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Preface


The original version of this paper is available on https://www.scientific.net/KEM.1049.-1.pdf



Results for the simplest material tests and the most complex materials forming processes often depend on complex and unknown physical models and on inherent variability of design variables. The sensitivity of results to material and process variables can be used to determine unknown variables from known results (inverse analysis and parameter estimation) as well as to determine variable settings to achieve optimal results. Numerical methods for process optimization and for solving inverse problems are being intensely and continuously developed, as the reliability and the computational efficiency of simulation software is reaching unprecedented frontiers, particularly when AI technology is applied. Innovation in this field of research, applied to all materials forming engineering disciplines, is of utmost importance for ESAFORM conference.

Papers from both numerical and experimental standpoints that fall within the scope of this issue are listed as follows.

Contributions on the following subjects are presented:



Methods for Metamodeling, Digital Twins, Control and Optimization of Forming Processes:


The original version of this paper is available on https://www.scientific.net/KEM.1049.-1.pdf




	shape and topological optimization;

	optimization of manufacturing processes and machines;

	process control and digital twins;

	new metamodeling techniques;

	Artificial intelligence, machine learning, deep learning and other data-driven approaches.





Inverse Analysis, Calibration and Model Discovery:


The original version of this paper is available on https://www.scientific.net/KEM.1049.-1.pdf




	identification of constitutive, friction, heat transfer or damage parameters;

	identification of boundary conditions or unknown process conditions;

	design of experimental procedures, specimens and measurement techniques for inverse analysis;

	numerical methods and algorithms for inverse analysis;

	Model discovery, including data-driven models, selection and identification.





Stochastic Approaches:
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	reliability assessment;

	robust design;

	optimisation under uncertainty.
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Abstract

The stretch-reducing mill is a forming process to manufacture tubes by progressive metal deformation. This process is characterized by high complexity and a high number of variables that are strongly interconnected. To overcome the limitations and substantial simplifications of the traditional modelling and offer higher flexibility and suitability for real-time control, an Artificial Neural Networks approach is employed. By defining three parallel networks, they were predicted the milling status, the tube thickness and the angular speeds of the stands composing the process. With the models results, an optimization algorithm is employed to determine the best configuration of angular speeds of the stands to obtain a defined final tube thickness. The Artificial Neural Networks show extremely low RMSE across training, validation, and test sets, confirming their ability to model complex nonlinear dependencies. The optimisation stage reaches the target thickness with only 0.0079% error while preventing unstable operating conditions. The overall methodology provides a tool for implementing the intelligent and data-driven control of the stretch-reducing mill.





Introduction
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The stretch-reducing mill (SRM) is a forming process widely applied for producing tubes. The deformation is caused by a sequence of stands whose angular speeds determine the stress distribution along the tube. Due to the complexity of the process, small variation in inter-stand tensions can generate significant effect on stability, potentially leading to slippage or drawing [1].

In a stretch-reducing mill, one of the only manageable variables is the angular speed of the rolling stands (ω). During the process, the material flow rate, resulting from the multiplication between the area and the speed, remains constant due to mass conservation. The speed difference between stands and the tube creates some tensions that can lead to two different limit milling conditions: if the tube moves slower than the maximum tangential stand speed, a slippery condition occurs; if the tube moves faster, the system enters a drawing situation [1]. Another important phenomenon that cannot be ignored is the creep, referring to a viscous deformation occurring under constant load at high temperature [2].

Therefore, the tube thickness decreases in the space between stands, while it increases inside the single stand. This leads to an unpredictable variation of the wall thickness: the process must be carefully monitored and controlled to avoid instability, slippage, or excessive plastic or viscous deformation.

The traditional analytical or numerical models of SRM provide a valuable outcome but often require great simplifications and consider many interdependent variables, requiring high computational power. The variation of the angular speeds ( ω ) of the stands affects the next ones, creating a cascade effect on the entire process that is difficult to represent and predict with the traditional physical models [3].

In this complex contest, data-driven methods such as Artificial Neural Networks (ANNs) fit particularly well. These models are able to describe the dynamic behaviour of the SRM process, learning hidden relationships among variables while ensuring technological and mechanical consistency. They provide more flexibility in modelling, especially with non-linear and multivariate processes [4]. The applications of Artificial Neural Networks in manufacturing context can enhance

almost real-time and accurate problems detection, enhancing continuous improvement strategies [5]. By optimization algorithms, as the backpropagation [6], they provide systems able to perform intelligent process control and support during the decision-making process.

The main purpose of this work is to present a novel methodology that integrates physics-informed data generation, three parallel ANNs modelling various aspects of SRM process, and an optimization algorithm that computes valid stress distribution to obtain the desired final tube thickness. Differently from other works, the proposed framework perform classification, regression of the thickness and angular speeds predictions, improving robustness near limit situations. The simulation tool adopted in this work is not a finite element but, starting from analytical formulations, it is built a physicsinformed simulation tool for data generation. Then, it is developed an ANN-based approach with multiple parallel networks to manage the consecutive rolling stands and their interconnections. The models are evaluated in order to provide accurate predictions and guarantee model adaptability and scalability. Subsequently, an optimization algorithm [6] is applied to support the definition of the best combination of angular speeds ( ω ) to be set to obtain the desired tube thickness with the minimum error. This approach is designed for high interpretability, physical consistency, and potential realtime deployment.



The Milling Process
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The SRM is a forming process composed of a sequence of rolling stands that progressively reduce the tube diameter while adjusting the wall thickness [7]. Since there is no mandrel, deformation in SRM is managed exclusively by kinematics of the stands, which makes the control problem particularly sensitive to distribution of the inter-stands stresses.

In addition to the stands angular speed, there are other forces and parameters to keep into account when analysing a stretch-reducing mill process. The mechanical equilibrium can be described through the balance of stresses in the normal and tangential directions. More in detail, as shown in Fig. 1, R is the roll radius at the point of contact with the material, r represents the radial position of the element within the workpiece, p is the contact pressure exerted by the roll on the material, α represents the angle of contact or inclination between the roll and the material at a given point, d α is the infinitesimal angle swept by the roll in the axial direction (along the arc of contact), dϑ is the infinitesimal angle along the circumferential direction of the material, h represents the thickness of the material at the section under consideration, σϑ is the circumferential stress, σa is the axial stress and dσa is the incremental change in axial stress across the differential element.


[image: Fig. 1: Stress state representation in the tube.]Fig. 1.Stress state representation in the tube.Fig. 1. Stress state representation in the tube.


The balance in the pressure direction can be described in (1):



p·R· dα·r· dϑ−σa· h·r· dϑ·sin dα2−(σa+dσa)·h·r· dϑ·sin dα2+2σϑ·sindϑ2· h·R· dα·cosα=0(1)


Given f as the friction coefficient between the roll and the material, dh as the incremental change in thickness of the material, dr as the incremental change in radial position of the differential element, the tangential direction on the meridional plane can be described as in (2):



f·p·R·dα·r·dϑ+σa·h·r·dϑ·cosdα2−(σa+dσa)(h+dh)(r+dr)·dϑ·cosdα2+2·σϑ·R·dα·h·sinα·dϑ2=0(2)


The plastic deformation condition can be described by the ( 3 ), where σ0 is the equivalent stress of the material:



(σa−σϑ)2+(σϑ+p)2+(−p−σa)2=2·σ02(3)


Therefore, considering σz as the stress in the axial direction, the stress-strain relationship is reported in (4):



dhh2σz−σa−σϑ=drr2σϑ−σa−σz(4)


By analysing the behaviour of the function with respect to α, it is possible to identify the neutral section ( αn ) in a graphical way as the curve cross (Fig. 2).


[image: Fig. 2: σ α distribution in an isolated stand.]Fig. 2. σα distribution in an isolated stand.Fig. 2. σ α distribution in an isolated stand.


Therefore, considering h0 and r0 as the thickness and the radius of the material at the entry of the deformation zone, and he and re as the thickness and the radius of the material at exit section in the deformation zone, the final thickness value results as:



he=h0r0re(5)


These set of equations represent the tube thickness evolution along the milling process. It is important to also consider the creep phenomenon as its influence corresponds to a thickness reduction.

Finally, considering that the volumetric flow rate of the tube that must be constant, given by the multiplication between the area and the speed, it possible to determine the angular speed of each stand ωi.

In practice, these relationships can be employed to define a certain axial stress distribution between the stands to derive the thickness variation and identify possible boundary conditions (drawing and slipping) due to a too high inter-stand tension.

The framework described represents the foundation for generating the data employed in the neural networks presented in the following sections.



Methodology
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Framework overview
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The dataset employed in this work was generated through a simulation pipeline based on the mechanical and technological characteristics of the milling process. It included the infeed and outfeed thickness of each stand, along with the dimensional setup of each stand. Based on this configuration, they were calculated the infeed and outfeed thickness of the tube at each stand. After the generation of the dedicated dataset, the entire developed neural networks were applied to it to simulate and evaluate the rolling process behaviour.

At the end, an optimisation algorithm was applied to determine the best inter-stand tension values, by minimizing the error between the target and the predicted final tube thickness.

The overall workflow is reported in Fig. 3.


[image: Fig. 3: Study workflow.]Fig. 3. Study workflow.Fig. 3. Study workflow.




Data generation
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The dataset employed in this work was designed following the physical characteristics of the stretch-reducing milling process. It was defined a physics-based data generator derived from established analytical formulations of SRM process. Although the data were simulated, this study allowed to analyse the milling operating situations. The numerical model did not have the goal to outperform the state-of-the-art finite element model, but it was designed to generate training data for real-time control. A structured pipeline was defined in MATLAB®R2024b.

Starting from the first phase, it was created a configuration file reporting the dimensional properties of the process including the characteristics of the system (number of stands, etc.), the tube initial diameter, and the material (temperature, creep behaviour, etc). Then, all the feasible combinations of inter-stand stresses were generated with a loop search the entire stress range, specifying the maximum and minimum value of these stresses ( σmin ,σmax  ) and the step size ( Δσ ). These parameters were selected based on the specific analysis to limit high stress between stands that could damage or even rupture the tube. They ensured physical conditions while excluding excessive tensions. Therefore, slippage and drawing conditions were excluded to ensure only realistic combinations. Each combination was used as input into the simulation tool that computes the evolution of process variables during the process. For each combination, it was calculated also the angular speed of all the stands (ωi), the infeed and outfeed thicknesses of the tube, and the state of each stand (slippage or drawing). Simulations for which the physical conditions were not followed were filtered out to keep the data quality.

In the end data were extracted and formatted to create the final dataset counting around 2600 parameters combinations and containing: inter-stand tensions, the state of the stands as categorical values ( 0 as the acceptable situation, 0.5 as slippage, 1 as drawing), the computed angular speeds ( ωi ),

the infeed tube thickness for each stand, and the final outfeed thickness at the end of the whole process.

From this dataset, the ANNs could learn the hidden relationships between variables ensuring high generalization capabilities.



Artificial Neural Networks


The original version of this paper is available on https://www.scientific.net/KEM.1049.1.pdf



The main purpose of the work is the optimization of the stress distribution between the stands of the stretch-reducing mill to achieve the desired final thickness of the rolled material. Three artificial neural networks (ANN) were developed in cascade to simulate the process behaviour, while an iterative optimisation strategy was employed to find the best inter-stand tension values.

The networks were developed through the use of Python programming language and the PyTorch libraries. Data were scaled using the Min-Max normalization ranging from zero to one. All the networks took as input the inter-stand tensions obtained by physical-based simulation. The networks had the same activation function: tangent sigmoid for the hidden layer, while a pure linear function was applied in the output layer. It was split into 70% for training, 15% for validation, and 15% for testing in each network. As optimizer it was selected the L-BFGS (Limited-memory Broyden-Fletcher-Goldfarb-Shanno) [6] due to its suitability to small-to-medium sized networks and with limited data availability. Following a hyper parametrization process, the learning rate, which explains how quickly a machine learning model updates its parameters during training, was set to 0.5 , a high value mitigated by the optimizer. The maximum iterations were defined as 500 and the history size as 10 .

As anticipated, three ANNs were designed to model the stretch-reducing mill process.

The first network was used to predict the milling condition (status1-6) where values close to zero were considered acceptable, close to 1 for drawing or close to 0.5 for slippage. The inputs were the inter-stand tensions ( T1;2, T2;3, T3;4, etc.). To balance model simplicity and performance, the network configuration was a feedforward net with 15 neurons in the hidden layer. The network scheme is represented in Fig. 4, where on the left are reported inputs, net and outputs, while on the right are shown the specifications with the representation of the activation functions.


[image: Fig. 4: First network: tensions to status.]Fig. 4. First network: tensions to status.Fig. 4. First network: tensions to status.


The second one employed (Fig. 5) the inter-stand tensions ( T1;2, T2;3, T3;4, etc.) to predict the tube thicknesses ( t2,t3,t4, etc.). The hidden layer dimension was defined as 15 neurons based on the same reasoning as for the first net. To reflect the real behaviour of the milling process, the network was composed by 6 sub-nets, one for each stand, which use the output of the previous net as part of the

input layer. The first stand received as input the initial tube thickness ( t0 ), the first inter-stand tension (T1;2) and predict the tube thickness (t1) after the first stand. This predicted value, along with the previous and the subsequent tensions, became the input for the second sub-net, and so on. The last sub-net received as input only the previously predicted thickness and the previous tensions, and it predicted the final tube thickness (tf). Additionally, each sub-net took into account also the creep effect between stands.


[image: Fig. 5: Second network: tensions to thickness.]Fig. 5. Second network: tensions to thickness.Fig. 5. Second network: tensions to thickness.


The third network (Fig. 6) took as input the inter-tensions ( T1;2, T2;3, T3;4, etc.) to forecast the angular speeds ( ω1−6 ) of the stands. Always considering the balance between performance and task complexity, the hidden layer was defined as 10 neurons. The angular speeds are derived considering one stand speed as fixed reference, typically set to 1 , and expressing all other stand speeds relatively to it. This reflects a physical constraint of the process, where only one stand's speed is physically fixed, and the others are adjusted accordingly. Each stand is represented by a single network that predict the corresponding angular speed (ωn).


[image: Fig. 6: Third network: tensions to angular speeds.]Fig. 6. Third network: tensions to angular speeds.Fig. 6. Third network: tensions to angular speeds.


To evaluate the performance of the ANN, several well-known indices were computed. The network loss was defined as the Mean Squared Error (MSE) that quantifies the average squared difference between the predicted and target values. Based on MSE, the Root Mean Squared Error (RMSE) was also calculated together with the Pearson Coefficient (R) to assess the linear correlation between the predicted and actual values.



Optimization algorithm
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On the neural networks results it was applied the bisection algorithm [6] to optimize the stress between stands to minimize the predicted and the target final thickness (tf) of the rolled material. The use of a single scaling factor ensured stability and physical consistency, while limiting the flexibility of the optimization.

The algorithm iteratively searched for the optimal set of inter-stand tensions and therefore of angular speeds. The bisection algorithm is employed to find the root of an equation of the form f(x)=0, when the function is continuous over an interval [a,b] and changes sign at the extremes, hence f(a)·f(b)<0 [6]. According to the Intermediate Value Theorem [8], if a continuous function changes the sign in the interval, at least one solution exists in that interval. The algorithm is based on this principle to progressively narrow the interval until the root is located with the desired precision. Instead of optimising every tensor singularly, the algorithm introduces a scale parameter φ that multiplies the maximum allowed values for each stand, collecting the values in the vector ub=[Tmax,1, Tmax,2,…]. In this way the vector of the maximum tension is defined as x=φ*ub, reducing the problem to a single variable. At the beginning φ was set equal to 0.5 , and the algorithm modify φ at each iteration to minimize the objective function. The optimization continues until the absolute error falls below a certain defined threshold of 0.001 . With a penalty mechanism, non-physical plausible solutions are discarded: if the absolute maximum of the status exceeds 0.3 , a penalty term of 1.000 was included into the objective function.

In this case study the objective function was defined as minimum of the absolute values of the difference between the estimated thickness and the target one:



 objf = min ∣ target_thickness − estimated_thickness (x)∣(6)


This simple but effective optimization algorithm ensures stable and controlled convergence to a nearoptimal solution within a limited number of iterations.



Case study presentation
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In this work it was analysed a 6 stands SRM by using three Artificial Neural Networks. The dataset of these 6 stands milling process was generated following the workflow presented above. The interstand tensions related to this case study were 5( T1;2, T2;3, T3;4, T4;5, T5;6). The exit thickness of each stand serves as the entry thickness for the following stand (t1,t2,t3,t4,t5). The variable references are reported in Table 1.


Table 1. Variables references.




	Inter-stand tensions
	


	Stand



	statuses







	


	Stand



	angular



	speeds







	


	Tube thickness



	entering the



	stand







	


	Final tube



	thickness
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By employing the inter-stand tensions as input, the three neural networks predicted the milling status (drawing, slippage or accepted), the final tube thickness and the angular speed of the stands. Then, the metrics were calculated to evaluate the model performance, and it was applied the optimization algorithm to define the best combination of angular speeds to set to obtain the desired final tube thickness.



Results
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In order to evaluate the neural networks, they were computed the MSE, RMSE and R values.

The first network was employed to predict the milling status (acceptable, slippage or drawing) starting from the inter-stand tensions. Looking at Fig. 7 and Fig. 8 it is possible to notice that almost all the values are arranged almost perfectly along the bisector line, indicating a strong correspondence between the predicted and the real values. The R coefficients are close to one, confirmed also by the distribution of the values along the line. The analysis stand by stand shows a coherent behaviour with all the stands following the same trend. Table 2 shows the high precision of first network predictions reporting uniformly low MSE and RMSE values across all data. This consistency indicates that the ANN successfully learns the physical thresholds that identify different milling states (acceptable, slippage and drawing), despite of the inherent nonlinearities of SRM kinematics.


[image: Fig. 7: First network: from inter-stand tensions to the mill status of a mill with 6 stands.]Fig. 7. First network: from inter-stand tensions to the mill status of a mill with 6 stands.Fig. 7. First network: from inter-stand tensions to the mill status of a mill with 6 stands.



[image: Fig. 8: First network: performance across the different 6 stands.]Fig. 8. First network: performance across the different 6 stands.Fig. 8. First network: performance across the different 6 stands.



