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Abstract

Machine learning (ML) can offer many advantages in predicting material properties over
traditional materials development methods based solely on limited experimental investigations or
physical-based simulations with the capability to reduce development cost, risk, and time.
However, so far, limited efforts have been made to predict alloy oxidation kinetics and spallation
behavior via ML due to the lack of consistently measured and sufficient experimental data and the
inherent complexity in oxidation behavior of multicomponent high temperature alloys. A previous
study reported the ability of ML to predict oxidation kinetics of NiCr-based alloys as a function of
alloy composition and operating conditions. In the current work, the performance of a ML model
in predicting rate constants and spallation probability was evaluated in light of the roles of the data
distribution of the experimental dataset (data analytics), the alloy composition, the exposure
environment, and the chosen oxidation approach to extracting kinetic values from the measured
mass changes (but using either a simple parabolic law or a statistical cyclic-oxidation model).
Potential strategies to improve the predictions and enhance the extrapolative capability of the
previously trained model will be discussed.
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1. Introduction

The ever-impending challenge of optimizing mechanical properties, oxidation resistance
and material costs is a huge commercial obstacle in assessing performance of existing alloys and
in the development of new alloys. For example, increased exhaust temperature of automotive
engines for improved engine efficiency will lead to accelerated oxidation/corrosion-assisted
cracking inducing significant material degradation and impact operational lifetimes [1-3]. To
achieve the efficiency goals, Ni base alloys currently employed in engine exhaust valves (e.g.
alloys 31V and 751), would be required to operate at temperatures > 850°C and demonstrate
material lifetimes of over 50,000 h [1]. A purely experimental approach to evaluate the high
temperature oxidation behavior of candidate materials is costly and time-consuming. Combining
computational tools with experimental studies could significantly reduce development times and
costs.

Considerable success has been achieved by employing both empirical models [4, 5] and
numerical approaches [6-9] to predict oxidation kinetics of chromia and alumina formers as a
function of time, temperature, cycle duration and atmosphere. Computational methods have been
able to successfully describe oxidation induced material degradation of multicomponent and
multiphase alloys during high temperature exposures [10-13]. However, there is a lack of a
universal physics-based approach to predict the composition dependence of oxidation rates of high
temperature materials considering the role of operating conditions (thermal cycling, wet air),
material geometries, surface finish and microstructure. Alloy evaluation and development
procedures are still heavily dependent on existing empirical knowledge and material testing [14].

Increased access to high performance computing power [15] combined with machine
learning (ML) approaches [15-22] can exploit existing experimental data to derive correlations
between material behavior and the parameters mentioned above. Analytical ML models can handle
the high-dimensional and complex population space of a typical oxidation dataset. Machine
learning methods have been previously used to build predictive models for several applications in
materials science [15-22]. However, although there a strong interest from industry, very limited
effort has been published to predict the oxidation kinetics of high temperature alloys as a function
of alloy composition and exposure conditions using a ML approach. This can be mainly attributed
to a combination of a lack of a consistent and large enough experimental dataset [23] and the
inherent complexity of oxidation behavior of multicomponent high temperature alloys [24, 25].
Bhattacharya et al. [26] recently attempted to predict the parabolic rate constant (k;) for the high-
temperature oxidation of Ti alloys. The experimental dataset was generated from thirty different
references resulting in 115 datapoints (values for k). However, no details were provided regarding
the potential variations in test parameters of the corresponding experiments. For example,
significant variation in oxidation rates and oxidation behavior has been reported for TiAl alloys
depending on alloy composition and atmosphere [27].

In the present work, the performance of an earlier preliminary attempt by the co-authors
[23] to predict oxidation kinetics and spallation behavior of NiCr based alloys in dry and wet air
at temperatures between 800-950°C with ML algorithms was further examined from an oxidation
standpoint. The influence of the distribution of the oxidation dataset, the effect of alloy
composition, atmosphere and chosen fitting procedure to obtain the kinetics, on the accuracy of
the ML predictions for oxidation rate constants and oxide spallation probability was studied.
Furthermore, potential methods were identified to streamline the data analytics approach for
oxidation datasets.



2. Summary of previous study

In the previous study [23], five ML regression algorithms (linear regression, Bayesian ridge
regression, k-nearest neighbor regression, random forest regression and support vector machine
(SVM) regression) were studied and optimized to predict log(k,) with a simple parabolic rate law
(s-kp) [28] and the p-kp models [9] (models described in detail in section 4.2). The ML methods
followed the typical stages of a learning process: data assimilation and analyses, feature selection,
training, optimization, and predictions [23]. In contrast to statistical regression techniques, the
employed machine learning procedures do not need to assume any functional relation (linear,
polynomial, exponential etc.) between the input variables and target property. The algorithm
searches for the best model to map the input variables to the target property. This is extremely
helpful, especially for an oxidation dataset where oxidation kinetics (target property) can be
equally influenced by multiple alloying elements (input variables) and an obvious functional form
is not necessarily evident. Furthermore, the machine learning procedure employs a test data set
that is not used for training the model and the algorithm strives to maximized performance on the
test set. The correlation analyses performed in the previous work [23] and in the present work
provide weightages of input variables on influencing the target property. Such correlations cannot
be visualized manually in an extensive multidimensional oxidation dataset (similar to the dataset
presented here). This can be extremely helpful for alloy design procedures aiming to optimize
alloy compositions for best oxidation resistance. Ultimately, ML can be efficiently combined with
automated Design of Experiments procedures to identify gaps in the experimental dataset and
propose experiments to improve the model predictions.

Relevant features such as temperature and alloy composition were associated to the
oxidation rate constant values to guide the learning algorithms. The influence of increasing number
of features on the ML predictions was evaluated. For most of the studied regression algorithms
studied, no significant variations in the ML predictions were observed with increasing number of
features with up to 11 features (Temperature, Ni, Cr, Fe, Mo, Mn, Si, Al, Ti, Co and Y were
considered). It was also shown that the accuracy of the ML models did not vary significantly
between the chosen ML regression algorithms. Overall, the SVM algorithm demonstrated the best
performance among all models using the 11 features and was able to predict &, satisfactorily,
whether the ML was with the experimental rate constant data determined by the s-k, and p-k,
model [23]. Details related to hyperparameters tuning and k-fold cross validation procedure of the
SVM model are available in [23].

