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Abstract: This study develops a machine learning framework for predicting the mechanical properties of 6xxx series Al-Mg-Si alloys (6061,
6063, 6082) across seven temper conditions. A hybrid dataset of 860 real measurement-based and 4,200 Monte Carlo augmented samples
was generated from a literature-mined dataset. Random Forest (RF), Gradient Boosting (GBR), and Multilayer Perceptron (MLP) models
were evaluated via 5-fold cross-validation (CV). RF achieved the best or comparable accuracy: coefficient of determination R? = 0.80
(ultimate tensile strength), 0.92 (yield strength), and 0.83 (elongation). Feature importance analysis showed that alloy type and temper
encodings dominated predictions (>90% combined), while individual compositional features contributed <3% a result partly attributable to
the augmentation strategy, which decoupled measured compositions from their corresponding property values. Learning curve analysis

confirmed model convergence above 2,000 samples.

Keywords: Al-Mg-Si ALLOYS; MACHINE LEARNING; HYBRID DATA AUGMENTATION; MECHANICAL PROPERTIES; RANDOM

FOREST,; MLP NEURAL NETWORK

1. Introduction

The 6xxx series Al-Mg-Si alloys are among the most versatile
aluminum alloys in automotive, construction, and general
engineering applications, owing to their favorable combination of
medium strength, excellent formability, good corrosion resistance,
and weldability [1-3]. Alloys 6061, 6063, and 6082 represent a
broad strength spectrum: 6063 is a lower-strength extrusion alloy
[4], 6061 is a general-purpose structural alloy [5], and 6082 offers
higher strength [6]. Their mechanical properties are governed by
Mg, Si precipitation, controlled by the temper condition [7].
Machine learning (ML) methods have shown promise for materials
property prediction [8-10], but 6xxx alloys present particular
challenges because alloy-to-alloy property variations are large and
available data are sparse for certain conditions.

In this work, we apply three ML regression models — Random
Forest, Gradient Boosting, and MLP Neural Network — to a hybrid
dataset combining real measurements with Monte Carlo augmented
data for predicting ultimate tensile strength (UTS), yield strength
(YS), and elongation of 6061, 6063, and 6082 alloys across seven
temper conditions. We evaluate model accuracy, analyze feature
importance, and assess data sufficiency through learning curve
analysis.

2. Materials and Methods

Composition and property data were sourced from the publicly
available dataset of Pfeiffer et al. [11], which contains aluminum
alloy data extracted from scientific manuscripts and US patents.
Three 6xxx alloys were selected covering seven temper conditions:
6061 (T4, T6, T651), 6063 (T4, T5, T6), and 6082 (T6), consistent
with their broad use in structural and extrusion applications [12,13].
The compositional features comprised 9 elements (Al, Cu, Mn, Si,
Mg, Zn, Cr, Fe, Ti), with Al calculated as the balance. Figure 1
presents radar chart profiles of the normalized mechanical
properties for each alloy-temper combination, highlighting the wide
property envelope spanning UTS from 150 MPa (6063-T4) to 340.5
MPa (6061-T651) and YS from 90 MPa (6063-T4) to 248.0 MPa
(6061-T651).

A hybrid dataset was constructed in two parts: (i) real property
measurements from the corpus were each paired with 20 random
composition realizations sampled from specification ranges,
yielding 860 measurement-based samples; It should be noted that
the 43 original measurements were unevenly distributed across
conditions: 6061-T6 accounted for 33 measurements (77%), while
the remaining six conditions (6082-T6, 6061-T651, 6063-T6, 6061-
T4, 6063-T4, 6063-T5) each contained 1-3 measurements. In the
augmentation step, each real property measurement was paired with
randomly sampled compositions drawn uniformly from the alloy
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specification ranges, rather than retaining the original measured
composition. This approach captures the allowable compositional
variability but decouples the composition—property linkage inherent
in each measurement; (ii) for each of the 7 conditions, 600
additional Monte Carlo samples were generated with 3% Gaussian
noise on mean property values, yielding 4,200 augmented samples
(5,060 total). The feature space comprised 17 input variables: 9
elemental compositions, 3 alloy-type one-hot encodings, 4 temper
one-hot encodings, and 1 ordinal temper code. Three models were
trained: RF (200 trees, depth 12), GBR (200 trees, depth 6, Ir = 0.1),
and MLP (three hidden layers: 64-32-16 neurons, Rectified Linear
Unit (ReLU) activation, Adam optimizer, adaptive learning rate, o =
0.001, early stopping). Features were standardized for MLP.
Performance was assessed by 5-fold CV using coefficient of
determination (R?), Mean Absolute Error (MAE), and Root Mean
Square Error (RMSE).
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Fig. 1 Normalized radar chart profiles of mechanical properties for
6xxx alloy-temper combinations.

