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Abstract. The quality and dimensional accuracy of sheet metal components are strongly influenced 
by various sources of uncertainty, including variations in material properties, tool geometry and 
process parameters. Determining the specific source responsible for deviations in bending outcomes 
is usually costly and time-consuming, especially in industrial settings where numerous factors 
interact. In this study, a machine learning framework that can detect and quantify the impact of 
uncertainties in both air and bottom bending processes is presented. A dataset comprising forming 
results such as bending angles, final thickness and measured deviations, is used to train two neural 
network metamodels (one for each process) that link input uncertainties to process outcomes. The 
predictive performance of these models was evaluated using different metrics achieving high 
predictive accuracy, with coefficients of determination close to 1 for most uncertainty sources in air 
bending and values above 0.95 for the majority of parameters in bottom bending. These results 
demonstrate the capability of the methodology to reliably identify dominant sources of uncertainty 
and support robust process optimization. 

Introduction 
In sheet metal forming, the central challenge is ensuring that a part can be formed reliably across 
repeated production cycles. Experience in the industry shows that parts which are nominally identical 
in terms of geometry, tooling and process parameters can still exhibit significant variation in terms 
of final shape, thickness distribution and failure location [1,2]. This variability is an intrinsic 
characteristic of forming operations driven by unavoidable fluctuations in material properties, surface 
conditions, tool wear and machine behaviour. Consequently, predictive models that aim solely for 
nominal accuracy often prove inadequate when moved from controlled environments to real 
manufacturing systems [3]. From this perspective, it’s required to understand how sensitive a process 
is to perturbations, which parameters dominate variability and how robust a given tool or process 
design is under realistic operating conditions [4]. This requirement is particularly important in sheet 
metal forming, where plastic instability, elastic recovery and contact-driven effects coexist [5]. 

Finite element analysis (FEA) remains an indispensable tool as it provides detailed insights into 
stress and strain evolution. However, FEA is computationally demanding [6] and ignores the role of 
uncertainty and its influence on the forming results. Consequently, decisions driven by FEA often 
rely on limited scenarios, implicitly assuming that unmodelled variability is negligible, an assumption 
that can be costly in production environments [7]. In this context, uncertainty quantification (UQ) 
emerged as a key tool, enabling input variability to be propagated through numerical models and 
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output dispersion to be quantified. Rather than providing deterministic forming results, UQ-based 
analyses deliver probabilistic results and sensitivity rankings [8]. This enables engineers to assess 
risk, compare alternative designs, and identify which parameters should be more accurately 
characterized and controlled.  

However, the application of UQ-based analyses is generally associated with a high computational 
cost, which limits their applicability. This has motivated the development of data-driven surrogate 
models [9,10]. Machine learning models trained on numerical or hybrid numerical–experimental 
datasets have demonstrated an ability to approximate complex forming outcomes at a negligible 
evaluation cost [11,12]. These models facilitate more extensive parameter studies, real-time 
prediction, and integration with optimization or control frameworks [13], while also making detailed 
physical simulations more accessible in industrial practice, even for operators without specialized 
expertise [14]. Furthermore, the speed and accessibility of surrogate models enable their integration 
with in-process data, allowing real-time updates of process states and adaptive control strategies 
[15,16]. Despite these advances, significant challenges remain. Surrogate models must generalize 
reliably beyond the conditions encountered during training; uncertainty analyses must be feasible for 
industrial-scale problems; and the trade-off between model accuracy and decision quality must be 
carefully managed [17]. Addressing these challenges requires integrated methodologies that treat 
variability as a primary modelling objective rather than a secondary concern. 

The present work explores the use of Machine Learning to detect the uncertainty factors causing 
deviations in the final formed part. The goal is to establish a relationship between the forming results 
and the uncertainty factors. This will enable the introduction of forming results into the machine 
learning model to predict the source of defects in the final part and identify those that are out of an 
acceptable range. The proposed strategy is demonstrated for the air and bottom bending processes. 
Initially, a numerical database was generated, consisting of forming results obtained from numerical 
simulations under varying uncertainty sources associated with tools parameters. Next, two neural 
network algorithms were trained to link each uncertainty to the forming results of the bending 
processes. The approach was validated using unseen data, and its performance was evaluated using 
different metrics. 

Numerical Model 
The numerical model of this forming process consists of two tools, the punch and the die, whose 

relevant parameters are identified in Fig. 1 and will be further explored in detail. 
 

