 𝑙𝑖. Therefore, the number of moles of each constituent
Me at each slice at the beginning of oxidation is 𝑛𝑖,0Me, for which it holds that:

𝑛𝑖,0Me =
𝑁𝑖,0MeΔ𝑧𝑖,0
𝑉𝑚

(4.3)

where𝑁𝑖,0Me and 𝑉𝑚 are the initial mole fraction of the constituentMe and themolar
volume of the alloy, respectively. After establishing the grid, the time is increased
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(a)

(b)

Figure 4.2: Schematic of the grid used for the calculations (a) at the start of oxidation (𝑡 = 0) and (b)
after a time (𝑡 = 𝑡).

by a small increment Δ𝑡. The explicit method for solving the above equation is
limited by the stability criterion 𝑆 [54] and as such the time-steps Δ𝑡 being used
must be smaller than the stability limit.

𝑆 = 𝐷 [ Δ𝑡Δ𝑧2 ] ≤ 0.25 (4.4)

where𝐷 is thediffusion coefficient of thediffusingelement. After a certain amount
of time 𝑡, a layer of oxide with the thickness 𝑑𝑜𝑥 is formed at the alloy surface; see
Figure 4.2b. The oxidation leads to an interface displacement ξ with respect to
the initial metal/gas interface.

At each time step, a number of calculations are performed which provide in-
formation such as oxide scale thickness, concentrations of the slices 2 to 𝐿, dis-
placement of theO/M interface, and the interface concentrations for the next time
step. It is assumed that local thermodynamic equilibrium at the O/M interface is
established at each time step. The mass balance at the O/M interface plays an
important role in the calculations. It is assumed that no material is lost, implying
that all material that diffuses out of the alloy is present in the oxide scale.

4.2.1.Oxide scale thickness
In order to calculate the total oxide scale thickness at time 𝑡, the scale growth
kinetic data such as linear and parabolic constants are needed. The fast initial
stage of oxidation is linear which changes into a parabolic regime with a slower
growth rate at 𝑡 = 𝑡𝑡𝑟𝑎𝑛𝑠. Having the required kinetic data, the calculations are as
follows:

𝑡 ≤ 𝑡𝑡𝑟𝑎𝑛𝑠 → 𝑑𝑙𝑖𝑛 = 𝑘𝑙𝑖𝑛 𝑡 (4.5a)

𝑡 > 𝑡𝑡𝑟𝑎𝑛𝑠 → 𝑑𝑝𝑎𝑟 = √𝑘𝑝𝑎𝑟(𝑡 − 𝑡𝑡𝑟𝑎𝑛𝑠) (4.5b)

𝑑𝑜𝑥 = 𝑑𝑙𝑖𝑛 + 𝑑𝑝𝑎𝑟 (4.5c)
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where 𝑘𝑙𝑖𝑛 and 𝑘𝑝𝑎𝑟 are the kinetic constants for the linear and parabolic regimes,
respectively.

The total oxide scale thickness 𝑑𝑜𝑥 formed at time 𝑡, can be related to the total
amount of oxides Me𝑥O𝑦 that is formed at the O/M interface, which are FeO and
MnObased on the assumption of this work. It is expressed in terms of the volume
of each oxide per unit interface area of the alloy, φMe𝑥O𝑦 . Then, it holds that:

𝑑𝑜𝑥 = ΣφMe𝑥O𝑦 (4.6)

Consumption of the material from the alloy also results in the displacement of
the O/M interface [170]. Compared to its original location at 𝑡 = 0, the displace-
ment of the OM interface can be calculated by considering the mass balance,
as:

𝜉 = 𝑉𝑀𝑛φMnO

𝑉𝑀𝑛𝑂
+ 𝑉𝐹𝑒φFeO

𝑉𝐹𝑒𝑂
(4.7)

where 𝑉𝑀𝑒𝑂 is the molar volume of FeO and MnO, and 𝑉𝑀𝑒 is the partial molar
volume of each component at the OM interface in the alloy.

4.2.2. Concentrations of the second to last slices
Due to the consumption of the constituents from themetal substrate by the oxide
formation, a concentration difference is established between neighboring slices,
which drives diffusion of the constituting elements. For calculating the concen-
tration profile underneath the alloy-surface, a modified flux equation was used
[116, 91, 90]. The flux of manganese at time 𝑡 from slice 𝑖 to 𝑖+ 1 is given by:

𝐽𝑖/𝑖+1,𝑡𝑀𝑛 = −𝑅𝑇𝑉𝑚
⎛

⎝

√𝑀𝑖+1,𝑡
𝑀𝑛 𝑁𝑖+1,𝑡𝑀𝑛 𝑀𝑖,𝑡

𝑀𝑛𝑁𝑖,𝑡𝑀𝑛
𝑙𝑖+1,𝑡 − 𝑙𝑖,𝑡

⎞

⎠

2 sinh(𝜇
𝑖+1,𝑡
𝑀𝑛 − 𝜇𝑖,𝑡𝑀𝑛
2𝑅𝑇 ) (4.8)

where 𝑅 is the gas constant (Jmol-1K-1), 𝑇 is the temperature (K),𝑀𝑖,𝑡
𝑀𝑛 and 𝜇𝑖,𝑡𝑀𝑛 are

the mobility and chemical potential of manganese at time 𝑡 (s) in slice 𝑖, respec-
tively. The value for the mobility of iron and manganese are obtained from the
tracer diffusion coefficient of each constituent Me in the phase 𝜙 (here austenite),
which is included in [10]:

𝑀𝜙
Me =

𝐷∗,𝜙Me

𝑅𝑇 (4.9)

where 𝐷∗ is the tracer diffusion coefficient of Me in 𝜙. Calculations conducted via
DICTRA [10] show that the diffusion coefficient of Mn is only weakly dependent
on concentration; if the Mn concentration in the alloy increases from 0.5 to 8%,
the diffusion coefficient of Mn in thematrix would increase only around 10%. This
ideal behavior of Fe-Mn alloys has also been reported before in previous works
[101]. Assuming ideal behavior for low concentration of the alloying elements,
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i.e. negligible interaction between the elements, the chemical potential of each
constituent can be simply related to its mole fraction, according to:

𝜇𝑖,𝑡Me = 𝑅𝑇 ln𝑁𝑖,𝑡Me (4.10)

A zero-flux slice is considered at depth 𝑍 in the bulk, which is far enough from
the interface to be unaffected by the oxidation:

𝐽𝐿Me = 0 (4.11)

The value for the flux of both iron and manganese between all the slices at
each time 𝑡 allows calculating the number ofmoles of the constituents in the slices
2 up to the last one for the next time step 𝑡 + Δ𝑡 by:

𝑛𝑖,𝑡+Δ𝑡Me = 𝑛𝑖,𝑡Me + Δ𝑡 (𝐽𝑖,𝑡Me − 𝐽𝑖+1,𝑡Me ) (4.12)

Therefore, at each time step, a series of calculations through Equation (4.8)
to Equation (4.12) results in the concentration for the second to the last slice for
the next time step to be calculated as shown in the flowchart; see Figure 4.3.
However, for calculating the composition of the alloy at theO/M interface another
method, described in Section 4.2.3, has been implemented.

Figure 4.3: Flowchart of the model operations.

4.2.3. The interface composition and displacement
The interface concentration of manganese is constantly changing during oxida-
tion because of the consumption ofmanganese. To determinewhether oxidation
occurs of only manganese or also iron, a series of calculations was performed
[115]. Since Mn forms a more stable oxide than Fe (i.e. 𝑝𝑂2MnO

< 𝑝𝑂2FeO ; cf. Equa-
tion (4.2)), oxidation of Mn at the O/M interface occurs first, and the interface
concentration of manganese would decrease. Due to the limited amount of Mn
present at the interface (which is related to the concentration and diffusion coef-
ficient of manganese in the alloy), all the Mn at the interface is consumed at each
time step. Moreover, the mass balance at the O/M interface must be fulfilled.
This implies that the total amount of iron and manganese incorporated into the
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oxide layer at time 𝑡must be equal to the same amount consumed from the alloy
until time 𝑡. So at time 𝑡, the mass balance can be written as:

φ𝑀𝑒𝑂
𝑉𝑀𝑒𝑂

= ∫
𝑍

0
𝐶0𝑀𝑒𝑑𝑧 − ∫

𝑍

𝜉
𝐶𝑡𝑀𝑒𝑑𝑧 (4.13)

where 𝐶0𝑀𝑒 is the initial concentration of the constituents, and 𝜉 is the interface
recession. Therefore at each time step, the total amount of Mn consumed from
the substrate metal, which is denoted as the so-called accessible amount Γ𝑡, can
be calculated by Equation (4.14). As explained before, all the Mn at the interface
is considered to be consumed, so 𝐶1,𝑡+Δ𝑡Mn is virtually zero. It is shown as the green
area in Figure 4.4.