Table 2. First network performance.



	Net
1
	All
	Training
	Validation
	Testing



	
	MSE
	RMSE
	MSE
	RMSE
	MSE
	RMSE
	MSE
	RMSE



	
	1.5·10-5
	3.90·10-3
	1.0·10-5
	3.21·10-3
	9.0·10-6
	2.99·10-3
	4.5·10-5
	6.67·10-3









The second ANN used the inter-stand tensions to predict the tube thickness, with a recurrent component to simulate the intermediate tube thicknesses. In Fig. 9, the four scatterplots report a good overlap between the predicted and the actual values. Each stand follows the same tendency without deviations or outliers (Fig. 10). The complexity of thickness predictions arises from non-linear relationships among tensions and parameters across stands. The model reaches a MSE so small to be approximated to zero, while the RMSE values demonstrate high level of precision in prediction (Table 3). The near-net zero RMSE highlights the ability of the ANN to reproduce the complex mechanisms that manage thickness evolution in multi-stands SRM. The network is able to implicitly understand the relationships between parameters and constraints. In addition, the absence of outliers suggests that the network learned to predict thickness as a distributed phenomena and not at a stand-by-stand effect.

This level of accuracy confirms the suitability of the ANN for modelling the behaviour that usually require high computational effort. This level of accuracy allows for reliable integration of the model into control and optimization routines, where small prediction errors translate directly into more stable and physically achievable operating points.


[image: Fig. 9: Second network: from inter-stand tensions to tube thickness.]Fig. 9. Second network: from inter-stand tensions to tube thickness.Fig. 9. Second network: from inter-stand tensions to tube thickness.



[image: Fig. 10: Second network: performance across the different 6 stands.]Fig. 10. Second network: performance across the different 6 stands.Fig. 10. Second network: performance across the different 6 stands.



Table 3. Second network performance.




	


	Net
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	All
	Training
	Validation
	Testing



	MSE
	RMSE
	MSE
	RMSE
	MSE
	RMSE
	MSE
	RMSE



	0
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	0
	
[image: superscript number]
	0
	
[image: superscript number]
	0
	
[image: superscript number]










The third network aimed to predict the angular speeds from the inter-stand tensions. The R coefficients are all close to one (Fig. 11), demonstrating that the network is able to learn the relationship between the inter-stand tensions and the angular speeds. The stand analysis presents data that are distributed along the bisector line, without deviations (Fig. 12). The MSE and RMSE values highlighted the model accuracy confirming that the ANN is able to describing the nonlinear kinematic interactions that manage speed adjustments along the SRM (Table 4). Since the angular speed is the main controllable variable in a real SRM system, this level of accuracy if essential. Given the level of accuracy of the predictions obtained, it is possible to define feasible and well-balanced speed settings during optimization, improving process stability.


[image: Fig. 11: Third network: from inter-stand tensions to angular speed.]Fig. 11. Third network: from inter-stand tensions to angular speed.Fig. 11. Third network: from inter-stand tensions to angular speed.



[image: Fig. 12: Third network: performance across the different 6 stands.]Fig. 12. Third network: performance across the different 6 stands.Fig. 12. Third network: performance across the different 6 stands.



Table 4. Third network performance.




	


	Net



	3







	All
	Training
	Validation
	Testing



	MSE
	RMSE
	MSE
	RMSE
	MSE
	RMSE
	MSE
	RMSE



	
	
[image: superscript number]
	
[image: superscript number]
	
[image: superscript number]
	
[image: superscript number]
	
[image: superscript number]
	
[image: superscript number]
	
[image: superscript number]
	
[image: superscript number]










Overall, the results obtained across the ANNs demonstrate the ability of the proposed methodology to accurately reproduce the complex interactions managing the SRM behaviour. The low RMSE values and the strong linear fit with the target data (in all ANNs) are particularly significant. In practical, even small deviations in thickness, angular speed, or milling state can spread along the stand sequence and compromise process stability. Therefore, the resulting predictive stability has a direct physical relevance. The results obtained confirm that physical complexity does not always involve model complexity. The achieved accuracy therefore provides a reliable basis for downstream optimization, enabling the definition of physically consistent tension and velocity settings, which would be difficult to achieve using traditional analytical models alone.

When all the process parameters data were predicted, it was applied the bisection algorithm to optimize the process by identifying the optimal set of inter-stand tensions to set in the process to obtain the desired final thickness. As described above, the objective function was defined as the minimum of the absolute value of difference between the target and the predicted thickness values (Eq. 6), ensuring feasibility and accuracy. A penalty was introduced in order to filter out the solutions associated with slippage or drawing.

By analysing the results (Table 5), the optimal solution identified returned a small error of 0.0079%, demonstrating the method accuracy. From the figure (Fig. 13) it is better understandable that the tensions follow a symmetric distribution, avoiding any big value differences that could tear off or damage the tube. The angular speed showed a coherent adaptation, offsetting the effect of the tensions. The status values indicated acceptable milling condition. These results showed that the optimization achieved convergence while preserving realistic milling conditions.


Table 5. Process parameters optimized with the optimization applied on a 6 stands stretch-reducing mill.




	
	Stand1
	Stand2
	Stand3
	Stand4
	Stand5
	Stand6



	Tensions
	
	0.9
	2.8
	7.5
	2.8
	0.9



	Status
	0.000
	0.000
	0.0001
	-0.000
	-0.019
	0.290



	Angular speed
	1.000
	0.988
	0.888
	1.120
	1.070
	1.132



	Thickness
	8.605
	8.794
	8.873
	8.932
	8.948
	8.949




	Calculated thickness
	8.949


	Desired thickness
	8.950


	Error
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[image: Fig. 13: Optimization results for a 6 stands stretch-reducing mill.]Fig. 13. Optimization results for a 6 stands stretch-reducing mill.Fig. 13. Optimization results for a 6 stands stretch-reducing mill.


The three ANNs integrated with the optimization algorithm demonstrated high predictive accuracy while maintaining physical feasibility, confirming their suitability for this modelling this process. The observed consistency between training, validation, and testing performance across all ANNs indicates that the developed methodology generalises well beyond the data seen during training. This behaviour is supported by the structure of the dataset, which covers a wide range of feasible tension set, including boundary configurations (close to slippage or drawing). The lack of discrepancy between validation and test errors suggests that there is no overfitting, and that the ANNs remain robust even in regions of the domain that are physically critical or less frequently sampled. This level of generalisation is essential for ensuring reliable use of the models within optimisation-based control strategies.

The obtained results are consistent across stands and predictions, highlighting the capability of the network to understand complex milling relationships. More in detail, the robustness in near limit conditions suggests that the models learned to capture physical feasibility limits. This aspect is crucial to allow operators to understand when a process is going out of control before it actually happens.



Conclusions
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The present paper proposed an ANN-based modelling and optimization for stretch-reducing mill validated on physic-informed data. Three parallel neural networks were computed and demonstrated accuracy in predicting the milling status, the tube thickness, and the angular speeds of the stands. The integration of three specific ANNs with an optimization algorithm is able to identify setpoints that are physically feasible, and to reach the desired thickness with a minimal error. The methodology shows a powerfulness in supporting the decision-making process for the intelligent control of the milling process, and it can be extended to real-time supervisory systems, multi-objectives control and predictive quality. The strong generalization capability of the ANNs, underlined by the consistency of training, validation and tests errors, confirms the reliability and efficiency of the developed methodology. By combining physics-informed data generation with accurate data-driven prediction, the proposed methodology represents a promising candidate for next-generation intelligent forming process control. This study is based on simulated data, but experimental validation and multiparameter optimization remain open directions for future studies in which the proposed framework could be integrated.
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Abstract

This contribution presents a proof-of-concept and benchmark analysis between two different approaches for multiple domain modeling, employing numerical and experimental results relevant to the Radial-Axial Ring Rolling (RARR). First, a finite element method (FEM) simulation data-based Deep Neural Network (DNN) was employed as base model for a subsequent transfer learning (TL), carried out by employing 40 experimental (EXP) data belonging to a different RARR domain. The DNN-TL model is benchmarked against the proposed solution, in terms of a ProxyPhysics Informed Neural Network (P-PINN), defined using proxy equations for the outer diameter (OD) expansion, the radial force (RF), and the axial force (AF) and trained on 30 FEM and 30 EXP data. The proxy equations for the P−PINN are based on known knowledge and analytical formulations developed for the RARR. The results show that employing the whole 218 cases strong FEM database for the training of the base DNN model results in high prediction accuracy on the FEM cases and can be adapted well through TL. When employing only 30 FEM cases for the training of the base DNN model results in slight improvements for RF and in a significant drop of performance for AF , after TL. Instead, in a limited data scenario, the P-PINN model, powered equally by data and proxy equations steering the learning process, is capable of modeling well and simultaneously both FEM and EXP cases with reasonable accuracy, averaging at 3.7% for OD and 24.0% for RF/AF.





Introduction
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Radial-Axial Ring Rolling (RARR) enables the production of seamless rings for machinery, metallurgy and aerospace applications [1,2]. Historically, RARR research progressed from analytical models to increasingly detailed finite element method (FEM) simulations [3-9]. In parallel, manufacturing research has recently shifted toward data-driven modeling, where machine learning (ML) is used to support process understanding, prediction and optimization of outputs such as geometry, loads, energy consumption and defect minimization [10,11]. For RARR, ML has been applied to predict loads and torque [12] and energy consumption [13]. Moreover, Mirandola et al. [13] reported that the high process complexity and large number of independent variables present in RARR databases can cause relatively simple ML architectures to break down when experimental variability is introduced.

Although ML can provide quick and flexible surrogates, its accuracy in interpolation, and especially extrapolation, depends strongly on the quality, variance and coverage of the training data [10, 11]. Consequently, recent manufacturing-oriented ML studies increasingly emphasized careful data pre-processing and structuring, and the use of hybrid formulations that introduce physical or expert information during training [14-16]. For instance, Lee et al. [14] used Gaussian Process Regression (GPR) to support deep-drawing blank design, demonstrating how probabilistic models can guide design decisions while quantifying uncertainty. Similarly, Lee et al. [15] proposed an

Extreme Gradient Boosting (XGB) inspired optimization algorithm aimed at RARR applications, exemplifying current trends toward combining powerful regressors with explicit optimization loops. Complementarily, Modanloo et al. [16] introduced a Gradient-Enhanced Expert-Informed Neural Network (GE-EINN) that translates expert knowledge into differential constraints, improving convergence and extrapolation accuracy also for small-scale EXP and FEM hybrid datasets.

Within the ring rolling domain, the technical depth of data-driven workflows has similarly increased while remaining grounded in manufacturing targets. Lee et al. [15] coupled an XGB regressor with a Differential Evolution (DE) optimizer to create case-specific processing maps, focusing on minimizing mandrel work for flat rings. The XGB-DE model was trained on FEM data and validated against experimental cases. Lafarge et al. [17] explored data-based model predictive control for ring rolling, integrating measured process signals with predictive models to support closed-loop operation. Fahle et al. [18] addressed quality monitoring by modeling ring ovality from rolling time-series data through a semi-supervised scheme and further employed a Generative Adversarial Network (GAN) to augment scarce datasets with synthetic samples and reported the ability to generate distinct samples with comparable variance. Finally, Cappellini et al. [19] formulated a multi-objective optimization workflow that trades off production energy and time using surrogate response surfaces, illustrating how validated FEM models can be leveraged to generate structured databases for process analysis and optimization.

Besides the groundwork laid so far, a key issue for deployment is model longevity [11]. Trained models often degrade when applied to new mills, products or operating windows, making domain adaptation essential [10,11]. Transfer learning (TL) addresses this challenge by reusing a model trained in a source domain and fine-tuning it using comparatively limited data from a target domain. In RARR, Seitz et al. [20] demonstrated TL across two mills with a pronounced size ratio (20:1), reducing training effort for the target configuration; the study also discussed the use of GANgenerated synthetic data to alleviate underfitting in low-data scenarios. However, TL remains fully data-driven, and its success depends on having a robust pre-trained backbone and sufficient variance in the target domain database [10,11]. Synthetic data generation and oversampling can be practical for regularization and dataset expansion [21,22], but generated samples typically remain close to the distribution of the data used to train the generator. Hence, synthetic data cannot reliably create new information density in poorly sampled regions. To further reduce dependence on large datasets, physics-informed neural networks (PINNs) have been proposed, adding residual terms derived from governing equations to the loss function [23]. Expert-informed variants, such as GE-EINNs [16], extend this idea by encoding heuristic trends as differentiable constraints. However, the lack of differentiable equations typical of RARR, and other manufacturing processes, limits the direct applicability of standard PINNs/EINNs as benchmarks for the multi-output prediction problem considered in this research.

To address these limitations, this contribution propose a Proxy-Physics Informed Neural Network (P-PINN) that follow the PINN training philosophy [23] but replace exact governing equations with proxy relations encoding cause-effect trends between features and target variables. These proxy residuals provide a tunable bias through the loss function and offer a control for model customization, with the aim of improving generalization in low-data and cross-domain settings. The proposed PPINN was benchmarked against a supervised DNN with transfer learning (DNN-TL). The base DNN models were trained on FEM datasets of varying size and then fine-tuned using experimental data, while performances were evaluated for three key process outputs: OD,RF ) and AF using mean average percentage error (MAPE), together with training time and model complexity. Results show that when a sufficiently large FEM database is available, DNN-TL delivers the lowest deviations (≈3.7% for OD,≈12.7% for RF and ≈17.3% for AF). Conversely, when only 30 FEM cases are available, the base DNN becomes unreliable for force prediction (deviations >60% ), and TL inherits this weakness, leading to noisy AF predictions ( ≈36% MAPE). Under the same low-data scenario, P -PINNs trained with 30 FEM and 30 EXP cases use the proxy residuals as an initial backbone and achieve more consistent cross-domain predictions ( ≈3.7% OD and ≈23−25%RF/AF ), positioning PPINNs as an alternative to TL in the case of data scarcity or PINN framework incompatibility.



FEM and EXP database generation
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To train the models proposed in this research time-series belonging to both FEM simulations and RARR experiments were employed. The thermo-mechanical FEM simulations were implemented in the Simufact Forming 15 by employing a model developed by one of the authors and extensively validated against analytical solutions and experimental results [5, 6], as in Fig. 1(a).

In all simulations the following settings were employed: 325 mm for main roll radius, 125 mm for the mandrel radius, 596 mm for the axial rolls' length and 35∘ for their vertex angle, 175 mm for the radius of the centering rolls, 150∘C for the tools' temperature and 50∘C for the environmental temperature. As per the ring dimensions, the following ranges were considered: 429.3~990.2 mm and 211.0~646.6 mm for the outer and inner diameters, 112.2~423.0 mm for the height for the preforms and 556.7~1992.8 mm and 397.0~1812.9 mm for the outer and inner diameters, 99.8~388.0 mm for the height for the final rings, for a total of 218 FEM simulations.


[image: Fig. 1: (a) Example of FEM model implementation with results for the RARR process and (b) RARR process exper]Fig. 1. (a) Example of FEM model implementation with results for the RARR process and (b) RARR process experiment at the Chair of Production Systems of Ruhr-University Bochum.Fig. 1. (a) Example of FEM model implementation with results for the RARR process and (b) RARR process experiment at the Chair of Production Systems of Ruhr-University Bochum.


As materials, a 42 CrMo 4 medium-carbon low-alloy steel, an E355 carbon-steel, a S355−J2 structural grade steel, an AlMgSil 6000 series aluminum, and a nickel-based Inconel 718 superalloy were employed. The material properties of all five materials employed in the FEM simulations were modeled by employing the Hensel-Spittel (H-S) flow stress, Eq. (1), summarized by material in Table 1. In the FEA simulations considered in this research, a shear friction law was employed by setting the friction factor to m=0.85 for the contact between the ring and the mandrel and the ring and the main roll whereas to m=0.6 for the contact between the ring, axial rolls and centering rolls [5,6].



σf=C1·eC2·T·ε(n1·T+n2)·e(L1·T+L2)·ε˙(m1·T+m2)[MPa](1)



Table 1. Hensel-Spittel flow stress material constants employed in the FEM simulations.



	Materials
	C1
	C2
	n1
	n2
	L1
	L2
	m1
	m2



	42CrMo4
	5290.5
	-3.7E-3
	-3.3E-4
	2.1E-1
	-8.3E-5
	2.9E-2
	3.0E-4
	-1.6E-1



	E355
	2549.5
	-3.4E-3
	-3.2E-4
	1.9E-1
	-4.9E-5
	1.1E-2
	1.2E-4
	-4.3E-1



	S355-J2
	2478.7
	-2.9E-3
	-4.2E-4
	3.7E-01
	-7.5E-5
	3.2E-2
	2.6E-4
	-1.4E-1



	AlMgSi1
	378.5
	-4.9E-3
	-1.1E-4
	-2.6E-2
	6.0E-5
	-2.6E-2
	3.5E-4
	-3.2E-2



	Inconel 718
	10501.1
	-3.1E-3
	-1.8E-4
	5.4E-1
	-2.2E-5
	2.4E-2
	-2.7E-6
	9.8E-2






The 218 FEM cases were discretized with 3D 8-node brick hexahedra (MARC® element type 7) using a 16/12/16 mm (axial/radial/tangential) mesh with elements' number scaling with the initial ring size and no remeshing. Simulations were solved with MUMPS using a Lagrangian formulation

for large deformations. Contact employed a 1/20 element-size criterion, and relative velocities <0.001 mm/s were treated as sticking conditions. Each run took ~10 h and the cases originate from a repository at the University of Padova [13]. Full settings are available from the corresponding author.

The experimental database comprises 40 rolling series, 17 from the Chair of Production Systems (Ruhr-University Bochum) and 23 from an industrial collaboration at the University of Padova (mill details confidential). The former tests were run on a ThyssenKrupp Wagner mill (20/16-1000/160; max forces 200 kN radial and 160 kN axial; capacity ≈1 m diameter and 160 mm height). Data were acquired via the CARWIN control system: RF/AF through analog-to-digital converters, ring thickness/diameter via an ultrasonic displacement transducer and an elastically supported metering roll, and process time from the PLC sampling rate. Each case provides force/geometry time series plus static initial/final geometries, material properties and process parameters. All experiments used S235 steel with H-S model constants (Table 1): 1967.97, -3.0E-8, -6.9E-4, 0.58, -9.9E-5, 0.049, 4.2E-4, -0.27. Preforms covered OD 262~2148 mm, inner diameter 158~1357 mm, height 71~515 mm ; final rings OD 387~4192 mm, ID 289~3741 mm, height 51~450 mm.