3. Results and Discussion

Table 1 summarizes the cross-validation metrics. RF achieved
the best overall performance: R? = 0.799 (UTS), 0.922 (YS), and
0.827 (elongation), with MAE of 13.44, 8.21, and 0.51 respectively.
MLP performed virtually identically for UTS (R? = 0.799) and
comparably for YS (R? = 0.919). The moderate R? values (0.772—
0.922) reflect the intrinsically wider property scatter within the
6xxx series, where UTS spans 150-340.5 MPa across alloys with

YEAR XI, ISSUE 1, P.P. 12-14 (2026)



INTERNATIONAL SCIENTIFIC JOURNAL "INDUSTRY 4.0"

WEB ISSN 2534-997X; PRINT ISSN 2534-8582

fundamentally different strengthening levels. Figure 2 shows that
each model successfully captured the distinct property clusters of
6063 (low strength), 6082 (medium), and 6061 (high).

Table 1: Cross-validation performance metrics for 6xxx alloy ML models.

Model Target R? MAE | RMSE
UTS (MPa) 0.7987 | 13.44 | 30.86
Random Forest YS (MPa) 0.9218 8.21 16.68
Elongation (%) 0.8272 0.51 1.28
UTS (MPa) 0.7724 | 15.39 | 32.82
GlAdIENT YS (MPa) 09124 | 9.28 | 17.65
Boosting
Elongation (%) 0.7974 0.61 1.38
UTS (MPa) 0.7994 | 14.29 | 30.81
MLP Neural Net YS (MPa) 0.9187 8.90 | 17.01
Elongation (%) 0.8219 0.56 1.30
6xxx Alloys: ML Model Predictions vs. Actual Values (5-Fold CV)
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Fig. 2 Predicted vs. actual values for RF, GBR, and MLP models (5-fold CV),
colored by alloy type: 6061 - red, 6082 - blue, 6063 - green.

Feature importance analysis (Fig. 3), assessed as the average of
Random Forest and Gradient Boosting tree-based importances,
revealed clear target-specific patterns. For UTS, the 6063 alloy
indicator was the dominant feature (~76%), with the temper code
contributing ~5% and the T651 indicator ~3%. For YS, the 6063
indicator was overwhelmingly dominant (~83%), reflecting the
large strength gap between 6063 and the other alloys. For
elongation, the T6 temper (50%) and 6061 alloy (31%) indicators
dominated. Individual compositional features each contributed
<3%, indicating that alloy designation and temper condition
encodings dominate predictions. However, this low compositional
contribution is partly a consequence of the augmentation strategy, in
which property measurements were paired with randomly sampled
compositions from specification ranges rather than the actual
measured compositions. Because the composition—property linkage
was decoupled during augmentation, the models cannot learn
genuine composition—property relationships within each alloy-
temper class, and the low importance of individual elements should
therefore be interpreted as a methodological limitation rather than a
purely physical finding.
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Fig. 3 Tree-based feature importance analysis for UTS, YS, and elongation
prediction of 6xxx alloys.

The hierarchically clustered correlation heatmap (Fig. 4) shows
strong UTS-YS correlation (r = 0.85), while both strength
properties correlated positively with the 6061 indicator (r = 0.67—
0.68) and negatively with 6063 (r = —0.84 to —0.90). The T651
temper showed moderate positive correlation with UTS (r = 0.47).
Hierarchical clustering grouped compositional features separately
from encoding and property variables, confirming that the two
information domains are largely orthogonal in the 6xxx system.

6xxx Alloys: Hierarchically Clustered Correlation Heatmap
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Fig. 4 Hierarchically clustered Pearson correlation heatmap of compositional,
encoding, and property features

Learning curve analysis (Fig. 5), generated using simplified
model configurations to reduce computational cost (RF: 100 trees,
depth 10; GBR: 100 trees, depth 5; MLP: two hidden layers 64-32,
300 iterations; 3-fold CV), showed that RF achieved stable UTS
prediction (R? = 0.65-0.66) above ~2,000 training samples. GBR
exhibited slower convergence, while MLP matched RF at larger
training sizes but showed higher variance at small sample sizes. The
convergence at ~2,000 samples suggest that the hybrid
augmentation strategy provides sufficient data volume for model
training, although the lower R? values compared to Table 1 reflect
the reduced model complexity used for the learning curve analysis.

Gxxx Alloys: Learning Curves (Model Performance vs. Training Size)
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Fig. 5 Learning curves showing R? score vs. training set size for RF, GBR, and
MLP models (simplified configurations; see text for details).
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4. Conclusions

A hybrid ML framework combining real measurements with
Monte Carlo augmentation was developed for predicting UTS, YS,
and elongation of 6061, 6063, and 6082 Al-Mg-Si alloys across
seven temper conditions. RF provided the best or comparable
performance across all three targets (UTS: R? = 0.80, MAE = 13.44
MPa; YS: R? = 0.92, MAE = 8.21 MPa; elongation: R? = (.83,
MAE = 0.51 percentage points). Alloy type and temper condition
encodings dominated predictions (>90% combined importance),
while compositional features contributed <3% each; the low
compositional contribution is partly attributable to the augmentation
strategy, in which random compositions from specification ranges
were paired with property measurements, thereby decoupling the
composition—property linkage. Learning curve analysis confirmed
convergence above ~2,000 samples. The moderate R? values reflect
the wide property envelope of the 6xxx series. The framework
demonstrates that corpus-mined data with hybrid augmentation
provides a viable route for rapid property screening of engineering
aluminum alloys, although future work should explore
augmentation  strategies that preserve composition—property
correlations within each alloy-temper class.
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