Γ𝑡𝑀𝑛 = ∫
𝑍

𝜉𝑡
𝐶𝑡𝑀𝑛𝑑𝑧 − ∫

𝑍

𝜉𝑡+Δ𝑡
𝐶𝑡+Δ𝑡𝑀𝑛 𝑑𝑧 (4.14)

Where the difference between 𝜉𝑡+Δ𝑡 and 𝜉𝑡 is the O/M interface displacement
due to consumption of Γ𝑡𝑀𝑛 duringΔ𝑡, which canbe calculatedwith Equation (4.7).

Figure 4.4: Schematic of accessible amount, i.e. the total amount of Mn from the substrate metal
consumed by the oxide within the time step Δ𝑡.

Now ΔφMnO can be used as a criterion to determine if only the most stable
oxide is present or that simultaneously the other constituent’s oxide form. So at
each time step, ΔφMnO is compared with Δ𝑑𝑜𝑥 (the thickness of the oxide scale
formed during Δ𝑡) to establish the oxides formed.

1. If ΔφMnO ≥ Δ𝑑𝑜𝑥, only MnO is formed during the time step Δ𝑡. Then the
amount of MnO formed during this time step, φΔ𝑡MnO, is equal to Δ𝑑𝑜𝑥 (see
Equation (4.6)). Therefore, the displacement of the O/M interface can be
obtained by Equation (4.7), with ΔφFeO equal with zero.

2. If ΔφMnO < Δ𝑑𝑜𝑥, simultaneous oxidation of Mn and Fe occurs during Δ𝑡.
Then the amount of FeO formed (ΔφFeO) is equal with Δ𝑑𝑜𝑥 − ΔφMnO. Ac-
cordingly, the interface displacement can be calculated by Equation (4.7).
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4.2.4. Grid adjustment
After each series of calculations for a time step, the interface displacement re-
quires a rearrangement of the grid system in order to obtain a new set of semi-
distance grid points (grid points are at the middle point of each slice). To achieve
this, the size Δ𝑧 and the number 𝐿 of the slices are kept constant, as well as the
total studied thickness of the alloy at each time step. Therefore at each time step,
the starting point of the grid is moved inward by the value of Δ𝜉Δ𝑡. The position
of slices’ walls 𝑧𝑖 can be calculated with:

𝑧𝑖,𝑡+Δ𝑡 = 𝑧𝑖,𝑡 + Δ𝜉Δ𝑡 𝑖 = 1, 2, 3, ..., 𝐿 (4.15)

Eventually, by having the oxide scale growth kinetics of the alloy, the concen-
tration profile for both iron andmanganese inside the alloy as well as the amount
of each oxide phase formed can be obtained as a function of time by numerically
solving Equations (4.2) to (4.15). To this end, a numerical model, based on finite
difference technique [8], was developed in MATLAB [105].

4.3. Experiments
The kinetic data needed as an input for the simulations were obtained from oxi-
dation experiments conducted using TGA.

TheFe-MnalloyswereprovidedbyChemPur (Karlsruhe, Germany). The chem-
ical composition of the alloys with differentmanganese contents as obtainedwith
inductive coupled plasma-optical emission spectrometry (ICP-OES) is presented
in Table 4.1. The alloys were cut into 2 × 8 × 15 mm pieces with a hole of 2.2mm
diameter by electric discharge machining (EDM). Then, they were ground using
SiC emery paper and cleaned ultrasonically in isopropanol. Finally, the spec-
imens were stored in airtight membrane boxes (Agar Scientific, G3319, Essex,
UK) after drying with a flow of pure nitrogen gas.

Table 4.1: Chemical composition of the alloys obtained with ICP-OES.

Sample Elements (wt %)
Mn C Al Si Cr

Fe-1Mn 1.030 0.0157 0.0012 0.0010 0.0026
Fe-3Mn 2.845 0.0002 0.0002 0.0014 0.0002
Fe-8Mn 7.930 0.0031 0.0003 0.0020 0.0110

The alloys were oxidized in a symmetrical thermogravimetric analyzer (TGA,
Setaram TAG 16/18, Caluire, France) in order to calculate the kinetic constants
from the mass-gain data. An alumina pin with a diameter of 2.2 mm was inserted
into the hole in the sample and placed onto a sapphire rod. The initial mass of the
samplewasmeasured by aMettler Toledo balance (accuracy ±1 µg). To eliminate
any buoyancy effect, a dummy sample of alumina of the same size was mounted
onto a sapphire rod the counterpart of the balance. The furnace chambers were
two identical tubes with 280 mm length and an inner diameter of 15 mm. First,
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the TGA system was pumped to vacuum (<50 Pa). Then the gas lines, balance,
and furnaces were flushed with pure nitrogen three times. The purity of nitrogen
was 5N vol.%, and it was filtered additionally to remove any residual hydrocar-
bons, moisture, and oxygen, with Accosorb (<10 ppb hydrocarbons), Hydrosorb
(<10 ppb H2O) and Oxysorb (<5 ppb O2) filters (Messer Griesheim, Germany),
respectively. Next, both furnaces were heated up with a rate of 10 °C/min with a
flow of pure nitrogen. Temperatures were chosen between 950 and 1150 °C. Af-
ter reaching the target temperature, the chambers’ atmospheres were switched
to oxidizing by introducing a gas mixture of oxygen, and nitrogen. Different flow
rates (26.6, 53.3, 100, 150, 200, and 250mLmin-1, corresponding to average gas
velocities of around 1 to 10 cms-1 at 1000 °C) and oxygen partial pressures (10 to
30 kPa) were applied by changing the ratio between O2 and N2 gases, while the
total chamber pressure was kept at 101 kPa (1 atm). After oxidation, the furnace
tubewas cooled to room temperature with a rate of 10 °C/minwhile flushingwith
pure N2.

The mass gain per unit area for an oxidation experiment in the TGA system
is shown in Figure 4.5. The mass gain data corresponds with the total weight of
oxygen consumed by the metal to form the oxide scale. The internal oxidation
zone (IOZ) was negligible compared to the scale thickness. The mass gain data
shows the initial linear growth of the oxide layer, which is followed by parabolic
growth. The linear and parabolic rate constants are respectively the slope of the
lines in mass gain and squared mass gain divided by area versus time. To ob-
tain the slope of the line within the linear regime, the very first part of it is not
considered due to the lack of oxygen in the beginning.

(a) (b)

Figure 4.5: (a) Themass gain per unit surface area and (b) the squaredmass gain per unit surface area
data for 20 minutes of oxidation of Fe-8Mn binary alloys at 1000 °C in 20 kPa oxygen partial pressure
with a total gas flow rate of 100 mLmin-1. The slopes of the lines represent the kinetic constants.

The details about the mechanism of high-temperature oxidation and charac-
terization of the oxidized samples are described in our previous work [4]. It was
concluded that for our experimental conditions, the linear growth of the oxide
layer is controlled by the diffusion of the oxidizing gas through the boundary
layer.
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Different parameters that could influence the oxidation kinetics were studied.
The effect of flow rate on themass gain data is shown in Figure 4.6. It can be seen
that an increase in the gas flow rate increases the linear constant (𝑘𝑙) and total
mass gain (Section 4.3), while it has almost no effect on the parabolic growth con-
stant (Section 4.3). The linear constant increases from1.4×10-5±3.1×10-7gcm-2s-1

for oxidation with gas flow rate of 26.6 mLmin-1 to 1×10-4±4.1×10-7gcm-2s-1 for
oxidation with gas flow rate of 250 mLmin-1. The parabolic constant only varies
between 5.6×10-7±1.9×10-9 and 5.7×10-7±3.0×10-9 g2cm-4s-1 for oxidation with
flow rates of 100 to 250 mLmin-1.

(a) (b)

Figure 4.6: The experimental results for oxidation of Fe-8Mn binary alloy in 20 kPa oxygen partial
pressure at 1000 °C for 20 minutes with a total gas flow rate between 26.6 to 250 mLmin-1: (a) mass
gain per area, and (b) squared mass gain per area as a function of time.