3. Present study

The promising results obtained in the previous work [23] demonstrated the potential of
data analytics to predict oxidation rates of multicomponent NiCr-based alloys. In the present study,
the performance of the SVM ML model was evaluated as a function of several parameters: the
distribution of the dataset, the alloy composition, the atmosphere (dry air versus wet air) and the
fitting procedure used to determine the target values. The present study aims to address the
following aspects:

1. Identify possible reasons for observed deviations between experimental and predicted

values will be provided based on a detailed evaluation of the experimental dataset and
established mechanisms of oxidation



2. Understand the implications of the chosen oxidation model (s-k, and p-k;, described in
Sec. 4.2 [23]) on the predictions for &, and interpretation of the results from a practical
standpoint

3. Evaluate the ability of the SVM model to predict the spallation probability p for the
current dataset

4. Propose strategies to identify metrics to evaluate performance of the trained SVM model
and improve correlation analyses procedures

4. Experimental and modeling procedure

4.1 Dataset: High temperature exposures

The investigated alloys spanned from NiCr model to commercial alloys. The composition
range of the model alloys was Ni-tCr-uFe-vMn-wSi-xAl-yTi-zY (14 <t<25,0<u<30, 0<v<
1.5, 0<w<0.5 0<x<2, 0<y<I1, 0<£z<0.05in wt. %). The commercial alloys are
precipitation (y”) strengthened chromia forming superalloys and their compositions are listed in
Table 1. Alloy coupons (~10x20x1.5 mm?®) were ground to a 600-grit finish and ultrasonically
cleaned in acetone and methanol prior to exposure. Samples were hung from alumina rods with a
platinum wire and exposed in automated cyclic rigs [29] for repeated
lh-cycles (60 min. at the desired temperature and atmosphere followed by 10 min cooling in
laboratory air). The specimens were exposed for up to 1000 h in 1h-cycle exposures in flowing
dry air or air + 10 % H>0 (500 cm®.min™!) between 800 and 950 °C. Specimen mass changes were
measured after every 20 cycles for the first 100 h and then after every 50 h cycles using a Mettler-
Toledo model XP205 balance (accuracy of +£0.04 mg). After exposure, some specimens were
cross-sectioned, Cu-plated and polished for optical and secondary electron microscopy.

Table 1: Chemical composition of the studied commercial alloys in wt.% analyzed by inductively
coupled plasma-optical emission spectrometry (ICP-OES).

Composition Ni Cr Fe Mo Mn Si Al Ti Co
Haynes 282 (H282) 57.7 19.4 | 0.21 | 834 | 0.06 | 0.05 | 1.58 | 2.05 | 10.5
Nimonic 80A (N80) 76.6 18.5 | 0.41 | 0.01 | 0.23 | 0.03 | 1.55 | 2.42 | 0.02

Nimonic 90 (N90) 59.2 19.6 | 0.49 | 0.24 | 0.04 | 0.12 | 1.45 | 2.35 | 16.2
Rene 41 (R41) 56.4 18.4 | 0.08 | 9.75 | 0.01 | 0.02 | 1.61 | 3.30 | 10.4

4.2 Determination of the target values: Fitting procedure

Numerous approaches have been previously proposed to empirically describe oxidation
kinetics of alumina [6, 9] and chromia [5-8] formers. A numerical solution of the mass balance
during simultaneous growth and evaporation of chromia scales was undertaken in [7] with an
automated procedure implemented in Fortran to predict mass change behavior (oxidation and
volatilization of Cr03 into CrOs(g) and) of various chromia forming alloys between 1000°C and
1200°C during exposures in dry air (COREST model). To describe the mass change behavior
during thermal cycling of various chromia and alumina formers in dry air, Lowell et al. [6]
proposed a cyclic oxidation and spallation (COSP) model. An iterative solution of the mass balance
between oxide growth and spallation after every thermal cycle was summed over the entire
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duration of exposure to provide the complete mass change behavior as a function of temperature
and thermal cycle durations. Parabolic oxidation kinetics were assumed in both COREST and
COSP models. Poquillon et al. [9] developed an analytical approach based on the interfacial
discrete model by Smialek [30] to fit the mass change curve for alumina forming Ni base
superalloys for temperatures above 1000°C. This model consisted of a fitting procedure with two
parameters (kp, p) where &, was the parabolic rate constant and p was the discrete oxide spallation
probability at each cycle (taking values between 0 and 1). Duan et al. [8] modified the COSP
approach by allowing for a time dependent spallation of the chromium oxide scale (by varying the
parameter Q in the original COSP model) on alloy Haynes® 230® during thermal cycling in dry
air between 900-1050 °C.

Given the complexity of the dataset due to a combination of data incorporating effects of
composition, atmosphere, and thermal cycling, two different methods to describe oxidation
kinetics were chosen in [23] and in the present study as a preliminary approach. A simple parabolic
law [31, 32] shown in Eq. 1 (henceforth named s-k,) where Am is mass change in mg, A4 is specimen
surface area in cm? ¢ is time in h and k, is parabolic oxidation constant in
mg?-cm™-h!, was fitted to the dataset to obtain parabolic oxidation constants k,. For most of the
alloys studied here, no mass loss behavior was observed for up to 100 h of exposure at all studied
temperatures with a few exceptions. The fitting procedure was limited to mass change data for the
first 100 h to exclusively calculate growth rates and minimize the influence of processes causing
mass loss (spallation and evaporation).

Am
- = (kpt)° Eq. 1

The second approach involved description of the complete mass change curve with the
oxidation and spallation model from Poquillon et al. [9] (henceforth named p-k) to allow capturing
the effects of both mass gain (kp) and mass loss behavior (p). The use of the p-kp model will help
in evaluating the capability of ML methods to predict correlations with models considering both
oxide growth and loss processes. This can be the basis of employing more advanced oxidation
models integrating physics of growth and loss processes but simultaneously allowing an isolated
treatment of each process with ML models [33].

