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Abstract

Aluminum (Al) 6000 series alloys are relevant in automotive applications due to

great strength, excellent machinability, formability, as well as good weldability. Nev-

ertheless, aluminum alloys are susceptible to intergranular corrosion (IGC) making it

crucial to determine the relationship that exists between the alloy composition and

manufacturing parameters to the corresponding rate and magnitude of IGC observed.

The large number of parameters that affect this behavior requires the development

of a more robust framework. In this work, a probabilistic model is leverage to es-

tablish an accurate linkage between a set of input parameters (e.g., alloying content,

heat treatment, etc.) and the resultant IGC performance (i.e., penetration depth) of

multiple Al 6000 series alloys. The model extracts usable knowledge from a curated

database comprised of 128 individual experimental results. The developed framework
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and established models are further validated by predicting the penetration depth of

six new/unseen alloys.
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Introduction

The unique combination of properties from Al-Mg-Si(-Cu) alloys (6000 series)

such as specific strength, excellent machinability, formability and weldability, make

them relevant for automotive applications [1]. 6000 series aluminum are commonly

used as sheet materials in the outer skin, as well as for extrusions in structural

parts and screws [1, 2, 3]. While these alloys exhibit adequate corrosion resistance,

particularly with regards to stress corrosion cracking and hydrogen embrittlement [4,

5], they can be susceptible to intergranular corrosion (IGC). IGC propagates rapidly,

is difficult to detect with line of site methods, and leads to reduced mechanical load

capacity due to the formation of crack initiation sites [6, 7].

The IGC susceptibility is determined not only by the operating environment, but

also by multiple parameters such as the chemical composition, casting and solidifica-

tion parameters, and the thermomechanical history [2, 4, 8, 9, 10]. For this reason,

it is crucial to determine the influence of the various parameters in terms of rate and

magnitude of IGC observed in Al-Mg-Si(-Cu) alloys.

Experimental efforts have observed various trends in the IGC behavior of 6000

series aluminum alloys. For example, IGC susceptibility has been correlated to mul-

tiple distinct mechanisms, including grain boundary precipitation (Q-Al5Cu2Mg8Si6,

β-Mg2Si) [2, 10, 11, 12, 13, 14], precipitate-free zones and element depletion zones
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(Mg, Si and Cu) [15, 16, 17, 4, 13, 18, 14], as well as element enrichment (Cu and/or

Si) [10, 11, 15, 19, 20]. Besides the direct initiation at susceptible grain boundaries,

IGC can also be initiated by the exposure of susceptible grain boundaries through

pitting corrosion, which results from the local dissolution of the surrounding alu-

minum matrix caused by cathodic oxygen reduction reaction (ORR) at intermetallic

particles, such as Fe-rich phases [21, 22].

Experiments have also enabled the development of fundamental understanding

between the effect that different alloying elements have on the resultant IGC sus-

ceptibility [23, 24]. For example, it has been reported that the Mg to Si ratio is a

determining factor in Cu-lean aluminum alloy’s susceptibility to IGC [11, 19]. This

can be attributed to the presence of excess Si that is not bound within the precipi-

tates. This excess Si has the tendency to segregate to the grain boundaries, resulting

in an anodic behavior of the Si-depleted precipitate-free zone (PFZ) adjacent to the

Si-enriched grain boundaries [11, 19]. However, Cu-lean alloys are mostly reported

as resistant to IGC [10], while Cu-rich alloys are susceptible to IGC even after short-

term artificial aging [3, 10]. In Cu-rich alloys, the IGC susceptibility has been related

primarily to the Cu content and, secondarily, to the Mg/Si ratio, whereby excess Mg

can improve the IGC resistance [23].

