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Abstract. Air bending is a critical operation in the metalworking industry, where dimensional 
accuracy and process efficiency are essential to ensure product quality and economic viability. This 
work proposes an AI-driven design and optimization strategy which couples artificial intelligence, 
specifically artificial neural networks, with a quasi-random search algorithm for the metamodeling 
and optimization of the air bending process. An extensive simulation database was generated by 
varying geometrical, material, and process parameters, and neural-network-based metamodels were 
trained to predict the maximum punch force, maximum thickness reduction, and final bending angle, 
achieving high predictive accuracy with R² values exceeding 0.96. The metamodel was subsequently 
used to optimize process configurations by simultaneously minimizing the maximum punch force 
and the maximum thickness reduction while ensuring the target bending angle, leading on average to 
reductions of 46.7% in maximum force and 31.5% in thickness reduction compared to non-optimized 
cases. The results demonstrate that artificial intelligence provides an efficient and effective tool for 
the design and optimization of the bending process, significantly accelerating parameter selection 
while improving process quality and reducing manufacturing costs. 

Introduction 
Bending is a widely used sheet metal forming process in the automotive, aerospace, and 

metalworking industries. Finite Element Analysis is a well-established tool for the development and 
optimization of bending operations. However, its application (i.e. build of the numerical models, run 
of the simulations and results analysis) is generally associated with high time costs [1,2], especially 
when interactive process parameter optimization or robust analysis is required [3]. Furthermore, its 
high software licensing costs and the need for skilled personnel limit its adoption by small companies 
[1]. As a result, many of them still rely on traditional trial-and-error approaches, heuristic rules, 
standards and equations [4–6]. Despite their simplicity, these approaches are associated with 
inaccuracy and low flexibility due to the assumed simplifications [1,7], such as ignoring the material 
anisotropy and hardening [4,5]. 

In the last decade, the increasing availability of big data and computer performance, has 
encouraged the use of machine learning (ML) techniques to predict the springback and other factors 
that limit the bending formability (e.g. excessive thinning) [2,8–10]. The application of these 
techniques requires several numerical simulations of the bending process with different 
configurations to train the metamodels. The ML approaches should allow the design and optimization 
of the bending operation without the time costs associated with FEA (i.e., after training the 
metamodels) and the errors associated with the simplification made in traditional approaches. 
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However, these approaches still face several challenges, including limited adaptability to new 
materials and design, simplified material modeling, and reliance on specialized expertise for 
implementation. These simplifications affect the results quality and limit the flexibility, to adapt to 
new materials or bending designs, without the expensive cost of training new metamodels. In this 
sense, its application requires operators with specific knowledge of FEA, ML and optimization 
techniques. This has limited the application of ML approaches to research studies, hampering the 
industrial application [11]. 

With the goal of overcoming the current limitation of ML approaches, in this work is proposed an 
AI-driven design and optimization strategy capable of adapting to new materials or bending designs. 
For such, artificial neural networks (ANNs) are employed for the metamodeling and optimization of 
an air bending process. The numerical model of the bending operation was first parameterized to 
automatically adapt to different bending configurations (e.g., punch and die geometries). Using a 
database generated from multiple numerical simulations, ANNs were trained to develop a metamodel 
capable of predicting various process outputs, namely the final bending angle, maximum thickness 
reduction, and maximum punch force. Once the metamodel was established, a quasi-random search 
optimization based on a Sobol sequence was used to optimize the process configuration with the goal 
of simultaneously minimizing the maximum applied force and thickness reduction, while ensuring 
that the final bending angle remained within the desired tolerances. 

Air Bending 
Sheet metal bending is a fundamental metal forming operation used to manufacture components 

across a wide range of industrial sectors. The process is based on the controlled displacement of a 
punch that induces plastic deformation in a metal sheet [12]. Among the available bending techniques, 
air bending is one of the most widely adopted due to its flexibility and efficiency. In air bending, the 
blank is supported by the die at two contact points, and full punch–die conformity is not required. 
This characteristic reduces tooling specificity, increases process flexibility, and limits excessive 
forming loads, making the process suitable for a wide range of part geometries and bending angles 
[13]. After forming the blank, the punch is removed and the elastic recovery occurs (springback) 
which causes deviations from the target bend angle and typically requires compensation strategies to 
ensure dimensional accuracy [14,15]. 