4.3 Data assimilation and distribution of the oxidation dataset

The collected data corresponded to mass change per unit of area as function of time for a
total of 240 commercial and model alloys oxidized in conditions mentioned in section 4.1. The
temporal mass change data was later converted into target parameters: s-k;, or p-k, for the oxidation
rate constant kp and spallation probability p as mentioned previously. The distribution of the dataset
for the model (Figure 1) and commercial (Figure 2) alloys exposed in dry air and air + 10 % H>O
is visualized to assist in the assessment. As these experiments were not begun with ML in mind, a
larger number of experiments were performed for the model alloys (total of 175) than for the
commercial alloys (65). Looking for a critical Cr content required for optimal oxidation protection
with and without H>O, most of the model alloys were tested at two or three different temperatures
in both dry and wet air environments (Figure 3), with each test being repeated twice or thrice in
wet air (Figure 3). However, not all alloy combinations were investigated evenly between dry (16
combinations) and wet air (21 combinations). For example, in Figure 1, Ni-22Cr alloys with Al
additions were investigated more thoroughly in wet air than in dry air. Additionally, Ni-22Cr alloys

6



with Al additions of greater than 2 wt. % were solely studied in wet air. Furthermore, Mn and Si
were always added together (as there seems to be a synergism between them [29, 34] as were Al
and Ti to promote formation of y' [35]. Iron was explored in Ni-18Cr alloys as a means of reducing
alloy cost for the automotive market [1]. The effect of Y additions [36, 37] was studied with the
model alloys Nil8Cr0.05Y, Nil8Cr30Fe0.007Y and Ni25CrY but primarily searching for
improved oxidation behavior in wet air.

Almost all the commercial alloys were tested in dry and wet air with the experiments being
repeated several times in wet air as a better representation of conditions real engine operations [1].
It is evident from Figure 2 that the commercial alloys were studied more extensively in wet air
resulting in a larger dataset for wet air (55) than dry air (10) exposures. In contrast to the model
alloys, not all temperatures were investigated equally in both environments (Figure 3). Also,
different batches of the commercial alloys were tested to evaluate the influence of heat treatments
(as-received, hot rolled and solution annealed). The impact of these variables on &, was not treated
separately in the ML model. The influence of other alloying additions in the commercial alloys
such as Mo and Co were not studied with model alloys.

5. Results and Discussion

5.1. Effect of alloy composition and distribution of dataset

To better understand the role of the dataset distribution on the model predictions, it is helpful
to evaluate the predictions for &, of various alloys by grouping them in qualitatively similar
compositions. The experimental parabolic rate constants derived from the mass change data using
the s-kp approach were plotted as function of the predicted &, for four chosen alloy groups:
commercial alloys (Figure 4a), Ni-xCr model alloys, with x between 14 and 25 % (Figure 4b), Ni-
18Cr-yFe, with y between 10 and 40% (Figure 4c) and NiCr with Mn, Si, Al, Ti or Y additions
(Figure 4d). Figure 4a shows that very good predictions were obtained for all four commercial
alloys considered; the points lie in a narrow band around the slope=1 line. Experimentally,
additions of elements such as Cr, Fe, Al, Ti, Mn or Si contributed to variations in &, derived using
either models (s-kp and p-kp). Additions of Cr of over 10 wt.% to Ni-base alloys are known to
decrease oxidation rates of binary NiCr alloys with increasing Cr contents [38, 39]. This
experimental trend was mostly well represented by the ML model, as is evident from Figure 4b,
despite significantly greater scatter in the experimental data than found with the commercial alloys
(Figure 4a). A significant increase in the oxidation rate of the binary NiCr alloys with Cr contents
< 18 wt.% was observed after longer times. For example in Figure 5a, the mass change of Ni-14Cr
after dry air exposure at 800°C increased significantly after the first 40 h of exposure and
corresponded to the formation of thick oxide scale mainly at the corners of the specimen as seen
in Figure 6 after 200 h of exposure. In case of Ni-18Cr, the mass change kinetics followed
parabolic behavior for the first 800 h at 800°C in wet air, after which large mass gains were
measured, as shown in Figure 5b. The Ni-xCr-binary alloys are expected to form Ni-rich oxide
scales beyond a critical depletion of Cr [38, 39]. These mixed oxide scales would spall
considerably during thermal cycling. This sudden increase in the oxidation kinetics is not captured
in the current oxidation model and hence cannot be predicted by the ML model accurately.
Relatively large deviations between fitted and predicted values of &, were observed in these cases.
However, the ML model was able to predict the major trends such as dependence of &, on Cr
content and temperature for the binary Ni-Cr alloys.



The ML model predicted greater s-k, values for Ni-18Cr-xFe (average
of about 102 mg?.cm™.h™! in Figure 4c) than for Ni-xCr (average of about 10* mg?.cm™.h in
Figure 4b) at 800°C. For example, the influence of Fe additions on the oxidation behavior of the
Ni-18Cr model alloy at 900 °C in dry and wet air is shown in Figure 7. In case of Fe-containing
alloys, Fe would oxidize once formation of an external chromia scale cannot be supported that
would significantly increase oxidation rates [40]. In case of the exposures in dry air, addition of
10 wt. % Fe resulted in significant mass loss after about 60 h of exposure. Increasing Fe content
to 20 and 30 wt. % Fe improved the oxidation behavior by delaying the onset of mass loss by over
100 h and the mass loss was still minimal. Further increasing the Fe content to 40 wt. % increased
initial mass gain (first 60 h) and then showed similar mass loss behavior as the Ni-18Cr-10Fe alloy.
Increasing Fe contents beyond a certain value would also most likely result in Fe-rich oxides with
faster oxidation rates and increased tendency to spall. As seen in Figure 1, model alloys with Fe
additions were only investigated for Ni-18Cr alloys. Therefore, the ML model will most accurately
be able to deduce the effect of Fe additions on the oxidation kinetics of NiCr alloys exclusively
based on the Ni-18Cr-Fe model alloys. The influence of simultaneously varying Cr and Fe contents
on the oxidation kinetics will most likely not be captured by the current model because of the lack
of data. Additionally, in contrast to the dry air exposures, all alloys except Ni-18Cr-30Fe did not
exhibit mass loss behavior during exposures in wet air. Improving the predictions of the ML model
would require including features that describe the complex interactions between Cr+Fe additions,
temperature and atmosphere on the oxidation behavior of these alloys.