For each FEM and EXP case, the same feature set composed of initial and final ring geometry (outer diameter, wall thickness and height), billet temperature, main-roll rotational speed during rolling, and material encoded by H-S coefficients was collected. The targets in terms of outer diameter (OD) evolution and the radial (RF) and axial (AF) force time series were collected as well. Figure 2 reports the corresponding FEM and EXP distributions as mean curves with Min-Max envelopes.


[image: Fig. 2: Mean curves and Min-Max ranges for FEM and EXP time-series for three target variables employed in th]Fig. 2. Mean curves and Min-Max ranges for FEM and EXP time-series for three target variables employed in this study, namely (a) OD, (b) RF, and (c) AF.Fig. 2. Mean curves and Min-Max ranges for FEM and EXP time-series for three target variables employed in this study, namely (a) OD, (b) RF, and (c) AF.




Base DNN and transfer learning models
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Preprocessing. Since ring-rolling FEM time series differ in duration, sampling rate, and noise, each raw simulation was converted into a uniform fixed-size sample. Process inputs (main-roll rotational speed, mandrel feed, upper axial-roll feed, and initial ring temperature) were time-normalized and sampled at 32 evenly spaced instants, while targets (OD, RF, AF) resampled at 100 instants. Static descriptors, initial/final ring geometry (OD, thickness, height) and material encoding via the flow-stress law of Eq. (1), were appended, while all signals smoothed with a Savitzky-Golay filter.

DNN for Multi-Output Prediction (base DNN). A feed forward DNN, as the one employed in [16] is employed in this research. For numeric stability, RF and AF were mapped through an asinh transform, as in Eq. (2), where y is the physical force value in kN,y′ is the transformed value, and s≥1 is the scaling coefficient.



y′=asinh(ys)→y=s·sinh(ys)(2)


Differently from the DNN in [16], the loss function employed in this research utilizes some specific features to help steering the learning process, as hereafter detailed. First, considering the substantial difference between OD and RF/AF behaviors, while all losses are based on the mean

square error (MSE), their formulations differ. As concerns OD, the loss is defined as in Eq. (3) while the single components are detailed in Eq. (4).



Loss(OD)=Lbase +LBC+Lspan +Larea +Lmono +Lcurv Lbase =1N∑k(y^k−yk)2;LBC=(y^0−y0)2+(y^N−1−yN−1)2Lspan =(y^N−1−y^0−(yN−1−y0))2;Larea =(∑ky^k−∑kyk)2Lmono =∑kmax(0,yk−yk+1)2;Lcurv =∑k(y^k+1−2y^k+y^k−1)2(3)(4)


For OD, the loss for the predicted curve y^ combines six terms to enforce accuracy and physical plausibility, namely: a pointwise MSE term Lbase  against the target y, boundary constraints LBC to match known initial/final OD, and Lspan  to prevent cumulative drift. Global behavior is additionally controlled through an area-matching term Larea , a monotonicity penalty Lmono  that discourages negative OD increments, not physically possible in RARR, and a curvature term Lcurv  that suppresses higher-order oscillations, consistent with the expected pseudo-linear OD expansion trend. For RF and AF, the loss is tailored to emphasize the mid-cycle active region where forces matter most. Thus, points between 25% and 75% of normalized time are weighted more, Eq. (5), sudden peaks are smoothed/stabilized, Eq. (6), and Larea  is also included. Hence, performance is then evaluated as MAPE@active over that active region avoiding excessively effort on fitting the near-zero regions.



Lw(RF/AF)=(∑kwk(y^k−yk)2∑kwk) with 0.25≤wk≤0.75Lp(RF/AF)=[maxk(y^k)−maxk(yk)]2(5)(6)


The three encoded output sequences, OD residual, asinh-transformed RF, and asinh-transformed AF , are concatenated into a single multi-output prediction vector, employed during the learning process of the base DNN model, and subsequently also in the TL stage.

Transfer learning (TL) module. Considering the feed forward DNN model, as presented in the previous section, to adapt it to the EXP domain, a transfer learning module was developed. The TL workflow predicts first a zero-shot prediction aimed at understanding the differences between the origin (FEM) and target (EXP) domains, and then progressively updates the DNN weights and biases to adapt them to the target domain. To ensure compatibility between FEM-trained models and EXP training data, all EXP targets are transformed into the same encoded space used during FEM training. The OD curve is first residualized as in Eq. (7) while RF and AF are transformed by employing the same asinh scaling coefficients, as in Eq. (8), respectively.



ODresEXP(k)=ODEXP(k)−ODFEM(k)RFtrEXP(k)=asinh(RFEXP(k)sRF);AFtrEXP(k)=asinh(AFEXP(k)sAF)(7)(8)


The OD baseline ODFEM(k) is defined as the linear interpolation between the known initial and final ring diameters and serves as an initial guess of the trajectory for this target variable. By considering Eq. (7) and (8), the TL training proceeds in the same latent space previously defined during the base DNN training, meaning that the domain is adapted rather than retrained. After

transforming each experimental target curve into the same encoded representation used during FEM training, the three sequences are concatenated into a single target vector, as in Eq. (9), standardized by using the FEM latent space statics in terms of mean ( μyFEM ) and variance ( σyFEM ), as in Eq. (10).



ytrEXP=[ODres,trEXP,RFtrEXP,AFtrEXP]∈ℝ3,NystdEXP=ytrEXP−μyFEMσyFEM(9)(10)


At this point, fine-tuning is applied by constructing TL heads for each of the target variables, namely OD, RF, and AF, separately. It should be noted that even though separate sections of the network are devoted to different target variables, the model is still a multivariate regression algorithm. Given a standardized EXP input ( Xstd EXP ), the TL phase aims to adjust the heads, defined by the parameter θg, so that the predictions match the encoded experimental targets ystdEXP, as per Eq. (11).



z^gEXP=fg(Xstd EXP,θg) with g∈{OD,RF,AF}(11)


At this point, the losses are constructed with the same strategy employed for the base DNN model and reported in Eq. (3) and (4), yet the main aim changes. For OD, their purpose shifts from enforcing global consistency to applying localized corrections that compensate for small experimental deviations while for RF and AF, since EXP forces contain longer low-force phases and sharper active windows, the weighting isolates the physically meaningful segment more aggressively than in the FEM stage, preventing the model from being dominated by negligible force regions.



Proxy-Physics Informed Neural Networks (P-PINNs) model
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P-PINN governing equations. This section presents all the details relevant to the P-PINN model, developed for this research due to the lack of RARR-related physical equations translatable into learnable constraints. Moreover, as previously mentioned, EINN formulations [16] were also not suitable for the task at hand considering the high dimensionality of features and target variable that are described in ℝ3,N and not in ℝ2,N, as in [16]. In this regard, the P-PINN model is grounded on two separate input groups, employed for the prediction of OD, RF, and AF. The former, defined as in Eq. (12), comprises the so-called deformation sequence, composed of the resampled rotational speed rpm(k), mandrel feeding distance ΔT(k), upper axial roll feeding distance ΔH(k), and resampled axial height (H(k)) calculated from the feeding speed. The latter, as presented in Eq. (13), is a scalar descriptor including the initial/final geometry of the ring ( D0,T0,H0,Df,Tf,Hf ), a material strength proxy ( Sproxy  ), and the 8 constants for the Hensel-Spittel flow stress model ( HS1,…,HS8, ), previously defined in Eq. (1). Xseq  and xscal  of Eq. (12) and (13) are then stacked in a unified latent vector, as in Eq. (14), together with the labels identifying the material ( emat  ) and the domain ( edom ), either FEM or EXP, for data management and plotting purposes.



Xseq =[rpm(k),ΔT(k),ΔH(k),H(k)]T∈ℝ4,Nxscal =[D0,T0,H0,Df,Tf,Hf,Sproxy ,HS1,,…,HS8]z=[Xseq ,xscal ,emat ,edom ](12)(13)(14)


P-PINN OD modeling. After constructing the training dataset, the learning process is different for OD and for RF/AF. For the former, rather than predicting OD(k) directly as a single sequence, the P-PINN model predicts incremental radial growth and then constructs OD from these increments. First, through a small MLP (multi-layer perceptron), the OD raw head is constructed to roughly

estimate how much OD should grow at each step based on the information in Z, as in Eq. (15). For all means and purposes, Eq. (15) represents a standard data-driven learning process, as the one shown for the base DNN in the previous section.



ΔODiraw= head OD(z)i with i=1,…,N(15)


However, the estimation of Eq. (15) is completely unconstrained, meaning that ΔODiraw  could be negative, not following the true D0−Df behavior or inconsistent OD domain. To avoid this, physical-proxy constraints are applied to ΔODiraw  to both make it physically meaningful and learn the patterns of the EXP domain. The constraints of Eq. (16), enforced sequentially, ensures that the predictions are positive and follow a positive growth for OD, as per Eq. (17). For OD, the P-PINN predicts incremental radial growth from a preliminary shape evolution ( ΔOiraw  ) by enforcing physical-proxy constraints, as per Eq. (16) at model level in the forward pass of the network rather than through PDE residuals or soft physics penalties typical of standard PINNs.



ΔODi=softplus(ΔODiraw)>0;ΔODi*=ΔODiDf−D0∑j=1NΔODiOD(k)=D0+∑i=1kΔODi*(16)(17)


P-PINN RF/AF modeling. For RF and AF, proxy modeling is formulated more explicitly than for OD, reflecting their different feature dependence and relying on prior analytical RARR force models developed by the authors [5, 6]. In P-PINNs, physics is not imposed through PDE residuals or loss penalties, instead, the governing structure is embedded as forward-pass proxies, so that the proxies capture the dominant geometric and material drivers while the data-driven residual component mainly provides fine tuning. Accordingly, the RF proxy in Eq. (18) is expressed as a weighted combination of the principal contributors, namely the thickness variation ΔT(k), diameter growth △OD(k), and main-roll speed pm(k), scaled by an effective flow stress σeff  computed from the H-S law. The weights ω1,ω2,ω3 and a small scaling factor ssoft RF are learned to calibrate the RF magnitude. As concerns AF, the modeling is similar is shape but different in meaning than that of RF. As shown in Eq. (19), the ReLU function is not included in AFproxy (k) to allow for negative values in case of specific machine or simulation settings.



RFproxy (k)=σeff [ω1ReLU{ΔT(k)}+ω2ReLU{ΔOD(k)}+ω3ReLU{rpm(k)}]·ssoft RFAFproxy (k)=0.75·σeff [ω4c(k)+ω5ΔOD(k)+ω6rpm(k)]·ssoft AF(18)(19)


Moreover, AFproxy (k) is also based on the outer diameter △OD(k) and main roll rotational speed rpm(k), as RFproxy (k), but includes c(k)=max(H0−Hk,0), defined as the compression gap. In this regard, c(k) quantifies the instantaneous axial displacement between the ring and the axial roll, estimated through the upper axial roll feeding speed, and serves as the primary driver of axial force in the Proxy-PINN by activating AF only when true geometric compression, and not noise, occurs. It ought to be pointed out that ΔOD(k) in Eq. (18) and (19) is estimated through Eq. (17), thus it is an internal model estimation and is not based on the ground truth OD. Accordingly, RF and AF are predicted, at each epoch of the calculation, by a mix of data- and physics-driven equations (20).



RF(k)=RFproxy (k)+gRF·ΔRF(k);AF(k)=AFproxy (k)+gAF·ΔAF(k)(20)


In Eq. (20), RFproxy (k) and AFproxy (k), are fully proxy-driven and serve as the backbone of the learning process, while the latter parts of both equations are DNN residual-based. The data-driven contribution is learned, through the scalars gRF and gAF, during the training of the model.

In terms of losses, since most of the constraints are applied at model level in the forward section of the network, the loss for OD is only based on the batch size ( B ) and the number of discretized points ( N ), as in Eq. (21), which is based on an MSE.



Loss(OD)data =1BN∑j=1B∑k=1N(OD^s(j)(k)−ODs(j)(k))2(21)


As concerns RF and AF, they use the same data loss structure on scaled outputs, as in Eq. (22), thus only the former is hereafter summarized. First, the data-driven part of the loss is constructed considering discrepancy between predicted and measured RF and AF curves using an asinh-scaled MSE with FEM/EXP domain-dependent weights as ωFEM(j)=0.5 and ωEXP(j)=2 and where arf is the asinh scaling constants used to normalize the force magnitudes before applying MSE. The asinh scaling reduces the dynamic range of RF/AF and improves numerical conditioning for large and noisy force peaks. The second part of the loss is represented by the P-PINN consistency term, where the predictions are steered to be closer to the surrogate proxies. The utilization of this additional control over the learning process applied at loss level required the utilization of the PINN module over the standard DNN module. For RF, and for AF, the proxy part of the loss is defined as in Eq. (23). The last part of the loss is introduced to stabilize and capture physical smoothness of force evolution, thus the main behavior over noise, as per Eq. (24).



RF^s(j)(k)=asinh(RF(j)(k)arf) so that: Loss(RF)data =1B∑j=1Bωdom (j)[1N∑k=1N(RF^s(j)(k)−RFs(j)(k))2]Loss(RF)proxy =1BN∑j=1B∑k=1N(RF^s−RF^s, proxy )2Loss(RF,AF)smooth =‖Δ2RF^s‖22+‖Δ2AF^s‖22(22)(23)(24)


In conclusion, the total loss for the P-PINN model is the sum of Loss(OD)data  of Eq. (21), the datadriven loss for RF and AF as shown for the former in Eq. (22) in terms of Loss(RF)data , the proxy PINN part of RFLoss(RF)proxy  as in Eq. (23), and the corresponding Loss(AF)proxy  part constructed in the same way, and the Loss(RF,AF)smooth part of Eq. (24) helping to promote a behavior towards the main trend.



Models' Pre-Processing and Tuning
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This last section before the results chapter summarizes all the technical information related to the base DNN, the TL, and the P-PINN models defined in the previous sections. All computations were performed in Python on a MacBook Pro (Apple M4), without external GPU acceleration.

DNN for Multi-Output Prediction (base DNN). The base DNN operates on the FEM-only matrix considering a combination of scalars, namely the initial/final geometry of the ring, the initial ring temperature, and time-sequences describing the main roll rotational speed, the thickness reduction rate and height compression rate, namely the mandrel and upper axial roll feeding speeds. The network outputs the full trajectories of OD,RF and AF on a fixed grid of N=100 points per target,

i.e. 300 output channels and inputs are standardized with a StandardScaler. OD is handled in physical units by subtracting a linear baseline (added back after inference). RF/AF are first scaled by a pergroup factor, then mapped with an asinh transform to compress noisy peaks and finally standardized. Training is performed in this transformed space, and predictions are post-processed by destandardization, inverse-asinh, and reconstruction in physical units. Hyperparameters are tuned separately for each target, consistently with the different pre-processing approaches, using a grid search of 60 trials combined with k=3 cross-validation and a 90%/10%train/ validation split. Given the sparsity of EXP data, no independent test set is held out during tuning. In contrast, the selected model is evaluated across 5 random seeds to assess generalization. The same tuning protocol is used for DNN-TL and P-PINN to ensure a fair comparison. Here follows the search ranges, while the full grid available on request. OD: hidden units 256−512, dropout 0.00−0.35, learning rate 3×10−5−5×10−3, weight decay 10−7−10−3, batch size 48-256, epochs 450−1500. RF: hidden units 384−1024, dropout 0.00−0.40, learning rate 3×10−5−10−2, weight decay 10−8−10−3, batch size 64-384, epochs 450-1500. AF: hidden units 384-512, dropout 0.05−0.25, learning rate 10−4−3×10−3, weight decay 10−7−10−4, batch size 64-192, epochs 600-1200. All runs used the AdamW optimizer coupled with an early stopping to limit overfitting and select the best model based on the validation performance.

Transfer learning (TL) module. The transfer learning (TL) stage adapts the pre-trained base DNN to the experimental (EXP) domain while preserving the structure learned from the FEM simulations. TL is performed separately for OD, RF, and AF output heads. Inputs are normalized using the original FEM-trained StandardScaler, and the TL targets are standardized using the stored FEM statistics for each group. OD is fine-tuned in residual form, exactly as in pre-training, while RF and AF remain in the asinh-scaled space. Each TL head is trained on an 80%/20% split of the filtered EXP dataset using Adam W with learning rate 3×10−4, weight decay 10-5, batch size 128, and gradient-norm clipping at 1.0. Training proceeds for a maximum of 1,000 epochs with early stopping based on the validation loss and a patience of 35~60 epochs. After TL, predictions are de-standardized, inverse-transformed, and reconstructed in physical units. For the TL model, a manual hyperparameters tuning was carried out on a subset of those employed for the base DNN model.

P-PINN model. The P-PINN is trained on 30 and 30 randomly sampled FEM and EXP cases. Inputs consist of a deformation sequence and scalar descriptors. The sequence block is encoded by a 1D CNN with three Conv1d layers ( 4→32→64→128 channels) and ReLU activations. Material and domain labels are appended to tag each case during learning. As for the base DNN, OD is kept in physical units, while RF/AF are mapped to asinh space. In the total loss, AF is prioritized by using weights of 8:1 vs OD and 4:1 vs RF. Optimization uses AdamW for stability under mixed data-driven and proxy-physics terms and consistency with DNN-TL, with gradient-norm clipping =5 to avoid instabilities. The best model selection retains the parameters at the minimum validation data-loss. Hyperparameters were tuned with Optuna under 3-fold cross-validation, rather than grid search, because P-PINN hyperparameters are more strongly coupled due to loss-weight scheduling and proxy-term interactions. Each trial samples: learning rate [5×10−4,3×10−3] (log-uniform), weight decay [10−6,10−3] (log-uniform), batch size {4,8,12}, and epochs {4000,12000} in 1000 -step increments. The intervention/decay schedule for LossRFproxy  and LossRF,AFsmooth  is also optimized via λstart proxy ∈[0.1,0.6] and λend proxy ∈[0.02,0.3], with the schedule switch epoch selected from {500,750, 1000,1250,1500,1750,2000} to control when training transitions from capturing global behavior to correcting smaller deviations. The Optuna objective is the fold-average of MAPE@active summed over OD, RF, AF, evaluated on the full FEM and EXP sets. The best setting yields lr≈6.35×10−4, wd ≈6.4×10−6, B=4,12,000 epochs, with λstart proxy ≈0.34,λend proxy ≈0.03, and a switch at epoch 2000. The model is then retrained once on the full FEM + EXP training set with this configuration, and the best checkpoint is used for benchmarking against DNN-TL.