The air bending process is governed by the interaction of geometric, process, and material 
parameters. Fig. 1 illustrates the main geometric parameters associated with the punch, die, and blank, 
including the punch radius, 𝑅𝑅𝑝𝑝, the punch opening angle, 𝛽𝛽, the upper die radius, 𝑅𝑅𝑠𝑠, the die opening 
angle, 𝛾𝛾, the die length, 𝑉𝑉, and the blank width, 𝑊𝑊, length, 𝐿𝐿, and thickness, 𝑡𝑡0. In addition to these 
geometric parameters, the operator can adjust the process parameters, namely the bending direction, 
𝜃𝜃 relatively to the rolling direction (RD), the lubrication conditions (represented by the friction 
coefficient, 𝜇𝜇0) and the punch relative displacement, ∆𝑃𝑃. In this work, ∆P is defined as a normalized 
punch stroke, where ∆P = 100% corresponds to the punch reaching the bottom of the die. 
Additionally, the punch opening angle is assumed to match the die opening angle, as it has no effect 
on the air bending process because contact occurs only at the punch tip. Material parameters 
describing hardening behavior and anisotropy are addressed in the following section. 
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Fig. 1. Geometrical parameters in the air bending process. 

Numerical Model 
The mechanical behaviour of the material under study is assumed to be: isotropic elastic, described 

by the generalised Hooke's law, which has two parameters, the Young's modulus, 𝐸𝐸, and the Poisson's 
ratio, 𝑣𝑣; and orthotropic plastic, described by the Swift hardening law [16] and the Hill'48 [17] yield 
criterion. This yield criterion is defined by: 

𝐹𝐹(𝜎𝜎𝑦𝑦𝑦𝑦 − 𝜎𝜎𝑧𝑧𝑧𝑧)2 + 𝐺𝐺(𝜎𝜎𝑧𝑧𝑧𝑧 − 𝜎𝜎𝑥𝑥𝑥𝑥)2 + 𝐻𝐻(𝜎𝜎𝑥𝑥𝑥𝑥 − 𝜎𝜎𝑦𝑦𝑦𝑦)2 + 2𝐿𝐿𝜏𝜏𝑦𝑦𝑧𝑧2 + 2𝑀𝑀𝜏𝜏𝑥𝑥𝑧𝑧2 + 2𝑁𝑁𝜏𝜏𝑥𝑥𝑦𝑦2 = 𝑌𝑌2,   (1) 

where 𝜎𝜎𝑥𝑥𝑥𝑥, 𝜎𝜎𝑦𝑦𝑦𝑦, 𝜎𝜎𝑧𝑧𝑧𝑧, 𝜏𝜏𝑥𝑥𝑦𝑦, 𝜏𝜏𝑦𝑦𝑧𝑧 and 𝜏𝜏𝑥𝑥𝑧𝑧 are the components of the Cauchy stress tensor; 𝑌𝑌 is the yield 
stress; 𝐹𝐹, 𝐺𝐺, 𝐻𝐻, 𝐿𝐿, 𝑀𝑀 and 𝑁𝑁 are the Hill'48 anisotropy parameters. These parameters follow the 
conditions 𝐺𝐺 + 𝐻𝐻 = 1 and  𝐿𝐿 = 𝑀𝑀 = 1.5 (von Mises). The Swift hardening law is defined by: 

𝑌𝑌 = 𝐶𝐶 (𝜀𝜀0 + 𝜀𝜀𝑝̅𝑝)𝑛𝑛,            (2) 

where 𝜀𝜀𝑝̅𝑝 is the equivalent plastic strain and 𝐶𝐶, 𝜀𝜀0 and 𝑛𝑛 are the hardening constants. The initial yield 
stress is given by 𝑌𝑌0 = 𝐶𝐶𝜀𝜀0𝑛𝑛. 

The friction between the tools and the blank was assumed to be described by Coulomb's law with 
a constant friction coefficient, 𝜇𝜇0. The contact problem is solved using the augmented Lagrangian 
method. The blank is discretised with 30576 (8-node hexahedral solid) elements, with 6 elements in 
thickness, combined with a selective reduced integration technique [18]. The tools are modelled as 
rigid bodies and described by Bezier surfaces; their displacement is restricted with exception of the 
punch which is allowed to move on the vertical direction (z-axis in Fig. 1). The numerical simulations 
were performed using the software DD3IMP (Deep Drawing 3D Implicit Code) [18], which uses an 
updated Lagrangian scheme to integrate the constitutive law in an implicit way. Each simulation took 
an average of about 1 hour to complete on computers equipped with an Intel® Core™ i7-6850K (4.0 
GHz). 
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AI-Driven Design Strategy 
In this section, the strategy for optimizing air bending process parameters is presented. First, 

