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Abstract

Accurate prediction of the Forming Limit Curve (FLC) is essential for the design of sheet metal stamping processes; how-
ever, its experimental determination is costly and limited by data availability. This work investigates the use of Machine
Learning techniques to predict the FLC of Dual Phase (DP) steels based on mechanical properties obtained from uniaxial
tensile tests. To overcome the scarcity of experimental data, a synthetic database was developed based on statistical con-
sistency and physical constraints, using Kernel Density Estimation, PCA projections, and controlled probabilistic interpo-
lation, followed by the application of physicometallurgical plausibility criteria. The models use physics-based descriptors
as input variables, which reflect known metallurgical mechanisms associated with plastic instability, without explicitly
incorporating differential equations into the training process. The results show that all models were able to reproduce the
characteristic geometry of the FLC, with errors on the order of 10°-1072. Among the investigated techniques, Random
Forest exhibited the best performance (MAE=0.0052; MSE=0.00011; R? = 0.943), followed by XGBoost, while the Neu-
ral Network showed greater variability and a tendency toward overfitting. The results demonstrate that the combination of
physics-based descriptors, statistically validated synthetic expansion, and ensemble machine learning methods constitutes
a robust and efficient strategy for modeling FLCs of DP steels.
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Introduction

The growing demands for improved vehicle safety and
energy efficiency have driven the automotive industry
toward significant technological advances in recent decades.
Among these innovations, Advanced High Strength Steels
(AHSS) stand out, as their application enables vehicle mass
reduction while enhancing structural performance dur-
ing crash events [1]. Dual Phase (DP) steels represent the
most widely used class of AHSS due to their characteris-
tic microstructure—martensite islands dispersed in a fer-
ritic matrix—which provides a favorable combination of
mechanical strength and ductility [2].
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The mechanical behavior of DP steels is highly dependent
on their microstructural features. In addition to the volume
fraction of phases, parameters such as the size, morphology,
and spatial distribution of martensitic constituents directly
influence the evolution of plastic deformation, strain-hard-
ening capability, and the resistance to damage initiation and
propagation [3—6]. Variations in these characteristics, result-
ing from specific thermomechanical processing conditions,
may lead to significant differences in formability among
materials belonging to the same strength class—whether
between different suppliers, among production batches, or
even along a single coil. These aspects highlight the need
for rigorous control and accurate assessment of formability,
ensuring reproducible performance in automotive stamping
operations.

Formability limits are typically determined using the
Forming Limit Diagram (FLD), which establishes the bound-
aries of safe deformation as a function of the major (¢;) and
minor (€2) principal strains. Based on a series of mechani-
cal tests conducted under different loading paths, the strain
states immediately preceding failure are identified, and their
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interpolation yields the material-specific Forming Limit
Curve (FLC) [7-9]. Strain combinations located below the
FLC indicate safe deformation conditions, whereas states
above it signal a tendency toward plastic instability, local-
ized necking, and eventual fracture.

Although the FLC is widely used and essential for stamp-
ing process design, its experimental determination requires
considerable time, specialized equipment, and a large num-
ber of tests. In this context, alternatives capable of reducing
the experimental burden while maintaining high predictive
reliability are of significant scientific and industrial interest.

Artificial Intelligence (AI) has emerged as a powerful
tool for predicting physical and operational states in com-
plex systems, particularly in industrial and scientific pro-
cesses characterized by multiple interdependent variables
and nonlinear behavior. This ability to capture complex
relationships has driven research efforts aimed at applying
Al techniques to the prediction of Forming Limit Curves
(FLCs) [10-17].

Artificial Neural Networks (ANNs) were employed in
[15] to predict the FLCs of Ti6Al4V and Al6061-T6 alloy
sheets using experimental data obtained from hydroforming
tests. The high agreement between predicted and experi-
mentally determined curves demonstrated the potential of
Al for modeling the limit deformation behavior of metal-
lic sheets. In [16], a machine learning framework was pro-
posed to estimate FLCs of aluminum alloys from the 5000
and 6000 series using inputs such as chemical composition,
mechanical properties, and thermomechanical processing
routes. Similarly [17], applied machine learning algorithms
to construct FLCs for various steels using tensile properties
as input variables. The method showed strong correlation
between predicted and experimental values with low aver-
age errors, confirming the robustness of Al techniques for
characterizing metal formability.

While these studies demonstrate that Al is a promising
and efficient alternative for FLC prediction, significantly
reducing the need for extensive experimental campaigns,
several challenges remain. One of the main limitations is the
scarcity of available data—a recurrent issue in metallurgical
process modeling. Reduced datasets limit the generalization
capability of Al models and may compromise predictive
performance. Moreover, recent developments have focused
predominantly on ANNs, whereas other machine learning
techniques remain underexplored in this context.

In contrast to previous works, which typically train
machine learning models directly on small experimental
datasets that are often specific to a single alloy or process-
ing route, the present study proposes an integrated frame-
work that combines real experimental data, statistically
controlled synthetic data generation, and physically moti-
vated descriptors. The real experimental data play a central
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role in this work, as they define the physical, statistical, and
metallurgical domain of the problem: all multivariate distri-
butions, physical constraints, and statistical validations of
the synthetic database are derived from these data. Thus,
the synthetic dataset does not replace the real data, but acts
as a probabilistic expansion of the experimentally observed
space, preserving its physical and statistical correlations.
This strategy enables the training of more robust and gener-
alizable machine learning models even when the number of
real experiments is limited. In addition, this work advances
the state of the art by systematically comparing different
machine learning techniques—Random Forest, XGBoost,
and Neural Networks—within the same physically consis-
tent database, which remains largely unexplored in the FLC
prediction literature.