Similar relationships have also been observed between the severity of IGC and the

heat treatment to which the alloy was exposed. Conditions such as T6 (peak-aged

condition using artificial aging), and T4 (solution annealed, quenched and naturally

aged), have a significant effect on the observed IGC behavior [3, 2]. The effect of

overaging and underaging on the resultant behavior has also been analyzed [3, 17].
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Previous work showed that the susceptibility of Cu-containing alloys to IGC in the

“underaged” and T6 condition is explained by the formation of a Cu nanofilm at the

grain boundary, which has a cathodic effect on the surrounding Cu-depleted PFZ

[12, 16]. It has also been mentioned that with increasing aging to the over-aged

state, the copper diffuses into the Q-phases at the grain boundary, whereby galvanic

coupling of the Q-phase with the Cu-depleted PFZ becomes the dominant mecha-

nism [10, 12, 20, 25]. Moreover, it has been shown that dispersoid-forming elements

such as Cr, Mn, Zr, Sc or V have a significant impact on the grain aspect ratio of the

Al-Mg-Si(-Cu) alloys [1, 26, 27, 28]. These elements effectively suppress recrystalliza-

tion and promote the formation of subgrain boundaries during the forming process.

Hence, the segregation of Mg, Si and Cu is reduced due to a greater number of po-

tential nucleation sites. Consequently, less continuous coverage of high-angle grain

boundaries with precipitates is expected, leading to a less predetermined corrosion

path.

It can be see that experimental analysis is critical for establishing insights and

developing fundamental understanding between the inputs and outputs for IGC.

Nevertheless, these insights require many experiments that are complex and capital

intensive. Consequently, the cost and time required to perform these experiments

throttles the number of experiments that can be performed. Therefore, in cases when

multiple variables are evaluated, experiments yield insights and correlations that can

be leveraged as heuristic design rules, aiding in the selection of a material, but fail

to provide an estimation or prediction of the extent of IGC that can occur. Thus, in

order to evaluate the specific performance of an alloy, a variety of standardized accel-
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erated corrosion tests must be performed [29]. Evaluating the performance of each

alloy using experimental tests, even if accelerated, represents an additional challenge

as the results of these tests are not often comparable to the end application [30, 21].

Furthermore, given the open parameterization of certain standards, a broad range of

input parameters can satisfy the requirements [29, 30, 31]. This results in variability

of the IGC susceptibility of an alloy and can complicate the comparison and transfer

of results between different laboratories or testing procedures. Consequently, a new

iteration of experiments is required each time a new alloy or parameter needs to be

evaluated. Therefore, a more robust and efficient framework for assessing the IGC

performance of alloys is crucial.

Machine learning (ML) is a viable solution for establishing the desired frame-

work given its ability to establish accurate and robust linkages between inputs and

outputs that exhibit complex and non-linear behavior [32]. Futhermore, it has

been successfully leveraged for corrosion characterization and prediction in the past

[33, 34, 35, 36].

Li et al. [37] and Feng et al. [38] demonstrate that ML can be successfully ap-

plied for providing a prediction of the IGC performance of an Al-Mg-Si alloy (i.e.,

penetration depth), and that the results can be further utilized as a design tool.

Sheik et al. [39] leveraged ML to predict the degree of sensitization (DOS) from a

set of experimentally obtained measurements, while Falaakh et al. [40] extracted

knowledge from a database of crack growth rates. In general, ML models can ex-

tract usable knowledge from previously obtained IGC results. Nevertheless, existing

implementations relied mostly on deterministic models for the predictions and do
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not account for uncertainty quantification. As Falaakh et al. [40] point out, this

capability can be incorporated by employing boosting (i.e., model ensembling [41]).

As a result, a systematic knowledge extraction protocol capable of providing not only

a prediction but rather a distribution of predictions for a given set of inputs for the

IGC performance of Al-Mg-Si(-Cu) alloys still needs to be developed/implemented.