The effect of increasing the oxygen partial pressure of the oxidizing gas mix-
ture on the kinetics of the oxidation reaction is shown in Figure 4.7, and it was
almost the same as rising the flow rate. It increased the linear constant from
4.3×10-5±2.5×10-7 to 1.5×10-4±3.3×10-6 gcm-2s-1, respectively for 10 and30kPa,
while the parabolic constant varied between 6.0×10-7±5.6×10-9 and 6.6×10-7
±6.4×10-9 g2cm-4s-1 in the same range of oxygen partial pressure.

(a) (b)

Figure 4.7: The experimental results for oxidation of Fe-8Mn binary alloy in 10, 20, and 30 kPa oxygen
partial pressure at 1000 °C for 20 minutes with a total gas flow rate of 250 mLmin-1: (a) mass gain per
area, and (b) squared mass gain per area as a function of time.

The effect of temperature on high-temperature oxidation of Fe-8Mn binary al-
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loys oxidized in an atmospherewith 20 kPaoxygenwith a flow rate of 200mLmin-1

is shown in Figure 4.8. Increasing the temperature from 950 to 1150°C does
not affect the slope of the linear part of the mass gain data, but only leads to
a longer linear-to-parabolic transition time; see Section 4.3. However, oxidation
at higher temperatures increases the parabolic kinetic constant; see Section 4.3.
This is expected because of the higher diffusion rate through the oxide scale
at higher temperatures. This also results in a longer linear regime because it
takes a longer time before diffusion through the oxide layer becomes the rate-
determining step. The parabolic constant increases from 5.90×10-7±1.59×10-8
to 1.12×10-6 ±3.47×10-8 g2cm-4s-1, for oxidation at 950 and 1150 °C, respec-
tively.

(a) (b)

Figure 4.8: The experimental results for oxidation of Fe-8Mn binary alloy in 20 kPa oxygen partial
pressure for 20 minutes with a total gas flow rate of 200 mLmin-1: (a) mass gain per area, and (b)
squared mass gain per area as a function of time.

4.4. Simulation Results and Discussion
It is practically impossible to observe the O/M interface of the alloy, while oxidiz-
ing at very high temperatures. Only after the sample has cooled to room temper-
ature the oxide scale can be analyzed. Within the cooling process, which is slow
with TGA (10 °C/min), phase transformations and homogenization within the ox-
ide scale and the alloy substrate will occur. Simulating the high-temperature ox-
idation allows the prediction of the changes in the alloy during oxidation. As
mentioned earlier, this method for simulation was applied for MCrAlY coatings
and alloys before and it has been validated by experiments [115, 116, 125].

The simulationswereperformedbasedon themodel described in Section 4.2.
The following data were used as input. The molar volume of the alloys were cal-
culated with Thermo-Calc using the TCFE 5 database [10]; the molar volumes of
MnO and FeO are taken to be 13.21 and 12.24 𝑐𝑚3 𝑚𝑜𝑙-1, respectively [70].
The diffusion coefficients are taken from [12], and following Ref. [9] the mobil-
ities of the alloy constituents in the alloy were calculated using Equation (4.9).
The oxidation experiments with the Fe-Mn alloys (see Table 3.1) were conducted
with TGA at 950 to 1150 °C, with 10 to 30 kPa oxygen partial pressure, and flow



4.4. Simulation Results and Discussion

4

65

rates of 26.6 to 250mLmin-1. The oxide scale growth kinetic constants for the lin-
ear and parabolic parts were obtained from the mass gain data; see Section 4.3.
As shown in Figure 4.9, the oxide growth kinetics in both linear and parabolic
regimes could be described adequately with a combined linear and parabolic
law (R-Squared= 0.98). Therefore, the developed model can predict the behav-
ior of Fe-Mn alloys, which are oxidized within the mentioned range of oxidizing
conditions.

Figure 4.9: Experimental data and linear-parabolic calculation for oxidation of Fe-8Mn alloy at 1000°C
in 20 kPa oxygen partial pressure with a gas flow rate of 250mLmin-1, with linear and parabolic kinetic
constants of 1.0×10-4±2.3×10-6 gcm-2s-1 and 5.7×10-7 ±1.9×10-8 g2cm-4s-1, respectively.

Figure 4.10: The calculated Mn concentration pro-
files within the alloy, when Fe-8Mn oxidized in the
temperature range of 950 to 1150 °C in 20 kPa oxy-
gen partial pressure for 20 minutes with a total gas
flow rate of 53.3 mLmin-1.

The simulated concentration pro-
files of Mn in a Fe-8Mn alloy when
it is oxidized in an environment with
20kPa oxygen partial pressure at dif-
ferent temperatures is demonstrated
in Figure 4.10. It is observed that the
depleted zone increased with increas-
ing temperature, due to the faster dif-
fusion of Mn within the alloy. Hence,
the Mn depletion layer of less than 2
microns at 950 °C increases to more
than 20 microns at 1150 °C.

The effect of the oxygen content in
the oxidizing gas on the composition
depth profile is calculated as well. In
Figure 4.11 the simulated concentra-
tion profiles of Mn for Fe-8Mn when
oxidized at 1000 °C for 20 minutes are
demonstrated. It shows that reducing
the oxygen partial pressure in the gas mixture from 30 to 10 kPa expands the
manganese-depleted zone in the substrate alloy from 2 to more than 4 microns.

The effect of the composition of the alloy on concentration profiles is illus-
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Figure 4.11: The calculated Mn concentration profiles within the Fe-8Mn substrate alloy when oxi-
dized at the 1000 °C with oxygen partial pressure of 10 to 30 kPa for 20 minutes and a total gas flow
rate of 53.3 mLmin-1.

trated in Figure 4.12. The Mn depleted zone is calculated to be less than 2 mi-
crons for all three alloy compositions. The Mn content has no clear effect on Mn
depleted zone width. Also, a negligible effect of Mn content on the mass gain
data (i.e. the kinetics of oxidation) was seen; see [4].

Figure 4.12: The calculated Mn concentration profiles within the substrate alloy for samples with dif-
ferent Mn contents when oxidized at the 1000 °C in 20 kPa oxygen partial pressure for 20 minutes
with a total gas flow rate of 53.3 mLmin-1.

Generally, the oxide scale growth kinetics, and consequently the resulting
compositional changes in the alloy, are significantly influenced by the oxidizing
condition (e.g., 𝑇 and 𝑝O2 ), microstructure, composition, and surface condition
of the alloy [148]. The oxidation model is applied to study the effect of the scale
growth kinetics on the composition near the surface of the alloy as well as the ox-
ide phase constitution of the developing oxide layer, for the oxidation of Fe-Mn
alloys at high temperatures. The effect of initial linear growth rate on the relative
amount of Mn oxide (φMnO/𝑑𝑜𝑥 ) is shown in Figure 4.13.
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Figure 4.13: Calculated values for the ratio of MnO thickness to oxide scale thickness (φMnO/𝑑𝑜𝑥 ) as
a function of linear oxidation growth rate for Fe-8Mn alloy oxidized at 1000 °C for 20 minutes.

Figure 4.14: Calculated amount of each oxide as a function
of time, when Fe-8Mn alloy is oxidized at 1000 °C in 20 kPa
oxygen atmosphere with a gas flow rate of 250 mLmin-1; the
transition time is indicated by the vertical line.

Since the dissociation oxy-
gen partial pressure of MnO
is less than that of FeO, the
onset of oxidation starts with
the preferential oxidation of
Mn from the alloy. How-
ever, due to low Mn content
and the rapid scale growth,
the Mn interfacial mole frac-
tion instantly (within the first
time steps) drops. The early
stageof oxidation thenbegins
with the formation and de-
velopment of FeO and MnO
at the same time. The to-
tal amounts of MnO and FeO
forming within the 20 minutes
of oxidation are shown in Fig-

ure 4.14. Within the linear regime, only the most stable oxide phases of iron
and manganese can form (i.e. FeO and MnO). It is known that when the growth
regime is changed to parabolic, the other oxide phases (magnetite and hematite)
are stable to form as well [101]. However, even during the parabolic growthmost
of the oxide scale consists of wüstite.