 
Fig. 1. Parameters considered in the bending processes. 
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For this work, a dual phase steel “DP600” was considered. The plastic behaviour is described by 
the Hill’48 orthotropic yield criterion [18] and the Swift hardening law [19]. The Hill’48 orthotropic 
yield criterion is defined as follows: 

𝐹𝐹�𝜎𝜎𝑦𝑦𝑦𝑦 − 𝜎𝜎𝑧𝑧𝑧𝑧�
2 + 𝐺𝐺(𝜎𝜎𝑧𝑧𝑧𝑧 − 𝜎𝜎𝑥𝑥𝑥𝑥)2 + 𝐻𝐻�𝜎𝜎𝑥𝑥𝑥𝑥 − 𝜎𝜎𝑦𝑦𝑦𝑦�

2 + 2𝐿𝐿𝜏𝜏𝑦𝑦𝑧𝑧2 + 2𝑀𝑀𝜏𝜏𝑥𝑥𝑧𝑧2 + 2𝑁𝑁𝜏𝜏𝑥𝑥𝑦𝑦2 = 𝑌𝑌2, (1) 

where 𝑌𝑌 is the yield stress, 𝐹𝐹, 𝐺𝐺, 𝐻𝐻, 𝐿𝐿, 𝑀𝑀 and 𝑁𝑁 are the parameters that define the shape of the yield 
surface, and 𝜎𝜎𝑥𝑥𝑥𝑥, 𝜎𝜎𝑦𝑦𝑦𝑦, 𝜎𝜎𝑧𝑧𝑧𝑧, 𝜏𝜏𝑥𝑥𝑦𝑦, 𝜏𝜏𝑥𝑥𝑧𝑧 and 𝜏𝜏𝑦𝑦𝑧𝑧 are components of the Cauchy stress tensor, written in 
the orthotropic coordinate system 𝑂𝑂𝑥𝑥𝑦𝑦𝑧𝑧. In this work, it is assumed that 𝐿𝐿 = 𝑀𝑀 =  1.5 (identical to 
von Mises) and 𝐺𝐺 + 𝐻𝐻 =  1, meaning that the hardening curve, 𝑌𝑌(𝜀𝜀̅𝑝𝑝), is comparable to the uniaxial 
tensile stress aligned with the rolling direction. The evolution of yield stress with plastic deformation, 
𝑌𝑌, is described by the Swift hardening law:  

𝑌𝑌 = 𝐾𝐾 (𝜀𝜀0 + 𝜀𝜀𝑝̅𝑝)𝑛𝑛, (2) 

where 𝐾𝐾, 𝜀𝜀0 and 𝑛𝑛 are material constants, and 𝜀𝜀𝑝̅𝑝 is the equivalent plastic strain. The constitutive 
parameters of the DP600 material were characterized in [20] and are presented in Table 1. 
 

Table 1. Constitutive parameters of the DP600 material characterized in [20]. 

𝐹𝐹 𝐺𝐺 𝐻𝐻 𝑁𝑁 𝑟𝑟0 𝑟𝑟45 𝑟𝑟90 

0.506 0.59 0.41 1.572 0.695 0.935 0.812 

𝑛𝑛 𝑌𝑌0 [MPa] 𝐾𝐾 [MPa] 𝐸𝐸 [GPa] 𝑣𝑣   

0.1426 430.5 975.73 210   0.3   

 
The friction between the tools and the blank was assumed to be described by Coulomb’s law with 

a constant friction coefficient, 𝑀𝑀𝑢𝑢. Contact uses the augmented Lagrangian method. The blank is 
discretized with 30576 (8-node hexahedral solid) elements, with 6 elements in thickness, combined 
with a selective reduced integration technique [21]. The tools are modelled as rigid bodies described 
by Bézier surfaces, with all displacements fully constrained except for the punch, which is allowed 
to move along the z-axis. The numerical simulations were performed using the software DD3IMP 
(Deep Drawing 3D Implicit Code), which uses an updated Lagrangian scheme to integrate the 
constitutive law in an implicit way. Each air bending simulation took an average of 10 minutes and 
the bottom bending simulation an average of 35 minutes to complete on computers equipped with an 
Intel® Core™ i7-13900K processor (5.8 GHz). 