In this work, the aforementioned gap is addressed by leveraging probabilistic

models to establish an accurate linkage between a set of input parameters (e.g., al-

loying content, heat treatment) and the resultant IGC performance (i.e., penetration

depth) of multiple Al-Mg-Si(-Cu) alloys. To achieve this, a database of the pene-

tration depth of 128 individual tests for multiple alloys was curated from previously

published work [2, 3, 4, 8, 9, 29, 30, 42]. Subsequently, following previous successes

[43], Gaussian Processes (GPs), which are a type of probabilistic models [44], were

utilized to connect the set of inputs to the obtained penetration depth. Finally, the

created model was validated by using it to predict the maximum penetration depth

of six new alloys.

Results

Experimental Analysis

A database of results from previously published work was curated [2, 3, 4, 29, 30,

42] that comprised of distinct variables, such as alloying content and heat treatment,

and the resultant penetration depth for Al-Mg-Si(-Cu) alloys. The heat treatment

conditions considered are T4 and T6, as well as a condition that simulates the heat

exposure during the painting stage in automotive manufacturing, referred to as bake
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hardening (BH). The latter can be regarded as an underaged condition. Further

variables that were considered result from the standardized testing procedure ac-

cording to ISO 11846 method B [31]. Overall, the database contains 128 separate

experiments, and the specific variables analyzed with the experiments are detailed

in Table 1.

Table 1: Experimental variables and their corresponding types.

Parameter Type of variable

Cu [wt.%] Continuous (numeric)
Mg [wt.%] Continuous (numeric)
Si [wt.%] Continuous (numeric)
HT condition Categorical
Volume/Surface Area [ml/cm2] Continuous (numeric)
Telectrolyte [

◦C] Continuous (numeric)
t [min] Continuous (numeric)
T [◦C] Continuous (numeric)
HNO3 [ml/l] Continuous (numeric)
HF [ml/l] Continuous (numeric)
NaOH conc. Continuous (numeric)
Storage Time [d] Continuous (numeric)

A preliminary analysis of the database was performed by plotting the values of the

penetration depth against the values of the distinct variables recorded and colored by

heat treatment, shown in Figure 1. While some qualitative trends exist in the scatter

plots (Figure 1), it is quite complicated to extract precise trends. For example, from

Figure 1(a) a general trend of increasing penetration depths as % of Cu increases can

be observed. However, the trend is limited since a broad dispersion of penetration

depth values is observed at the same Cu content. In other cases (Figure 1(g)) a trend

is not apparent as similar penetration depths are associated with distinct values of

temperature.
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Figure 1: Scatter plots for each of the distinct input variables vs. the penetration depth for the
compiled experimental results colored by heat treatment: T4 (solution annealed, quenched and
naturally aged); T6 (peak aged), BH (bake hardened/ underaged.

Although trends are not immediately visible, this does not imply the absence of

a relationship between the distinct variables and the penetration depth. It poten-

tially indicates that the relationship is complex, given the high-dimensionality of the

space, and most likely non-linear. Consequently, conventional analysis is limited in

extracting qualitative insights from the vast amount of information present. This un-

derscores the importance of implementing ML-based techniques for building linkages

between the inputs and outputs.
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Knowledge Extraction using Gaussian Processes

A computationally efficient linkage between the input parameters and the resul-

tant IGC performance of the collated experimental data using Gaussian Processes

Regression (GPR) models [44] was created. In this work, the set of inputs con-

tain a mixture of categorical and continuous values as detailed in Table 1. The

output corresponds to the penetration depth in µm. Following standard practice,

feature engineering was performed to the inputs and outputs. Categorical variables

were transformed using a One-Hot Encoder and then subsequently normalized to

the [0, 1] domain. In a similar manner, the output values were normalized to the

[0, 1] domain. These transformations and normalizations were applied using SciKit

Learn[45].

The experimental data has inherent uncertainty that is captured by using a mean

penetration depth and its corresponding standard deviation of five measurements.

Naturally, the standard deviations of the distinct captured measurements are not

homogeneous. To account for the variability of the uncertainty across the distinct

experiments, two distinct GPR-based models were used: one that predicts the pene-

tration depth and the second that predicts the estimated variability associated with

that prediction.