4.5. Conclusions
The in-situ methods for investigating the high-temperature oxidation behavior
of alloys are limited, and it is practically impossible to experimentally access the
alloy microstructure and composition in that condition. Measurements at room
temperature require fast cooling to avoid homogenization; however, fast cooling
can lead to phase transformations which also change the material. Therefore, to
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study such a process, a numerical model was developed. The methodology of
such a model is developed and verified by experiments before in several works
[115, 116, 127]. The kinetic data necessary as input for the simulations were ob-
tained from a series of TGA experiments. Iron with 1, 3, and 8 wt% Mn were
oxidized at 950-1150 °C in gas mixtures with 10-30 kPa oxygen partial pressure
and linear gas flow rates of 26.6 to 250mLmin-1 in a furnace tube of 15mm inner
diameter. The following conclusions can be drawn:

1. Considering the composition profile of Mn within the alloys and the de-
pleted zone after the oxidation, temperature change plays an important
role. Increasing the temperature increases the depleted zone due to the
faster diffusion of Mn within the alloy.

2. Increasing the oxygen partial pressure of the oxidizing gas mixture leads to
faster linear growth of the oxide scale when only FeO andMnO form. Faster
oxidation results in higher O/M recession and a thinner Mn depleted zone.

3. The ratio between Mn and Fe within the oxide layer can be predicted via
the introduced simulations. Therefore, the amount of Mn that the alloy has
lost during the high-temperature oxidation can be calculated.

The ability to predict the initial high-temperature oxidation of alloys in various
oxidizing conditions can help to control the surface behavior of steels at high-
temperature processing. Further developments on other iron binary or ternary
alloys will be necessary, in order to give more insights regarding the role of dif-
ferent alloying elements on the oxidizing behavior of the alloys.



5
Predicting the Parabolic Growth

Rate Constant for
High-Temperature Oxidation of
Steels Using Machine Learning

Models

The parabolic growth rate constant (𝑘𝑝) of high-temperature oxidation of steels is
predicted via a data analytics approach. Four machine learning models includ-
ing Artificial Neural Networks, Random Forest, k-Nearest Neighbors, and Support
Vector Regression are trained to establish the relations between the input fea-
tures (composition and temperature) and the target value (𝑘𝑝). The models are
evaluated by the indices: Mean Absolute Error, Mean Squared Error, Root Mean
Squared Error, and Coefficient of Determination. The steel composition regard-
ingCr andNi content and the temperaturewere themost significant input features
controlling the oxidation kinetics.

This chapter has been published in [6] by S. Aghaeian, J.C. Brouwer, W.G. Sloof, J.M.C. Mol, and A.J.
Böttger, ”Numerical Model For Short-Time High-Temperature Isothermal Oxidation of Fe–Mn Binaries
at High Oxygen Partial Pressure.” High Temperature Corrosion of Materials (2023): 1-18.
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5.1. Introduction

H igh-temperature oxidation occurs at different stages of steelmaking. The
oxidation reaction can significantly influence the steel properties, includ-

ing the near-surface composition, wettability, corrosion performance, mechani-
cal properties, etc. Therefore, knowing the oxidation behavior of the alloys is of
great importance. Currently, evaluating the alloys’ high-temperature oxidation
occurs through lengthy and costly experimental trials. Hence, developing the
capability of predicting the oxidation behavior of steels in a variety of conditions
is highly desirable. Although analytical [2, 65, 4] and numerical [66, 126, 115,
116, 5] simulations have significantly improved the high-temperature oxidation
investigations, they are usually applicable for specific material compositions or a
given oxidizing condition such as exposure time and gas mixture composition.

Facing the limitations of the conventional modeling approaches in the field of
materials science, together with recent improvements in machine learning (ML)
techniques, open a pathway to the use of data analytics to predict the properties
of materials [128, 133, 139, 23, 122, 21]. Such algorithms have many advantages
in providing insight into complex experiments on multi-component alloys. For
instance, recent data analytics techniques in the design and development of new
materials lead to a lower cost and can be considered as an alternative for exper-
iments [153, 21, 122].

Despite the successful application of ML algorithms in the field of materials
science, very limited studies addressed predicting high-temperature oxidation
kinetics of alloys via data analytics approaches. In a recent work by Peng et al.
[122] on NiCr-based alloys, a couple of different ML approaches have been ap-
plied to an experimental dataset to predict the parabolic growth rate constant
(𝑘𝑝) of oxidation. Alloy composition and temperature were the parameters, and
𝑘𝑝 in both isothermal and cyclic oxidation was the target variable. The key in-
put features were identified by Pearson’s correlation coefficient (PCC) [120]. The
oxidation temperature was found to have the biggest impact on the parabolic
constant in all cases. It was also observed that Cr content, as the major alloying
element in the studied alloys, had the most negative correlation with 𝑘𝑝, i.e. re-
duces the oxide growth kinetic constant. This agrees with previous studies, which
showed that the presence of Cr promotes the formation of an external chromia
solid-state diffusion barrier that slows down the oxidation reaction [64, 165].

In another work by Bhattacharya et al. [21]ML algorithmswere applied to pre-
dict the high-temperature oxidation kinetics of Ti alloys between 550 and 750°C.
The alloy composition, constituent phase of the alloy, the temperature of oxida-
tion, time for oxidation, oxygen and moisture content, and mode of oxidation
were considered as the independent input features, and 𝑘𝑝 was set as the target
value. When the Gradient Boosting Regressor algorithm [56] was employed, a
good agreement was achieved between the experimental and the predicted 𝑘𝑝.
Anirudh et al. [11] applied several ML models with a bottom-up approach (i.e.
focussed on a very specific range of features) to predict the kinetics of elevated
temperature cyclic oxidation of Fe-Cr and Fe-Cr-Ni alloys between 650 and 800°C
in 10 % water vapor. The amount of Ni and Cr, temperature, and time were con-



5.1. Introduction

5

71

sidered the independent input features, while the mass change was the target
value. In that case, CastBoost was found to give the best performance among
all the ML models. On the other hand, in a work by Taylor et al. [153], oxida-
tion kinetics for some grades of steels, as well as other corrosion-resistant alloys,
were investigated via machine learning models with a top-down approach (i.e.
including a large range of features). Therefore, the effects of many features in-
cluding the wide range of composition, temperature, and gas environment were
considered in the models. The models were applicable for more varied oxidiz-
ing circumstances since they hadmultiple features and awide range for each, but
they subsequently had substantial prediction errors. Finally, they foundNi, Cr, Al,
and Fe to be the most significant elements controlling the oxidation kinetics.

Additionally, deep learning methods such as Artificial Neural Network (ANN)
models have significantly influenced the development of materials and associ-
ated processes [20, 75, 48, 84, 185, 80, 49]. This is because these models can
deal with complex problems inmaterials science, where the target value depends
on a large number of variables. However, there are distinct patterns that knowl-
edgeable metallurgists can recognize and comprehend. As shown by the work
of Dewangan et al. [48] ANN is applicable to predict the oxidation kinetics of high
entropy alloys (HEA). The composition of the alloys, oxidation time, and temper-
ature were chosen as input parameters, while the mass gain of the oxidized sam-
ple was the output of the ANN model. Finally, it was shown that the ANN model
predicts the high-temperature oxidation behavior of HEA in a consistent and pre-
cise manner. Kim et al. [84] analyzed the high-temperature oxidation resistance
of Ni-based superalloys using the ANN model. Finally, although ML algorithms
have been successfully applied for predicting the oxidation behavior of several
alloys, there is very limited work on steels with a broad range of alloying element
content.

Our literature review reveals noworks on employingMLmodels for predicting
oxidation kinetics for a variety of steel compositions, in air. Suchhigh-temperature
oxidationbehavior is observed in the hot rollingprocess, which involves exposing
heated sheets to air to cool down, which canhave a substantial impact on the steel
performance and quality. In comparison to conventional steel development ap-
proaches based purely on limited experimental investigations or physical-based
simulations, machine learning (ML) has the benefit of combining computational
tools with experiments to forecast such oxidation behavior, having the potential
to decrease development costs and time.