In this study, different Al techniques are investigated for
predicting the Forming Limit Curve of Dual Phase steels
using input variables derived from uniaxial tensile tests. To
overcome the constraints imposed by the limited availability
of experimental data, a physics-guided synthetic database
was developed based on metallurgical principles and statis-
tical consistency, ensuring the preservation of the represen-
tativeness of real data and preventing biases or distortions
that could compromise model integrity. The overarching
goal is to broaden the spectrum of learning techniques
applied to FLC prediction and to establish a reproducible,
scalable, and physically coherent methodology for model-
ing the formability limits of advanced high-strength steels.

Materials and methods

Figure 1 presents, in a schematic manner, the methodology
adopted for the development of Arttificial Intelligence (AI)
models aimed at predicting the Forming Limit Curve (FLC)
of Dual Phase steels. Initially, a robust database was con-
structed by generating synthetic data derived from real FLCs.
This strategy was employed to expand the representativeness
and diversity of the available samples. The resulting synthetic
dataset was then used in the training, testing, and calibra-
tion stages of different predictive models, including Random
Forest, XGBoost, and Artificial Neural Networks (ANNSs).
Finally, the predictive capability of these models was assessed
through inference tests conducted exclusively with real exper-
imental data, enabling the evaluation of the effectiveness and
generalization capacity of the proposed approaches.

Database construction
The first step in developing an Artificial Intelligence

model to predict the Forming Limit Curve (FLC) of Dual
Phase steels consists of constructing a comprehensive and
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Fig. 1 Methodology employed for predicting the forming limit curves
(FLCs) of dual phase steels

technically representative database containing the input
parameters required for model training and calibration.
For this purpose, experimental data were compiled from
studies published in the literature, considering research that
investigates the formability of DP580, DP600, DP700, and
DP780 steels.

Table 1 Real experimental data related to the mechanical properties

Based on references [18-23], both the published FLCs
and the variables known to influence formability were col-
lected. The selected attributes included sheet thickness ( 7),
yield strength (Y S), ultimate tensile strength (UT'S), uni-
form elongation ( U E), strain hardening exponent ( n), and
average anisotropy index (7).

Tables 1 and 2 present the set of real experimental data
used in this study.These data were selected exclusively
from well-established literature sources, published in peer-
reviewed scientific journals, and obtained using recognized
experimental methodologies. The data exhibit significant
scatter, reflecting the physical variability inherent to Dual
Phase steels. This variability arises from microstructural
heterogeneity (martensite fraction, morphology, and dis-
tribution) and from differences in thermomechanical pro-
cessing routes among manufacturers. This variability does
not compromise the validity of the data; rather, it realisti-
cally represents the physical domain in which the models
must operate. Although the data may contain experimental
uncertainties, these do not compromise the objectives of the
present work, since the focus of the study is not to fit a deter-
ministic Forming Limit Curve for a specific steel, but rather
to evaluate the predictive capability of artificial intelligence
models and to establish a robust methodology for FLC pre-
diction based on mechanical properties. In this context, the
presence of variability in the data is essential for enabling
the models to learn the true statistical behavior of plastic
instability, making the predictions more representative and
applicable to real industrial conditions.

The Forming Limit Curves were described using three
pairs of major (1) and minor (e2) principal strains, selected
as representative points of the FLC:

€1(1), €2(1) located at the left-hand extremity of the
curve;

€1(2); €2(2) corresponding to the plane strain condition
(e2=0);

Thickness, ¢t [mm] Yield Strength, Ultimate Tensile Uniform elongation, Strain Hardening Anisotropy Ref.
Y S [MPa] Strength, UT'S [MPa] U FE[%] Exponent, n [-] Index, 7 [-]
0,66 379 607 24 0,25 0,99 [18]
0,89 290 662 25 0,25 0,85 [18]
1,42 317 693 25 0,25 0,79 [18]
2,18 376 707 22 0,22 0,76 [18]
1,60 453 714 9 0,13 0,97 [19]
1,20 357 590 24 0,15 1,02 [20]
1,80 345 592 26 0,16 0,99 [20]
1,60 407 777 19 0,12 0,87 [20]
1,50 394 730 22 0,18 0,96 [21]
1,20 399 761 16 0,20 0,82 [21]
1,00 512 795 15 0,16 0,65 [22]
1,50 396 610 24 0,17 0,97 [23]
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Table 2 Real experimental data related to the FLCs

Sample €1(1) €1(2) €1(3) €2(1) €2(2) €2(3) Ref.
1 0,39 0,22 0,43 -0,22 0,00 0,20 [18]
2 0,42 0,25 0,48 -0,21 0,00 0,31 [18]
3 0,38 0,26 0,47 -0,15 0,00 0,34 [18]
4 0,29 0,27 0,46 —-0,04 0,00 0,41 [18]
5 0,18 0,13 0,27 -0,04 0,00 0,23 [19]
6 0,44 0,26 0,34 -0,19 0,00 0,18 [20]
7 0,41 0,30 0,39 -0,14 0,00 0,24 [20]
8 0,34 0,22 0,28 -0,14 0,00 0,10 [20]
9 0,55 0,30 0,48 -0,20 0,00 0,38 [21]
10 0,34 0,18 0,38 -0,13 0,00 0,30 [21]
11 0,45 0,18 0,28 -0,23 0,00 0,15 [22]
12 0,44 0,33 0,41 -0,23 0,00 0,40 [23]

€1(3), €2(3) representing the biaxial stretching condi-
tion at the right-hand extremity of the curve.

This approach makes it possible to synthesize the limit
behavior of the material during forming while reducing data
dimensionality without losing the essential characteristics
of the curve.

Physics-based feature engineering

In order to improve the model’s ability to generalize from
limited datasets, additional descriptors grounded in physi-
cal and metallurgical principles were included in the data-
base. These descriptors do not introduce physical equations
into the training process; instead, they provide the machine
learning model with physically meaningful input variables
that reflect well-known mechanisms of plastic instability in
sheet metal forming.