As a result, the GPR-based model that predicts the penetration depth also pro-

vides an associated variability but that variability is solely related to the model itself

(i.e., epistemic uncertainty) while the GPR-based model that provides the estimated

variability accounts for the variability that is observed directly from the experiments

(i.e., the aleatoric). This decomposition captures not only the effect the distinct
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Figure 2: Probability density distribution of the recorded penetration depth in µm for the training
and testing datasets

inputs have on the outputs but also on their corresponding variability [46, 47].

To ensure that the models are capable to generalize and are not overfitted, the

Training Data contained 80% of the data available, randomly sampled, while the

remaining 20% was used as the Validation Data. Figure 2 shows the penetration

depth for the training and the validation sets. To facilitate interpretability, all the

results are reported in the un-normalized domain. Figure 2 further shows that the

training data encompasses the validation data and that the validation data is distinct

from the training data. This indicates that the validation data can be utilized to

evaluate the performance of the model to predict new/unseen inputs.

The GPR-based model for predicting penetration depth uses a Matérn-5/2 ker-

nel and has a zero mean function [44]. The parameters for this model were fitted by

maximizing the log marginal likelihood [44]. To enhance the model fitting process,

a multi-start optimization strategy was employed. This strategy performs multiple

random initializations of the model parameter values that are then optimized using

maximum likelihood estimation (MLE) and proceeds to select the best performing

model of all the performed initializations, which is the one that exhibits the lowest
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negative log marginal likelihood. For this work 50 distinct initializations were per-

formed. GPflow [48] was used for performing the described model-fitting protocol.

A similar process for fitting the GPR-based model that predicts the experimental

variability was used. Note that the output of this second model is the experimental

variance, which was obtained by taking the square of the reported experimental

standard deviation denoted by σexp. The experimental variance is thus denoted by

σ2
exp

. To enable a better model fitting process, the range of observed variance was

normalized to the [0, 1] domain, which we denote as σ̂2
exp

. To ensure that the variance

is always positive following transformation was applied:

σ̂2
exp

t

= log
(

1 + σ̂2
exp

)

. (1)

As a result, the second model was fitted on the transformed variance denoted

by Eq. 1. A Rational Quadratic kernel with a constant mean function was used

for the experimental variability GPR-based model. Similarly to the penetration

depth GPR-based model, the uncertainty GPR model was fitted using MLE and a

multi-start optimization strategy with 50 distinct initializations using GPflow. The

total variance was calculated by adding the prediction of experimental variability

GPR-based model to the uncertainty prediction obtained by the penetration depth

GPR-based model as follows:

σ2
total(x) = s2GP(x) + σ̂2

exp(x), (2)

where s2GP(x) is the variance predicted by the penetration-depth GP. Also, recall
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that the variability GPR-based model was trained on a scaled and log-transformed

variance target (cf. Eq. 1). Therefore, before adding σ̂2
exp

to the variance predicted

by the penetration-depth GP, σ̂2
exp

t

was inverse-transformed and un-normalized.

The plots in Figure 3 showcase the performance of the developed computationally

efficient linkage established the two GPR-based models. Specifically, Figure 3(a)

shows the true vs. predicted scatter plot of the established linkage. The scatter

points correspond to the mean value of the penetration depth predicted using the

penetration depth GPR-based model and the error bands correspond to two standard

deviations of the total variance, which were obtained by taking the square root of

σ2
total(x). The predicted values lie close to the diagonal line, indicating that the

predictions are accurate. A majority of the points on the diagonal line are within

two standard deviations of the total predicted variance. Additionally, Figure 3(b)

shows the cumulative distribution of the absolute percent error and roughly 90% of

the predictions for the training and test data have an error less than 25%. Both of

these plots showcase the accuracy of the fitted models. Finally, the mean absolute

percent error (MAPE) is 12.3% for the training data and 16.2% for the test data,

these numbers show that, despite a small overfit, the model is overall capable of

generalizing to new/unseen scenarios. This observation is also supported from the

similar behavior of the model in the two distinct sets showcased in Figures 3(a) and

(b).