Here, a data analytics work is presented, which includes a correlation analysis
of the high-temperature oxidation of a wide range of steels based on reported
experimental data. In our work, the focus is on predicting the high-temperature
oxidation kinetics of different steels, regardless of their phases, numerically rep-
resented by 𝑘𝑝. Because of having complex oxidation mechanisms, a broad,
physics-based simulation of composition-dependent oxidation behavior is not
yet feasible for steels. Correlation analysis was performed by PCC to find the in-
teraction strengths between the input features (material and physical descriptors)
and 𝑘𝑝 statistically and rank them. Four widely used ML models were employed:
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Artificial Neural Network (ANN), RandomForest (RF), k-Nearest Neighbors (KNN),
and Support Vector Regression (SVR). The performance of the models in predict-
ing the 𝑘𝑝 values was evaluated by different metrics and discussed.

5.2.Methods
5.2.1. Dataset
Most of the reportedexperimental works onhigh-temperature oxidationof steels,
focus on the steady-state parabolic scaling kinetics where the oxide growth rate
is controlled by diffusion. Therefore, as a first step, a simple parabolic law (Equa-
tion (5.1)) was chosen to describe the high-temperature oxidation kinetics

(Δ𝑚𝐴 )
2
= 𝑘𝑝𝑡 (5.1)

where Δ𝑚 is themass gain in g, 𝐴 is the specimen surface area in cm2, 𝑡 is time
in s, and 𝑘𝑝 is parabolic oxidation constant in g2 cm−4 s−1. Parabolic growth rate
constants, 𝑘𝑝, were collected directly from published reports [102, 4, 81, 112,
137, 34, 32, 180, 189, 40, 69, 191, 177, 79, 136, 188, 140, 57, 168, 15, 169, 83,
147, 186, 158, 85, 25, 150, 27, 151] where they were obtained from the mass
gain results provided by Thermogravimetric analysis (TGA). The steps to get the
parabolic growth rate constant are typically the same and begin with plotting the
mass gain data on a squared mass gain vs. time plot. Then, a line is fitted to
the linear part of the plot that represents the parabolic growth, and the slope of
the fitted line would be the parabolic constant 𝑘𝑝. It is important to note that the
dataset preparationwas amanual literature survey to obtain values for 𝑘𝑝, without
any extrapolation or interpolation. In this work, the focus is on the effect of steel
composition and temperature (as input features) on oxidation kinetics 𝑘𝑝 (target
value). It is noted that data from the theoretical calculations were not included.

The collected dataset was tabulated for 76 different steel grades exposed to
dry air at temperatures between 500 and 1200 °C. Within the data collection pro-
cess, the dataset was visualized and studied at different stages to fill in themissing
points. Finally, from a large amount of literature, 31 references were selected to
prepare the dataset of 162 data points. It is not claimed to be a comprehensive
dataset, but it will be shown later that it is enough to give precise quantitative
predictions. The steel composition ranges, experimental conditions, and dataset
details are shown in Table 5.1. The distribution of the dataset for temperature is
shown in Figure 5.1 as an example. The detailed information about the distribu-
tion of data for all of the features and the target value is depicted in Figure B.2
and Figure B.1, respectively in the appendix. To identify gaps in the experimen-
tal dataset and suggest experiments to improve model predictions, ML can ulti-
mately be effectively merged with the automated design of experiment methods
in future research.

Investigating the high-temperature oxidation of multi-component alloys and,
specifically, steels is a complex process that requires information about the ther-
modynamics and kinetics of the reaction [181]. The parabolic growth rate con-
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Table 5.1: List of the alloying elements range in wt%, oxidizing condition, and dataset details.

Steel composition Fe (47.91-100), Mn (0-40), Cr (0-25), Al (0-14.33),
C (0-0.82), Si (0-7.2), Ni (0-24.59), Cu (0-2.65),
S (0-0.048), P (0-0.22)

Commercial grade Crofer 22 APU, Crofer 22 H, SUS 310S, SUS 430,
AISI 304, AISI 430, AISI 439, AISI 441, AISI 1018,
HR3C, AFA, SIMP, FHSS, HSLA

Temperature, °C 500-1200
Atmosphere Dry air
Input features Elemental composition in wt%, and oxidation

temperature
Target value, g2cm−4s−1 Parabolic growth rate constant

(𝑘𝑝 = 3.2 × 10−15 − 1.21 × 10−4)

Figure 5.1: Temperature distribution of the dataset between 500 and 1200 °C. The values on the bars
show the portion of the data points in that range.

stant (𝑘𝑝) includes this information about the material and conditions in high-
temperature oxidation implicitly [21, 122]. Such information encompasses the
composition, temperature, gas mixture, etc. Since high-temperature oxidation in
wet air has a different mechanism [181], only data for dry air has been collected
for this work. ML algorithms utilize the collected data during the training pro-
cess to predict the target value (𝑘𝑝) for the testing data. However, the values for
𝑘𝑝 were very small and it was difficult to visualize the differences between the
calculated values. Therefore, by applying a logarithmic transformation (natural
logarithm) of (𝑘𝑝), the target value is converted. Therefore, the ML models in use
will estimate the value of ln 𝑘𝑝.

5.2.2. Correlation analysis and machine learning models
To identify the effect of each input feature on (𝑘𝑝) and the interaction between
different features, a PCC correlation analysis was conducted. PCC calculates the
magnitude of the linear relationship between different features and allocates a
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value between 1 and -1. Positive and negative values, respectively, show a cor-
relation and anti-correlation, while zero indicates no correlation. A correlation
analysis facilitates the training of the ML model with the top-ranking features,
which are the input features with the highest absolute value of correlation with
the target.

The dataset was split into training and testing sets in a range of 60% to 95%
and 40% to 5% of the dataset, respectively. As shown in Figure B.3, smaller test
sizes lead to high performances, but it is not reliable since the models are not
tested with a sufficient number of data points and lead to unreproducible results.
On the other hand, larger test sizes reduce the size of the training such that the
reliability of the predictions is limited. A train and test size of respectively 80%
and 20% were chosen as an optimum for reliable results. The data points were
randomly distributed to the training and test sets by applying shuffling to the data
before the split, which ensures the reproducibility of the results.

Four different models were employed to predict the parabolic growth rate
constant (𝑘𝑝): (a) Artificial Neural Network (ANN) [20], (b) Random Forest (RF)
[76], (c) k-Nearest Neighbors (KNN) [7], and (d) Support Vector Machine (SVM)
[13]. The regressor models of RF, KNN, and SVM were taken from Scikit-learn
[121] sub-libraries to predict the continuous values of the target value (𝑘𝑝). For
ANN implementation, Keras was used, which is the high-level library built on top
of TensorFlow [1]. Sequential andDensemodels from the Keras library were used
to add dense Neural Network layers. In addition, ReLU (Rectified Linear Unit)
and Linear functions were employed respectively in hidden layers and the output
layer.

In the KNN, the average number of neighbors for a given data point, or the
k-nearest neighbors, is output by this non-parametric regression model. RF is a
supervised learning technique that leverages the ensemble learning approach
for regression. The ensemble learning method combines predictions from vari-
ous ML algorithms (trees) to provide more accurate predictions than those from
a single model. SVM is a powerful algorithm that allows choosing the tolerance
of errors, both through an acceptable error margin (𝜖) and through tuning the
tolerance of falling outside that acceptable error rate. Linear Regression (LR) [55]
which is the most basic and commonly used predictive analysis algorithm was
also employed in this work. It fits a linear equation to relate the input and output
variables; however, the results are only described in the appendix due to lower
accuracy.

To cover a wider class of ML algorithms, Artificial Neural Networks (ANNs)
were used. ANNs are inspired by the biological nervous system and use inter-
connectedmathematical nodes, also known as neurons, to describe complicated
functional relationships. A typical ANN has input, hidden, and output layers.
Building blocks of each layer are neurons that work as computational operation
units. A neuron takes inputs from previous neurons, multiplies them by weights,
and finally adds them up. Then this information is translated into output infor-
mation by an activation function, and it can be used as input by other layers of
neurons. This process is called feed-forward propagation, which generates the
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output layer. In addition, a back-propagation process is needed to update the
weight values and improve system performance.

Other than training and test sets, in ANN there is a validation set that is differ-
ent from the test dataset, and its role is to test the trained model but within the
training phase. During training, the model is evaluated on the validation dataset
after each epoch to see how well it is generalizing to new, unseen data. For the
ANN model, the data points are randomly distributed between training, valida-
tion, and test data sets with a 0.6:0.2:0.2 ratio, respectively.