Ti and Al within the compositional range and under the conditions studied here are known to
internally oxidize beneath a chromia scale [41-44]. Additionally, Ti is known to oxidize externally
and form Ti-rich oxides on the existing chromia scale [45]. This would mean that they would
contribute to the overall mass gain and their additions would tend to increase k,. In wet air
exposures, combined Ti and Al additions were found to decrease k, of Ni-22Cr at 800°C (Figure
4d) which was in contradiction with literature findings for this group of alloys [41, 46]. As
mentioned earlier, a closer look at the dataset (Figure 1) revealed that the high
Al (> 2 wt.%) containing model Ni-22Cr alloys were only tested in wet air and at
temperatures > 900 °C. Based on the studies conducted by Giggins et al. [14] on ternary NiCrAl
alloys and investigations by Chyrkin et al. [47], one can expect that Al additions would slow down
chromia scaling rates as seen in Figure 8a. Since commercial y" alloys contain both Al and Ti, no
alloys containing only Ti were included in the study. Thus, the exclusive effect of Ti on oxidation
rates cannot be analyzed with the current ML model.

No conclusions could be drawn on the effect of Mn and Si additions since only one model
alloy (Ni-22Cr-1.5Mn-0.5S1 wt.%) was tested in dry air. Mn additions generally tend to lead to the
formation of a Mn and Cr-spinel on the external Cr,0s scale in chromia-forming Ni-base alloys
and increase oxidation rates [48, 49]. The measured mass change for Ni-22Cr and Ni-22Cr-MnSi
during exposure in wet air at 900 °C, shown in Figure 8b, indicates that Mn and Si additions would
tend to decrease kp and similar findings have been reported by Pillai ef al. [50]. Si is sometimes
known to reduce the chromia scaling rates, but this effect is strongly dependent on its ability to
form a somewhat continuous underlayer at the chromia scale\alloy interface [48, 51]. However, a
precise description for this effect cannot be achieved with the current ML model, mainly due to
the low number of Mn-containing alloys studied here and the narrow composition range of Mn in
the investigated alloys (1.5 wt.% Mn in all model alloys and significantly low Mn and Si contents



in the chosen commercial alloys). Additionally, the sole effect of Mn or Si additions cannot be
deduced as both Mn and Si were added in combination in the model alloys.

5.2. Effect of the chosen oxidation model: s-kp or p-kp

The experimental values of &, determined from the p-k, model are plotted versus the ML rate
constant predictions in Figure 9, in the same manner as was done in Figure 4 for £, fitted using the
s-kp approach. Greater oxidation constants were predicted for Ni-18Cr with Fe additions than for
Ni-18Cr (Figure 9b,c); this does follow the expected trend of higher oxidation rates with
decreasing Cr and increasing Fe contents [38, 39]. However, in general, greater A, values were
predicted by the ML model and a larger scatter of predicted values was obtained with the p-k;
model than with the s-k, model. For example, in both cases of Ni-18Cr and Ni-22Cr in Figure 10,
relatively higher values for &, were obtained with the p-k, model than with the s-k, model. Similarly,
the p-kp, model resulted in greater &, values and larger scatter than the s-k, model for alloys such
as H282, Ni-18Cr and Ni-25Cr over several exposure conditions (Figure 11). Consequently, it is
not surprising that the present ML model trained on these experimental &,’s predicted higher values
than when it used the s-k, model-fitted data for training. As mentioned earlier, for the NiCr binary
alloys, this was a result of the increased spallation expected for the Ni-rich oxide scales. For the
NiCr-X (X=Mn, Si, Al, Ti) model alloys (Figure 9d), an acceptable agreement was achieved
between measured and predicted values of A, with the exception of a few data points. The ML
models were able to well predict the fitted &, values for the commercial alloys with both oxidation
models (Figure 4a and Figure 9a).

Although the ML models were able to qualitatively predict most of the known effects of alloying
additions on oxidation kinetics and quantitatively predict the oxidation rates of NiCr base alloys
during thermal cycling in dry and wet air, the applicability of the chosen oxidation models (s-4;
and p-k,) needs to be briefly discussed. A good agreement between fitted and predicted &, does not
necessarily ensure that the model would be able to capture the physics of the underlying processes.
The ability to describe the phenomena of oxide growth and loss processes is dependent on the
choice of the model to describe the oxidation kinetics. Specifically, for the cases discussed earlier,
e.g., Ni-14Cr, none of the employed oxidation models will be able to predict the actual scaling
rates. An example to demonstrate this is given in (Figure 5a) that shows the mass change of the
Ni-14Cr alloy exposed for 200 h in dry air at 800°C. A parabolic growth law (s-kp) cannot be fitted
to the measured curve with any acceptably accurate model since the alloy formed fast growing Ni-
rich oxides on the surface resulting in an almost linear oxidation rate. Since the p-k, model fits the
whole curve, the fitting procedure results in a higher value for &, than that estimated with the s-k,
model, as explained earlier.

The current approach also does not consider compositional changes in the underlying alloy due
to oxide growth mechanisms and\or oxide loss kinetics. A change from the formation of a
predominantly Cr-rich scale to a mixed oxide scale would not only change the oxidation rate (k;)
but also influence oxide spallation (p) and evaporation behavior. An example to reveal this is
shown for the case of Rene 41 in Figure 12. The k, obtained for the dry air case is
0.23 mg? cm™ h'! compared to 1.4 mg?> cm™ h'! for wet air. The higher Cr depletion in wet air
would also be expected to reduce the time for transition from protective and slow growing
(chromia) to non-protective and fast growing (Ni and Fe-rich) growing oxides. It is known that Ti-
containing chromia forming Ni-base alloys tend to form Ti and Cr-rich external and internal oxides
after exposures at temperatures higher than 800 °C [52]. Alloy H282 with 2 wt.% Ti forms a mixed



external oxide scale with TiO2 growing on the Cr203 external oxide scale along with internal
oxides [46, 53]. The assumption of a single parabolic rate constant &, for chromia scale formation
and a single value for p to represent spallation behavior of chromia scales evidently results in a
poor fit to the measured data. Future efforts will aim to incorporate other physics-based parameters
in the machine learning procedure such as time and temperature dependence of oxide spallation
and/or evaporation and transport mechanisms in the alloys.