Results
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Given the large result set, each model is presented through representative OD/RF/AF charts and a numerical comparison based on MAPE@active averaged over five runs and five random seeds. The chapter compares the base DNN trained on 218 vs 30 FEM cases, the corresponding TL models adapted with 40 EXP cases, and a P-PINN trained on a balanced 30 FEM +30 EXP subset, to contrast data-rich and data-limited regimes and benchmark P-PINN against DNN/TL under both.

Base DNN performance. Two base-DNN configurations were evaluated: training on the full FEM set ( 218 simulations) and on a reduced subset ( 30 randomly selected cases). Both tests were repeated five times with different random seeds and train/validation splits to assess repeatability. Fig. 3 shows representative validation cases, while performance is reported as MAPE@active.


[image: Fig. 3: Examples of true vs predicted curves by the base DNN model trained with 218 cases for (a) the outer ]Fig. 3. Examples of true vs predicted curves by the base DNN model trained with 218 cases for (a) the outer diameter OD, (b) the radial force RF, and (c) the axial force AF considering 218 input cases. (d), (e), and (f) show the same comparison but considering 30 training cases for the base DNN model.Fig. 3. Examples of true vs predicted curves by the base DNN model trained with 218 cases for (a) the outer diameter OD, (b) the radial force RF, and (c) the axial force AF considering 218 input cases. (d), (e), and (f) show the same comparison but considering 30 training cases for the base DNN model.


Prior to consolidation, five FEM files were discarded because some features could not be reliably extracted/encoded, mainly due to unresolved material-name mapping, leaving 213 FEM cases for the "full-data" training. Across the five seeded trials, the DNN trained on 213 FEM cases predicts all three targets well, achieving a MAPE@active of 1.98% (OD), 15.5% (RF), and 17.4% (AF). Reducing

training data to 30 FEM cases degrades performance considerably, Fig. 3(d)-(f). OD remains reasonable but is slightly overestimated ( 6.2% ), whereas RF and AF are strongly underestimated, with 62.8% and 63.9% MAPE@active, respectively. Overall, the results confirm that purely datadriven accuracy depends critically on database size/coverage, motivating hybrid formulations, id est P-PINN, for low-data or boundary scenarios.

DNN-TL performance. As concerns the TL application, the two base DNN models reported in the previous section were employed by applying the same 40 cases strong EXP database. In this regard, the first attempt is related to the utilization of the base DNN model trained with 218 FEM cases, which showed the best performance in its own latent space, as reported in Fig. 4.


[image: Fig. 4: True vs predicted curves by the DNN-TL model for an example EXP case (#121) for (a) the outer diamet]Fig. 4. True vs predicted curves by the DNN-TL model for an example EXP case (#121) for (a) the outer diameter OD , (b) the radial force RF , and (c) the axial force AF considering 218 input cases. (d), (e), and (f) show the same comparison but considering 30 cases for the training of the base DNN.Fig. 4. True vs predicted curves by the DNN-TL model for an example EXP case (#121) for (a) the outer diameter OD , (b) the radial force RF , and (c) the axial force AF considering 218 input cases. (d), (e), and (f) show the same comparison but considering 30 cases for the training of the base DNN.


The above-mentioned model, hereafter referred to as DNN(218)-TL, showed comparable performance in comparison to the base DNN model from which it is transfer learned, being the MAPE@active, for the three target variables, equal to 3.7%OD,12.69% for RF , and 17.3% for AF , respectively. The results for an example case are reported in Fig. 4(a), (b), and (c). However, when the base DNN model is switched from DNN(218)-TL, to the one trained with only 30 FEM cases, defined hereafter as DNN(30)-TL, an interesting scenario arises. First, thanks to its monotonic

behavior and the similarity between the FEM and EXP domains for this target variable, OD seems to be insensitive to the change in the base DNN model with the MAPE@active changing to 3.2. On the other hand, while RF predictions improve to 10.6%, those for AF degrade to 36.3%. Since all the results of Fig. 4 refer to the same case, by comparing Fig. 4(c) with Fig. 4(f) is it possible to grasp the increase noise in the predicted curve, a symptom of the lack of stability in the base DNN model.

Large AF errors are not purely computational but reflect the intrinsic complexity of axial loading in RARR. AF arises from contact between curved, out-of-plane ring and axial-roll surfaces, where force transmission depends on rapidly changing contact states and secondary deformation. These mechanisms are weakly constrained when the base DNN is trained on only a few FEM cases, and the mismatch is amplified in experiments, making AF particularly sensitive to the representational capacity inherited by TL. Consistently, applying the 30-FEM base DNN directly to EXP data yields MAPE@active = 20.3% (OD) but extreme errors for forces ( >800%RF,~300%AF ), highlighting a strong FEM-EXP domain gap not evident from Fig. 2 alone.

Overall, the 218-FEM base DNN is a robust FEM-domain regressor and its DNN(218)-TL remains reliable for OD/RF/AF. With only 30 FEM cases, the base model captures mainly the global trends, making TL more flexible and even improve RF adaptation, but it does not provide a sufficiently structured backbone to transfer-learn AF, whose performance degrades relative to DNN(218)-TL. Hence, while TL can still work under limited FEM data, the weak FEM representation particularly limits AF transfer. Hence, the proposed P-PINN is introduced next to jointly model FEM and EXP within a single, proxy-constrained framework.

P-PINNs performance. Since the P-PINN is trained on a randomly selected 30 FEM +30 EXP mix, the results in this section refer to both numerical and experimental cases, which are learned and predicted simultaneously by a single model. Representative validation curves from the five repetitions (different random seeds) are shown in Fig. 5, while the mean performance across seeds is MAPE @ active =3.66%(OD),22.9%(RF), and 25.1%(AF). Notably, RF and AF errors are comparatively balanced, addressing the DNN(30)-TL behavior where RF was adapted much better than AF. However, deviations remain higher than DNN(218)-TL, indicating that proxy relations alone cannot fully compensate for the information density provided by the full FEM database used to build the TL backbone.

Comparing the FEM example in Fig. 5(a)-(c) with the EXP example in Fig. 5(d)-(f) shows that the proxy equations can represent the FEM domain, but joint FEM+EXP training prevents the build in source domain → adapt to target advantage of DNN-TL, which mainly affects the EXP accuracy. For OD, enforcing known initial/final geometry, as in analytical approaches [5,6] translated in here into proxy forms, stabilizes the trajectory but may overconstrain the mid-expansion evolution, producing larger mid-phase errors for smoother expansions, Fig. 5(d). For RF/AF, predictions are substantially less noisy than DNN(30)-TL, yet they can still exhibit sharp peaks and misestimate rises/drops, suggesting that limited data coverage cannot be fully replaced by proxies. Nonetheless, the model captures the overall trends and peak magnitudes of both forces with reasonable accuracy across both FEM and EXP, using a single formulation.

Although the P-PINN model is more accurate in the presence of small-scale databases, it is also more computationally demanding, requiring a proxy equations' definition phase, similarly to EINN [16], a more complex tuning, which was carried out by the Optuna hyperparameters optimization scheme, and a running time of approximately 30 minutes, in contrast to the 10 minutes of the base DNN trained on 218 cases and TL which is almost real time.


[image: Fig. 5: True vs predicted curves by the P-PINN model for an example FEM (#193) and one EXP case (#317) for (]Fig. 5. True vs predicted curves by the P-PINN model for an example FEM (#193) and one EXP case (#317) for (a)-(d) the outer diameter OD, (b)-(e) the radial force RF, and (c)-(f) the axial force AF considering 30 FEM and 30 EXP cases for the training.Fig. 5. True vs predicted curves by the P-PINN model for an example FEM (#193) and one EXP case (#317) for (a)-(d) the outer diameter OD, (b)-(e) the radial force RF, and (c)-(f) the axial force AF considering 30 FEM and 30 EXP cases for the training.
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This section expands on the previous results chapter by discussing the advantages, limitations, and improvement paths of the proposed P-PINN formulation, and by providing practical guidance on when to prefer P-PINNs versus transfer learning.

Consistent with prior TL studies in RARR [20], DNN(218)-TL achieves higher accuracy with lower modeling complexity than P-PINN. This outcome is expected since proxy equations capture dominant trends, but cannot reproduce the full variability embedded in a large well-contructed database. The broad geometric/material coverage of the 218-case FEM set is therefore central to the robustness of TL across source and target domains. Conversely, when data are limited and the featuretarget variables relationships are highly nonlinear, typical for RARR [13], purely data-driven models become difficult to train reliably, especially for the most complex targets, such as AF . In this lowdata regime, hybrid approaches can provide useful robustness by combining prior knowledge with data, at the cost of higher model complexity and computational effort. Since proxies are not exact closed-form laws, they also require a design phase to avoid overwhelming the data-driven component.

In this regard, and from a modeling perspective, P -PINNs use the proxy terms as an initial structural backbone that guides optimization toward physically admissible solutions, while later training stages rely increasingly on data-driven residuals for fine-scale corrections. Operationally, this behaves like an integrated transfer-learning scheme where the base model is given by the proxies, and domain adaptation is performed by the residual network. In this work, this was implemented through a two-stage proxy schedule λstart proxy  and λend proxy , with λstart proxy  about an order of magnitude larger, effectively introducing curriculum learning. Before the switch, a stronger proxy coupling biases training toward proxy-consistent behavior to establish the global trends. Then, after the switch (2,000 epochs in this study) the proxy influence is relaxed so the data can refine deviations rather than reconstruct the overall dynamics from scratch. Because the balance between proxy and data residuals is problem-dependent, both λ values were tuned via Optuna.

Considering what stated in the last paragraph, the degradation of AF in DNN(30)-TL is not only a matter of data volume, but also of losing latent geometric structure that the base DNN learns when trained on the full FEM set. In contrast, P-PINN partially preserves this architecture through the proxy structure, yielding more balanced RF/AF errors under limited data. In addiiton to that, the slightly better RF adaptation observed in DNN(30)-TL relative to DNN(218)-TL is consistent with a known TL effect where a mild underfitting in the source model can increase flexibility in the target domain, as also reported in other TL contexts [24, 25]. However, when underfitting becomes severe, as for AF, transfer performance deteriorates, leading to high deviations in both the source and target domains.

In this regard, and conceptually speaking, P -PINNs can be seen as embedded TL where proxies act as a fixed, non-trainable prior, while the residual network performs data-driven adaptation. Accordingly, P-PINNs are not intended to replace TL when large, high-quality FEM databases are available. Rather, they provide a viable option when data scarcity, domain mismatch, or longevity requirements limit purely data-driven approaches. Overall, P-PINNs occupy a middle ground between TL and physics-informed or expert-informed modeling, offering controlled customization and robustness while still requiring data for calibration. While the present formulation remains a proof of concept, the results indicate that P-PINNs can prioritize controlled generalization over maximum achievable accuracy in practically relevant, data-limited settings.



Conclusions
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This contribution detailed a proof-of-concept study for the development of customized neural networks that employs the PINNs structure while grounded on proxy equations, thus P-PINNs. The proposed P-PINN model was benchmarked against the well-established transfer learning approach. In low data scenario, for both the origin and target domains, P-PINNs allow for a better and wiser modeling, resulting in a stable training and better overall performance. On the other hand, for industrial applications, or more broadly when large datasets are available, TL is still confirmed as the tool of choice, being easier to set up and overall, better performing. To this end, some key issues raised in this contribution will require additional work in the future. First and foremost, the definition of the proxy equations would benefit from a semi-automatization, possibly based on a known set of analytical or empirical equations. Moreover, the threshold underlining the choice between P-PINN and TL should also benefit from a deeper and more systematic modeling, allowing end-users to select the best modeling approach based on model selection maps, helping in this initial yet critical choice.
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Abstract

This study proposes a Bayesian data assimilation approach to estimate material model parameters based on deformation fields measured via digital image correlation in a biaxial tensile test using a cruciform specimen. The anisotropy parameters and exponent of the Yld2000-2d yield function for a A5052P-H32 aluminum alloy are identified. The results indicate that the proposed method can estimate parameters with high accuracy-comparable to those identified via conventional multiaxial testing methods-while requiring only a single biaxial test. The proposed method offers an efficient framework for material modeling by minimizing a cost function via Bayesian optimization, enabling parameter identification from a single biaxial tensile test for sheet metal forming applications.





Introduction
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To efficiently design sheet metal forming processes, one must improve the accuracy of numerical simulation models that reproduce the deformation behavior of metallic materials. Achieving this accuracy requires the precise identification of parameters for yield functions and hardening laws. In this study a material model that describes the elastoplastic deformation behavior of metals is used. The conventional approach to material modeling is based on mechanical testing under various stress states, including multiple uniaxial tensile tests and multiaxial stress tests such as biaxial tensile tests using cruciform specimens. In this approach, the parameters of the material model are identified by fitting the model to stress-strain responses or equiplastic work contours obtained from these experiments [1]. However, performing multiple mechanical tests under different loading conditions is time-consuming and experimentally demanding.

In this study, a method is proposed to estimate the parameters of a material model by applying a data assimilation approach based on Bayes' theorem-hereinafter referred to as Bayesian data assimilation (DA) [2]-to heterogeneous strain fields that arise on the surface of a cruciform specimen during a biaxial tensile test. The strain fields are measured using digital image correlation (DIC). It is demonstrated that this method enables the estimation of material model parameters using only the results of a single biaxial tensile test. Notably, the Bayesian DA method employed in this study, which is based on Bayes' theorem, is advantageous over conventional inverse methods such as the finite-element model updating [3] and virtual fields methods [4]. Specifically, DA allows the uncertainty inherent in experimental data to be rigorously incorporated into the Bayesian inference. Herein, the anisotropy parameters and exponent of the Yld2000-2d yield function [5] are estimated via biaxial tensile tests conducted using a simple cruciform specimen for a 5000 -series aluminum alloy sheet with strain measurements obtained using DIC. Furthermore, it is demonstrated that employing the parameters estimated using the proposed DA method improves the predictive accuracy of the deformation behavior observed experimentally.



Experimental Methods
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Biaxial Tensile Test. To obtain experimental data for estimating the parameters of the material model through DA, a biaxial tensile test using a cruciform specimen was conducted. A hydraulically controlled biaxial tensile testing machine, as shown in Fig. 1(a), was employed. The loads applied to

the specimens were measured using two load cells. To continuously capture the deformation of the specimen surface, a charge-coupled device (CCD) camera (DFK23U274, Image Source) was positioned above the specimen and sequential images were recorded at a sampling frequency of 5 Hz . The testing machine was operated using an in-house control code developed in LabView. The material used in this study was a commercially available A5052P-H32 aluminum alloy with a nominal thickness of 1.0 mm . The geometries of the specimens are shown in Fig. 1(b). The specimen was clamped over a 30 mm region. A random speckle pattern was applied to one side of the specimen using spray paint for strain measurements using DIC. As shown in Fig. 1(b), two strain gauges were attached to opposite sides of the specimen to control the testing machine. In the biaxial tensile test, the true stress ratio in the x - and y-directions was set to σxx:σyy=1:1.


[image: Fig. 1: (a) Biaxial testing machine and (b) dimensions of biaxial tensile specimen. Black rectangle in (b) s]Fig. 1 (a) Biaxial testing machine and (b) dimensions of biaxial tensile specimen. Black rectangle in (b) shows strain gauge for controlling biaxial testing machine.Fig. 1. (a) Biaxial testing machine and (b) dimensions of biaxial tensile specimen. Black rectangle in (b) shows strain gauge for controlling biaxial testing machine.


DIC. To measure the deformation field (i.e., the displacement and strain fields) using DIC, the resolution of the CCD camera was set to 1600×1200 pixels. To compute the deformation field from the captured images, image correlation software (GOM Correlate Professional 2021 Hotfix8 (GOM GmbH )) was used. The subset and step sizes were set to 19 and 15 pixels, respectively. Figure 2 shows the region of interest (ROI) specified for measuring the deformation field. A cruciform-shaped ROI was defined at the center of the specimen, excluding 1.5 mm from the edge of the specimen. At the measurement points indicated by red dots in Fig. 2, the displacements were recorded and used as the boundary conditions in the biaxial tensile test simulation.


[image: Fig. 2: Region of interest (ROI) to measure deformation field using digital image correlation.]Fig. 2 Region of interest (ROI) to measure deformation field using digital image correlation.Fig. 2. Region of interest (ROI) to measure deformation field using digital image correlation.
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Biaxial Tensile Test Simulation Using Yld2000-2d Yield Function. ABAQUS/Standard was used to perform a biaxial tensile test simulation corresponding to the experimental test. The geometry of the finite-element model was created by removing the gripping regions from the specimen shape, as

shown in Fig. 1 (b). The model was discretized into 8,418 elements with an approximate element size of 0.5 , and reduced-integration shell elements were employed. The prescribed displacements were applied to each arm of the finite-element model. The Young's modulus and Poisson's ratio of the specimens were set to 63.347 GPa and 0.33 , respectively. The Swift hardening law, expressed as σ=c(a+εp)n, was employed to describe the strain-hardening behavior, where σ is the equivalent stress and εp is the equivalent plastic strain. The parameters of this hardening law were identified from a uniaxial tensile test conducted using A5052P-H32 aluminum alloy, which resulted in c=336.90MPa, a=5.01×10−3, and n=0.143. To implement the Yld2000-2d yield function in ABAQUS, the Unified Material Model Driver for Plasticity user subroutine [6] was employed. The Yld2000-2d yield function contains eight anisotropy parameters; it sets αi(i=1−8)=1.0 and M=8.0 as the initial estimation. The total simulation time was 650 s , and the strain fields were output every 65 s . The strain distributions at these time instants were compared with the experimentally measured strain fields obtained via DIC in the data assimilation process.