5.2.3. Evaluation of models
TheMLmodelsmentioned abovewere trainedwith different proportions of train-
ing data and by considering different numbers of top-ranking features found via
PCC analysis. Then, the performance of eachmodel was evaluatedwith fourmet-
rics [41]: (a) Mean Absolute Error (MAE), (b) Mean Squared Error (MSE), (c) Root
Mean Squared Error (RMSE), and (d) Coefficient of Determination (R²) (see Equa-
tions (5.2) to (5.5)),

𝑅2 = 1 −
∑𝑛𝑘=1 (𝑦𝑘 − �̂�𝑘)

2

∑𝑛𝑘=1 (𝑦𝑘 − �̄�)
2 (5.2)

MSE = 1
𝑛

𝑛

∑
𝑘=1

(𝑦𝑘 − �̂�𝑘)
2 (5.3)

MAE =
∑𝑛𝑘=1 |�̂�𝑘 − 𝑦𝑘|

𝑛 (5.4)

RMSE = √
∑𝑛𝑘=1 (�̂�𝑘 − 𝑦𝑘)

2

𝑛 (5.5)

where 𝑦𝑘 = measured 𝑘𝑝 value, �̂�𝑘 = predicted 𝑘𝑝 value, �̄� = mean 𝑘𝑝 value,
and 𝑛 = number of data points.

5.3. Result and Discussion
5.3.1. Correlation analysis
The correlation coefficient between all the variables (input features and the target
value) is presented in Figure 5.2. While Fe content is the balance of the remain-
ing alloying elements as the base element, it is important to note that Fe content
is still utilized as an input feature because ML algorithms only solve mathemat-
ical problems and do not recognize this correlation. The last row and the last
column of the matrix in Figure 5.2 show the correlation between the features on
the target value, and the absolute values show the magnitude of each feature’s
influence on the target value (see Section 5.2.2). The amount of Cr was identified
to have the most significant negative impact on ln(𝑘𝑝) among all the features. It
was also found that the oxidation temperature had the second-highest impact
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on the target value. Fe and Ni were the third and fourth top-ranking features,
respectively.

Figure 5.2: Graphical representation of the correlation between the input features and ln(𝑘𝑝) for the
training set determined using the PCC method.

The findings from the correlation analysis were in agreement with the current
oxidation knowledge [181]. For instance, it is known that increasing the amount
of Cr in steels, promotes the formation of the external chromia solid-state dif-
fusion barrier, which results in a slower oxidation reaction and a lower value of
𝑘𝑝 [109, 110], which is consistent with the big negative correlation value (-0.72)
between Cr and ln(𝑘𝑝). Moreover, iron produces rapidly forming oxides, and it
has the highest positive correlation with ln(𝑘𝑝) [43]. PCC also correctly identified
that temperature has a high positive correlation with the target value (0.48). This
is well-explained because increasing the temperature in the parabolic regime -
which is known to be controlled by diffusion- can accordingly lead to higher 𝑘𝑝
values [178]. It can also be observed in Figure 5.2 that Ni has a large negative
correlation with the target value. Such correlation, which is due to the formation
of protective oxides, has been seen and discussed before in the literature [43,
181, 11]. Moreover, the relative effect of the absolute correlation values of dif-
ferent features could also be analyzed. For instance, the bigger correlation value
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of Cr-ln(𝑘𝑝) compared with temperature-ln(𝑘𝑝)was in agreement with the results
found in previous experimental [30] and machine learning [11] works.

The aim of this correlation study is not only to acquire information about how
input features affect 𝑘𝑝, but also to implement it for finding the top-ranking input
features for ML model training and to study the effect of this selection on model
performance.

5.3.2. The performances of machine learning algorithms
Four different algorithms (ANN, RF, KNN, and SVM) are trained and their perfor-
mances have been evaluated by fourmetrics of MAE,MSE, RMSE, and R². In each
of the employed models, there are several hyperparameters that can be tuned.
Some parameters such as the number of considered top-ranking input features,
and the test/training dataset ratio are applicable for all of the employed models
and can be optimized for each separately. However, each model can have its
own specific hyperparameters as well. For instance, the number of trees in RF,
the number of neighbors in KNN, or the number of hidden layers and nodes in
ANN.

The final structure of ANN used in this study is shown in Figure 5.3. It can
be seen that the four top-ranking features are considered to be the input nodes.
The developed ANN has one input layer with 4 neurons, three hidden layers with
128, 64, and 32 neurons, and an output layer with 1 neuron. The linear activation
function with Adam optimizer [86] showed the best result in 1000 epochs [44].
An epoch is a hyperparameter that determines how many times the learning al-
gorithm will run over the whole training dataset. Every sample in the training
dataset has had a chance to update the internal model parameters once during
an epoch.

Figure 5.3: Graphical view of the ANN model with the parameters used in this work.
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The effect of the considered number of top-ranking features on the perfor-
mance of each model is shown in Figure 5.4. The top-ranking features are taken
from the |PCC| ranking (the absolute values in Figure 5.2). Results indicate that,
to varying degrees, the models are sensitive to the number of considered fea-
tures in training. ANN, RF, and KNN showed better performances by reaching
R² > 0.9, while SVR could not surpass 0.7. Generally, increasing the number of
considered top-ranking features to 3 increased the performances of the models
significantly. For SVR and RF, considering more than 3 features did not consid-
erably enhance the efficiency of the models. On the other hand, KNN and ANN
reached maximum efficiency when using the top 7 to 10 features.

Figure 5.4: The performances of theMLmodels (KNN, RF, SVM, and ANN) as a function of the number
of top-ranking features evaluated by (a) MAE, (b) MSE, (c) RMSE, and (d) R-squared indices.

Furthermore, the different indices show approximately the same trends in
terms of the number of features’ influence on the performances. While R-squared
(Figure 5.4 (d)) shows a clear difference in the precision of the models
(RF>KNN>ANN>SVR), the other indices (Figure 5.4 (a), (b), and (c)) show a com-
parable performance for ANN, RF, and KNN. However, it is worth mentioning that
the computational cost for models such as ANN is much more than SVR. In our
work, the execution time for the models was measured in the code and the ap-
proximate ratio was 1:1:12:2671, for SVR, KNN, RF, and ANN, respectively. So,
in (industrial) applications where the dataset is huge, the calculation time is an
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important parameter in choosing the most efficient model.
From Figure 5.2 and Figure 5.4, it is clear that employing just 3 featuresmakes

the predictions comparable to those made with all 11 features. In other words,
adding features with lower PCC absolute values did not increase the accuracy
of the predictions. However, it is worth mentioning that such observation is only
based on the prepared dataset which is made from the available experimental
results on HT oxidation of steels. Therefore, the results are limited to the included
range of features and not beyond that.

Table 5.2: Performance comparison of ML mod-
els trainedwith four top-ranking features over the
mean absolute error (MAE), mean squared error
(MSE), root mean squared error (RMSE), and co-
efficient of determination (R²).

MAE MSE RMSE R²
RF 2.65 11.86 3.44 0.93
KNN 3.41 21.77 4.67 0.87
ANN 2.89 15.17 3.89 0.82
SVR 5.99 59.30 7.70 0.66

The performances of the employed
MLmodels trainedwith four top-ranking
input features are indicated in Ta-
ble 5.2. Regarding all four indices, and
for models trained with the four top-
ranking features, RF and SVR had the
best and the worst performances, re-
spectively. It can be seen that ANN
and KNN models show comparable
performances evaluated via different
indices. For instance, the R-squared
value shows better performance of
KNN compared with ANN, while the
other indices show the opposite.

Figure 5.5: Comparison of training and validation losses in
ANN model.

The training and valida-
tion losses over time for the
ANN model are shown in Fig-
ure 5.5. The training loss in-
dicates how well the model
fits the training data, while the
validation loss shows howwell
the model is adapting to the
unseen data. The MAE met-
ric is implemented to evaluate
the performance of the ANN
model by calculating the val-
idation loss, and MSE is used
to minimize the loss function
and determine the training
loss throughout the training
process. It is shown that both

losses are going down, which means that the predictions are good and the error
is decreasing (no under-fitting). On the other hand, there is no divergence be-
tween the lines at longer times (higher epochs), and the validation loss does not
increase, which shows that the ANN model is good at predicting the new data
(no over-fitting).

For RF to perform at its best in this study, the top three features had to be
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included; after that, the performance was virtually completely independent of
the number of features taken into account. The same trend was seen for the RF
model in a previous work [122]. Such a trend is understandable because as an
ensemble learning method, RF gives varied importance to each feature during
model training; as a result, fewer important features would have less or even no
contribution to its performance. This leads to a performance that is not sensitive
to the number of features when the maximum accuracy is achieved.