5.3. Experimental variations of kp

In some cases, specimens tested multiple times in the same conditions presented very different
mass change behavior. The experimental &, determined using the s-k; or p-k, models for selected
Ni-18Cr, Ni-25Cr and H282 specimens are shown in Figure 11. In Figure 11, the determined 4,
are varying between one or two orders of magnitudes using the s-kp and p-k, at all temperatures.
From Figure 4, it is clear that in the case of significant variation of the experimental 4, the machine
learning model, in its current state, will only predict a single value for 4, since the predictions are
solely based on variations in alloy composition. The model will not be able to predict the typically
observed variations in mass change measurements during oxidation of high temperature alloys
resulting from measurement uncertainties, variations in material batches and test conditions among
other factors. It is evident that additional input features such as experimental scatter bands where
multiple specimens are tested under the same conditions are needed to better train the machine
learning model to be able to predict the experimental variation of &, with better accuracy.

5.4. Evaluation of predictions for the spallation probability p

The spallation probability p from each mass change time series data determined using the
p-kp model was also predicted by ML for several groups of alloys: Ni-xCr, Ni-18Cr-xFe, NiCr-x
(x =Al, Ti, Mn, Si or Y) and the commercial versions. Values for p below 1x10* were considered
insignificant since these corresponded to the alloys that did not demonstrate mass loss behavior.
Figure 13 shows the comparison between predicted p values and values estimated by fitting the p-
kp» model to the experimental data for the commercial alloys (Figure 13a), NiCr binary alloys
(Figure 13b) and Ni-18Cr-X (X=Fe, Al, Ti) (Figure 13¢) and Ni-X-Cr-X model alloys (Figure
13d). The ML model was able to achieve a good agreement with experimental values with Nash-
Sutcliffe model efficiency coefficients (NSE), see below, of 0.75, 0.55, 0.62 and 0.82 respectively.

To investigate the practical applicability of the model predictions for p, p values were
plotted with temperature, as shown in Figure 14, since mass loss due to oxide spallation and
evaporation is expected to increase with temperature. The commercial alloys were observed to
form a predominantly Cr-rich oxide scale (not shown here). Accordingly, an imaginary (dashed)
line was drawn in Figure 14a to represent maximum p values obtained from the commercial alloys
and then replicated in each of the other three plots in the figure to evaluate if this line can
distinguish between p values for chromia forming model alloys and model alloys forming Ni or
Fe-rich oxides. In case of the NiCr binary alloys (Figure 14b), the line indicates that NiCr alloys
with Cr contents less than 20 wt.% Cr would be more likely to spall at temperatures
> 900 °C. This expectation is based on experimental observations since alloys with Cr <20 wt.%
formed Ni-rich oxides after exposure for 500 h at temperatures > 850 °C that would be expected
to spall more than a Cr-rich scale. Many Fe-containing Ni-18Cr alloys showed a relatively higher
probability of spallation at 900 °C compared to the commercial and model NiCr binary alloys
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(Figure 14c). As discussed earlier, Fe would oxidize once formation of an external chromia scale
cannot be supported that would significantly increase oxidation rates [40]. Furthermore, Fe-rich
oxides have a higher tendency to spall than Cr-rich scales that could explain the higher p values,
especially at the highest investigated temperature of 900 °C. Minor alloying additions of Mn, Si
and Al were reported to improve oxidation behavior of NiCr-based alloys in dry and wet air at
800-950 °C [54]. Barring a few exceptions, these group of alloys shown in Figure 14d, showed
relatively low values of p and were located mostly below the imaginary demarcation line. The
observed dependence of p on alloy composition partially agrees with existing understanding of
effect of alloying additions on failure of external oxide scales. The stochastic nature of oxide
spallation and its dependence on a number of factors such as oxide morphology, structural
properties of oxides and underlying alloy, adherence, compositional changes complicate
development of physics-based models to predict oxide spallation. The promising results obtained
here exhibit the potential of the ML predictions to predict the overall oxidation behavior of Ni-Cr
alloys.

Results of the current work demonstrated the ability of ML models to predict oxidation kinetics
and spallation probability p for a wide composition range of NiCr-based alloys. The acceptable
accuracy achieved here is solely a result of the relatively large oxidation dataset consisting of
oxidation data gathered over the past 5 years. The paradox lies in the fact that the deviations of the
predictions from experimental observations was mainly attributed to a lack of enough data to
describe the variations in input variables (temperature, compositions). This does not necessarily
mean that simply a higher number of datapoints are required but also that the dataset should
represent sufficient variations in variables of interest to enable successful predictions of oxidation
kinetics. The fact that high temperature oxidation is not only dependent on alloy composition and
temperature but also on surface finish, microstructure, geometry and operating conditions (thermal
cycling and atmosphere), oxidation models incorporating the effect of these parameters would
better describe the experimental observations. Training the ML models with these more
comprehensive models can be expected to result in improved accuracies of predictions of target
properties. Future studies will focus on supplementing the current dataset with experimental data
for the gaps identified in the present work and incorporating relevant physics-based features.

5.5. Streamlining the ML modeling approach for an oxidation dataset

Identifying metrics for model performance

Machine learning predictions for the oxidation rate constant (k, from s-k, or p-k, methods),
using the tuned SVM model with 11 features, were evaluated for the whole dataset, in dry and wet
air separately by studying the Nash-Sutcliffe efficiency (NSE) [55] and coefficient of
determination (R* (COD)) for the linear equation x =y (with x as experimental k, and y as predicted
ky) [23]. In both dry and wet air environments R? (COD) values were equal to or higher than 0.90
suggesting acceptable predictions [23]. The NSE values with both s-k; or p-kp, models were reported
in [23] to be about 0.72 for k; in dry air and 0.59 for &, in wet air which indicated that the model
was able to predict 72% and 59% of the variance in experimental data respectively. The absolute
relative bias in the model was about 0.4% which is significantly lower than the recommended limit
of 5% [56], suggesting that the NSE was not impacted by model bias. Although these values are
acceptable, it is important to understand the difference between the NSE values for the two datasets
and identify potential solutions to improve these values. Furthermore, other parameters in addition
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to NSE need to be identified to evaluate the goodness of fit of the ML models for an oxidation
dataset. Ultimately, the relevance of the correlation analyses performed in the previous study [23]
to the current oxidation dataset will be discussed.