When only directly measured variables are used, the algo-
rithm must autonomously infer nonlinear relationships and
complex interactions between mechanical properties and
forming limits. By employing physics-guided descriptors as
input features, these relationships are explicitly represented
in the feature space, reducing the statistical burden on the
model, increasing cross-validation stability, and preserving
physical coherence in the predictions, without attributing to
the model the direct inference of physical causality.

In the specific case of Forming Limit Curve prediction,
the different descriptors represent distinct physical effects
associated with strain hardening, homogeneous ductility, and
geometric stability. Table 3 lists the descriptors employed.

All data were normalized to ensure numerical stability
and comparability among variables of different nature and
scale. After assembling the complete input vector, com-
posed of the original properties and the physics-guided
descriptors, the StandardScaler method was applied, trans-
forming each attribute to a distribution with zero mean and
unit standard deviation.

@ Springer

Table 3 Physics-based feature used in the model

Descriptor Physical Meaning Motivation for Use
UTs/ys Ratio between ultimate Quantifies strain hard-
tensile strength and ening and the ability
yield strength to redistribute stresses
prior to instability
urs-yvys Difference between Measures the magni-
ultimate tensile tude of strain harden-
strength and yield ing after yielding
strength
UE.n Product of uniform Represents the
elongation and strain  integrated capacity
hardening exponent for homogeneous
deformation
n.r Interaction between Captures thickness
anisotropy and strain  strain stability and
hardening resistance to localized
necking
UE/t Ratio between uniform Indicator of geometric

nIn(UTS/YS)

elongation and sheet
thickness

Ghosh-derived index

stability under biaxial
deformation
Synthesizes combined
effects of strain hard-
ening and available
post-yield strength

Synthetic data

The limited number of samples in the original experimental
dataset constrains the learning capacity of nonlinear regres-
sion models. This condition tends to induce overfitting in
machine learning models and compromise their ability to
generalize. Therefore, a synthetic database was generated
without compromising the physical validity or statistical
consistency of the original experimental dataset.

The methodology adopted for data generation aimed to
satisfy three fundamental requirements:

(i) preservation of the physical-metallurgical domain of
the materials under study;
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(i) maintenance of the multivariate relationships between
sheet properties and formability; and.

(iii) statistical evidence that the synthetic data are indistin-
guishable from the real data.

The synthetic database is obtained exclusively through mul-
tivariate statistical modeling applied to real experimental
data, followed by the application of physicometallurgical
plausibility constraints. Thus, the synthetic data represent
a statistically consistent expansion of the experimentally
observed domain.

Initially, the joint distribution of the input variables

x=[t, YS, UTS, UE, n, 7] (1)

was modeled using the non-parametric Kernel Density Esti-
mation (KDE) method [24, 25]. This technique approxi-
mates the true density p (z) through

~ 1 — T
)= 5 D LK <‘” - ) @

where K is the Gaussian kernel, % is the bandwidth, and d is
the dimensionality. Synthetic samples were drawn accord-
ing to

rxpe ~ p(x) 3)

ensuring that sampling occurred only within physically
observed regions.

To increase the diversity of combinations in the multi-
variate space while preserving correlation structure, the
KDE samples were projected into the space of Principal
Components:

z=WT(x—p) 4)

and interpolated between randomly selected pairs in this
latent representation:

Znew = zi + (1 —a)zj +e 5)

where o ~ U (0,1) and ¢ is low-variance Gaussian noise.
Reconstruction into the physical space was obtained via

Tsyn = H + Wznew (6)

configuring a continuous version of the SMOTE concept
adapted to the properties of DP steels [26].

This approach enables sampling exclusively within high-
probability regions observed in the real data, preventing

extrapolation into unrepresented physical domains. Subse-
quently, to further expand the diversity of feasible combi-
nations without disrupting structural correlations, the data
were projected into PCA space and interpolated probabilis-
tically between nearest neighbors—employing a SMOTE-
like strategy for continuous multivariate data—combined
with controlled smooth noise. This step enhances the gen-
eralization potential of the synthetic dataset, particularly in
regions with sparse experimental representation.

After generating the input variables, each synthetic sam-
ple had its outputs

Y= [6 1(1)» €1(2), €1(3), €2(1), €2(2), € 2(3)] (7

predicted by a Random Forest regression model [27],
defined as

:/l/\ = fRF (xsyn) (8)

where frr represents an ensemble of decision trees trained
exclusively with real data.

However, because this step provides an empirical predic-
tion of mechanical response, additional physical corrections
were required to ensure that all synthetic FLCs adhered to
problem-specific constraints. The admissible domain for
Dual Phase steels was defined by

YsS
45 < —= < 9
0,45 < TS < 0,95 )

To guarantee convexity around the plane strain condition,
the following constraints were imposed:

€1(2) <€1(1), €1(2) < €1(3) (10)

and a minimum separation between branches:
€15) —€12) 2 Amin, J € {1,3} (11

Plastic incompressibility was enforced by the approximate
constraint:

€16 —€20) > 0,7 € {1,3} (12)

preventing mechanically infeasible responses.

The quality of the synthetic database was evaluated using
the non-parametric Kolmogorov—Smirnov (KS) test applied
individually to each variable [28]:

~ ~

D = sup, |Fsyn (x) — Frea (x) (13)
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The associated p-value was used to test the null hypothesis

~ ~

HO : Esyn (IE) == Freal (IE) (14)
To ensure statistical rigor, a Bonferroni correction [29] was
applied to account for multiple testing. Considering 12 vari-
ables, a global significance threshold of

0,05
12

*

o = 0,0042

(15)

was required, meaning that the synthetic set was accepted
only when all variables satisfied
Prs > a” (16)
indicating strong statistical indistinguishability between
real and synthetic distributions.

Correlation matrices and PCA projections were also
analyzed, confirming visual overlap and preservation of
structural dependencies between material properties and
mechanical response. The combination of these criteria
resulted in a synthetic dataset that is statistically indistin-
guishable from the original and fully consistent with the
physical relationships inherent to the system studied.