The performances of all four models in predicting the target value for the test-
ing data points when they were trained with four top-ranking features have been
visualized in Figure 5.6. These plots show the comparison between the predicted
and actual 𝑘𝑝 values. The blue lines depict the case when the actual and pre-
dicted values are identical (perfect prediction), and the red dots are the testing
dataset. All four graphs show the predicted results frommodels tested with 20%
of thedataset, whichmeans 32datapoints. Therefore, having the redpoints close
to the blue line means a good prediction for the models. It can be seen that all
the models except SVR could reasonably predict the 𝑘𝑝 for high-temperature ox-
idation of steels. Furthermore, RF is clearly generating more precise values for
𝑘𝑝. Similar to what was reported in Table 5.2, it can also be seen in Figure 5.6 that
the performances of ANN and KNN are relatively comparable. While R-squared
shows slightly better results for KNN, the other indices show significantly lower
errors in ANN predictions. Such a difference relates to the nature of the indices
and the way that they calculate the errors [41] (see Equations (5.2) to (5.5)).

A general summarizing schematic of this data-driven work is shown in Fig-
ure 5.7, from stating the problem to finalizing the predictions via the trained ML
models.

Figure 5.7: A general schematic of the steps taken in this work.

5.4. Conclusion
The kinetic data (𝑘𝑝) for high-temperatureoxidationof awide rangeof steel grades,
regardless of their phases, in dry air was extracted from published data. Four dif-
ferent machine-learning models namely ANN, RF, KNN, and SVR were employed
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Figure 5.6: Actual values of experimental parabolic growth rate constants of high-temperature oxi-
dation compared with values obtained from the ML models (ANN, RF, KNN, and SVM), where all the
models were trained with four top-ranking features and tested with 20% of the dataset (32 red dots).

to predict 𝑘𝑝 using the Phyton-libraries: Scikit-learn and TensorFlow. The mod-
els were evaluated by MAE, MSE, RMSE, and R-squared indices, and they were
improved by optimizing the hyperparameters to get their best performance. The
most significant features controlling the oxidation kinetics were the Cr, Fe, and
Ni content as well as the temperature. Moreover, the models could successfully
establish the relationship between the input features (composition and temper-
ature) and the target value (𝑘𝑝). Finally, it was shown that including more than
three features, did not significantly improve the ML predictions. However, when
trained with four top-ranking features, RF was found to have the smallest error
in predictions, while KNN and ANN were shown to have almost the same pre-
diction accuracy. SVR showed the largest errors in predicting the target value.
The knowledge gained from this work can be useful in predicting the oxidation
behavior of newly designed steel grades at different steps of the steel-making
process where high-temperature oxidation can happen. It is possible with the
valuable quantitative information provided about the correlation values of differ-
ent features. Furthermore, the described method can be applied to datasets for
other alloys, or investigate the effect of other features such as the components
of the gas environment and their partial pressures on the kinetics of oxidation. In
the end, in order to discover gaps in the experimental dataset and suggest ex-



5

82 5. Machine Learning Models

periments to improve the model predictions even further, machine learning can
be effectively integrated with the automated design of experiment techniques.
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6.1. Conclusions

T hemainobjective throughout thepresentwork hasbeen todevelop ageneric
approach topredict theHToxidationbehavior of steel sheet in thehot-rolling

process. The focuswason keyoxidation characteristics, including theoxidegrow-
th rate, composition, and its impact on the underlying alloy in terms of depletion
of the alloying elements and shifting of the oxide/metal interface. Thewholework
aims to minimize the number of trial-and-error experiments required for process
development and optimization.

The significance of developing a predictivemethod for HT oxidation is crucial,
particularly in processes like hot-rolling, which entails highly oxidizing conditions.
It usually occurs within the temperature range of 900 to 1100 °C in an oxygen-rich
environment (air), facilitating rapid oxidation that occurs within a minute, making
it challenging to measure directly. Therefore, a model capable of forecasting
the growth rate and composition of the oxide with good accuracy proves to be
immensely valuable to the industry.

In the presented work, HT oxidation of steels has been investigated from dif-
ferent perspectives. Initially, experimental work is carried out to serve as the
groundwork and to generate the input for the computations. Subsequently, a
numerical model is formulated based on diffusion mechanisms within the steel.
Lastly, the kinetics of HT oxidation for different steel grades are predicted via
a data-driven approach employing several ML models. The conclusions drawn
from the present work are summarized here:

• Wagner’s models laid the groundwork for predictive approaches concern-
ing the kinetics of HT oxidation in alloys. Subsequently, the scientists built
their own models using Wagner’s theories to include additional parame-
ters. Nevertheless, the predictive capabilities of diffusion-based models in
the oxidation of alloys are limited, especially when the oxidationmechanism
is not well understood, which is frequently the case. For instance, elucidat-
ing the HT oxidation mechanism in steels with diverse alloying elements
remains a challenge due to the interplay of various influencing parameters
that can either mitigate or intensify each other’s effects. Another example
of the challenge in identifying the oxidation mechanism is where the gas
mixture contains water vapor.

• HT oxidation experiments were conducted using TGA on iron samples con-
taining varying manganese content, ranging from zero to approximately 5
wt.%, at temperatures within the range of 950 to 1150 °C. The samples were
exposed to an oxidizing gas with oxygen partial pressures ranging from 10
to 30 kPawith flow rates of 26.6 and 53.3 sccm (StandardCubic Centimeters
per Minute) for 20 minutes. The mass gain results indicated a linear growth
rate of the oxide scale for almost all of the samples. While temperature and
Mn content had no significant effect on the kinetics of oxidation, increasing
the oxygen partial pressure and the flow rate, remarkably raised the linear
kinetic constant of oxidation.
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• In the same experiments with lower flow rates, it was observed that the
rate-controlling step for the oxidation reaction within the first 20 minutes
of oxidation was the gas-phase mass transfer through a laminar boundary
layer. Particularly, the oxidation rate varied between the leading and trailing
edges of the sample, mainly due to the substantial difference in the bound-
ary layer thickness at different locations. Consequently, thicker oxide layers
formed on the top of the sample, while thinner ones were observed at the
bottom. During the HT oxidation, the scale primarily consisted of wüstite as
the only oxide phase. However, since the cooling rate in TGA was relatively
slow, around 10 °C/min, the wüstite phase transformed to magnetite.

• The numerical model was employed to calculate the composition profile of
Mn within the alloys during and after oxidation, revealing the significant in-
fluence of temperature changes. Higher temperatures led to an expanded
depleted zone due to enhancedMn diffusion within the alloy. Moreover, in-
creasedoxygenpartial pressure in the oxidizinggasmixture accelerated the
linear growth rate of the oxide scale, when only FeO and MnO form, result-
ing in increased O/M recession and a thinner Mn-depleted region. Based
on themass balance at the O/M interface, the model also facilitated the cal-
culation of the oxide scale composition, offering valuable insights into the
oxidation process and its impact on the alloy composition.

• As previously stated, the presence of multiple alloying elements in more in-
tricate steels adds complexity to the oxidation mechanism, rendering the
direct calculation of their oxide growth rate currently unfeasible. There-
fore, it is proposed to utilize machine ML models to predict the growth rate
constants. Kinetic data (𝑘𝑝) for the HT oxidation of various steel grades,
independent of their phases, in dry air was extracted from published liter-
ature. Four different ML models, namely Artificial Neural Network (ANN),
Random Forest (RF), k-Nearest Neighbors (KNN), and Support Vector Re-
gression (SVR), were employed to predict 𝑘𝑝. The models’ performance
was evaluated usingmetrics likeMeanAbsolute Error (MAE),Mean Squared
Error (MSE), Root Mean Squared Error (RMSE), and R-squared indices, and
their effectivenesswas enhancedbyoptimizing hyperparameters. Themost
influential features governing oxidation kinetics were found to be the con-
tent of Cr, Fe, and Ni, along with the temperature. additionally, the models
successfully established a correlation between input features (composition
and temperature) and the target value (𝑘𝑝). Interestingly, including more
than three top-ranking features did not substantially enhance ML predic-
tions. However, when trained with the top four features, RF exhibited the
slightest prediction error, while KNN and ANN demonstrated comparable
prediction accuracy. SVR showed the largest errors in predicting the target
value.
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6.2.Outlook
The research conducted in this thesis has provided valuable insights into the HT
oxidation behavior of steels in the air. However, there are several routes for future
investigations and improvements in this field.