NSE is a typical metric used to evaluate the performance of ML models and was used in a
previous work by the authors [23] as well as here. It is typically calculated as,

Iem (2

NSE = 1 — az=irP Fq.2

7 Lizi(ei—)?

where e; and p; are the experimental and predicted values while u is the mean of the experimental
dataset and # is the total number of datapoints. NSE can also be written in terms of the mean
squared error MSE and the variance o2,

NSE = 1 — BF Eq.3
o

Although very widely used to evaluate performance of models, various concerns have been
reported in the literature regarding the use of NSE as a metric [57, 58]. This is mainly due to the
fact that the NSE coefficient is calculating the ability of a model to predict the variability in
experimental data around the mean value. Typically, NSE values close to 1 are desirable and values
close to 0 indicate that the model predictions are as good as the mean value, but this conclusion is
strongly dependent on the experimental dataset. Model predictions for a dataset with significant
variability from the mean value will result in high NSE values but does not necessarily indicate
good performance of the model since its predictive capability has to be evaluated for a wider range
of values. Similarly, NSE values much lower than 1 but higher than 0 do not necessarily imply a
poorly performing model since the variance of the dataset might be influenced by the scatter or
bias in the dataset. The latter is applicable to the present study dealing with a dataset of oxidation
rate constants that can be significantly biased either towards the lowest or largest values in the
dataset depending on the investigated temperature ranges. This is less critical for models
attempting to predict material properties such as the Larson-Miller Parameter (LMP) that show
minimal variation in the dataset. Furthermore, since the target property, LMP in this case, is
described with a pre-defined function of stress and temperature, the ML model will most likely be
successful in predicting correlations with the input variables such as stress and temperature [15].
One of the additional issues of using NSE defined by Eq. 2 is that it can theoretically vary between
[-00,1]. The large negative values will correspond to MSE >> ¢2 and no significance can be
attributed to these values. There is a need to identify multiple criteria to evaluate the performance
of ML models employed for similar datasets.

A few approaches have been suggested in the literature to evaluate the ability of a model
to predict experimental observations [59-61]. Gupta et al. [60] suggest that in cases where the
model parameters have been estimated by minimizing the mean squared error but not the
differences between the means Au(= u. — ip) and variances Ao (= g, — g;,) of experimental

(Ue» 0 ) and predicted (up, 0,) values, MSE and NSE should be decomposed into different terms
as follows,

MSE = ¢2(1 — p?) + Au? Eq. 4
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NSEzpz—(ﬂf)2 Eq.5

Oe
where p is the linear correlation coefficient between the experimental and predicted values and is
calculated as p = L Yi1 (M) (ﬁ) It is evident from Eq. 4 that the MSE is not merely the
n-1

op Oe

means squared difference between experimental and predicted values but is also dependent on the
respective variances and means. Normalization of the MSE was also proposed by Gupta et al. [60]
as follows,

2 2
NMSE=(1—p)+(ZAL)+M Eq. 6

0e0p 200}

An objective function employing Eq. 6 will then be able to address all three aspects of
model performance such as correlation (first term), reproduction of the mean value (second term)
and reproduction of variability (third term). Furthermore, the unconditional and conditional bias
in the ML model can be quantified. The corresponding NSE, termed here as NNSE, is then given
as [61],

2 2
NNSE = 22p — (2)" - (%) Eq.7

Oe Oe

Table 2: Calculated NMSE and NNSE values for the predictions of &, with the trained ML model (SVM)

Alloy group NMSE NNSE
Model s-kp p-kp s-kp p-kp
Commercial alloys 0.21 0.09 0.62 0.88
Ni-XCr 0.49 0.28 0.27 0.57
Nil8Cr-xFe 0.46 0.3 0.26 0.57
Remaining 0.54 0.38 0.27 0.51

Table 3: Contribution of the individual terms to NMSE values for the predictions of &, with the trained ML model
(SVM) in %.

Alloy group s-kp D-kp

Ap)? Ao)? Ap)? Ao)?

Variable 1—»p (Aw) (Ag) 1—»p (Aw) (Ag)
20,0y 20,0y 20,0y 20,0y

Commercial | g0, | 51 15 | 676 | 25 | 299

alloys

Ni-XCr 94.8 1.4 3.8 85.1 0 14.9
Nil8Cr-xFe 91.5 7.9 0.6 80.1 1.1 18.8
Remaining 86.3 1.3 12.4 69.0 6.2 24.8
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In the present study, the predictions of the ML model trained in [23] using SVM were
evaluated based on the NMSE and NNSE values calculated using Eqgs. 6 and 7 respectively. The
values for each of the oxidation models s-k, and p-k;, are given in Table 2. Lower NMSE values
and higher NNSE values were obtained for the predictions of the dataset generated using the p-kp
procedure for all alloy groups which might suggest improved performance in comparison to the
predictions with the dataset employing the s-k, procedure. However, a decomposition of the NMSE
values in Eq. 6 into three terms in Table 3, as mentioned earlier, provides insights into the
performance of the predictions based on the chosen oxidation model. Significantly higher
contributions to the NMSE values from the reproducibility of variance (third term in Eq. 6) are
evident for the predictions of the dataset generated using the p-kp procedure for all alloy groups.
This indicates that the ML model was not able to well represent the variance in this dataset. This
can be seen in Figure 9b (Ni-XCr alloys) and Figure 9d (Remaining alloys) where although the
ML model significantly underestimated the 4 values for the p-k;, procedure, the NNSE values were
still relatively high (Table 2). On the contrary, the major contribution to the NMSE values for the
predictions of the dataset generated using the s-k, procedure was the shape of the response surface
(correlation term) while the mean and the variance of the dataset have been reproduced well. These
findings suggest that an enhanced dataset is more likely to improve the predictions of the ML
model for the dataset using the s-k, procedure as the augmented dataset will tend to improve the
accuracy of the response surface and hence the NNSE. Such a comparison can also be performed
for different ML models (Bayesian ridge regression, linear regression, nearest neighbor, random
forest, and support vector machines regression) to evaluate the performance of the models and aid
in selection of the optimum model for an oxidation dataset.