To prevent information recycling between synthetic and
experimental data, a strict separation was enforced between
data generation, model training, and performance evalua-
tion. The real experimental data were used only to calibrate
and statistically validate the synthetic data generator, as well
as for the final inference tests. All training, hyperparameter
tuning, and cross-validation of the artificial intelligence
models were performed exclusively on the synthetic dataset.
Performance metrics (MAE, MSE, and R?) were computed
only from predictions on real experimental data that were
not used during training, ensuring that the reported results
reflect the models’ generalization capability to physical
data. In addition, the synthetic data generation is stochastic
and based on statistically validated multivariate distribu-
tions, which prevents the simple replication or direct inter-
polation of individual experimental points.

This methodology ensures that the synthetic data not
only expand the number of observations available to the
predictive model, but also preserve, in a statistically con-
sistent manner, the physical and metallurgical relation-
ships observed in the experimental data within a physically
admissible domain. In this way, the synthetic data provide a
reliable basis for training artificial intelligence models and
for subsequent scientific analyses, without attributing to
them the ability to independently infer physical causality.

@ Springer

Artificial intelligence model

The selection of the Artificial Intelligence technique must
account for the specific characteristics of the dataset. Form-
ing Limit Curve prediction constitutes a multi-output regres-
sion problem characterized by high nonlinearity and strong
coupling between variables. The available dataset is small,
heterogeneous, and affected by experimental noise. Based
on these constraints, three machine learning techniques
were investigated: Random Forest, XGBoost, and Artificial
Neural Networks.

Random Forest (RF) is a machine learning method based
on an ensemble of multiple decision trees. Each tree is
trained using a random subset of samples and predictors, and
the final output is obtained through voting (for classification)
or averaging (for regression). This approach reduces the risk
of overfitting, which is common in individual trees, thereby
yielding a more robust and accurate model [30]. RF tends
to perform well even on small and heterogeneous datasets
because its random sampling (bagging) strategy increases
diversity among trees and reduces overfitting risk [31].

XGBoost, in turn, uses an ensemble of decision trees
trained sequentially, where each new tree is constructed
to correct the errors of the previous ones. This gradient-
boosting mechanism enables the model to learn subtle and
complex relationships between the input variables and
the multiple outputs of the problem [32]. Unlike Random
Forest—which aggregates independent trees—XGBoost
progressively adjusts the model to minimize a global loss
function, achieving high predictive accuracy even in systems
with non-trivial interactions, such as the one investigated
here. Moreover, XGBoost incorporates internal regulariza-
tion mechanisms that prevent overfitting and enable good
generalization on small and heterogeneous datasets. Its com-
putational efficiency and the ability to automatically weight
variable importance make it particularly powerful for mod-
eling complex metallurgical phenomena with experimental
noise and multiple physical dependencies [33].

The potential of Artificial Neural Networks (ANNs) for
predicting Forming Limit Curves lies in their ability to han-
dle problems involving highly nonlinear relationships and
strong coupling among multiple variables. Inspired by the
functioning of the human brain, ANNs consist of layers of
interconnected neurons that transform input variables into
outputs through adjustable mathematical functions (synap-
tic weights). During training, the network learns to adjust
these weights to minimize the error between predictions
and experimental values, enabling it to capture complex and
subtle patterns even in metallurgical systems with nonlinear
behavior [34].
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In scenarios with small datasets and experimental
noise—common in forming tests—ANNSs require comple-
mentary techniques such as regularization, cross-validation,
and synthetic data augmentation to avoid overfitting. When
properly configured, however, they offer high generalization
capability and can predict multiple outputs simultaneously,
modeling in an integrated manner the plastic behavior and
the influence of material parameters [35]. Thus, ANNSs stand
out as a flexible and powerful approach for representing the
complex behavior of Forming Limit Curves.

The architecture of each model was defined through a
hyperparameter optimization procedure based on an intel-
ligent search strategy, using the minimization of the Mean
Absolute Error (MAE) as the objective function. To pre-
vent bias and overfitting, repeated cross-validation was
employed, increasing the statistical robustness of the esti-
mates—particularly important given the limited number of
real samples. At each iteration of the search, hyperparam-
eters were dynamically adjusted to ensure that the model
achieved maximum performance without loss of generaliza-
tion. Early stopping was implemented as an additional safe-
guard, interrupting training when no further improvements
in validation performance were observed.

Data preprocessing

The raw dataset was subjected to a preprocessing stage to
transform it into a structured and consistent format suitable
for training machine learning models. The input vector was
constructed using a domain-informed feature engineering
approach, combining metallurgical and statistical knowl-
edge. Two main groups of independent variables were
defined:

(i) basic mechanical properties of the material:
t, YS, UTS, UE, n, r;and.

(i1) physics-guided descriptors, obtained from combi-
nations or functional relationships among the origi-
nal variables: UTS/YS, UTS-YS, UE.n, n.r,
UE/t, nIn(UTS/YS)

The concatenation of these two groups resulted in the final
feature vector (feature cols), integrating both raw properties
and higher-order descriptors that are potentially more corre-
lated with the formability phenomenon under investigation.

The problem was formulated as a multi-output regres-
sion, in which the target variables (matrix y) correspond
to the six characteristic points of the Forming Limit Curve
(FLC)—from € 1(1) to € g3) —requiring the models to
simultaneously predict all limit strain values.

The dataset was split into training (80%) and testing
(20%) subsets using the train_test split function from the

Scikit-learn library. Finally, Z-score normalization was
applied using the StandardScaler, ensuring that all attributes
were transformed to have zero mean and unit standard devi-
ation—an essential condition for the stability and efficiency
of the supervised learning algorithms employed.

Evaluation of predictive performance

A quantitative and unbiased evaluation of the predictive
performance of the trained models was carried out using
the test set (X test _scaled, y_test), which was kept com-
pletely isolated throughout the parameter-tuning and train-
ing stages. Each model was used to generate independent
predictions for the test data, allowing a direct comparative
analysis under identical inference conditions.