Predicting the Penetration Depth of New Dataset using the Extracted Knowledge

To further demonstrate the validity and efficacy of the trained models, nine new

experiments were performed and the trained models were used to predict their corre-
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Figure 3: (a)Scatter plot of the predicted vs. true penetration depth values (in µm) with two
standard deviations as the error bars. (b) Cumulative distribution of the Absolute Percent error
for the Training and the Testing datasets.

sponding penetration depth. The experiments evaluated the performance of six new

alloys.

The first three new experiments are Al-Mg-Si(-Cu) model alloys with a decreasing

amount of copper. The copper weight percentage of the model alloys labeled MA1,

MA2 and MA3 are 0.59 wt. % Cu ,0.35 wt. % Cu and 0.16 wt. % Cu, respectively.

These alloys are denoted with triangles in Figure 7(a). The remaining three alloys

investigated are 6082, 6110A and 6010 and their specific composition is highlighted

in Figure 7(a) with labeled triangles as well. It is pointed out that the effect of

the heat treatment was evaluated on the MA’s by performing experiments on the

material in T4 and T6 condition. Therefore, a total of nine new experiments were

performed.

Figure 4(a) shows the composition details of the new alloys evaluated in the
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experiments using probability density distribution plots. From Figure 4(a), it is

clear that the new experiments are evaluating a distinct area of composition space.

Although the compositions are not included in the training set, the new alloys are

mostly comprised by the limits of the training data as only a tiny fraction of the data

explores a Mg weight percentage that is outside of the training regime. Therefore,

under these conditions the model will be mostly interpolating.

Figure 4(b) showcases the performance of the model on the new alloys plotting

the value predicted with the model against the true penetration depth value obtained

after performing the experiment. As illustrated (4(b)), the model has notable accu-

racy in predicting new experimental values for 6082, MA3 (for both heat treatments)

and 6010 to the fitted line. However, in other cases, the model over-predicted the

penetration depth to a significant extent, regardless of the heat treatment condition.
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Figure 4: (a) Scatter plot of the predicted vs. true penetration depth values (in µm) with two
standard deviations as the error bars for the New Experiments dataset colored by heat treatment.
(b) Probability density distribution plots of the distinct alloying components for the Training Data
and the New Experiments dataset.
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For predictions related to corrosion damage, an over-prediction from the model is

preferred given this leads to over-engineering and over-estimation of damage rather

than early failure damage, which can be catastrophic. Despite this, the fact remains

that for some alloys and their corresponding heat treatment conditions, the model

estimated a drastically higher penetration depth than recorded from the experiment.

Analyzing the composition of the new alloys, it is noticed that the alloys for

which the model over-predicted have a copper content that is greater than 0.22 wt.

% Cu. This information is obtained from the legend key on Figure 4(b) and the

composition chart shown in Figure 7(a). Additionally, as displayed in Figure 1(a)

the higher copper content typically corresponds to higher values of penetration depth.

Therefore, the model qualitatively behaving as expected given that it is displaying

the trend captured by the training data. However, the experiments performed on

the new alloys did not exhibit that trend. As noted in Table 2, the MA’s have

similar Mg/Si ratios but decreasing Cu content with MA1 having the highest Cu

and MA3 having the lowest Cu content. Experimentally, all MAs had a similar true

penetration depth (Figure 4(b)). This is also noted in 6110A and MA1 in Figure 4(b)

as both alloys contained a Cu content great then 0.57 wt. %. Therefore, it is likely

that another mechanism or cause is responsible for the decrease in performance.