Bayesian DA Based on DMC-TPE. In this study, DA to minimize the cost function using the Data assimilation method Minimizing the Cost function with Tree-structured Parzen Estimator (DMCTPE) method [2] was employed. In DMC-TPE, the evolution of the system state and its relationship with the experimental observations are formulated within a state-space model. The state vector xt and observation vector yt at time t are defined as follows:



xt=(εxx1(t),…,εxxl(t),εyy1(t),…,εyyl(t),εxy1(t)…,εxyl(t),α1,…,α8,M)Tyt=(εxx1,obs(t),…,εxxl,obs(t),εyy1,obs(t),…,εyyl,obs(t),εxy1,obs(t)…,εxyl,obs(t))T(1)(2)


Here, εijk(t) denotes the ij(i,j=x or y) component of strain at node k(k=1,2,…l) in the finiteelement model of the cruciform specimen at time t; l is the number of nodes in the ROI; and εijk,obs(t) represents the corresponding strain component observed experimentally at the spatial location associated with εijk(t).

As illustrated in Fig. 3, the misfit between the experimental results and numerical simulations is evaluated using the cost function, which includes the time integration of the misfit over time from t=0 to t=tend .



J(x0)=12(x0−x0b)TB−1(x0−x0b)+12∑t=0tend(yt−Ht(xt))TRt−1(yt−Ht(xt))(3)


Here, the superscript T denotes the transposed matrix, Ht is the observation operator that extracts the components from xt corresponding to yt, and x0b is the initial estimate for x0;B and Rt are the error covariance matrices associated with the uncertainties of x0b and yt, respectively, and are referred to as the background and observation error covariance matrices, respectively. The first term on the righthand side of Eq. (3) represents the deviation from the initial estimate, weighted by the background error covariance matrix, and therefore reflects the uncertainty associated with the prior parameter estimates. The second term corresponds to the time-integrated misfit between the experimentally measured strain field (obtained via DIC) and the strain field computed from the finite-element simulation, weighted by the observation error covariance matrix. The x0 that minimizes the cost function J(x0) is regarded as the optimal state vector, which is denoted by x0a, and the parameters contained in x0a are regarded as the optimal estimates. In this study, the minimization of 𝐉 was performed using Bayesian optimization based on the TPE, which sequentially explores the admissible parameter space. The optimization is performed without explicitly computing the gradient of the cost function, as gradient evaluation for the present finite-element-based formulation is computationally complex. Instead, a surrogate model of the cost function is constructed using Gaussian process regression. The surrogate model is used to iteratively propose new candidate values of x0 that are

expected to reduce the cost function, and this procedure is repeated until convergence. Therefore, x0a is obtained by repeating the following steps: (i) execute the biaxial tensile test simulation using the current estimate for x0, (ii) compute J(x0) based on the simulation results, and (iii) update the estimate for x0 to reduce J(x0). In this study, B is defined as follows:



B=diag.(0,…,0,(Sα1)2,(Sα2)2,…,(Sα8)2,(SM)2)(4)


The initial strain in the specimen is assumed to be zero, and its variance is set to zero. Therefore, the first through 3l-th components of B are zero. Sαi(i=1,2,…,8) and SM denote the standard deviations representing the uncertainties in the initial estimates for the anisotropy parameters αi and the exponent M of the Yld2000-2d yield function, respectively. Assuming that the standard deviations are 30% of the corresponding initial estimated values, Sαi=0.30 and SM=2.40 are used. Rt is defined as follows:



Rt=diag·((Sεxx)2,…,(Sεxx)2,(Sεyy)2,…,(Sεyy)2,(Sεxy)2,…,(Sxy)2)(5)


Here, Sεij(i,j=x or y) denotes the standard deviation of the strain components. In this study, the strain distribution on the specimen surface prior to the start of testing was measured using DIC, and the standard deviations computed from these measurements were considered observation errors. Sεxx=4.56×10−4,Sεyy=4.25×10−4, and Sεxy=2.97×10−4 are used.

The initial state of the specimen and the initial estimates for the parameters are expressed as follows:



x0b=(0,…,0,1.0,1.0,1.0,1.0,1.0,1.0,1.0,1,0,8.0)T(6)


Eq. (6) indicates that the initial strain in the specimen is zero and that the initial estimates for the parameters were set to αi(i=1−8)=1.0 and M=8.0, assuming isotropic plastic deformation. During the minimization calculation of the cost function using Bayesian optimization, one must prescribe admissible ranges for the parameters to be estimated. In this study, these ranges were set to 0.7≤αi(i=1,2,…,8)≤1.3 and 6.0≤M≤12.0.


[image: Fig. 3: Schematic illustration of Bayesian data assimilation (DA) based on DMC-BO.]Fig. 3 Schematic illustration of Bayesian data assimilation (DA) based on DMC-BO.Fig. 3. Schematic illustration of Bayesian data assimilation (DA) based on DMC-BO.
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Full-field Strain Measurement. Fig. 4(a) shows the distribution of the logarithmic strain measured using DIC. The arms of the specimens exhibited a uniaxial tensile state, whereas the central region showed a non-uniform strain distribution. The shear-strain components were concentrated near the corners of the specimens. Fig. 4(b) presents a scatter plot of the strain components in the principal strain space to evaluate the deformation field developed on the surface of the cruciform specimen. As shown in Fig. 4(b), many points corresponded to a uniaxial tensile state. By contrast, the strain values

associated with the equibiaxial tension were relatively low, and only negligible levels of simple pure shear strain were observed.

Parameter Identification and Verification. Among the 100 iterative calculations, the anisotropy parameter αi and the exponent M of the Yld2000-2d yield function that resulted in the minimum value of the cost function were regarded as the optimal estimates. This computation was repeated five times as independent trials. This computation was repeated five times as independent trials using different random seeds for generating the prior samples in the Bayesian optimization procedure. Because Bayesian optimization relies on prior sampling, the results may depend on the initial random realization; therefore, multiple trials were conducted to assess the robustness of the parameter identification. Table 1 presents the optimal estimates obtained from the five trials. These optimal estimates were compared with previously identified reference values based on conventional mechanical testing [7]. The reference parameters reported in [7] were identified based on stress-strain data obtained from uniaxial tensile tests and hydraulic bulge tests. Although some of the optimal estimates exceeded 1.0, the corresponding reference values did not. By contrast, the estimated exponent had a value similar to the reference value.

Fig. 5 shows the yield surfaces computed using the Yld2000-2d yield function with both the optimal estimate and reference value. For the parameters obtained via DA, the yield surfaces were computed for each of the five independent trials, and the standard deviation of these surfaces is presented. The yield surface constructed using the reference value exhibited a more outwardly expanded shape and pronounced protrusion along the equibiaxial loading direction.

Fig. 6 presents the strain distributions obtained from the biaxial tensile test simulations using both the optimal estimate and reference value. Clearly, using the optimal estimate enables the quantitative reproduction of the deformation field observed in the experiment. This shows that the proposed DA approach can successfully estimate the parameters of the Yld2000-2d yield function with the same accuracy as those identified based on multiple material testing via only a single biaxial tensile test.


[image: Fig. 4: (a) Distribution of logarithmic strains when true stress along x - and y -directions was σ x x = σ y]Fig. 4 (a) Distribution of logarithmic strains when true stress along x - and y-directions was σxx=σyy= 242.2 MPa . Distribution of principal strain components is shown in (b).Fig. 4. (a) Distribution of logarithmic strains when true stress along x - and y -directions was σ x x = σ y y = 242.2 MPa . Distribution of principal strain components is shown in (b).



Table 1 Optimally estimated anisotropic parameters and exponent of Yld2000-2d yield function obtained using proposed DA and reported in [7].



	
	α1
	α2
	α3
	α4
	α5
	α6
	α7
	α8
	M



	Data assimilation
	1.003
	1.072
	0.992
	1.051
	1.024
	0.978
	0.819
	1.149
	11.231



	Reference
	0.963
	0.976
	0.863
	0.996
	0.996
	0.887
	0.953
	1.158
	11.564







[image: Fig. 5: Yield surface calculated using parameters estimated optimally using DA and reference values shown in]Fig. 5 Yield surface calculated using parameters estimated optimally using DA and reference values shown in Table 1.Fig. 5. Yield surface calculated using parameters estimated optimally using DA and reference values shown in Table 1.
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In this study, a Bayesian DA method is proposed to estimate the parameters of a material model by assimilating the deformation field obtained via a biaxial tensile test using a cruciform specimen into a biaxial tensile test simulation. Using the proposed method, the anisotropy parameters and the exponent of the Yld2000-2d yield function were estimated for a A5052P-H32 aluminum alloy sheet. The results indicated that the parameters can be estimated with an accuracy comparable to that of the conventional approach, which requires multiple material tests, while requiring only a single biaxial tensile test. These findings contribute to the development of efficient material modeling and the design of sheet-metal forming processes.


[image: Fig. 6: Distribution of logarithmic strains when σ x x = σ y y = 242.2 M P a (a) measured using DIC and (b) ]Fig. 6 Distribution of logarithmic strains when σxx=σyy=242.2MPa (a) measured using DIC and (b) calculated using reference values and (c) estimated values shown in Table 1.Fig. 6. Distribution of logarithmic strains when σ x x = σ y y = 242.2 M P a (a) measured using DIC and (b) calculated using reference values and (c) estimated values shown in Table 1.
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Abstract

Material Testing 2.0 (MT2.0) couples full-field deformation measurements (Digital Image Correlation, DIC) with inverse identification methods (Virtual Fields Method, VFM) to extract constitutive parameters from a small number of heterogeneous experiments. This paper presents the Cut-Clamp-Play concept: an integrated industrial MT2.0 solution that unifies specimen design, automated testing hardware, and a computationally efficient VFM identification chain to deliver fast, user-friendly sheet-metal characterization. A perforated cruciform specimen is optimized for parameter identifiability of the Yld2000-2d anisotropic yield function and used in a single biaxial test. A working prototype has been built at KU Leuven and used to collect representative DIC data; the measured displacement/strain response is double-symmetric, confirming correct mechanical operation. Projected and early prototype results indicate that the Cut-Clamp-Play approach can reduce operator actions by roughly 70% and produce identification results within one hour for typical sheet-metal cases, while further work is required to make the fully automated "Play" stage robust for industrial deployment.





Introduction


The original version of this paper is available on https://www.scientific.net/KEM.1049.37.pdf



Accurate constitutive models are essential for predictive engineering simulation in automotive, aerospace, and consumer industries. Traditional material characterization (MT1.0) relies on multiple quasi-homogeneous tests and manual post-processing, which is time-consuming and resource intensive. MT2.0 replaces large test campaigns with a small number of carefully designed heterogeneous experiments - potentially two instead of seventeen [1] - combined with full-field measurement and inverse identification, enabling substantial reductions in experimental effort and improved parameter identifiability [2].

Two practical barriers limit industrial adoption of MT2.0: (i) computational cost of nonlinear inverse identification for anisotropic plasticity, and (ii) high user dependency across specimen preparation, DIC acquisition, and inverse processing. The Cut-Clamp-Play concept addresses these barriers by combining an identifiability-optimized perforated cruciform specimen, a computationally efficient stress-reconstruction strategy embedded in VFM, and an integrated testbed that minimizes operator actions. This paper summarizes the concept, specimen design and identifiability rationale, prototype implementation, representative DIC measurements, and the remaining steps required to industrialize the "Play" automation stage.



Methodology
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System concept and scope. The Cut-Clamp-Play concept targets sheet-metal biaxial characterization with minimal operator expertise. The operator performs three actions: Cut an optimized perforated cruciform from sheet stock, Clamp it into the fixture, and Play the automated test sequence. The system executes the biaxial loading, acquires stereo DIC images, computes kinematic fields, and runs a VFM-based identification chain designed for speed and robustness. A working prototype implementing the mechanical fixture and optical acquisition has been built and used for initial validation at KU Leuven.

Identification framework. Identification is based on the nonlinear Virtual Fields Method (VFM) applied to measured kinematic fields. For a chosen set of virtual fields u*, the equilibrium statement reads



[−∫Sσ·ε* dS−∫LfT―·u* dl]2=0(1)


where σ is the Cauchy stress and ε* the virtual strain associated with u*. The stresses σ are reconstructed using the measured strain field ε and the constitutive material model (Yld2000-2d [3]) parameterized by θ parameters. By using optimization methods, we identify a set of θ parameters which fulfil equilibrium (Equation 1) as close as possible. A detailed theoretical development of the sensitivity-based VFM employed in this work is provided by Marek [4].

Following Equation 1, the stresses need to be reconstructed in every VFM iteration for every measured material point, for every time step and in the case of gradient-based optimization techniques for every constitutive parameter. Meaning that in a typical identification procedure we need to reconstruct the stresses approximately 100 -milon-times. To reduce runtime, the explicit stress-reconstruction operator NICE [5] is employed to compute stresses and sensitivities explicitly at the measurement points (both spatially and temporally), thereby avoiding nested implicit stress solves within the identification loop. The NICE operator has been seamlessly integrated into the MatchID software package and is available in version 2026.1, implemented in both the Results module (for stress calculation) and the VFM module.

Specimen design and identifiability. A perforated cruciform specimen was chosen because it can reproduce, within a single heterogeneous region of interest, the variety of stress states that are normally obtained from multiple homogeneous tests. The geometry conceptually originated from engineering judgement: combine three standard uniaxial tests and one biaxial test (four homogeneous tests) into a single heterogeneous biaxial tensile experiment by arranging local features that produce distinct local stress-strain responses. In practice, the perforations and fillets create zones with different stress types and strain gradients so that, under a single global biaxial loading path, the region of interest simultaneously samples stress states analogous to the separate homogeneous tests (e.g., uniaxial along rolling direction (RD), uniaxial along transverse direction (TD), uniaxial along 45∘ direction to RD, and biaxial tension, as shown in Figure 1). This engineered heterogeneity increases the information content of one experiment and reduces the number of separate tests required to identify anisotropic plasticity parameters.

The specimen geometry was further constrained by a simple force-equilibrium requirement under the assumption of a homogeneous, isotropic material: all ligaments that carry load in the rolling and transverse directions are designed to be subjected to the same nominal stress, therefore they must have the same cross-sectional area. Ligaments oriented at 45∘ to the RD carry the same axial force component only if their cross-section is scaled by 1/2 relative to the rolling/transverse ligaments. This scaling follows directly from resolving forces on a 45∘ ligament and enforcing equal nominal stress levels across ligament families.

After imposing these cross-section constraints the remaining geometric degrees of freedom reduce to ligament lengths and internal/external radii (fillets). These parameters were selected to maximize the approach to an equibiaxial stress state in the region of interest while preserving a steep-gradientfree measurement area for DIC and delaying localization. In practice the ligament lengths control the strain gradient and the spatial extent in the region of interest, whereas the fillet radii control stress concentration and the smoothness of the strain field used for correlation.

Design selection proceeded by evaluating the resulting stress maps under the intended global biaxial load and adjusting ligament lengths and fillets until the biaxial regions exhibited near-equibiaxial stress conditions. The final geometry balances three practical requirements: (1) broad, smoothly varying strain fields with small strain gradients for robust DIC correlation; (2) delayed necking by reducing stress concentrations; and (3) sufficient heterogeneity to encode the equivalent information of the four homogeneous tests into one experiment.


[image: Fig. 1: Preliminary specimen design of perforated biaxial test, following the engineer's practical insight o]Fig. 1. Preliminary specimen design of perforated biaxial test, following the engineer's practical insight of replacing 3 standard uniaxial and one equibiaxial (e.g., bulge) test to one heterogeneous biaxial tensile test.Fig. 1. Preliminary specimen design of perforated biaxial test, following the engineer's practical insight of replacing 3 standard uniaxial and one equibiaxial (e.g., bulge) test to one heterogeneous biaxial tensile test.




Prototype and Experimental Procedure
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Prototype implementation. A prototype cruciform biaxial testing machine and fixture were fabricated and assembled at KU Leuven (see Figure 2). The prototype includes gripping clamps, alignment guides, and stereo camera mounts positioned to capture the gauge region. Mechanical stops and repeatable fixturing ensure consistent specimen placement between tests. The prototype was used to collect representative DIC data for validation and demonstration purposes.


[image: Fig. 2: Prototype biaxial testing machine with integrated cameras for stereo DIC: (a) complete testbed with ]Fig. 2. Prototype biaxial testing machine with integrated cameras for stereo DIC: (a) complete testbed with camera mounts and electrical cabinet and (b) clamped specimen with camera setup. The machine represents a research platform for performing biaxial experiments on sheet-metal. The control logic of the machine enables early adoption into the "Cut-Clamp-Play" concept using an additional computer seen in the bottom-left corner of the image (a).Fig. 2. Prototype biaxial testing machine with integrated cameras for stereo DIC: (a) complete testbed with camera mounts and electrical cabinet and (b) clamped specimen with camera setup. The machine represents a research platform for performing biaxial experiments on sheet-metal. The control logic of the machine enables early adoption into the "Cut-Clamp-Play" concept using an additional computer seen in the bottom-left corner of the image (a).


Measurement and test protocol. Representative tests follow a controlled biaxial loading path selected to excite anisotropic responses in the gauge region. Stereo DIC captures surface displacements at a sampling rate sufficient to resolve the quasi-static loading sequence. Typical processing yields displacement fields u and derived strain fields ε across the region of interest. Identifiability checks are performed prior to full identification to confirm that the measured fields contain sufficient information for the targeted parameter set of the Yld2000-2d constitutive model.



Initial Results
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Measured DIC response. The representative DIC fields from the prototype exhibit clear double symmetry in both displacement and strain maps across the whole specimen region (see Figure 3). This symmetry confirms that the mechanical fixture and loading paths produce the intended boundary conditions and that the optical setup provides consistent measurements suitable for inverse identification.


[image: Fig. 3: Measured DIC strain response for a representative test: (a) strain ε x x in RD, (b) strain ε x x in ]Fig. 3. Measured DIC strain response for a representative test: (a) strain εxx in RD, (b) strain εxx in TD, (c) shear strain εxy and (d) Von Mises Equivalent Strain εeq. The response is double-symmetric about both principal axes, confirming correct mechanical alignment and symmetric loading in the prototype.Fig. 3. Measured DIC strain response for a representative test: (a) strain ε x x in RD, (b) strain ε x x in TD, (c) shear strain ε x y and (d) Von Mises Equivalent Strain ε e q . The response is double-symmetric about both principal axes, confirming correct mechanical alignment and symmetric loading in the prototype.