artificial neural networks are used to train metamodels capable of predicting three process outputs 
(namely, the final bending angle, the maximum thickness reduction, and the maximum punch force) 
based on the material and geometric configuration. Second, an optimization procedure is applied to 
modify the process parameters within the metamodel, aiming to minimize the maximum punch force 
and thickness reduction while ensuring that the final bending angles remain within the required 
tolerances. 
Metamodeling. 
The metamodels were built based on a database consisting of 3 bending results (outputs) and 15 
process and material parameters (inputs). As previously mentioned, the three outputs are the 
maximum punch force during the bending, 𝐹𝐹𝑚𝑚𝑚𝑚𝑚𝑚, the final bending angle of the component, 𝛼𝛼, (as 
represented in Fig. 2) and the maximum thickness reduction along the bending line, ∆𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚, given by: 

∆𝑡𝑡𝑚𝑚𝑚𝑚𝑥𝑥 [%] = 𝑡𝑡0−𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚
𝑡𝑡0

× 100,         (3) 

where 𝑡𝑡0 is the initial blank thickness and 𝑡𝑡𝑚𝑚𝑚𝑚𝑛𝑛 is the minimal thickness along the bending line, 
represented in Fig. 2. 

 
Fig. 2. Representation of the final bending angle, 𝛼𝛼, and the bending line where the minimal 

thickness is evaluated. 
A total of 15 input parameters were considered, comprising material, geometrical, and process 

parameters. The material parameters include the anisotropy coefficients according to Hill’s yield 
criterion, 𝑟𝑟0, 𝑟𝑟45, 𝑟𝑟90, as well as the parameters of Swift’s hardening law, 𝑌𝑌0, 𝐶𝐶 and 𝑛𝑛. The geometrical 
parameters comprise the blank width, 𝑊𝑊, and initial thickness, 𝑡𝑡0, the punch radius, 𝑅𝑅𝑝𝑝, the upper die 
radius, 𝑅𝑅𝑠𝑠, the die length, 𝑉𝑉, and the die opening angle, 𝛾𝛾. The process parameters are the lubrication 
conditions represented by the friction coefficient, 𝜇𝜇0, the normalized punch displacement, ∆𝑃𝑃, and 
the bending direction, 𝜃𝜃, defined as the angle between the sheet rolling direction and the axis 
perpendicular to the bending line (x-axis in Fig. 1). Some of these parameters are illustrated in Fig. 
1. 

To build the database, the bending results were gathered from 2000 numerical simulations of the 
air bending process, each one representing a distinct material and process configuration. A Sobol 
sequence [19] was employed to generate the 2000 samples, ensuring a uniform coverage of the 15th 
dimensional input space, whose parameters range are given in Table 1. The maximum punch force 
and maximum thickness reduction outputs were first log-scaled to mitigate the influence of outliers. 
Due to the different orders of magnitude among the parameters, all data were subsequently min–max 
normalized to the range [0, 1]. For testing and training the metamodel, the database was divided into 
two independent subgroups. A total of 1600 simulations (80%) were used for training and calibration 
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of the metamodel, while the remaining 400 simulations (20%) were reserved for testing and used 
exclusively to assess the predictive accuracy and generalization capability of the trained metamodel. 

Table 1. Minimum and maximum values of the 15 input parameters. 

 𝑟𝑟0 

[-] 

𝑟𝑟45 

[-] 

𝑟𝑟90 

[-] 

𝑌𝑌0 

[MPa] 

𝐶𝐶 

[MPa] 

𝑛𝑛 

[-] 

𝑡𝑡0 

[mm] 

𝑊𝑊 

[mm] 

𝛾𝛾 

[º] 

𝑉𝑉 

[mm] 

𝑅𝑅𝑠𝑠 

[mm] 

𝑅𝑅𝑝𝑝 

[mm] 

𝜇𝜇0 

[-] 

𝜃𝜃 

[º] 

∆𝑃𝑃 

[%] 

Max 3 3 3 1000 700 0.3 3 100 120 60 5 3 0.2 90 80 

Min 0.5 0.5 0.5 100 100 0.05 0.5 10 60 20 1 1 0.05 0 20 

The metamodel was developed using an artificial neural network (ANN) implemented with the 
TensorFlow/Keras library. A sequential architecture was adopted, comprising an input layer with 15 
neurons, corresponding to the input variables, followed by five hidden layers with 700, 400, 500, 700, 
and 300 neurons, respectively. The output layer consisted of three neurons, representing the target 
outputs. All hidden layers employed the Rectified Linear Unit (ReLU) activation function. The 
network was trained using the Adaptive Moment Estimation (ADAM) optimizer with a learning rate 
of 0.0018, and a dropout rate of 0.2 was applied to mitigate overfitting. 