In order to uncover this, the microstructure of the alloys was analyzed. Figure 5

shows the Barker etched light microscopy images of the grain structure of the model

alloys. Electrolytic Barker etching is a process that reveals the grain structure of alu-

minum alloys under a polarized light microscope. During the Barker etching process,

a layer of oxide is formed, the thickness of which varies depending on the grain orien-
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tation [49]. This variation in thickness alters the reflectivity for certain wavelengths

under polarized light, thereby enabling the distinction of individual grains. Images

have been taken from the material in T4 condition in each sheet direction to gain a

more comprehensive understanding of the rolling texture of the sheet material. The

additional artificial heat treatment to the T6 condition will not change the grain size,

since the temperature is below the recrystallization temperature of the alloys [9, 50].

Thus, only the T4 condition was analyzed. As shown in Figure 5, the grains of the

model alloys are elongated in rolling direction (L). The elongation increases with the

Cu content (i.e., MA1 has more elongated grains than MA3). Simultaneously, the

grains become narrower in the short transverse (ST). For 6010 and 6082 the model

prediction demonstrates accurate predicted penetration depth. It is noted that these

alloys exhibited a maximum content of 0.22 wt. %Cu. However, for 6110A (0.57 wt.

%Cu), the deviation is found to be significant and is similar in performance to MA1.

It can also be observed from Figure 5 that the grains of the 6110A are elongated in

rolling direction (L).

As a result, in the present study, systems that have only slightly elongated grains

or are more equiaxial (MA3, 6082, and 6010; Figure 5) are correctly predicted by

the GP model (Figure 4). However, when more elongated grains are present (MA2,

MA1, and 6110A; Figure 5) the GP model over-predicts damage (Figure 4).

In addition to the distinct grain structure and size, the corrosion mechanism

is fundamentally different in some of the new alloys. Figure 6(a) and (b) show

representative light microscopy images of the corrosion morphology of the model

alloys in T4 and T6 heat treatments, respectively. In Figure 6(a), the T4 condition
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Figure 5: Barker etched light microscopy images of the grain structure of the MA’s (MA1-MA3)
evaluated with the new experiments.

exhibits pitting corrosion while the T6 condition (Figure 6(b)) exhibits IGC. With

artificial aging the mechanism switches from pitting to IGC.

It is important to acknowledge that the curated database solely contained exper-

imental results relating to IGC. Thus, the model has not been exposed, nor trained

to predict the damage caused by pitting corrosion. This represents another reason

for the drastic reduction in accuracy from the previously trained model. It cannot

be expected for the model to be able to generalize to new mechanisms if the model

has not been trained on such examples.
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(a) (b)

Figure 6: Representative light microscopy images (MA3) of the corrosion morphology in (a) T4
and (b) T6 condition, showing a switch in corrosion mechanism from pitting towards IGC with
artificial aging for the MA’s.
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Discussion

The presented results demonstrate that GPR-based models are capable of distill-

ing usable knowledge from previously obtained experimental results. Additionally,

the probabilistic nature of GPR allowed for an adequate treatment of the variability

by accounting for the epistemic uncertainty as well as the aleatoric uncertainty. This

capability is considered to be of significant value, since it can later be adequately

leveraged to guide where to perform other experiments. The calibrated uncertainty

can be applied as a criterion to determine the necessity for new experimentation.

Thus, enabling a data-driven procurement of knowledge.

The results shown also highlighted that the distilled knowledge was capable of

being generalized to new/unseen alloys as the trained model was able of providing

accurate estimations of the penetration depth for some of the new model alloys an-

alyzed in this work. It should be noted that the results of the model also indicated

that it was not possible to provide accurate predictions for all of the alloys. Never-

theless, the decrease in performance and accuracy of the prediction was not caused

by the GPR-based model itself.