Expanding the numerical model to include complex alloying elements is a
crucial next step. While the model works well for Fe–Mn binary alloys, it should
be noted that there are several other similar works on different alloys. However,
expanding these models to more complex alloy systems is challenging because
of the unknown oxidation mechanisms. To address this, a comprehensive ex-
perimental approach is necessary, under various oxidizing conditions and steel
grades. Through advanced in-situ and ex-situ characterization techniques, the
underlying mechanisms of oxidation could be elucidated, paving the way for the
development of physics-based models tailored to predict oxidation behavior in
complex scenarios. The experimental findings can also be utilized to address
data gaps in data-driven approaches to reach higher predictive accuracy.

Additionally, while the numerical model and machine learning predictions
have exhibited reasonable accuracy, it remains imperative to validate these re-
sults through rigorous experimentation. Experimental validation is necessary to
investigate the real-world applicability and reliability of our models. Therefore,
conductingmore experiments is necessary to confirm themodel predictions and
make themmore useful. Furthermore, to enhancemodel accuracy, it is advisable
to conduct experiments with specific oxidizing conditions or distinct alloy com-
positions that have not been comprehensively explored in existing literature. To
identify such knowledgegapswithin thedataset andpropose experiments aimed
at refining the model predictions, the integration of machine learning with the
automated design of experiment techniques offers a promising way for future
research.

With the growing availability of experimental data, the potential for applying
advanced data-driven techniques, particularly deep learningmethods, becomes
increasingly feasible. Collaborating with experienced data scientists is crucial to
ensure the development of robust and reliable predictive models. Once these
models are well-established, they can be extended to encompass datasets for
alloys other than steel, expanding the scope of their application. Furthermore,
there is an opportunity to explore the impact of additional variables, such as the
composition of the oxidizing gas and partial pressures of its components, on oxi-
dation kinetics. Including more features, such as sample size, surface roughness,
and time, can further enhance the modeling accuracy. Additionally, the incor-
poration of target values, such as mechanical properties of the scale, oxidation
mode, and InternalOxidation Zone (IOZ) thickness, can provide a comprehensive
understanding of HT oxidation behavior.

The developed predictive approach could have broader applications beyond
HT oxidation in air. Exploring its applicability to other high-temperature pro-
cesses in the steel industry, such as annealing or other heat treatments, could
open up new possibilities for process optimization and material design. One of
the most valuable applications for a predictive approach to the oxidation of iron
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is in recently developed iron-air batteries. Such batteries work by oxidizing iron
with oxygen from the air. When the system is delivering power, the iron particles
combine with the oxygen drawn from the air to form iron oxide. When the sys-
tem is recharging, the iron particles are regenerated and the oxygen is returned
to the ambient air. The same applies to other metal-air batteries such as zinc-air
batteries.

All in all, the work presented here has laid the groundwork for predicting the
HT oxidation behavior of steels. By addressing the outlined outlook areas, fur-
ther advancements can be made in understanding and optimizing the critical
industrial processes, ultimately leading to improved material properties and ef-
ficiency in the steel manufacturing industry. So hopefully, it can play a role in
achieving the goal of having a sustainable industry that respects environmental
preservation, minimizes resource depletion, reduces waste generation, and fos-
ters responsible manufacturing practices.
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A
Appendix A

To show the consumption rate of oxygen in the high-temperature oxidation ex-
periments of this work, a series of calculations are conducted (Equation (A.1) and
Equation (A.2)).

𝑆𝑢𝑝𝑝𝑙𝑦 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑜𝑥𝑦𝑔𝑒𝑛 (𝑚𝑜𝑙 𝑂2/𝑠) =
𝐹𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 (𝑚𝑙/𝑠) × 𝑝𝑂2(𝑎𝑡𝑚)

22.4 × 1000 (A.1)

𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑜𝑥𝑦𝑔𝑒𝑛 (𝑚𝑜𝑙 𝑂2/𝑠) =
𝑘𝑙 (𝑔.𝑐𝑚−2.𝑠−1) × 𝐴 (𝑐𝑚2)

𝑀𝑂2(𝑔.𝑚𝑜𝑙−1)
(A.2)

The supply and consumption rates are calculated in moles per second and
are shown in Table 3.1.

Table A.1: The calculated amount of oxygen supplied and consumed for the experiments in this work.

Flow rate (ml/min) 𝑝𝑂2 (atm) 𝑘𝑙 (gcm-2s-1) Supplied oxygen (mol/s) Consumed oxygen (mol/s)
26.6 0.1 6.88×10-6 1.98×10-6 7.14×10-7
26.6 0.15 1.01×10-5 2.97×10-6 1.00×10-6
26.6 0.2 1.37×10-5 3.96×10-6 1.42×10-6
26.6 0.25 1.74×10-5 4.95×10-6 1.81×10-6
26.6 0.3 2.14×10-5 5.94×10-6 2.22×10-6
53.3 0.1 1.34×10-5 3.97×10-6 1.39×10-6
53.3 0.15 2.06×10-5 5.95×10-6 2.14×10-6
53.3 0.2 2.72×10-5 7.93×10-6 2.82×10-6
53.3 0.25 3.39×10-5 9.91×10-6 3.52×10-6
53.3 0.3 4.02×10-5 1.19×10-5 4.17×10-6

Figure A.1 shows the supply and consumption of oxygen in each experiment.
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(a) (b)

Figure A.1: The calculated supply and consumption of oxygen for the high-temperature oxidation
experiments with two flow rates of (a) 26.6 sccm, and (b) 53.3 sccm.

Table A.2: Relevant parameters for calculation of the linear rate constant for oxidation of the iron-
manganese alloys in binary O2–N2 gasmixtures with a linear flow rate of 53.3 sccm and oxygen partial
pressure of 20 kPa at various temperatures.

Temperature (°C) 950 1000 1050 1100 1150
𝑘𝑇/𝜀N2 13.366 13.913 14.459 15.005 15.552
Ω𝑁2 0.797 0.792 0.788 0.784 0.779
𝜂N2 (gcm

-1s-1) 4.30×10-4 4.41×10-4 4.52×10-4 4.63×10-4 4.74×10-4
𝜌N2 (gcm

-3) 2.79×10-4 2.68×10-4 2.58×10-4 2.48×10-4 2.40×10-4
𝜈N2 (cm

2s-1) 1.541 1.646 1.754 1.864 1.978
𝑘𝑇/𝜀O2 10.823 11.265 11.708 12.150 12.593
Ω𝑂2 0.818 0.814 0.810 0.807 0.803
𝜂O2 (gcm

-1s-1) 5.38×10-4 5.51×10-4 5.64×10-4 5.77×10-4 5.90×10-4
𝜌O2 (gcm

-3) 3.19×10-4 3.06×10-4 2.95×10-4 2.84×10-4 2.74×10-4
𝜈O2 (cm

2s-1) 1.687 1.799 1.914 2.033 2.155
𝑘𝑇/𝜀N2−O2 12.027 12.519 13.011 13.502 13.995
ΩN2−O2 0.808 0.804 0.800 0.796 0.792
𝜂N2−O2 (gcm

-1s-1) 4.52×10-4 4.64×10-4 4.76×10-4 4.87×10-4 4.99×10-4
𝜌N2−O2 (gcm

-3) 2.87×10-4 2.86×10-4 2.65×10-4 2.56×10-4 2.46×10-4
𝜈N2−O2 (cm

2s-1) 1.578 1.684 1.794 1.907 2.023
𝐷O2 (cm

2s-1) 2.452 2.630 2.813 3.002 3.196
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Figure B.1: The distribution of 𝑘𝑝 values in the dataset.
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Figure B.2: The distribution of the dataset for all the features. The X axes show the normalized values.
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Figure B.3: The R-squared error for RF, KNN, and SVR models as a function of the size of the test
dataset. The models are trained with the remaining portion of the data which is the training dataset.

Figure B.4: The performance of the LR model as a function of the number of top-ranking features
evaluated by (a) MAE, (b) MSE, (c) RMSE, and (d) R-squared indices.
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Figure B.5: Actual values of experimental parabolic growth rate constants of high-temperature oxi-
dation compared with values obtained from the LR model where it was trained with four top-ranking
features and tested with 20% of the dataset (32 red dots).
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