Identification performance. Early numerical benchmarks and synthetic tests using the NICE-extended stress reconstruction indicate approximately 30% reduction in CPU time for the VFM identification chain compared to a baseline implicit integration approach. On the prototype hardware and typical desktop, end-to-end identification (from processed DIC fields to parameter estimates with confidence intervals) is achievable within the target of one hour for standard sheet-metal cases, subject to DIC processing time and chosen temporal discretization.

Operator action reduction. Laboratory trials with technicians unfamiliar with MT2.0 workflows show a substantial reduction in required operator actions when using the Cut-Clamp-Play protocol and prototype fixture. Prognosed reductions in manual steps will be approximately 70% relative to a conventional MT2.0 chain that requires specimen-specific fixturing, manual camera alignment, and multi-software data transfers.



Discussion
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Key advantages:


	Efficiency: The combination of an identifiability-optimized specimen and a fast stress-reconstruction strategy enables dense temporal discretization and rapid parameter estimation without prohibitive runtimes.

	Usability: The Cut-Clamp-Play workflow minimizes operator expertise required for routine sheet-metal characterization, lowering the barrier for industrial adoption.

	Validation readiness: Double-symmetric DIC responses from the KU Leuven prototype confirm mechanical and optical integrity of the testbed, supporting reliable inverse identification.



Limitations and remaining work:


	"Play" robustness: While the prototype automates many steps, further engineering is required to make the fully automated "Play" stage robust under industrial variability (e.g., variable speckle quality, lighting conditions, and non-ideal user actions). Additional work is needed on automated speckle quality assessment, adaptive correlation settings, and assessing robust experiment parameters.

	Model-identifiability trade-offs: Increasing constitutive complexity (more parameters) reduces identifiability; practical deployments must balance model expressiveness and the number of reliably recoverable parameters. Current targets aim for reliable identification of at least 7 of 9 Yld2000-2d parameters for typical sheet metals.

	DIC sensitivity: Although the workflow reduces operator influence, DIC image quality remains a limiting factor. Robust pre-test checks and automated image-quality metrics are necessary to ensure consistent identification accuracy.

	Expanding and validating the whole inverse identification on other metallic sheets.





Conclusions
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The Cut-Clamp-Play MT2.0 concept demonstrates a practical pathway to industrialize full-field inverse material characterization for sheet metals. By combining an identifiability-optimized perforated cruciform specimen, a computationally efficient VFM identification chain (NICE-extended), and a prototype cruciform testbed built at KU Leuven, the approach reduces operator actions by roughly 70% and achieves representative end-to-end identification within one hour for typical cases. Measured DIC fields from the prototype show double symmetry, confirming correct mechanical operation. Remaining development focuses on making the automated "Play" stage robust enough to handle industrial variability and on broadening validation across materials and process conditions. Once these steps are completed, the Cut-Clamp-Play system can substantially lower the barrier for MT2.0 adoption in industrial simulation workflows.
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Abstract

A common challenge of punch-bending is the control and compensation of process deviations which are induced, e.g., by different material batches. The resulting deviations are currently countered iteratively using expert knowledge in the design phase as well as during the production process. However, this is not always successful due to the complex interactions between semi-finished product properties and forming tools. To automate the optimization of tool geometries and process adjustments, an accurate prediction model of correlations between process/tool parameters and product properties is necessary. In that regard, an application programming interface (API) aligned with the Asset Administration Shell (AAS) specification is developed utilizing a hybrid data-driven approach. It enables the transformation of various data formats e.g., from sensor and simulation data into a machine-readable structure. The API is linked to a digital twin and a database, to automatically gather requested information and provide the new structured data to a machine learning (ML) model. To validate the developed method, hybrid punch-bending data is automatically transferred to an ML model which then returns tool geometry suggestions for a defined product geometry.





Introduction
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Punch-bending is a forming process in which semi-finished products like metal strips or wires are formed into products like brackets, mounts, electronic contacts or spring elements. The respective punch-bending machines consist of several bending operations to achieve complex geometries [ 1,2 ].

A common challenge of punch-bending is the control and compensation of process deviations. Those are induced in the wire and therefore in the process in form of curvature and residual stresses during wire production and wire coiling [1, 3]. In industrial applications, those deviations are currently countered iteratively using expert knowledge and setup guidelines in the design phase as well as during the production process. However, this is not always successful due to the complex interactions between semi-finished product properties and forming tools [1,4,5].

To enable the optimization of tool geometries and process adjustments, an accurate prediction model of correlations between process/tool parameters and product properties is necessary. Therefore, a hybrid data-driven modeling approach including classical models (analytical, empirical, numerical) and real data from the manufacturing process is chosen. Classical models enable investigations using a wide range of tool configurations without having to manufacture them, as well as capturing effects that are difficult or impossible to measure. However, they are based on assumptions and simplifications, which means that deviations from reality may occur [3,6]. By including real process data within the data-driven approach, deviations and disturbances which are not considered by classical modeling approaches can extend the data set to receive a more holistic understanding of the

process and therefore a more robust model [7]. However, this hybrid approach requires a large amount of data in different data formats. In this regard, an automated acquisition, preprocessing and transfer of hybrid data is required, which can be realized by a digital twin (DT).

The first step towards automated data acquisition was presented by the authors in [8], by defining a possible structure of the DT as well as by connecting the real process with the DT. However, this current approach only includes real process data. To add further data sources regarding the hybrid approach, an automated integration of hybrid data into the DT has to be investigated.



Related Work
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The concept of the digital twin is often seen as an enabler for IIoT and Industry 4.0 applications. However, because there are several different definitions regarding the concept of the digital twin, only a very specific and limited utilization is possible, which makes it significantly more difficult to transfer to other applications. To counteract this, multiple standardized specifications were developed to enable an interoperability between different assets. Via semantic modeling the specifications describe the properties and the behavior of an asset as well as the relationship to other assets [9, 10]. Depending on the specification they also provide defined interfaces to interact with the digital representation [11].

The Asset Administration Shell (AAS) is one of the developed specifications which is subsequently refined by the Industrial Digital Twin Association (IDTA) [10]. In [12] the combination of multimodal, i.e. hybrid, data and its integration into automation structures is defined as research challenge for data-driven modeling. Due to the defined technology-neutral standard of the AAS, interoperability with regard to the exchange of information and data from different sources is made possible [13]. Therefore, the AAS can be used to automatically acquire hybrid data from the punchbending process and thus use it for the hybrid data-driven modeling approach.

Several cases have already been examined with regard to the utilization of the AAS in the context of Industry 4.0 applications. One focus of research is manufacturer- and supplier-independent data exchange. Here, the technology-neutral nature of AAS is utilized to enable shared production and development between multiple stakeholders [14, 15]. In this regard, the concept of the digital product passport represents an implementation of this data exchange. [16]. The aspect of manufacturer- and supplier-independent data exchange between different machines in production is another research topic, which enables the interoperability between automated industrial systems [17, 18]. Other prominent applications include skill-based manufacturing [19], process planning [20], process monitoring [21] and predictive maintenance [22].

However, to the best of the authors knowledge, the application regarding a hybrid data-driven tool design in forming technology has not yet been researched.



Data Sources
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In order to pursue the hybrid data-driven approach to optimizing tool design for the punch-bending process, a large amount of data in various formats is required. The hybrid data used in this paper can be divided into three groups, which are shown in Table 1: real process data, simulation data and historical data. The table also shows the quantities contained in each data source as well as their data formats. The table also lists the tool configurations that are considered as input data and are available in the same data format for each previous data source.


Table 1. Data sources, quantities and data formats of the hyrid data-driven modeling approach of punch-bending processes.



	Data Source
	Quantity
	Data Format



	Process data (sensor data)
	Forces, bending angle, positions, curvature
	Time series data, single sensor data, image data



	Simulation
	Forces, bending angle, residual stresses
	Time series data, single sensor data, nodal data



	Historical data (analytical model, reference studies)
	Forces, bending angle
	Tabular data



	Tool configuration
	Tool geometries, process settings
	Single parameter values






Process data is generated within the real punch-bending process which is displayed in Figure 1. It consists of a material coil, a mechatronic straightener and a punch-bending machine. The mechatronic straightener includes seven straightening rolls. The three upper rolls are each connected to a stepper motor and can therefore be moved via the machine control. Within this punch-bending process, multiple sensors are installed to capture the effects appearing during the straightening and bending operations. The straightening machine is equipped with laser triangulation sensors to determine the positions of the upper straightening rolls. Load cells are also attached to the upper rolls to measure the resulting straightening forces. Both the position and force signals are sent to the machine control as time series data. This is implemented using Beckhoff's TwinCAT automation software. Using an optical measuring system, the wire curvature can be determined offline. First, several coordinate points on the wire geometry are determined and then converted into a corresponding curvature. This is then available as a single sensor data point. The bending angle of the punch-bending product is determined inline using an optical measuring system as well. The image recognition of the camera software identifies the relevant geometric features, outputs them as single sensor data and forwards them afterwards to the automation software.


[image: Fig. 1: Overview of the punch-bending process, which is used for process data generation.]Fig. 1. Overview of the punch-bending process, which is used for process data generation.Fig. 1. Overview of the punch-bending process, which is used for process data generation.


Simulation data is generated via the FE-Software Abaqus. Besides forces and the bending angle also residual stress or strain is captured. Here, the calculated values are assigned to the individual nodes of the mesh so that the determined effects are available as nodal data. For historical data, data from analytical models and data from experimental reference studies are summarized. In this way, previously gathered knowledge can also be incorporated into data-driven modelling. It is assumed that this data is available in tabular form.

The hybrid data-driven approach for optimizing the tool design for punch-bending processes thus has several different data formats, which, given the large amount of data required, necessitates automated acquisition, preprocessing and transfer of the hybrid data in a uniform machine-readable

format. This could be realized by a digital twin and a suitable automation structure. In [8], the authors already described a structure between the digital twin, its included database and the real punchbending process. Consequently, only real data was included. To enable the processing of hybrid data, an extension of the existing automation approach is necessary.



Modification of the Automation Structure for Hybrid Data
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The modification approach is shown in Figure 2. Regarding this hybrid data-driven approach, simulation data as well as historical data are to be integrated in the same machine-readable format to enable the processing by subsequent clients like preprocessing or the ML module.


[image: Fig. 2: Schematic representation of the hybrid automation structure, incorporating the API to enable the tra]Fig. 2. Schematic representation of the hybrid automation structure, incorporating the API to enable the transformation of various data formats into a machine-readable structure.Fig. 2. Schematic representation of the hybrid automation structure, incorporating the API to enable the transformation of various data formats into a machine-readable structure.


As described in previous work the AAS specification is integrated by using the software called AASX Package Explorer. It enables the development of the digital representation of the punchbending process and its assets. Furthermore, additional meta data of the assets can be stored in the respective submodels to obtain a holistic representation and comprehensive information storage. This information model is then uploaded to the AAS Server (I). There are several open-source AAS implementations. An overview and comparison is given in [23]. Based on the study conducted in [23], it is evident that Eclipse BaSyx matches the requirements for usage within the hybrid datadriven model best among the implementations examined. Therefore, it will be used as the implementation of the AAS for the digital twin in this paper which allows the interaction with the created digital representation. For the digital twin of the punch-bending process the communication was implemented via HTTP/REST in a Docker environment. Here, two versions were developed: A local/unsecured and a secured version. All components therefore can be either addressed by their local port or via a nginx reverse proxy to also implement secured communication via HTTPS.

An important subcomponent of the digital twin is the database (II). It has to store all acquired process data as well as initial process and tool parameters which are then transferred to the ML module. BaSyx also requires a database to store the AAS meta data. For this, the NoSQL data management system MongoDB is currently the only persistent data storage implementation in BaSyx (V2). Due to the properties of a NoSQL database, MongoDB enables the storage of multiple data formats. Also, time series data can be stored in so called time series collections, which offer an optimized storage for time series data compared to the standard MongoDB collections. Therefore, MongoDB was also selected for the storage of process data, process parameters and meta data of the punch-bending process. However, in order to combine the various data formats from different data sources into a standardized format for hybrid data-driven modelling, a database structure was

developed to assign the used tool configuration to the respective experiment or simulation. This is realized by an identification system which is shown in Figure 3. First, each tool or process property serving as input data receives its own Input ID (marked in yellow). Tool and process properties include, e.g., straightening roll infeed, the radius of the die or the angle of the bending punch, but also material properties. Sensor signals, simulation results or results from reference studies represent output data and are assigned a Output ID accordingly. The IDs with their corresponding assignments are then stored in a respective database collection. The Input Parameter ID combines a Input ID with a specific value (marked in turquoise). The combination of all tool parameters of one measurement is then summarized in a Input Configuration ID (marked in brown). If one or multiple tool parameters are changing, new Input Parameter IDs as well as a new Input Configuration ID, if not already existing, are created. With the initialization of a new measurement, a new Measurement ID is created and linked to a specific Input Configuration ID to ensure that recorded sensor data is linked to the tool and process properties (marked in pruple). Acquired data of the sensors, either real or simulated, are then assigned to the Measurement ID and their respective Output ID within the so-called Output Data Collection (marked in light green).


[image: Fig. 3: Schematic representation of the identification system which enables a standardized format for hybrid]Fig. 3. Schematic representation of the identification system which enables a standardized format for hybrid data-driven modeling by transforming parameter and values into Input, Input Parameter, Input Configuration, Output and Measurement IDs.Fig. 3. Schematic representation of the identification system which enables a standardized format for hybrid data-driven modeling by transforming parameter and values into Input, Input Parameter, Input Configuration, Output and Measurement IDs.


As described in [8] the tool and process properties are listed in the digital twin, where they are extracted. Before an experiment is conducted on the real system, the values for each tool are entered by the operator, so that the IDs can be generated. This was conducted via the TwinCAT automation software of the machine. For the mere consideration of real sensor data this approach was sufficient. However, when considering the inclusion of hybrid data sources, which means the addition of simulation and historical data, this procedure is no longer reasonable. This is because the processing of simulated and historical data would otherwise depend on the machine control, even if it is not needed at that point in time. Furthermore, the generation of IDs via the machine control was subject to a certain degree of failure due to the cyclical processing of the automation software. Therefore, a centralized and modular approach is necessary which is displayed schematically with the application programming interface (API) (III) in Figure 2. The API is created in Python, ensuring the transferability of the methodology. The primary function of the API is to adopt the mechanisms which were implemented in the automation software by generating and assigning IDs for real process data as well as for simulation and historical data. The API centralizes the transformation of hybrid data formats into a standardized, machine-readable format, thereby enabling hybrid data-driven modeling

of punch-bending processes. Therefore, a connection between API and AAS server is set up. Furthermore, the API also acts as an interface to the database. For example, requests regarding specific IDs can be addressed.

Process data (IV) is recorded and transferred via the TwinCAT automation software. Within the automation software, a connection to the database is set up using the Database Server function. For each sensor, so-called AutoLog groups are created which enable an automated transfer of the process data to the database. The IDs provided by the API are also included in the data logging of the respective sensor signals so that the data can be assigned to the respective measurement. Simulation data ( 𝐕 ) of the punch-bending process is created with the FE-software Abaqus. As shown schematically in Figure 3, the simulation data for each simulation is stored in an inp and an odb-file. The inp-file is a text document containing the input data for the simulation. The odb-file, on the other hand, is a proprietary file containing the simulation results. Here, the data has to be transformed into tabular data, which is then inserted into the database structure and the AAS server via the API. Historical data (VI) is already provided in tabular form. Accordingly, this data is transferred to the database structure and the AAS server using the same systematic approach via a Python script and the API.

Subsequently, the acquired hybrid data is transferred to the ML module (VII) which contains an ML ensemble model as well as an algorithm to compute counterfactual explanations. The ML algorithms allow the generation of process- and tool design suggestions, as already presented by the authors in [24]. Suggested process parameter adjustments are then returned to the digital twin to implement direct adjustments like straightening roller infeed to the system, or to forward tool geometries to the operator. The following section will go into more detail about the functionality of the automated data-driven modeling of punch-bending processes, from initializing a measurement to receiving a setup suggestion.



Method of Automated Data Processing for Hybrid Data-Driven Models
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To achieve an automated data processing of hybrid data the approach is divided into a procedure for process data and a procedure for simulation and historical data. This is because the real process data is transferred to the database and the digital twin via the automation software, while simulation and historical data is transferred via data tables.



Procedure for process data.
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Within this procedure, seen in Figure 4, the section Recording sensor data is based on the methodology previously implemented in the automation software, which was described by the authors in [8]. Instead of the automation software, the API is utilized to generate the respective IDs. First, measurements are initiated via the digital twin by specifying the input parameters which are to be examined. Using the synchronization function between the digital twin and the system the parameters are transferred to the system which requests the Input, Input Parameter, Input Configuration, Output and Measurement ID using the respective HTTP requests defined by the API. If an ID is non-existent, a new ID is generated and inserted into the designated database collection. Otherwise, the existing ID is returned. Additionally, the initialized measurement as well as its meta data like the data source is listed as a segment in the digital twin to be accessible by the ML module.

After one or multiple measurements are completed, in section Transfer data to ML module, the ML module checks for new measurements in the digital twin. For that the ML module requests the API to initiate the search for new Measurement IDs which are forwarded to the digital twin. Using an additional database collection, it is checked whether a measurement was already sent to the ML module or not. If this is not the case, the new Measurement IDs are sent back to the API. Afterwards, the data encrypted using IDs is translated into its plain names and actual values before being transmitted as a list of dictionaries to the ML module.

Depending on whether the ML module has been initialized, two possible scenarios must be considered: scenario (a) describes the case in which the ML module has never been used before. Here, all gathered data is used to train the ensemble model. Scenario (b) represents the case in which the

ML module has already been initialized. Then, only new data that so far has not been used to train the model is used for finetuning. Using the trained ensemble model, the algorithm for computing counterfactual explanations can search for a possible process configuration suggestion, given a desired target geometry. Afterwards, the suggestion is sent back to the digital twin.