Predictive performance was quantified using three stan-
dard regression metrics, widely adopted in continuous mod-
eling problems:

(i) Mean Absolute Error (MAE), which measures the aver-
age absolute difference between predicted and observed
values, expressed in the same units as the target vari-
ables and exhibiting robustness to outliers;

(il)) Mean Squared Error (MSE), which computes the aver-
age of squared errors and penalizes larger discrepancies
more strongly; and.

(iii) Coefficient of Determination (R?), an indicator of the
proportion of variance explained by the input variables.

Inference tests

The inference tests constituted the final validation stage of
the models and were performed using data not employed
during training. In this phase, only real experimental data
were used, enabling an assessment of the models’ general-
ization capability and predictive performance under practi-
cal conditions. This stage is essential to verify whether the
models—previously calibrated using the synthetic data-
set—are capable of accurately reproducing the behavior
observed in real measurements, ensuring their applicability
and reliability in predicting the Forming Limit Curves of
Dual Phase steels.

Results and discussion

Analysis of the database

Figure 2 presents the correlation coefficients between the
properties of the evaluated Dual Phase steels and the charac-

teristic points of the Forming Limit Curve (FLC). Uniform
elongation exhibits the strongest positive correlations with

@ Springer
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Fig. 2 Correlation coefficients between the properties of the dual phase steels and the characteristic points of the forming limit curve

the &1 points, particularly € 1(2)and €3, indicating that
global ductility acts as the primary stabilizing factor against
localized necking under plane-strain and biaxial stretching
conditions.

The strain hardening exponent n also shows a marked
positive correlation with e 1(3) reflecting the role of work
hardening in promoting stress redistribution and delaying
the onset of localized instability, in agreement with classical
predictions of the Marciniak—Kuczinski instability model
[36, 37].

In contrast, mechanical strength exerts an opposite effect.
Negative correlations—although of moderate magnitude—
were observed between yield strength, tensile strength, and
€ 2(1) , demonstrating that increases in strength tend to
reduce the material’s formability. This behavior is consis-
tent with the well-established relationship between higher
flow stresses and diminished strain accommodation capac-
ity in sheet metals.

The sheet thickness, in turn, exhibited a significant posi-
tive correlation with the €1 points, confirming the expected
increase in formability with increasing material thickness
[38]. The anisotropy coefficient r showed moderate posi-
tive correlations with € 1(1) and € 3(;)As 7 increases, the
strain paths tend to shift leftward, and higher values of 1
also allow larger €; strains to be achieved in the negative
minor-strain region (¢2 < 0) [39].

@ Springer

The set of relationships observed reveals that the form-
ability of DP steels depends predominantly on the combina-
tion of homogeneous ductility and strain hardening capacity,
whereas higher strength tends to reduce the forming limit,
particularly under more critical strain paths. In addition,
thickness plays a complementary role in controlling insta-
bility. The physical coherence of the correlations obtained
reinforces the adequacy of the selected variables as input
descriptors for developing machine-learning-based predic-
tive models of the FLC.

Given the use of synthetic data, assessing the statistical
adherence to real data becomes essential. Figure 3 shows
the histograms of the input variables in the database. The
distributions of the input variables were well preserved—
and even expanded—in the synthetic dataset. This is essen-
tial for Al models, as it ensures that the model does not learn
only the patterns present in the real samples but also gains
sufficient variability to generalize effectively to unseen data.

The synthetic thickness distribution closely follows the
real distribution, with the inclusion of a few intermediate
combinations that do not lead to undue extrapolation. This
added variability benefits the training of machine-learning
models while remaining within the typical thickness range
for the material.

The YS and UTS values exhibit a more dispersed dis-
tribution in the synthetic dataset. This broader spread
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Fig. 3 (continued)

improves generalization by allowing the Al model to better
capture the nonlinear relationships between yield strength
and tensile strength, a common feature in high-strength
metallic alloys. For Al applications, such dispersion helps
mitigate overfitting—an issue frequently encountered in
small experimental datasets.

The synthetic dataset does not extrapolate beyond the
physical domain of the experimental data, but rather pro-
vides a statistical densification of the already observed
space. For all variables, the synthetic values remain con-
fined within the envelope defined by the real data and by
the physically admissible ranges for Dual Phase steels in the
DP580-DP780 classes. The apparent increase in dispersion
in the synthetic dataset results from the continuous filling
of intermediate regions between experimental points, rather
than from the generation of combinations outside the exper-
imental domain. This densification of the sample space
allows the machine learning models to more fully explore
the nonlinear correlations between mechanical properties
and formability, while simultaneously preserving the physi-
cal limits of the problem.

Figure 4 displays all FLCs from both the synthetic and
real databases. The distribution of the synthetic curves
follows the behavior of the real curves, with a controlled
expansion of variability to ensure that the machine-learning

@ Springer
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model is exposed to sufficient diversity to generalize effec-
tively. The dispersion remains confined to physically plausi-
ble regions and does not extrapolate into unrealistic forming
behaviors.

Table 4 presents the results of the Kolmogorov—Smirnov
(KS) test for each variable in the synthetic database. All
variables, both inputs and outputs, exhibit p-values higher
than 0.0042 after the Bonferroni correction. This indicates
that there is no statistical evidence to reject the null hypoth-
esis; in other words, the real and synthetic distributions are
considered indistinguishable at the 5% significance level
when accounting for multiple testing.