Strategies for correlation analyses

In the previous study [23], the established methods of correlation analyses such as Pearson
Correlation Coefficient (PCC) and Maximal Information Coefficient (MIC) were used as
preliminary tools to derive correlations between the predicted 4, values and the variables (chemical
composition of the alloys and temperature). PCC detects bivariate linear correlations while MIC
identifies both linear and nonlinear bivariate correlations. Features showing the strongest
correlation were then selected for training the ML models. In case of the Pearson coefficients, both
negative and positive correlation coefficients are obtained where a positive coefficient indicates a
directly proportional relation between target property and the variable (feature) while a negative
coefficient suggests an inversely proportional relation. In [23], the absolute values of the
coefficients were ranked and corresponding features were used to train the model. Although this
is a widely used and rapid method of screening features, it might be misleading. This can either be
due to the nature of the dataset or because oxidation kinetics can be equally governed by different
alloying elements simultaneously and by the complex cross-interactions between the alloying
elements. An alternative method could be employing the Spearman’s correlation coefficient which
does not assume linearity or non-linearity and simply is a measure of the monotonicity of the
relation between the target property and the feature combined with the probability analyses might
be more relevant for the oxidation dataset. The acquired coefficients would then suggest whether
a certain feature strongly increases or decreases kp. Ultimately, additional methods such as
evaluating the probability of the null hypothesis (no correlation) during the correlation analyses
can suggest the significance of that feature in the current dataset.
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Table 4: Pearson correlation coefficient values and corresponding probabilities for the null hypothesis

PCC Pro(l;zilblillity PCC Pro(l;ei)lillity
Features | log (s-kp) hypothesis of log(s-ky) hypothesis of
Dry air . Wet air .
no correlation) no correlation)
T 0.67 1.50E-08 0.46 2.77E-09
Al -0.065 0.63 -0.11 0.19
Co 0.096 0.48 -0.04 0.66
Cr -0.6 8.10E-07 -0.39 6.37E-07
Fe 0.3 0.025 0.42 8.04E-08
Mn -0.2 0.13 -0.11 0.16
Mo 0.06 0.67 -0.02 0.83
Ni -0.2 0.13 -0.27 7.26E-03
Si -0.18 0.19 -0.11 0.17
Ti 0.09 0.54 0.05 0.55

Table 5: Spearman correlation coefficient values and corresponding probabilities for the null hypothesis

Probability Probability
Spearman Spearman
Features | log(s-kp) (null log(s-kp) (null
> | hypothesis of >/ | hypothesis of
Dry air . Wet air .
no correlation) no correlation)
T 0.67 1.15E-08 0.43 3.14E-08
Al -0.16 0.25 -0.14 7.48E-02
Co -0.05 0.7 -0.09 0.27
Cr -0.46 3.34E-04 -0.35 7.44E-06
Fe 0.27 0.04 0.31 9.99E-05
Mn 0.075 0.58 -0.11 0.17
Mo 0.16 0.22 -0.032 0.7
Ni -0.2 0.14 -0.21 8.72E-03
Si -0.045 0.74 -0.094 0.25
Ti 0.02 0.88 0.045 0.58

To demonstrate the strategy introduced above, PCC and Spearman correlation coefficients
were estimated for the s-k, procedure for the dry and wet air datasets separately along with the
corresponding probabilities for the null hypothesis and these are tabulated in Table 4 and Table 5
respectively. In case of PCC, T, Cr, Co, Fe, Mn and Ti show probability values < 0.05 for the dry
air dataset suggesting strong evidence for rejecting the null hypothesis and hence indicating a
strong correlation. For the dataset in wet air, T, Cr, Fe and Ni show the strongest correlation. This
trend is consistent for the Spearman correlation analyses except that Mn indicates a weak
correlation in dry air and Al additionally seems to be significant for the dataset in wet air. The
correlation with Al is consistent with the fact discussed earlier that alloys containing Al were
mainly tested in wet air. For the dry air dataset, the Mn-containing alloys were mainly the
commercial alloys and their relatively low kp values might have resulted in the large negative PCC
for Mn. A similar effect can be expected for Co since it was only present in the commercial alloys.
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To evaluate the applicability of such an approach, the ML model was trained with 11
features as in [23] and above, 3 features (T, Cr and Fe) and then with 4 features (T, Cr, Fe and Ni).
The predictions of these three trained models are compared with the experimental values in Figure
15 along with the corresponding NSE values. It is evident that just with 4 features, the predictions
are comparable to using all 11 features and this was reported in [23]. This can be understood now
from Table 4 and Table 5 that adding features with high null hypothesis probability values will not
improve accuracy until the dataset is appropriately augmented to make these additional features
relevant. Such an analysis also provides hints to the gaps in the current dataset since the alloying
elements with the highest null hypothesis probabilities indicate underrepresentation. To conclude,
assuming purely bivariate correlations can either result in misleading correlations or some
important correlations being overlooked. There is a need to perform multivariate correlation
analyses [62, 63] for the oxidation dataset and this will be pursued in future studies.

6. Summary and Conclusion

This paper presents a detailed evaluation of the dataset employed in previous work by the
authors to predict oxidation kinetics of NiCr-based alloys during thermal cycling in dry air and air
+ 10% H2O between 800-950 °C by use of machine learning. The role of the distribution of the
data on the model predictions in terms of variations in composition and temperature and the
resulting bias towards the model alloys that comprised about 70% of the data was analyzed. The
ML model revealed the influence of alloying elements such as Cr, Ni, Fe and Al on s-k;, p-kp and
p in agreement with trends reported in the literature. Conclusive remarks on the influence of Al+Ti,
Mn, Si, Co, Mo and Y on oxidation kinetics could not be made due to their narrow compositional
range in the dataset. A breakdown of the comparison between fitted and predicted 4, into model
and commercial alloys showed that the typically observed statistical scatter in oxidation data of
high temperature alloys was the primary reason for these variations. The ML model would be able
to predict a singular &, value for a given composition resulting in deviations from other measured
values for the same alloy tested at the same conditions.