The discrepancy between the behavior of the new alloys from the behavior recorded

in the compiled and curated database was caused by the fact that the new alloys

exhibited distinct microstructures (Figure 5). Especially, since IGC occurs mostly

along the high angle grain boundaries as stated by Lervik et al. [51], the texture with

elongated grains results in longer total path length for a smaller penetration depth

towards the center of the sample. Therefore, the smaller penetration depth can be

correlated to the elongated grains. Having said this, the trained model is unable
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to account for this critical parameters given the fact that the curated experimental

database of results did not provide (or did not record) details regarding the grain

structure at the microscale.

Additionally, it was observed that some cases of over-prediction of penetration

depth by the model were cases that exhibited pitting corrosion. Pitting corrosion is a

fundamentally different mechanism to IGC, which was observed in the database. This

is clearly demonstrated in Figure 6, which shows that pitting corrosion occurred in

these cases, rather than the IGC behavior that was captured by the curated database.

Pitting in Al-alloys occurs at (or at the interfaces of) second phase particles - where

the protective passive film is different [52, 53]. Further, the galvanic coupling be-

tween cathodic intermetallic particles and the matrix, whereby the potential differ-

ence causes the surrounding matrix to dissolve leading to pitting [2, 21]. In contrast,

the corrosion path follows the grain boundaries in the T6 condition due to galvanic

coupling of the microstructural features of the grain boundaries, such as grain bound-

ary precipitates [2, 10, 11, 12, 13, 14] or element enrichment [10, 11, 15, 19, 20] with

the PFZ and/or SDZ [15, 16, 17, 4, 13, 18, 14]. The exact mechanisms remain highly

dependent on the alloy composition, especially on contents of Mg, Si and Cu [24], or

the exact thermomechanical history [10].

Despite the switch from pitting for the T4 condition to IGC for the T6 condi-

tion, the model still over predicts the IGC conditions. This further reiterates the

importance of microstructure when considering IGC of aluminum alloys. The role of

microstructure has been explored in many alloy systems [54]. For aluminum alloys,

there is conflicting information in literature on the influence of grain size on the
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resulting corrosion rate. The effect of grain refinement to be considered as purely a

“structural” change is an oversimplification in the context of aluminum systems [54].

Thus, the decrease in accuracy and performance of the developed framework is

caused by the fact that the trained model needs to incorporate adequately details re-

garding the microstructure and relevant physics in order to capture pitting corrosion,

as well as taking into account the path length and branching of the IGC corrosion

attack.

To improve model predictions, new features should be suitably incorporated into

the input domain such as details regarding the microstructure. These new features

need to sufficiently capture relevant information of the underlying grain orientation,

grain structure as well as the morphology (i.e., grain shape and size) of the grains in

order to enhance the predictions and train a microstructure-aware surrogate model.

This initially involves extensive microstructural analysis, but offers the potential to

provide missing information about the manufacturing process into perspective in

the future. Successfully predicting uncertainties also makes it possible to design an

appropriate experimental design in the future as well as serve as a foundation for data

collection in self-driving labs. Nevertheless, it is important to recognize that overall

the developed framework successfully enabled for the extraction of usable knowledge

and, most importantly, it enabled the capability to utilize such knowledge effectively

and efficiently for new/unseen alloys.
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Methods

Experimental Details

For the development of a prediction tool for the penetration depth of intergran-

ular corrosion based on a machine learning approach, the penetration depths of the

alloys shown in Tab. 2, which were previously published, were considered. With the

exception of alloy AA6056 (wire material with diameters of either 10.25 mm or 8

mm [2, 13, 42, 4, 3]), these are sheet materials with thicknesses of approximately 1

mm [29, 30]. The selected sheet and wire samples exhibited predominantly equiaxial

grain morphologies of similar sizes. The heat treatment conditions considered can

be designated as either solution annealed and quenched (T4), bake-hardened (BH)

and peak-aged (T6). As a blind test, three industrially produced and heat-treated

model alloys with varying Cu contents are investigated in the T4 and T6 condition

with a sheet thickness of 2 mm. Furthermore, results from sheet materials with a

thickness of approximately 1 mm were considered for blind testing [8, 9]. The rele-

vant contents of the main alloying elements Mg, Si and Cu can also be found in Tab.