Uncertainty Model 
The numerical simulations of the two processes were conducted by systematically varying the 

considered parameters (presented in Table 2) following a Sobol sequence [22], allowing a better 
representation of the input space. The uncertainty parameters (that will be the output of the models 
and were presented in Fig.1) are the radius of the punch (𝑟𝑟𝑝𝑝), the punch displacement (𝑃𝑃𝑑𝑑), the punch 
angular misalignment in relation to the blank (𝜃𝜃), the superior die radius (𝑟𝑟𝑠𝑠𝑑𝑑), the die bottom radius 
(𝑟𝑟𝑑𝑑) and the length of the die (𝑉𝑉). For the air bending process the parameter (𝑟𝑟𝑑𝑑) is not an output value 
as the blank does not reach the bottom part of the die. Similarly, for the bottom bending process the 
punch displacement (𝑃𝑃𝑑𝑑) is not an output value as this parameter is fixed, the punch moves until it 
reaches contact with the bottom part of the die (for the air bending process it is defined as a percentage 
of the full possible punch displacement). The superior die radius (𝑟𝑟𝑠𝑠𝑑𝑑), is also not considered in the 
bottom bending as it has very low influence in the final part geometry. In Table 2 the interval of 
variation of these parameters is presented. 
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Table 2. Minimum and maximum values for the uncertainty sources. 

 𝑟𝑟𝑝𝑝 [mm] 𝑃𝑃𝑑𝑑  [%] 𝜃𝜃[˚] 𝑟𝑟𝑠𝑠𝑑𝑑 [mm] 𝑟𝑟𝑑𝑑 [mm] 𝑉𝑉 [mm] 

𝑚𝑚𝑚𝑚𝑛𝑛 0.5 0.45 -0.75 3.5 0.5 24 
mean 1.0 0.50 0 4 1.0 25 
𝑚𝑚𝑚𝑚𝑚𝑚 1.5 0.55 0.75 4.5 1 26 

Machine Learning Approaches 
In this work a machine learning approach is used to detect the uncertainty source based on the 

forming results of the bending processes. Once the models are constructed (one model per process) it 
will be possible to predict the uncertainty value based on the deviations of the forming results. The 
dataset used to train the models was generated by gathering the results of the numerical simulations. 

Air Bending 
For the air bending process a total of 3000 simulations were performed following the Sobol 

sequence as described above. The forming results (inputs) considered were the initial thickness of the 
blank (𝑡𝑡0), the final thickness measured in the exact center of the part  (𝑡𝑡𝑓𝑓), the die bottom radius (𝑟𝑟𝑑𝑑), 
the inner radius (𝑟𝑟𝑖𝑖) and external radius (𝑟𝑟𝑒𝑒) of the final part evaluated in both sides. Additionally, the 
die opening angle (𝛼𝛼𝑑𝑑), the final part angle (𝛼𝛼𝑓𝑓) (after springback) in both sides of the part were also 
considered. In Fig. 2 the parameters that depend on the final geometry of the part are presented. A 
total of 32 force values, uniformly distributed along the punch displacement up to the maximum 
simulated displacement, were considered. In total, the dataset consisted of 42 inputs and 5 outputs 
(the punch angular misalignment in relation to the blank (𝜃𝜃), punch radius (𝑟𝑟𝑝𝑝), the punch 
displacement (𝑃𝑃𝑑𝑑), the superior die radius (𝑟𝑟𝑠𝑠𝑑𝑑) and the length of the die (𝑉𝑉)). 

 
Fig. 2. Geometry parameters considered in the dataset. 

A multi-output deep neural network was developed using TensorFlow/Keras to predict multiple 
process parameters simultaneously. The dataset was split into training and testing subsets with an 
85/15 ratio, and all features and targets were standardized using StandardScaler to improve 
convergence during training. The network architecture consists of an input block with 512 units and 
a hyperbolic tangent (tanh) activation function. The hidden block includes three main fully connected 
layers with 512, 128, and 256 neurons, respectively, each using the Scaled Exponential Linear Unit 
(SELU) activation. Each target variable is predicted through an independent linear output head, 
enabling multi-output regression with separate loss functions. The model was optimized using the 
Adam algorithm with a learning rate of 7.01 × 10−5. The network was trained for 2000 epochs and 
the hyperparameters were selected through a randomized search over multiple configurations, 
including variations in layer sizes, activation functions, dropout rates, and optimizer choices. Early 
stopping and learning rate reduction were employed during this search to prevent overfitting and 
improve convergence.  
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Bottom Bending 
For the bottom bending process, a total of 2025 simulations were carried out. The database consisted 
of the initial thickness of the blank (𝑡𝑡0), the final thickness measured in the exact center of the final 
part (𝑡𝑡𝑓𝑓), a total of 38 force values (measured in intervals of 0.3 mm of punch displacement, the 
maximum displacement was 11.4 mm), the inner (𝑟𝑟𝑖𝑖) and external (𝑟𝑟𝑒𝑒) radius of the final part for both 
sides. Additionally, the die angle (𝛼𝛼𝑑𝑑) and the final part angle (𝛼𝛼𝑓𝑓) (after springback) on both sides 
of the part were considered. In total, the dataset comprised 48 inputs and 4 outputs (the punch angular 
misalignment in relation to the blank (𝜃𝜃), punch radius (𝑟𝑟𝑝𝑝), the die bottom radius (𝑟𝑟𝑑𝑑) and the length 
of the die (𝑉𝑉)).  