Table 4 Kolmogorov—Smirnov (KS) test results for each variable in
the synthetic database

Variable KS-stat p-valor Bonferroni
p*12)
Thickness, ¢ [mm] 0.1407 0.9496 1.0000
Yield Strength, Y'.S [MPa] 0.1547 0.9018 1.0000
Ultimate Tensile Strength, UT'S ~ 0.2673  0.3138  1.0000
[MPa]
Uniform elongation, U E[%] 0.2660 0.3196 1.0000
Strain Hardening Exponent, n [-]  0.1980 0.6786 1.0000
Anisotropy Index, r [-] 0.2700  0.3031  1.0000
€1(1) 0.3313  0.1201  1.0000
€1(2) 0.2220 0.5387  1.0000
€1(3) 0.3333 0.1161  1.0000
€2(1) 0.4260 0.0192 0.2304
€2(2) 0.0000 1.0000 1.0000
€2(3) 0.3113  0.1659 1.0000

@ Springer

Minor principal strain, €, [—]

The variable € (1) exhibits a p-value of 0.0192 and
a Bonferroni-adjusted value of 0.2304. Although it is the
only p-value below 0.05, it remains well above the criti-
cal threshold of 0.0042; therefore, there is no evidence to
reject distributional similarity. This variable showed greater
sensitivity to the initial physical projections. Consequently,
a complementary probabilistic equalization step was per-
formed using conditional quantile mapping, incorporating
the combined effects of UE, n, and r on the statistical posi-
tioning of this specific FLC point. This strategy softened
the probability accumulation near the numerical boundar-
ies imposed by the physical repairs while preserving the
physical linkage to global ductility, avoiding rigid caps that
would artificially reduce the original variance. As a result,
an appropriate balance between physical consistency and
statistical variability was achieved.

The analysis of the Empirical Cumulative Distribution
Function (ECDF) plots (Fig. 5) for the synthetic database
variables enables a detailed assessment of the quality
of the generated data. The ECDF curves reveal that the
cumulative distributions of the synthetic data closely fol-
low those of the real data. This indicates that the synthetic
database was generated in a manner that preserves the fun-
damental statistical properties of the variables observed in
the real dataset.

The real and synthetic curves exhibit extensive overlap,
demonstrating that the synthetic samples are distributed
very similarly to the real ones, without significant distor-
tions or extrapolation into regions not supported by the
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original data. This behavior is particularly important, as it
shows that the synthetic dataset successfully captures the
natural variability present in the real measurements without
introducing bias or modeling artifacts.

The Principal Component Analysis (PCA) plot (Fig. 6)
provides a view of the multivariate distribution of the data in
the reduced space of the first two principal components. This
plot is intended to assess the preservation of multivariate
structure and the degree of similarity between the real and
synthetic data. The dispersion of points shows that the syn-
thetic samples do not deviate significantly from the real ones,
suggesting that the synthetic data generation procedure was
successful in maintaining the global variability observed in
the real variables. This is crucial to ensure that the synthetic
database provides a robust foundation for training Al models
without introducing bias or distortions into the dataset.

0.20
Strain Hardening Exponent, n [-]

080 085 0.90 1.00

Anisotropy Index, r [-]

0.22 0.24

o
%
o

0.75 0.95

Random forest (RF) model

The Random Forest (RF) model was developed with the
objective of serving as a reference (baseline) approach for
the simultaneous prediction of the six characteristic points
of the Forming Limit Curve (FLC). Because the random
forest algorithm does not natively support multi-output pre-
diction, an encapsulation strategy was adopted to enable
multi-output regression. In this configuration, an indepen-
dent model was trained for each target variable, resulting in
six distinct forests, all based on the same underlying archi-
tecture but individually adjusted according to their respec-
tive output vectors. This approach allows the method to
treat each characteristic FLC point autonomously, avoiding
cross-coupling between responses and preserving both the
stability and computational simplicity of the model.
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ing principle of the Random Forest model applied to the
prediction of the Forming Limit Curve (FLC). The diagram
. illustrates the flow of information from the input database
o

to the generation of the final predictions of the limit strains
PO oF (g1 and £3).

The methodology consists of forming an ensemble of
independent decision trees, denoted Ry, Ras,..., Ripg each
trained with different randomly selected subsets of data

- and variables. This variability introduced into each tree is
° essential for increasing the diversity of the individual mod-
o 5 els, reducing the correlation among them and, consequently,

° lowering the risk of overfitting.
—i%0 =50 0 50 100 150 During inference, each tree independently predicts the

Second Principal Component, PC2 [-]

FLC values. The individual predictions are then aggregated
through arithmetic averaging, resulting in a more stable and

Fig. 6 Principal Component Analysis
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Fig. 7 Operating principle of the XGBoost model applied to the prediction of the forming limit curve (FLC)

accurate final response. This combination strategy, charac-

t

eristic of ensemble learning, allows the model to robustly

capture nonlinear and complex relationships between the
material properties and its limit formability behavior.

Each forest was composed of 100 decision trees, whose

predictions were combined by arithmetic mean. This con-
figuration ensures a high capacity to model nonlinearities
while simultaneously reducing the variance of the estimates.
Procedures were adopted to ensure reproducibility of the
results and to exploit parallel processing, optimizing train-
ing time even in a multi-output scenario.

XGBoost model

The final architecture of the XGBoost model developed
for predicting the Forming Limit Curve (FLC) adopted a
multi-target configuration, which demonstrated superior
performance after systematic hyperparameter optimization.
The model is composed of six independent regressors, each
responsible for estimating one characteristic point of the
FLC, trained simultaneously.

Figure 8 schematically illustrates the operating princi-

ple of the XGBoost model applied to FLC prediction. The
method consists of an ensemble of weak learners (deci-
sion trees) trained iteratively, where each tree is fitted to

the residuals of the accumulated model and then combined
through a weighted sum.

From the input database, the algorithm sequentially con-
structs different decision-tree models, represented by the
intermediate blocks associated with Dy, Ds, ..., D,,.Each
set D; symbolizes the state of the data at a given boosting
iteration — that is, the residual information (errors) that
guides the training of the next tree to correct the deficien-
cies of the previous one. The weights assigned to each tree
within the ensemble, Wy, Ws, ..., W, areupdated during
training according to the contribution of each estimator to
the reduction of the global loss.