The simple parabolic growth law model ignoring effects of oxide spallation due to thermal
cycling and oxide evaporation in wet air conditions was expected to underestimate the oxidation
kinetics of alloys forming Ni- or Fe-rich oxides. On the other hand, the analytical p-k, model
describing the entire mass change curve (oxide growth and loss) will predict the trend of increased
oxidation rates resulting due to the formation of Ni- or Fe-rich oxides. The trained model for values
of the spallation probability p was able to describe the expected trends and demarcate alloys
forming mainly Cr-rich oxide scales from alloys that showed formation of faster growing Ni- or
Fe-rich oxides.

A closer look at the metrics to evaluate performance of the ML models suggested that a
decomposition of the NSE and NMSE values is essential. Between 0 and 1, a higher NSE value
does not necessarily indicate a better model and neither does a low NSE value imply a poorly
performing model. The possibility of integrating functions incorporating means and variances of
the experimental and predictions as minimization functions will be investigated in future studies.
Simple bivariate correlation analyses, although widely adopted and useful, should be combined
with null hypothesis significance testing to rank features for the subsequent training. The
effectiveness of multivariate correlation procedures in identifying cross-interactions between
features will be assessed in future work as this is expected to be more relevant for an oxidation
dataset. These considerations are currently being employed to identify gaps in the current dataset
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and correspondingly augment it to enhance the accuracy and extrapolation capability of the
machine learning model. This is a subject of ongoing work.
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Figure 1: Compositional distribution of the dataset for the model alloys exposed in dry air and air + 10 % H,O.
Percentage distribution based on the total number of experiments in both atmospheres.
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Figure 2: Distribution of the dataset for the commercial alloys exposed in dry air and air + 10 % H»O. Percentage
distribution based on the total number of experiments in both atmospheres.
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Figure 3: Temperature distribution of the model and commercial alloys dataset in dry air and air + 10 % H>O between
800 and 950 °C. Percentage distribution based on the total number of experiments in both atmospheres.

10* . 10 - : - —
OH282 [ Dry air DN§14Cr : CIDry air
- 10'] gggg : B Air + 10 %A,0 ~ ‘““Xzﬁgg: .............. W Air + 10 %41,0 |
E-l > : | * . . . o
* T, 0] WN20Cr... . e L L o S
g 10°y 7%R‘;u g °1onNi2er e
- B o] ONi2dCr D C S
=100 D>Ni25Cr o+ o** % .
o : :
1; 3 : 'g 102 ’f . i : ;
E 107 . ‘ ‘ oy & =
g [ ] NSE = 0.51 ’E 03 :} vs ko NSE_ 0.80
o] P 25 e Jo T SR — R ]
i A = i 800 °C & A B
ﬁ' : : .8500(: o+ P‘ FEIIE RRRRRREE I — 6 O S
; . b : : ‘[l 950 °C
; s-kp Commercial alloys [ 950 °C 10% ; i i ] ] :
10° ; ; ' r ' ; 1% 1t 1 1?1t 1 1ot 10
10° 10* 103 102 l.::l 410:) 100 10% Predicted k(= g{_ ™ J)
Predicted k, (mg’.cm
(b)
(a)
10 _ _ . 107 . -
ONil8Cr-10Fe = [IDry air O Ni22Cr-2A1 Ol Dry air
100 O Nil8Cr-20Fe : . Air +10 % 20 - 10t 1O Ni22Cr-Al-Ti W Air +10 %H,0
4§ ANiI8Cr-30Fe-ALTi L 1ANi22Cr-Mn-Si
T o] < Nil8Cr-30Fe : TE 100 1O Nil8Cr-Al-Ti .
,ﬁ ON]ISC]‘-“OFQ ™ ON] 8Cr-Y :
g W] P U R . &8 '+ >Ni22€r-3A1-+
; T NSE  0.14 a1V Ni24Cr-Mn-Si NSE = 0.25
2 g2 ] e e 2 102 {<INi22Cr-4Al
B ; g ItNi20Cr
] ’E 10 MnSi & .
= 10 S W S 800 °C
" 1l 800°C E o B 550 o
H 10
del 7 . Wss0°C . H 900 °C
: - W900°C s 187k, NICr + Mn Si, AL Ti, Y [ 950 °C
105 . s_kl‘ NI-ISC?’-XFE Iall')ysf . 950 C 10* 10t 10* 102 10" 10? 10t 107
10° 10" jlisd 10 il 1w 1 1w Predicted k, (-=2 et j'l)

Predicied k, (mg’am'hh

(d)
(c)
Figure 4: Comparison between experimental values of k; as determined by the s-k, procedure and ML predictions of

such for (a) commercial alloys, (b) Ni-xCr alloys, (c) Ni-18Cr-xFe alloys and (d) Ni-Cr-x alloys with x = Mn, Si, Al,
Ti or Y between 800 and 950 °C in dry air (open symbols) and wet air (closed symbols).
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Figure 5: Simulated mass change from s-k;, (blue) and p-k;, (red) models and measured mass
change of (a) Ni-14Cr after 200 1h-cycles in dry air at 800 °C and (b) Ni-18Cr after exposure for
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Figure 6: Optical images of Ni-14Cr after 200 1h-cycles in dry air at 800 °C.
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Figure 9: Comparison between experimental values of k; as determined by the p-k, procedure and ML predictions of
such for (a) commercial alloys, (b) Ni-xCr, (c) Ni-18Cr-xFe alloys and (d) Ni-Cr-x alloys with x = Mn, Si, Al, Ti or
Y between 800 and 950 °C in dry air (open symbols) and wet air (closed symbols).
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Figure 13: Predicted versus experimental spallation probability (p) as function of temperature for the (a) commercial,
(b) Ni-xCr alloys, (c) Ni-18Cr-xFe and (d) NiCr-x (with X = Al, Ti, Mn, Si or Y) alloys.
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commercial alloys.
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