A second multi-output deep neural network was developed using TensorFlow/Keras to predict the 
four mentioned output parameters. As in the previous model, the data were split into training and 
testing subsets with an 85/15 ratio and features and targets were standardized using StandardScaler. 
The network architecture is similar to the previous model, consisting of an input block followed by 
multiple hidden layers and a final output block. The input layer contains 1536 units with a hyperbolic 
tangent (tanh) activation function. Three hidden layers were included with 512, 512, and 128 neurons, 
respectively, using SELU activation. The key difference lies in the output layer. This network uses a 
single output layer with four neurons, each neuron predicting one of the target variables 
simultaneously. This approach allows simultaneous multi-output regression but applies the loss 
function globally rather than individually to each target. The network was optimized using the Nadam 
algorithm with a learning rate of approximately 1 × 10−4, and mean squared error (MSE) was used 
as the loss function with mean absolute error (MAE) as an evaluation metric. Training was conducted 
for 2000 epochs and hyperparameters were selected through a randomized search, similarly to the 
previous model, exploring variations in layer sizes, activation functions, dropout rates, and optimizer 
choice. While both models address a multi-output regression problem, the first adopts a multi-head 
architecture with independent output layers and losses for each target, whereas the second employs a 
single shared output layer, jointly optimizing all target variables within a unified loss function. This 
choice was made to explore potential differences in the predictive performance of the two 
architectures, and to investigate whether modelling the outputs independently or jointly better 
captures the relationships among the target variables. 

Results 
This section presents the results of the predictions of the uncertainty sources values based on the 
forming results of the bending processes. After the simulations, the forming results were input into 
the trained models to assess their predictive performance. Fig. 3 (air bending) and Fig.4 (bottom 
bending) show a comparison between the real and predicted values of the uncertainty source based 
on the forming results from the test set (15% of the total number of simulations). To quantify the 
predictive performance of the models the Mean Absolute Error (MAE), Root Mean Squared Error 
(RMSE), and the coefficient of determination (R²) were calculated for each parameter. It can be 
concluded that in the air bending process three parameters (punch angular misalignment, punch 
displacement and die length) show a very high coefficient of determination, almost 1, as the model 
can predict the real value of the parameter in almost every test sample. For the punch and superior 
die radius the coefficient of determination is lower, around 0.95, but still at a high value, showing 
great accuracy overall. For the bottom bending process, the results show an inferior performance as 
the die length parameter gets down to a coefficient of determination of 0.92. The other parameters 
still show results above 0.95 and therefore a good prediction performance overall. The MAE and 
RMSE metrics follow the same tendency as the R². 
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Fig. 3. Predicted and real values for the uncertainty sources in air bending: (a) θ; (b) rp; (c) Pd;  
(d) rsd; (e) V.  
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Fig. 4. Predicted and real values for the uncertainty sources in bottom bending: (a) θ; (b) rp;  
(c) rd; (d) V. 

Conclusions 
This work proposes a methodology to identify the sources of uncertainty responsible for possible 
deviations in the forming results of the final part both in the air bending and the bottom bending 
process, namely radius of the punch (𝑟𝑟𝑝𝑝), the punch displacement (𝑃𝑃𝑑𝑑), the punch angular 
misalignment in relation to the blank (𝜃𝜃), the superior die radius (𝑟𝑟𝑠𝑠𝑑𝑑), the die bottom radius (𝑟𝑟𝑑𝑑) and 
the length of the die (𝑉𝑉). It uses machine learning to build models (one per process) to establish 
relationships between the forming results and the uncertainty sources. Artificial Neural Networks 
were constructed based on a dataset consisting of numerical results from the bending processes and 
the values of the uncertainties in that simulation. The performance of the models was evaluated, and 
the hyperparameters were defined to achieve maximum model performance. For both processes, all 
predicted outputs reached a coefficient of determination (R2) over 0.9 with parameters such as the 
punch angular misalignment reaching a score near 1. This work addresses the limitations of surrogate 
models in bending processes by linking uncertainties in the process and tool geometry to defects in 
the final part. This provides accurate predictions to support process optimization and robustness 
control in industrial applications. Future studies will explore alternative modelling strategies, such as 
different model types or a classification-based framework, and the methodology will undergo 
experimental validation. 
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