The predictive performance of the metamodels was evaluated for the 400 test samples. Fig. 3 
shows a comparison between the real and predicted values of the bending results. To quantify the 
predictive performance, Table 2 presents the Mean Absolute Error (MAE), Root Mean Squared Error 
(RMSE), and the coefficient of determination (R2) obtained for the three outputs. As seen, the 
predicted values are generally similar to the real values, which can be confirmed by the relatively 
high R2 values (above 0.96) and the relatively low MAE and RMSE metrics. It can be concluded that 
the bending angle and the maximum punch force can be accurately predicted, slightly worst 
predictions are obtained for the maximum thickness reduction. 

Table 2. Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and the coefficient of 
determination (R2) evaluated for each output. 

 𝛼𝛼 𝐹𝐹𝑚𝑚𝑚𝑚𝑥𝑥 ∆𝑡𝑡𝑚𝑚𝑚𝑚𝑥𝑥 

MAE 1.29˚ 425 N 0.25% 

RMSE 1.69˚ 815 N 0.41% 

R2 0.99 0.99 0.96 
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Fig. 3. Predicted (metamodel) and real values of the bending results: (a) Final bending angle, 𝛼𝛼; (b) 

Maximum punch force, 𝐹𝐹𝑚𝑚𝑚𝑚𝑥𝑥; (c) Maximum thickness reduction, ∆𝑡𝑡𝑚𝑚𝑚𝑚𝑥𝑥. 
Process Optimization. 
The metamodel was used to determine the optimal process parameters required to achieve the desired 
bending results, enabling its use as a decision-support tool in an industrial context. To this end, an 
optimization strategy was employed to identify the process and geometrical parameters (𝜇𝜇0, ∆𝑃𝑃, 𝑅𝑅𝑝𝑝, 
𝑅𝑅𝑠𝑠, 𝑉𝑉 and 𝛾𝛾). A Quasi-Random Search optimization strategy based on a Sobol sequence was adopted 
to explore the parameter space efficiently and uniformly, while maintaining low computational cost 
through the use of the metamodel for predictions. The material parameters (𝑟𝑟0, 𝑟𝑟45, 𝑟𝑟90, 𝑌𝑌0, 𝐶𝐶 and 𝑛𝑛), 
blank dimensions (𝑊𝑊 and 𝑡𝑡0) and the bending direction (𝜃𝜃), typically known a priori by the operator, 
were kept constant. In contrast, the process and geometrical parameters (𝜇𝜇0, ∆𝑃𝑃, 𝑅𝑅𝑝𝑝, 𝑅𝑅𝑠𝑠, 𝑉𝑉 and 𝛾𝛾), 
which must be optimized, were systematically varied accordingly with the Sobol sequence. A total 
of 50000 distinct process configurations were generated, each evaluated using the metamodel to 
predict the corresponding outputs (𝛼𝛼, 𝐹𝐹𝑚𝑚𝑚𝑚𝑥𝑥 and ∆𝑡𝑡𝑚𝑚𝑚𝑚𝑥𝑥). The next step consisted in selecting the 
process configuration with a final bending angle, 𝛼𝛼, within a predefined tolerance of the target value. 
In this work, the tolerance was set to 0.0005º, although it can be adjusted by the operator according 
to part requirements. 

After identifying the viable subset of process configurations (i.e., those that achieve the bending 
angle required by the operator), a secondary analysis was conducted on two critical performance 
metrics: the maximum bending force and the maximum thickness reduction. The objective is to select 
the process configuration that requires lower bending forces, thereby improving process efficiency, 
while simultaneously minimizing the maximum thickness reduction, preserving part quality. To this 
end, an objective function, 𝜓𝜓, was defined as: 

𝜓𝜓 = 𝐹𝐹𝑚𝑚𝑚𝑚𝑥𝑥∗ + ∆𝑡𝑡𝑚𝑚𝑚𝑚𝑥𝑥∗ ,           (4) 
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where 𝐹𝐹𝑚𝑚𝑚𝑚𝑚𝑚∗  and ∆𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚∗  are the normalized maximum punch force and maximum thickness reduction, 
obtained via min–max normalization. The optimal solution is the configuration in the viable subset 
that minimizes 𝜓𝜓. 