[image: Fig. 4: Sequence diagram of the developed method of automated data processing for hybrid datadriven models u]Fig. 4. Sequence diagram of the developed method of automated data processing for hybrid datadriven models using process data.Fig. 4. Sequence diagram of the developed method of automated data processing for hybrid datadriven models using process data.




Procedure for historical and simulation data.
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For historical and simulation data the first section differs compared to the procedure for process data, which is displayed in Figure 5. Where process data is transferred directly to the database and sorted into the database structure, historical and simulation data must first be imported and then converted into the database structure. Due to the different data formats, the data has to be provided in a uniform tabular format like a csv-file, which is the case for the historical data used. The simulation data of the punch-bending process, on the other hand, is acquired with the FEM-Software Abaqus. The simulation data for each simulation, as mentioned before, is stored in an inp and an odb-file. The inpfile contains input data like material properties, tool geometries or process settings in a text document format. The proprietary odb-file, contains the simulation output like the product angle, forming forces or residual stresses. Both files are first converted by a Python script, using the Python library abqpy [25] for the odb-file. Here, the data is transformed into tabular data, which is then inserted into the database structure and the AAS server via the API. The data table, either historical or simulation data, then provides the necessary data to the API. Each line represents a measurement taken (cf. Figure 3). Therefore, the input has to be separated from the output data so that the ML module is able to learn the resulting correlations. For this purpose, keywords were defined for input and output data, which are compared with the keys used for the historical or simulation data. After that, input and output parameters are assigned to the Input Collection and respectively the Output Collection with their specific IDs, which are generated by the API. Accordingly, the Input Parameter and Input Configuration IDs are generated. For each line, one Measurement ID is assigned. Similar to process data, the Measurement IDs and the respective meta data are posted into the digital twin, so that the ML module can access the measurements. Subsequently, the historical or simulation data is stored in the Sensor Data Collection.

The sections Transfer data to ML module and Transfer tool suggestions are almost identical compared to the procedure for process data (cf. Figure 4). The Measurement IDs are requested by the

ML module. They are then translated by the API into the actual keys and values, so that the ML module, after learning the correlations, can provide tool suggestions to be adopted by the operator.


[image: Fig. 5: Sequence diagram of the developed method of automated data processing for hybrid datadriven models u]Fig. 5. Sequence diagram of the developed method of automated data processing for hybrid datadriven models using simulation and historical data.Fig. 5. Sequence diagram of the developed method of automated data processing for hybrid datadriven models using simulation and historical data.




Validation of the Method
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To validate the method described, a case study was conducted using the developed ML model and data set presented by the authors in [24]. The data set falls into the category of historical data and displays a single-stage bending operation of a punch-bending process. The input parameters used are the Young's modulus, the wire thickness as well as the angle and radius of the bending tools. As outcome serves the resulting angle of the punch-bending product. Because it is a historical data set, it already comes in a tabular format (csv) (see data sources). Therefore, it does not need to be transformed as in the case of simulation data.



Validation procedure.
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Following the developed procedure (cf. Figure 5), the data is inserted via a Python script. Depending on the file name and the parameters used, the data set is sorted into either the Simulation or Historical data category based on predefined keywords. These keywords include data format-specific terms that can appear both in the file name and among the listed input or output parameters. Because the data set, e.g., lacks keywords regarding node coordinates as output parameters, the data set considered in this paper is correctly assigned to the category historical. Compared to the retrospective assignment of the data source for historical and simulation data, process data is assigned to the Real Process category at the moment a measurement is initialized. This is achieved through the continuous connection of the API to the real process and its data acquisition. This meta data can later be used by the ML module to differentiate between the data of the hybrid data sources. In a similar way the parameters are compared with input-specific or output-specific keywords in order to categorize the parameters as input or output data. Accordingly, the input parameters Young's modulus, wire thickness, tool angle and tool radius are assigned to the Input Collection and the output parameter product angle to the Output Collection. The respective IDs as well as the Input Parameter, Input Configuration, Measurement and Output IDs are then generated by the API.

To represent the imported measurement within the digital twin, the IDTA time series data submodel template [26] is used. For this work the focus lies on the own added submodel element Source which displays the data source of the data set, which is in this case historical (cf. Figure 6, step I). Each measurement is therefore posted into the digital twin as submodel element collection

containing the respective submodel elements. Afterwards, the data is inserted into the database structure.

After this procedure, the data sets of every data source are stored in the same data format within the developed database structure. The subsequent steps are therefore identical for all data sources and can thus be applied to the validation of the methodology for automated processing of hybrid data. Within the scope of this paper, the focus will therefore remain on the historical data set from [24]. Accordingly, the measurement list within the digital twin is checked for recently added Measurement IDs. Using an additional database collection, the measurement list of the digital twin is compared with already transferred Measurement IDs to prevent duplicating data sets. New Measurement IDs are then sent to the API, which requests the respective incorporated IDs to translate those to actual names and values, before they are transferred to the ML module. The data is used to train a surrogate model enabling the calculation of counterfactual explanations (cf. Figure 6, step II). Using the trained model, a target angle is inserted (Figure 6, step III) to generate process configuration suggestions based on the counterfactual explanations (cf. Figure 6, step IV). A target product angle of 120∘ leads, e.g., to a process configuration displayed in Figure 6 (step V) which is sent to BaSyx. This completes the developed procedure. Thus, a data set has been successfully integrated into the database structure and then automatically transferred to the ML module in order to eventually obtain a prediction for a suitable process configuration for the punch-bending process.


[image: Fig. 6: Validation process for automated data processing for hybrid data-driven modelling of punchbending pr]Fig. 6. Validation process for automated data processing for hybrid data-driven modelling of punchbending processes: From automated integration via the ML module to the final parameter suggestion in the digital twin.Fig. 6. Validation process for automated data processing for hybrid data-driven modelling of punchbending processes: From automated integration via the ML module to the final parameter suggestion in the digital twin.




Discussion
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The results successfully show the validity of the presented automation approach for punch bending. The import and transfer of data set used for validation, containing 5 parameters and 663 data points in the context of the experiment, takes around 34 seconds. As an example, a simulation data set of a single-staged bending operation provided with Abaqus, containing 26 parameters and 663 data points takes around 196 seconds. When repeating the step while retaining the previous data, only a small increase in time of 1-2 seconds is recorded for the historical data, while the simulation data already requires 260 seconds for the repetition. One limiting factor of this approach is the current reference of measurements in the digital twin. BaSyx stores such a submodel and all its contents in a single MongoDB document in BSON format, which has a maximum capacity of 16 MB . Accordingly, this approach reaches its limits with larger data sets.



Conclusion and Outlook
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The article presented a method of automated data processing for optimizing the tool design of punchbending processes by using a hybrid data-driven approach. Previous work initially introduced the digital twin based on the AAS specification as an automation concept. In order to complement the hybrid data-driven approach, the previously developed integration of process data into the automation structure was supplemented by simulation and historical data. Therefore, an API was developed which acts as an interface between hybrid data sources, the database and the AAS server. The API centralizes the transformation of hybrid data formats into a standardized, machine-readable format, thereby enabling a hybrid data-driven modeling of punch-bending processes to achieve an automated tool design. Furthermore, a direct connection between ML module to the digital twin has been established. It was demonstrated using the developed methodology, that due to the standardized format process parameters and product properties of the punch-bending process can be automatically transmitted to the ML module. The correlations learned in this way then resulted in a suggested process configuration for a specified target angle. Automatically returned to the digital twin, the suggested process configuration can then be adopted by the operator to optimize, e.g., the geometry of the punch-bending tool. The developed method of automated data processing thus enables the implementation of an automated process and tool design for punch-bending processes. Thanks to its modular structure, a transfer to other forming processes is also conceivable.

However, the method presented in this paper still has some limitations. For example, the approach is limited to tabular data. Accordingly, each data record must be provided in a tabular format or converted into such a format, as presented for simulation data. Such a conversion can take some time to complete. In the case of converting simulation data, e.g., the version of the odb-files must first be checked and updated if necessary. These topics will be further investigated in future work. Another aspect of future work is the representation of time series data in simulation data. Because every simulation is represented in a single line of the table, time series data for now are displayed by a reference to a specific path in a local folder structure. It is intended to adapt to the structure of the process data by listing individual time steps as well for the simulation data. The referencing of measurements within the digital twin in general must be adjusted as well, to enable the integration of large amounts of data. This is limited by BaSyx in terms of storage capacity by storing the contents of the time series submodel within a single MongoDB document.
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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.
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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

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
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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.


[image: Fig. 1: Parameters considered in the bending processes.]Fig. 1. Parameters considered in the bending processes.Fig. 1. Parameters considered in the bending processes.


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:



F(σyy−σzz)2+G(σzz−σxx)2+H(σxx−σyy)2+2Lτyz2+2Mτxz2+2Nτxy2=Y2(1)


where Y is the yield stress, F,G,H,L,M and N are the parameters that define the shape of the yield surface, and σxx,σyy,σzz,τxy,τxz and τyz are components of the Cauchy stress tensor, written in the orthotropic coordinate system Oxyz. In this work, it is assumed that L=M=1.5 (identical to von Mises) and G+H=1, meaning that the hardening curve, Y(ε¯p), is comparable to the uniaxial tensile stress aligned with the rolling direction. The evolution of yield stress with plastic deformation, Y, is described by the Swift hardening law:



Y=K(ε0+ε¯p)n(2)


where K,ε0 and n are material constants, and ε¯p 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].



	F
	G
	H
	N
	r0
	r45
	r90



	0.506
	0.59
	0.41
	1.572
	0.695
	0.935
	0.812



	n
	Y0 [MPa]
	K [MPa]
	E [GPa]
	ν
	
	



	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, Mu. 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
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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 (rp), the punch displacement (Pd), the punch angular misalignment in relation to the blank ( θ ), the superior die radius ( rsd ), the die bottom radius (rd) and the length of the die (V). For the air bending process the parameter (rd) 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 ( Pd ) 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 (rsd), 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.


Table 2. Minimum and maximum values for the uncertainty sources.



	
	rp [mm]
	Pd [%]
	θ[°]
	rsd [mm]
	rd [mm]
	V [mm]



	min
	0.5
	0.45
	-0.75
	3.5
	0.5
	24



	mean
	1.0
	0.50
	0
	4
	1.0
	25



	max
	1.5
	0.55
	0.75
	4.5
	1
	26











Machine Learning Approaches
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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


The original version of this paper is available on https://www.scientific.net/KEM.1049.55.pdf



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 (t0), the final thickness measured in the exact center of the part (tf), the die bottom radius (rd), the inner radius (ri) and external radius (re) of the final part evaluated in both sides. Additionally, the die opening angle ( αd ), the final part angle ( αf ) (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 ( θ ), punch radius ( rp ), the punch displacement (Pd), the superior die radius (rsd) and the length of the die (V) ).


[image: Fig. 2: Geometry parameters considered in the dataset.]Fig. 2. Geometry parameters considered in the dataset.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.



Bottom Bending
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For the bottom bending process, a total of 2025 simulations were carried out. The database consisted of the initial thickness of the blank (t0), the final thickness measured in the exact center of the final part ( tf ), 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 ( ri ) and external ( re ) radius of the final part for both sides. Additionally, the die angle ( αd ) and the final part angle ( αf ) (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 ( θ ), punch radius ( rp ), the die bottom radius ( rd ) and the length of the die ( V )).

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
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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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Conclusions
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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 ( rp ), the punch displacement ( Pd ), the punch angular misalignment in relation to the blank ( θ ), the superior die radius ( rsd ), the die bottom radius ( rd ) and the length of the die ( V ). 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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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
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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.

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
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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, Rp, the punch opening angle, β, the upper die radius, Rs, the die opening angle, γ, the die length, V, and the blank width, W, length, L, and thickness, t0. In addition to these geometric parameters, the operator can adjust the process parameters, namely the bending direction, θ relatively to the rolling direction (RD), the lubrication conditions (represented by the friction coefficient, μ0 ) and the punch relative displacement, ΔP. In this work, ΔP is defined as a normalized punch stroke, where ΔP=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.


[image: Fig. 1: Geometrical parameters in the air bending process.]Fig. 1. Geometrical parameters in the air bending process.Fig. 1. Geometrical parameters in the air bending process.




Numerical Model
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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, E, and the Poisson's ratio, v; and orthotropic plastic, described by the Swift hardening law [16] and the Hill'48 [17] yield criterion. This yield criterion is defined by:



F(σyy−σzz)2+G(σzz−σxx)2+H(σxx−σyy)2+2Lτyz2+2Mτxz2+2Nτxy2=Y2,(1)


where σxx,σyy,σzz,τxy,τyz and τxz are the components of the Cauchy stress tensor; Y is the yield stress; F,G,H,L,M and N are the Hill'48 anisotropy parameters. These parameters follow the conditions G+H=1 and L=M=1.5 (von Mises). The Swift hardening law is defined by:



Y=C(ε0+ε¯p)n,(2)


where ε¯p is the equivalent plastic strain and C,ε0 and n are the hardening constants. The initial yield stress is given by Y0=Cε0n.

The friction between the tools and the blank was assumed to be described by Coulomb's law with a constant friction coefficient, μ0. 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 TM  i7-6850K ( 4.0 GHz ).



AI-Driven Design Strategy
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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.
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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, Fmax , the final bending angle of the component, α, (as represented in Fig. 2) and the maximum thickness reduction along the bending line, Δtmax , given by:



Δtmax[%]=t0−tmint0×100,(3)


where t0 is the initial blank thickness and tmin  is the minimal thickness along the bending line, represented in Fig. 2.


[image: Fig. 2: Representation of the final bending angle, r 0 , r 45 , r 90 , and the bending line where the minima]Fig. 2. Representation of the final bending angle, r0,r45,r90, and the bending line where the minimal thickness is evaluated.Fig. 2. Representation of the final bending angle, r 0 , r 45 , r 90 , 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, Y0,C, as well as the parameters of Swift's hardening law, n and W. The geometrical parameters comprise the blank width, t0, and initial thickness, Rp, the punch radius, Rs, the upper die radius, V, the die length, γ, and the die opening angle, μ0. The process parameters are the lubrication conditions represented by the friction coefficient, ΔP, the normalized punch displacement, θ, and the bending direction, 15th , 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 [0,1] 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 80%. For testing and training the metamodel, the database was divided into two independent subgroups. A total of 1600 simulations ( 20% ) were used for training and calibration

of the metamodel, while the remaining 400 simulations ( 700,400,500,700 ) 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.



	
	r0
	r45
	r90
	Y0
	C
	n
	t0
	W
	γ
	V
	Rs
	Rp
	μ0
	θ
	ΔP



	
	[-]
	[-]
	[-]
	[MPa]
	[MPa]
	[-]
	[mm]
	[mm]
	[°]
	[mm]
	[mm]
	[mm]
	[-]
	[°]
	[%]



	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 R2, 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 μ0,ΔP,Rp 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 ( α ) evaluated for each output.



	
	α
	Fmax
	Δtmax



	MAE
	1.29°
	425 N
	0.25%



	RMSE
	1.69°
	815 N
	0.41%



	R2
	0.99
	0.99
	0.96







[image: Fig. 3: Predicted (metamodel) and real values of the bending results: (a) Final bending angle, R s , V ; (b)]Fig. 3. Predicted (metamodel) and real values of the bending results: (a) Final bending angle, Rs,V; (b) Maximum punch force, γ; (c) Maximum thickness reduction, r0,r45,r90,Y0,C.Fig. 3. Predicted (metamodel) and real values of the bending results: (a) Final bending angle, R s , V ; (b) Maximum punch force, γ ; (c) Maximum thickness reduction, r 0 , r 45 , r 90 , Y 0 , C .




Process Optimization.
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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 ( n, W and t0 ). 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 ( θ and μ0,ΔP,Rp,Rs,V ), blank dimensions ( γ and α,Fmax  ) and the bending direction ( Δtmax  ), typically known a priori by the operator, were kept constant. In contrast, the process and geometrical parameters ( α and 0.0005∘ ), 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 ( ψ and ψ=Fmax*+Δtmax*,(4) ). The next step consisted in selecting the process configuration with a final bending angle, Fmax *, within a predefined tolerance of the target value. In this work, the tolerance was set to Δtmax *, 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, ψ, was defined as:



r0,r45,r90,Y0,C


where n and W 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 t0.



Results
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The AI-driven design strategy was applicated for 10 different cases, in which the material parameters ( θ and μ0,ΔP ), blank dimensions ( Rp,Rs,V and γ ) and the bending direction ( (α) ) were assumed to be known, as summarized in Table 3. For the remaining input parameters ( Fmax, Δtmax and V ), a set of 50000 distinct bending configurations was generated, aiming to preserve the target final bending angle 0.87% indicated in Table 4 (original configuration), while simultaneously minimizing the maximum force ( 31.5% ) and the maximum thickness reduction ( 46.7% ). 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
	r0
[-]
	r45
[-]
	r90
[-]
	Y0
[MPa]
	C
[MPa]
	n
[-]
	t0
[mm]
	W
[mm]
	θ
[°]



	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
	γ
[°]
	V
[mm]
	Rs
[mm]
	Rp
[mm]
	μ0
[-]
	ΔP
[%]
	Δtmax
[%]
	Fmax
[N]
	α
[°]
	γ
[°]
	V
[mm]
	Rs
[mm]
	Rp
[mm]
	μ0
[-]
	ΔP
[%]
	Δtmax
[%]
	Fmax
[N]
	α
[°]



	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 ( R2 ), 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

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 46.7%. 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 LA/P/0112/2020 in the maximum punch force.


[image: Fig. 4: Bending results obtained from the numerical simulation of the air bending process, using the origina]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, 
[image: mathematical formula]; (b) maximum thickness reduction, 
[image: mathematical formula]; (c) maximum punch force, 
[image: mathematical formula].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, ; (b) maximum thickness reduction, ; (c) maximum punch force, .


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
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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 
[image: superscript number] 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 
[image: mathematical formula] in the maximum force and 
[image: superscript number] 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

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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Abstract

Numerical simulation, particularly through the Finite Element Method (FEM), is widely applied in the design and optimization of metal forming processes. However, certain real-process effects are not fully captured by numerical models alone, creating a need for complementary datadriven approaches. This study presents a hybrid modelling framework that integrates FEM simulations with machine-data-based predictive modelling to improve defect prediction in hot forging. Experimental data were collected from automated forging trials on an SMS SPPE 6.3 screw press equipped with position, force, strain, acceleration, and frame-deflection sensors. A series of trials with varied process parameters enabled the development of a data-driven classification model for detecting the "underfilling" defect. In parallel, the FEM model was refined by incorporating additional real-process phenomena, including ram tilt, press-frame deflection, and air entrapment in die cavities. The combined approach significantly enhanced defect prediction accuracy and provided deeper insight into the mechanisms driving defect formation. These results demonstrate the effectiveness of hybrid numerical-data-driven modelling for improving the robustness of metal forming process design.