The final multi-target architecture of the XGBoost model
for Forming Limit Curve prediction was configured with
a maximum tree depth of 3, which helped limit the com-
plexity of the internal partitions and consequently reduced
the risk of overfitting in an inherently small dataset. A total
of 3000 sequential decision trees were used as estimators,
favoring incremental knowledge construction and allowing
subtle nonlinear patterns between the steel properties and
the characteristic FLC points to be progressively captured.
The learning rate was set to a moderately low value (0.03),
ensuring that each new estimator performed fine-grained
corrections on the residuals of the previous model, with sig-
nificant impact on training stability.
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Regarding regularization, the L2 (A =10) and
L1 (o = 0.2) penalties acted jointly to restrict excessively
large leaf weights, controlling model complexity and pre-
venting noisy or atypical values in the synthetic dataset
from causing artificial extrapolations. Additionally, stochas-
tic subsampling strategies were employed, using 92% of
the records for each tree and 79% of the available features
per split. These measures substantially increase structural
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the typical structure of a multilayer feedforward network
(Multilayer Perceptron — MLP), consisting of an input layer,
multiple hidden layers, and a multivariate output layer.

In the input layer, the model receives the attributes of
the dataset (material properties and physics-guided descrip-
tors). The hidden layers constitute the core of the learning
process. Each neuron in these layers performs a nonlinear
transformation of the inputs through its activation function,
enabling the network to model the complex and strongly
nonlinear behaviors characteristic of plastic deformation
processes. The number of layers and neurons was tuned to
balance learning capacity and generalization.

The output layer contains six linear neurons, correspond-
ing to the six characteristic points of the FLC, such that the
network performs a multi-output regression, simultaneously
predicting all limit strain values.

The final ANN architecture consists of fully connected
layers, using the Rectified Linear Unit (ReLU) activation
function in the hidden layers and linear activation in the out-
put layer, which is appropriate for continuous target vari-
ables. The model comprises three hidden layers with 256,
128, and 64 neurons, designed to capture highly nonlinear
patterns and complex interactions among the input variables.

The model was optimized using the Adam algorithm and
trained with the Mean Absolute Error (MAE) loss function,
selected for its robustness to outliers and its direct physical
interpretability. Training was limited to 200 epochs, with
an Early Stopping strategy implemented to prevent over-
fitting. The validation metric (mean absolute error on the
validation set) was monitored at every epoch, and training
was automatically halted if no improvement occurred for
20 consecutive iterations. In such cases, the weights corre-
sponding to the best validation performance were restored.
This regularization strategy provided enhanced stability and
generalization capability in the presence of variability and
experimental noise within the dataset.

Fig. 10 Distribution of absolute
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Figure 10 presents the distribution of absolute errors for the
three evaluated models at the main characteristic points of
the Forming Limit Curve (FLC). Overall, all models exhibit
low error magnitudes, indicating good generalization capa-
bility in predicting the FLC. However, important differences
arise when examining specific regions of the curve and the
behavior of each model.

At the points associated with regions € 1(2) and € (3, @
larger dispersion of errors and a higher occurrence of outli-
ers are observed. This reflects the intrinsic complexity of
these transitional zones of the material’s limit behavior,
where small experimental uncertainties lead to greater vari-
ability in the positioning of the curve points. In contrast,
the € 1(1) points exhibit substantially lower errors and more
compact distributions, indicating greater physical and pre-
dictive stability in these regions.

Figure 11 provides a direct comparison of the Mean
Squared Error (MSE) among the three models. The
extremely low MSE values — on the order of 10 for all
models—reinforce that each method adequately captures
the relationships between the input variables and the char-
acteristic points of the Forming Limit Curve.

The comparative analysis reveals marked performance
differences. The Random Forest model displays the most
consistent behavior among the evaluated techniques, with
MAE=0.0052, lower medians, and reduced interquartile
ranges across nearly all points analyzed. It also presents the
lowest MSE (0.00011), underscoring its favorable combina-
tion of low variance and robustness to experimental noise.
This characteristic is particularly relevant in metal forming
studies, where small fluctuations in testing conditions fre-
quently introduce systematic uncertainties.

The XGBoost model exhibits intermediate performance,
with an MAE of 0.0062 and medians close to those of the
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Fig. 11 Mean squared error values for the three evaluated models

Random Forest. However, it shows a greater tendency to
produce extreme values in critical regions such as ¢ 1(g).
This behavior is consistent with the iterative nature of
boosting, which emphasizes residual errors and therefore
becomes more sensitive to local fluctuations in the data. Its
MSE (0.00012) is slightly higher than that of the Random
Forest, although still very close, indicating that the model is
capable of capturing complex relationships within the data-
set, but with somewhat lower statistical stability.

The Neural Network, in turn, although producing medi-
ans comparable to those of the tree-based approaches,
exhibits an MAE of 0.0092 and a higher number of outli-
ers, particularly at the points € 1(2), €2(1), and € 5(3y.This
greater dispersion suggests a tendency toward overfitting,
even after hyperparameter optimization, likely due to the
limited amount of data available to train a relatively deep
architecture. Consequently, the network’s MSE (0.00024) is
approximately twice that of the ensemble models, indicat-
ing greater difficulty in generalizing from the experimental
dataset. Such behavior is typical when the complexity of
the network exceeds the amount of information available,
leading the model to memorize specific patterns from the
training set at the expense of global predictive capability.

The R? values presented in Fig. 12 reveal clear differences
in the generalization capability of the evaluated models. The

0.8
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0.4

R-squared, R? [-]

0.2

0.0
XGBoost ANN

Random Forest

Fig. 12 Coefficient of determination values for the three evaluated
models
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Random Forest exhibits the best overall performance, with
R? = 0.943, indicating that the model explains more than
94% of the total variability associated with the characteristic
points of the Forming Limit Curve. This result corroborates
the robustness observed in the other metrics—particularly
the low absolute errors and the smallest MSE—reinforcing
that the Random Forest efficiently captures both the nonlin-
earities and the interactions among the input variables.