Results 
The AI-driven design strategy was applicated for 10 different cases, in which the material 

parameters (𝑟𝑟0, 𝑟𝑟45, 𝑟𝑟90, 𝑌𝑌0, 𝐶𝐶 and 𝑛𝑛), blank dimensions (𝑊𝑊 and 𝑡𝑡0) and the bending direction (𝜃𝜃) 
were assumed to be known, as summarized in Table 3. For the remaining input parameters (𝜇𝜇0, ∆𝑃𝑃, 
𝑅𝑅𝑝𝑝, 𝑅𝑅𝑠𝑠, 𝑉𝑉 and 𝛾𝛾), a set of 50000 distinct bending configurations was generated, aiming to preserve 
the target final bending angle (𝛼𝛼) indicated in Table 4 (original configuration), while simultaneously 
minimizing the maximum force (𝐹𝐹𝑚𝑚𝑚𝑚𝑥𝑥) and the maximum thickness reduction (∆𝑡𝑡𝑚𝑚𝑚𝑚𝑥𝑥). Table 4 
presents both the original (non-optimized parameters) and the AI-design configurations. The grey 
columns show the numerical bending results obtained for each configuration. 

Table 3. Known material and process parameters for the 10 cases. 

Case 𝑟𝑟0 
[-] 

𝑟𝑟45 
[-] 

𝑟𝑟90 
[-] 

𝑌𝑌0 
[MPa] 

𝐶𝐶 
[MPa] 

𝑛𝑛 
[-] 

𝑡𝑡0 
[mm] 

𝑊𝑊 
[mm] 

𝜃𝜃 
[º] 

1 0.92 2.36 1.19 543 1094 0.19 1.78 85 2 
2 2.80 2.98 1.81 318 1243 0.26 1.10 16 30 
3 1.55 1.73 0.56 768 1287 0.13 2.45 62 85 
4 1.24 2.67 2.75 205 479 0.22 0.76 74 98 
5 2.49 1.42 1.50 655 1054 0.10 2.11 28 43 
6 0.61 0.80 2.13 880 1726 0.16 1.44 97 16 
7 1.86 2.05 0.88 430 2958 0.29 2.79 51 71 
8 2.02 1.27 1.35 261 318 0.05 0.59 91 78 
9 0.77 2.52 2.60 711 1605 0.18 1.94 45 23 
10 2.64 1.89 0.72 936 2474 0.24 1.27 68 5 

Table 4. Original and AI-designed process configurations, along with their numerical bending 
results. 

 Original Configuration AI-Design Configuration 

Case 𝛾𝛾 
[º] 

𝑉𝑉 
[mm] 

𝑅𝑅𝑠𝑠 
[mm] 

𝑅𝑅𝑝𝑝 
[mm] 

𝜇𝜇0 
[-] 

∆𝑃𝑃 
[%] 

∆𝑡𝑡𝑚𝑚𝑚𝑚𝑥𝑥 
[%] 

𝐹𝐹𝑚𝑚𝑚𝑚𝑥𝑥 
[N] 

𝛼𝛼 
[º] 

𝛾𝛾 
[º] 

𝑉𝑉 
[mm] 

𝑅𝑅𝑠𝑠 
[mm] 

𝑅𝑅𝑝𝑝 
[mm] 

𝜇𝜇0 
[-] 

∆𝑃𝑃 
[%] 

∆𝑡𝑡𝑚𝑚𝑚𝑚𝑥𝑥 
[%] 

𝐹𝐹𝑚𝑚𝑚𝑚𝑥𝑥 
[N] 

𝛼𝛼 
[º] 