2. As with previous publications, the exact heat treatment conditions are subject

to confidentiality and can therefore not be made available here. The alloys used for

model development, training and the blind test are shown in Fig. 7 for classification

within the 6000 series with their Mg/Si vs. Cu and Mg vs. Si contents. The blue

boxes indicate the chemical composition window of the alloys in the area of interest.

Thee alloy designations have been carried over from the respective reference to the

corresponding data points, and that some data points may deviate from the stan-

dard alloy specification given in [55]. This applies to the alloy composition of 6014,
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Table 2: Chemical composition of the main alloying elements of 6000 series materials considered
for the machine learning approach in wt. %.

Alloy Mg Si Cu Ref.

AA6016-High Cu 0.31 1.38 0.162 [29, 30]
AA6016-Low Cu 0.38 1.49 0.002 [29, 30]
AA6014-High Cu 0.63 0.7 0.1 [30]
AA6014-Low Cu 0.65 0.7 0.03 [30]
AA6056-High Cu 0.74 1.05 0.91 [2, 42]
AA6056-Low Cu 0.84 0.84 0.65 [3, 4]

AA6010 0.95 1.15 0.22 [8, 9]
AA6110A 0.73 0.84 0.57 [9]
AA6082 0.81 0.89 0.07 [9]
MA1 0.68 1.06 0.59
MA2 0.65 0.99 0.35
MA3 0.62 0.97 0.16

visible in Fig. 7 b). Furthermore, the stoichiometric composition limit of the Mg2Si

equilibrium phase is shown, which marks the transition to the undesirable excess Mg

region [56, 57]. The dashed lines indicate the limits of a positive intermediate storage

effect [58] and Mg2Si solubility [57].

The IGC susceptibility of the model alloys is tested according to EN ISO 11846

method B [31], taking into account the standard test parameters defined by Zander

et al..[29] The samples are first cut to a size of 29 mm x 49 mm and then pickled in 5

% NaOH solution at 50 °C for 2 min, followed by immersion in an aqueous solution of

30 g/l NaCl and 10 ml concentrated HCl (37 %) for 24 h. The surface-to-volume ratio

is set to 5 ml/cm2 in order to equalize the influence of the sample size, which may

be between 4 and 20 ml/cm2 according to EN ISO 11846 method B. The samples

are immersed into beakers using a chemical-resistant, non-conductive plastic clamp

and a nylon thread so that the surface is almost completely wetted. The beakers are
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Figure 7: Classification of used alloys for model development and blind testing related to (a) Mg/Si
vs. Cu and (b) Si vs. Mg content within the 6000 series designation system [29, 30, 2, 3, 8, 9]. Blue
boxes indicate the chemical composition range according to the specification in the teal sheets [55].
The model alloys are marked as MA1-MA3.

Figure 8: (a) Schematic experimental set up as previously used for IGC testing according to ISO
EN 11846 method B. (b) Metallographic cross-section preparation sites dependent to analyze the
penetration depth in longitudinal (L), transverse (T) and short-transverse (ST) directions.

then shielded from the environment with Parafilm® and placed in a water bath at

a constant temperature of 25°C. Schematically, the set-up is visible in Fig. 8 a).

Following the immersion test, samples are rinsed in distilled water and dried.
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Metallographic cross-sections of three samples per condition are then prepared. The

penetration depth of the intergranular corrosion attack is measured in the ST x T

plane (Fig. 8 b)) using optical light microscopy. The maximum penetration depth

of each sample is calculated as the average of the five largest penetration depths.

Microstructure characterization of the materials in T4 condition was performed by

Barker etching samples of each sheet direction and taking images using a optical

light microscope. The Barker etching was performed for 80 s at a potential of 20 V

[49].
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