The XGBoost model achieves an R? =0.9336, very close
to the Random Forest, demonstrating similarly high predic-
tive performance. The slight difference between the two
models is consistent with the trends observed in the error
distributions. XGBoost shows slightly greater sensitivity to
experimental noise, which is reflected in the small reduc-
tion in explanatory power. Nevertheless, it remains a highly
effective model, capable of accurately reproducing the over-
all geometry of the FLC.

The neural network, in contrast, attains an R? = 0.717,
substantially lower than the ensemble-based models. This
value indicates that approximately 28% of the total vari-
ability remains unexplained, which aligns with its higher
MSE and the greater dispersion observed in the boxplots.
This reduced performance reflects the typical limitations
encountered when the dataset size is relatively small for a
deep architecture, favoring overfitting and reducing gener-
alization capability.

The inference tests further support the conclusions
drawn from the previously analyzed metrics. Figure 13
shows the absolute error distributions for the three mod-
els, revealing distinct statistical patterns. In all cases, the
distribution exhibits positive skewness, with a strong con-
centration of predictions near zero error and a long tail
associated with more discrepant estimates. This behavior
is characteristic of regression models in which most obser-
vations are well represented.

For the Random Forest, the error distribution is the most
concentrated among all evaluated models. A clearly defined
peak is observed at values below 0.005, followed by a rapid
decline in frequency as the error increases. The tail is less
pronounced and virtually nonexistent above 0.03. Such
behavior indicates that the Random Forest not only provides
low average error but also displays high statistical consis-
tency, with limited variability and few extreme deviations.
The estimated density reinforces the presence of a single
well-defined mode, suggesting strong stability across the
entire FLC domain.

The XGBoost model exhibits a similar distribution, but
with slightly greater dispersion and a more frequent occur-
rence of errors in the range of 0.01 to 0.03. The estimated
density shows a smoother profile, with a mode also located
at very low values, yet accompanied by a longer tail com-
pared to the Random Forest. This behavior confirms that
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Fig. 13 Absolute error distributions of the models in the inference tests

XGBoost maintains strong predictive capability but is more
sensitive to local irregularities and noise within the data.
The Neural Network presents the most dispersed error
distribution among the evaluated models. Although it also
exhibits a mode near zero, the frequency of errors above
0.01 is considerably higher, and the tail extends to values
exceeding 0.08. The density curve is noticeably flatter,
indicating reduced concentration of errors around the mean
and increased variability. This pattern is typical of models
affected by overfitting or constrained by insufficient data
volume to adequately learn the complexity of the problem.
From a statistical inference perspective, the observed
differences among the distributions indicate that the Ran-
dom Forest is the most robust model—not only because
it delivers the lowest mean error, but also because it dem-
onstrates lower variance, reduced skewness, and lighter

tails. XGBoost closely follows this behavior, though with a
slightly higher propensity for moderate errors. The Neural
Network, by contrast, displays a distribution with greater
variability and a heavier tail, reflecting inferior performance.

Figure 14 presents examples of FLCs from the infer-
ence test set. The examples presented show curves with
significantly different behaviors, yet all models were able
to accurately reproduce the characteristic geometry of the
Forming Limit Curve (FLC), preserving its convexity, the
separation between the deformation branches and the evolu-
tion of the limiting strains along the different loading paths.
A systematic tendency toward underestimation of the FLC
is observed for materials with high ductility, characterized
by high UEn values, while slight overestimation occurs for
combinations with higher mechanical strength and lower
strain redistribution capability. This behavior reflects the
physical balance between strain hardening and strain local-
ization. More ductile materials can redistribute stresses for
longer before necking, whereas stronger materials with
lower strain-hardening capacity tend to localize deforma-
tion earlier. Since the highest data density is concentrated in
the intermediate region of the property space, the extremes
of this domain are naturally more difficult to model with
absolute accuracy.

These results demonstrate that model performance
depends not only on mathematical approximation capabil-
ity, but also on the interaction between data distribution,
property-space complexity, and the physical mechanisms
governing plastic instability. In this context, tree-based
ensemble methods proved particularly suitable for captur-
ing nonlinear relationships and variable interactions while
maintaining high statistical stability.

Conclusions

This work demonstrated that Artificial Intelligence tech-
niques can accurately predict the Forming Limit Curve (FLC)
of Dual Phase steels using only uniaxial tensile properties,
substantially reducing the need for extensive experimental
testing. The construction of a physics-guided synthetic data-
base, validated through Kolmogorov—Smirnov tests, ECDF
analyses, and PCA projections, ensured the preservation of
real data distributions and essential metallurgical correla-
tions, providing a robust foundation for model training.
Among the evaluated techniques, tree-based mod-
els exhibited superior performance. Random Forest was
the most robust and accurate model (MAE=0.0052;
MSE=0.00011; R?=0.943), closely followed by XGBoost.
Both methods faithfully captured the geometry of the FLC
across different strain paths and exhibited lower variability
in prediction errors. The Neural Network, although capable
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Fig. 14 Examples of FLCs from the inference test set [18]

of reproducing the overall curve shape, presented greater
dispersion and reduced generalization capacity due to the
limited amount of available data.

The results confirm that the combination of physics-guided
descriptors, statistically controlled synthetic data generation,
and ensemble models constitutes an efficient, reproducible,
and physically coherent strategy for modeling the forming
limits of AHSS steels. The proposed methodology can be
incorporated into industrial stamping-process design work-
flows, accelerating the evaluation of new materials. Future
perspectives include extending the framework to other AHSS
classes, incorporating microstructural information, and adopt-
ing methods capable of quantifying predictive uncertainties.

@ Springer
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