1 115 30 3.3 1.1 0.11 20.6 1.02 7044 168.9 113 59 3.4 2.3 0.06 21.4 0.42 3351 170.0 
2 68 20 2.2 1.6 0.06 35.6 3.05 856 130.6 96 60 2.2 1.8 0.22 56.8 1.68 200 128.6 
3 99 41 4.3 2.6 0.16 65.6 2.28 8078 126.4 109 59 3.3 1.3 0.05 74.4 1.95 5024 127.3 
4 107 25 2.7 2.3 0.13 73.1 1.09 735 126.8 68 61 3.6 2.4 0.21 40.6 0.70 268 126.1 
5 76 46 4.8 1.3 0.23 43.1 4.11 3056 130.0 60 58 4.7 1.7 0.22 34.2 3.57 2309 128.6 
6 92 57 1.7 1.8 0.18 28.1 0.43 4388 161.9 116 61 2.9 1.4 0.24 42.0 0.35 4123 163.1 
7 61 36 3.8 2.9 0.08 58.1 4.66 16400 94.9 79 59 2.6 1.6 0.08 72.5 3.21 7715 94.4 
8 80 44 3.0 2.2 0.10 24.3 0.63 249 156.2 74 61 4.3 1.5 0.15 25.3 0.54 181 153.0 
9 111 23 5.1 1.2 0.20 54.3 2.86 12325 143.8 109 59 1.2 2.2 0.19 55.6 1.42 3250 143.4 

10 64 33 2.0 1.7 0.25 69.3 1.98 5297 96.3 65 60 3.5 1.2 0.13 77.8 1.31 2509 96.9 

From Table 4, it is evident that the AI-Design strategy exhibits a clear and systematic tendency 
toward larger die lengths (𝑉𝑉), with all optimized cases converging to the maximum allowable value 
of 60 mm. This indicates that AI-Design strategy consistently drives the die length to the upper bound 
of the design space to minimize the maximum punch force, in agreement with the inverse relationship 
between die length and punch force. From a theoretical perspective, the friction coefficient would be 
expected to converge to its lowest possible value to further reduce the punch force. However, no 

Key Engineering Materials Vol. 1049 71



consistent trend is observed in the optimized configurations, suggesting that friction has a 
comparatively minor influence on the air bending process. The remaining parameters do not exhibit 
consistent trends but are adjusted case by case, compensating the increase in the die length, in order 
to achieve the optimization objectives. 

Regarding the bending results, Fig. 4 (a) illustrates the close agreement between the final bending 
angles obtained from numerical simulations using the original and AI-Design configurations for the 
10 cases, with an average relative difference of 0.87%. Fig 4 (b) and (c) highlight the substantial 
reductions achieved through the AI-Design, with average relative decreases of 31.5% in the maximum 
thickness reduction and 46.7% in the maximum punch force. 

 
Fig. 4. Bending results obtained from the numerical simulation of the air bending process, using the 
original and AI-Design configuration: (a) final bending angle, 𝛼𝛼; (b) maximum thickness reduction, 

∆𝑡𝑡𝑚𝑚𝑚𝑚𝑥𝑥; (c) maximum punch force, 𝐹𝐹𝑚𝑚𝑚𝑚𝑥𝑥. 
It should be noted that the parameters to be optimized were assumed to be continuous. In practice, 

however, there is a limited choice in the possible die and punch geometries that are available. 
Nevertheless, the used Quasi-Random Search optimization strategy can still be applied to mixed 
discrete–continuous problems, simply by respecting the discrete options for certain parameters during 
the generation of the process configurations. 

Conclusion 
This work investigated the application of artificial intelligence techniques for the metamodeling 

and optimization of the air bending process. An extensive numerical database was created by varying 
geometrical, material, and operational parameters, covering a wide range of process configurations. 
Based on this dataset, a neural-network based metamodel was trained to predict three process results: 
the maximum punch force, the maximum thickness reduction and the final bending angle. The 
metamodel demonstrated strong predictive performance, with R2 values exceeding 0.96 for all outputs 
and low prediction errors (RMSE and MAPE). 

During optimization, the metamodel enabled the identification of process configurations that 
simultaneously minimize the maximum punch force and thickness reduction while ensuring the target 
final bending angle. On average, the optimized configurations achieved the same bending angle with 
average relative decreases of 46.7% in the maximum force and 31.5% in the maximum thickness 
reduction compared to the non-optimized configurations. This optimization, which would be 
computationally intensive using numerical simulations alone, was highly efficient due to the 
metamodel application. 

Overall, the results confirm that integrating artificial intelligence provides a powerful tool for 
metal forming process design, significantly accelerating the design and parameter optimization stages 
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while improving process quality and reducing manufacturing costs. Future work will focus on 
industrial validation of the optimized solutions, extending the methodology to multi-stage bending 
operations, optimizing additional performance metrics such as dimensional accuracy, and exploring 
more advanced AI algorithms to further enhance the generalization capability of the design strategy. 
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