(*corresponding author)
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Numerical Modelling of metal forming processes is widely used in modern industry, both in the design of new processes and in the analysis and improvement of existing ones [1]. The current state of Modelling techniques enables virtually all significant factors affecting the quality of forgings to be taken into account [2]. The use of inverse analysis significantly improves the accuracy of models used in simulation [3] and allows the process optimization [4]. However, a number of phenomena are either not considered at all or are considered only in rare cases. Firstly, the metal forming process in simulation is most often assumed to be deterministic, without considering stochastic effects and uncertainties [5]. This can lead to defect formation during real forging, even though the simulation predicted a defect-free process. Another significant factor may be the discrepancy between the real behavior of the forging machine and the idealized equipment model used in the simulation [6]. For example, in most simulations, the elastic deflection of the forging machine is usually neglected and it is considered to be perfectly rigid [7]. In the case of force-bound forging machines, this can lead to insufficient forming or increased forming force, while in energy-bound forging machines, it leads to a loss of energy and, similarly, to defects [8]. In order to implement the real forging machine behavior, the experimental data should be at first acquired and then analyzed. One of possible ways to acquire data from forging machine is to use modern industrial sensor technology, especially non-contact radar-based sensors [9]. The obtained dataset can be further analyzed using methods of data-driven modelling [10]. Machine learning is presently one of the main approaches used in data-driven modelling and as a branch of artificial intelligence offers the widest opportunities for data analysis, both experimental [11] and synthetic [12], as well as for creating models and optimizing processes. The application of hybrid modeling by combining the physics-based modeling together with real

experimental data allows to utilize the advantages of both methods and to improve the efficiency and accuracy of prediction [13]. This makes it possible to reduce the gap between simulation and reality, which is one of the main quality assurance challenges in metal forming today.

The most common defects occurring during metal forming are underfills and folds [14]. The causes of these defects are most often incorrect metal flow due to improper design or unfavorable process conditions, as well as an insufficient amount of metal due to the low precision of the raw material or its cutting [15]. Underfilling can also occur due to increased resistance to metal flow in the die cavity caused by air or lubricant trapped in these cavities.

This work continues our previous research, devoted to integrating uncertainties into FEM simulations and forging process robustification [12] and outlines a combined modelling approach that brings together FEM simulations and data-driven methods to improve prediction and detection of underfilling defects in hot forging. The experimental data came from a series of automated tests carried out on an SMS SPPE 6.3 screw press equipped with advanced data acquisition system. By intentionally varying several process parameters during the trials, we were able to build a classification model capable of recognizing when underfilling occurs. In parallel, the FEM model was adjusted to reflect conditions that appear in actual production, such as slight ram tilting, deformation of the press frame, and pockets of air trapped in die cavities. Bringing these two parts together numerical Modelling and data-driven analysis - resulted in noticeably better defect-prediction performance and provided a deeper understanding of the factors leading to defect formation. Overall, the results show that combining numerical simulations with real-process data can make the design of metal forming operations more reliable and more resilient.



Materials and Methods
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Materials. Workpieces were produced from EN AW 6060 (AlMgSi, DIN 3.3206) D35x6000 mm bars provided by Gemmel Metalle GmbH. The workpieces were cut with industrial bandsaw MEBAswing 405 DG and then turned to the final dimensions using Colchester Student VS lathe. The chemical composition is presented in Table 1.


Table 1. The chemical composition of used EN AW 6060



	Element
	Mg
	Si
	Fe
	Cu
	Mn
	Ti
	Zn
	Al



	Nom.
	0.35-0.60
	0.30-0.60
	0.10-0.30
	< 0.10
	<0.10
	<0.10
	<0.15
	Bal.



	Fact.
	0.436
	0.596
	0.186
	0.004
	0.012
	0.015
	0.003
	Bal.









The forging dies were machined from hot work tool steel X37CrMoV5-1 (DIN 1.2343) provided by MARKS GmbH and subsequently vacuum hardened and tempered to the final hardness of 45...48HRC.

Automated screw press hot bulk forging. The forged part (Figure 1) represents a combination of a cylindrical-walled head and an elongated cruciform element.


[image: Fig. 1: Forged part]Fig. 1. Forged partFig. 1. Forged part


This geometry consists of elements typical for hot forged parts and allows for high-accuracy analysis of how deviations in forging process parameters affect defect formation due to the low fillability of the die cavities. The workpiece is a cylinder. Forging was carried out on an automated press shop

based on an SMS SPPE 6.3 screw press equipped with two robotic manipulators for transporting workpieces and lubricating dies. A scheme of the automated press shop is shown in Figure 2.


[image: Fig. 2: SMS SPPE 6.3 screw press (a) and test setup for automated forging (b)]Fig. 2. SMS SPPE 6.3 screw press (a) and test setup for automated forging (b)Fig. 2. SMS SPPE 6.3 screw press (a) and test setup for automated forging (b)


Robot 1 picks up the workpiece from the loading table and places it into the furnace. If necessary, the furnace chamber can be filled with a protective gas. After holding the workpiece at the specified temperature for the required time, Robot 1 removes it from the furnace, places it in the die, and sends a signal to initiate forging. The press performs forging according to the specified program, with the required number and energy of blows, after which the workpiece is ejected from the die cavity.

Robot 2 then picks up the workpiece and lubricates the dies by spraying using a lubrication head mounted on its arm. Next, the robot transports the workpiece to the unloading table and returns to its home position. The cycle is then repeated.

The forging process is carried out in a fully automated mode, which eliminates errors and inaccuracies associated with manual operation and handling of the workpiece.

Hybrid Numerical and Data-Driven Modelling. The hybrid approach to numerical and datadriven Modelling used consists of two complementary components. The first involves automated FEM simulations to generate a representative dataset followed by its analysis using machine learning methods. The second component includes the acquisition of experimental data, feature extraction, and subsequent linear discriminant analysis. Together, these elements enable effective defect prediction and detection. The approach diagram is shown in Figure 3.


[image: Fig. 3: Approach to hybrid numerical and data-driven modelling.]Fig. 3. Approach to hybrid numerical and data-driven modelling.Fig. 3. Approach to hybrid numerical and data-driven modelling.


Data acquisition system. The SMS SPPE 6.3 screw press equipped with a comprehensive data acquisition system that includes of the following sensors:


	Four magnetostrictive position sensors for determining the spatial position of the ram;

	Four magnetostrictive sensors for measuring deflection at the corners of the press frame;

	A system of five radar-based position sensors for monitoring both ram motion and frame elongation;

	An accelerometer mounted on the press ram;

	Two strain gauge force sensors mounted on the press frame columns;

	Four local piezoelectric sensors integrated into the bottom die.



Data of the sensors except radar-based position sensors is collected by Consenses EdgeSenses data acquisition system. Detailed information on the architecture of the radar sensor network is provided in the article by Jiang et al. [9].

FEM Simulation. Automated API-driven FEM simulations were carried out using the commercial FEM software QForm UK 12.0.1 (www.qform3d.com) in a general forming module. A detailed description of the simulation methodology and the material properties, as well as process parameters, used in the simulations, are provided in the paper by Alimov et al. [12]. In order to reduce computation time, the process was considered symmetrical with respect to the YOZ plane, and only one half of the workpiece was simulated (Figure 4).


[image: Fig.4: Workpiece symmetry used in the simulation]Fig.4. Workpiece symmetry used in the simulationFig.4. Workpiece symmetry used in the simulation


Consideration of trapped air in die cavities. Air, trapped in deep die cavities can cause underfilling and should therefore be modelled. The simulation of trapped air was performed using the brand-new feature of QForm UK 12.0.1. This approach will be presented in detail at the Metalforming 2026 conference [16]. The method involves simulation of metal flow using the finite element method to analyze the evolution of the flow front. Regions susceptible to gas entrapment are automatically identified as cavities where the advancing metal encloses isolated gas pockets (Figure 5). The internal gas pressure in each cavity is estimated using adiabatic compression law, allowing quantitative assessment of the risk of underfill defects.


[image: Fig. 5: The principle of trapped air simulation]Fig. 5. The principle of trapped air simulationFig. 5. The principle of trapped air simulation


The parameters used in simulation of trapped air are shown in Table 2.


Table 2. Trapped air simulation parameters



	Parameter
	Value



	Max. pressure in cavity [MPa]
	300



	Max. pressure growth by solve step [%]
	50



	Max. surface area to volume ratio
	4



	Adiabatic index
	1.4



	Trapped air initial gauge pressure [MPa]
	0









Consideration of press frame deflection. Press frame deflection was considered by using the springloaded bottom die. Part of the blow energy is thus spent on the elastic compression of this spring, analogous to the deflection of the press frame. Only the spring stiffness was varied during the simulation, and the initial compression was zero, since the press frame does not have tie rods.

Consideration of press ram tilting. Press ram tilting was considered only within the workpiece symmetry plane by rotating the top die in this plane at a certain angle, since the position of the workpiece in the direction perpendicular to the workpiece symmetry plane does not change due to stable placement in the die cavity and the forces are being balanced due to the symmetry.

Design of simulations and experiments. A dataset of 120 simulations for further analysis by means of machine learning was created using Latin hyper cube sampling with automated FEM-simulations. A random forest was used to analyze the effect of process parameter variation of defect formation. The effect of the individual features on the underfill defect formation was analyzed using the explainable method SHapley Additive exPlanations (SHAP). For a detailed description of the implementation and methods used, please refer to [17].

Variable process parameters and their ranges used in numerical modelling are presented in Table 3. The experimental investigations were carried out under defined process conditions. To produce defect-free forged parts, a reference parameter set was used. Under these conditions, a total of 27 defect-free forged parts were manufactured. To deliberately generate defective forged parts, two defect-inducing parameter sets with workpiece displacement OY of +10 mm and -10 mm while keeping another parameter as reference were applied, resulting in the production of 11 and 12 defective forged parts, respectively.


Table 3. Variable process parameters and their ranges used in simulations



	Parameter
	Reference value
	Minimal value
	Maximal value



	Initial workpiece temperature, °C
	480
	440
	480



	Workpiece diameter, mm
	35
	31
	38



	Workpiece length, mm
	72
	68
	74



	Workpiece displacement OY, mm
	0
	-10
	10



	Die 1 rotation YOZ, °
	0
	-0.1
	0.1



	Die 2 spring stiffness, MN/mm
	Inf.
	1
	24






Linear Discriminant Analysis. Linear Discriminant Analysis (LDA) [18,19] is a supervised dimensionality reduction technique that allows to find a linear projection of the feature space in which class separability is maximized. It is based on Fisher's discriminant criterion, whose objective is to determine a projection that maximizes the ratio of between-class scatter to within-class scatter. Let Sb and Sw denote the between-class and within-class scatter matrices, Fisher's criterion can be formulated by maximizing the following equation



J(W)=|WTSbW||WTSwW|(1)


where W is the LDA solution that contains up to c−1 eigenvectors, with c being the number of classes. This can be solved as a generalized eigenvalue problem



Sbwi=λiSwwi(2)


where wi and λi are respectively the i -th generalized eigenvector and eigenvalue of Sb with respect to Sw.

The signals from each sensor within the time interval from 0.4 s to 0.6 s were extracted and perform the aforementioned feature extraction. During this period, the workpiece is in contact with the die. LDA was implemented using the scikit-learn library in Python.

Feature extraction for sensor data. As summarized in Table 1, features are manually extracted from multiple sensors, including ram position, acceleration, force signals, and frame position. For ram position, piezo force, and frame position, the signals from the four sensors belonging to the same category are jointly modeled using a covariance matrix, which captures both the individual variances and the inter-sensor correlations over time, resulting in a 10 -dimensional original feature

representation. In each experiment, the four resulting signal curves are assembled into a data matrix 𝐃.



 data =[x1(1)x1(2)…x1(N)x2(1)x2(2)…x2(N)x3(1)x3(2)…x3(N)x4(1)x4(2)…x4(N)](3)


where xk denotes four curves and xk(N) denotes the k -th point on the corresponding curve. The covariance matrix C is calculated by



C=1N−1(D−μ)(D−μ)T(4)


where μ is the mean value of each row of 𝐃. This yields a 4×4 symmetric covariance matrix with 10 unique components. These 10 components can be vectorized and used as statistical features describing the ram position, piezo force, and frame position signals. These features include the correlations between sensors, such as cov(x1,x2), as well as the fluctuation magnitude of each individual sensor, such as cov(x1,x1).

For acceleration and ram force signals, statistical descriptors such as mean value, maximum value, standard deviation, frequency-domain mean, as well as displacement- and force-related maxima are extracted, yielding 4-dimensional original features. Let x=[x(1),x(2)…,x(K)] store the corresponding sensor data. For the feature extraction of acceleration signals, following formulas are used:



max(x)=maxx(i),1≤i≤Nμ=1N∑i=1Nx(i)std(x)=1N−1∑i=1N(x(i)−μ)2(5)(6)(7)


and the spectral energy feature is obtained by summing the squared FFT magnitudes



E=∑k=0N−1|X[k]|2(8)


where X[k]=∑i=1Nx(i)e−j2πki/N.

For the feature extraction of ram force signals, the position-force signal f=[f(p1),f(p2)…f(pN)] was considered. The following formulas are supplemented:



pF−max=\argmaxf(pi),1≤i≤NAΔx=1Δx∫f(x)dx(9)(10)


where A denotes the area under the position-force curve within a displacement of Δx.

For the feature extraction of the radar data, the rear-left radar is taken as an example. Based on the time-frequency representation in Figure 6, a, we accumulate the spectral energy over the time interval from 0.4 s to 0.6 s at each frequency f, resulting in the frequency-dependent accumulated power spectrum Pacc(f), as illustrated in Figure 6, b. This accumulated spectrum reflects

the dominant propagation paths as well as multipath components. The computation can be expressed as follows:



Pacc(f)=∑t=t1t2P(f,t)(11)


As shown in Figure 6, b, eight features are obtained by selecting the four highest spectral peaks from each side of the symmetric frequency range, which represent the dominant radar propagation paths.


[image: Fig. 6: Example of accumulated radar frequency spectrum from 0.4 to 0.6 seconds. (a) Spectrogram of the FMCW]Fig. 6. Example of accumulated radar frequency spectrum from 0.4 to 0.6 seconds. (a) Spectrogram of the FMCW radar (rear left), (b) Accumulated Power Spectrum of the FMCW radar(rear-left) from 0.4 to 0.6 secondsFig. 6. Example of accumulated radar frequency spectrum from 0.4 to 0.6 seconds. (a) Spectrogram of the FMCW radar (rear left), (b) Accumulated Power Spectrum of the FMCW radar(rear-left) from 0.4 to 0.6 seconds


Subsequently, LDA was applied to compress the manually extracted features of each type of sensor data into two discriminative components, leading to a consistent 2-dimensional representation per each type of sensor data (Table 4).


Table 4. Feature extraction for sensor data and LDA-compressed feature space



	Sensor
	Manually extracted Features
	Original feature number
	LDA-compressed feature number (LDAs)



	Ram position
	Covariance
	10
	2



	Acceleration
	Mean, maximum value, standard deviation, and FFT magnitude.
	4
	2



	Force (Piezo)
	Covariance
	10
	2



	Force (Ram)
	F_max, Area/Δx, standard deviation, pF_max
	4
	2



	Frame position
	Covariance
	10
	2



	Radar rear-left
	Spectral peaks
	8
	2








Results and Discussion
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Defect detection using feature extraction and LDA dimensionality reduction. The results of the LDA (Figure 7) show that the sensor data from defective and non-defective states can be separated to varying degrees depending on the sensor type. In particular, for the position sensors, PiezoBolts, radar sensors, and acceleration sensors, a clear shift of the projection distributions in the LDA projection space can be observed. This indicates a relevant dependency of the sensor signals on workpiece misalignment and thus on the occurrence of defects. Overall, the observed separability suggests that selected sensor data and process parameters contain relevant information for distinguishing between defect and non-defect states and can therefore be considered suitable input variables for subsequent data-driven models. It is noteworthy that even the features extracted from a single radar sensor already allow for an effective separation of the different states.


[image: Fig. 7: The results of the LDA]Fig. 7. The results of the LDAFig. 7. The results of the LDA


Forging machine behavior analysis. Based on experimental data the press frame deflection (Figure 8, a) and the press ram tilting (Figure 8, b) were calculated.


[image: Fig.8: Press frame deflection (a) and press ram tilting (b) ( α − in YOZ, β − in XOZ)]Fig.8. Press frame deflection (a) and press ram tilting (b) ( α− in YOZ, β− in XOZ)Fig.8. Press frame deflection (a) and press ram tilting (b) ( α − in YOZ, β − in XOZ)


An average press frame stiffness of 6,03MN/mm was calculated from the press frame deflection data. The maximum tilt angle of the press ram does not exceed 0.0005∘.

Air entrapment in die cavities. Experimental data showed that even with reference process parameters, underfilling defects formed, although the simulation without considering air entrapment

predicted no defects (Figure 9). The simulation using the brand-new feature of QForm UK 12.0.1 predicted a formation of trapped air pockets, which led to the defect formation with biggest underfilling of 0.54 mm . The maximum pressure of the trapped air reached 202 MPa .


[image: Fig. 9: Defect formation during forging without air vents]Fig. 9. Defect formation during forging without air ventsFig. 9. Defect formation during forging without air vents


For a free venting of air from the die cavities, holes with a diameter of 0.5 mm were produced using electrical discharging (Figure 10).


[image: Fig.10: Air vent channels]Fig.10. Air vent channelsFig.10. Air vent channels


The presence of holes allows air to leave the deep cavities of the die and prevents the formation of defects, which is also confirmed by simulations considering air entrapment (Figure 11).


[image: Fig. 11: No defects were observed during forging with air vents]Fig. 11. No defects were observed during forging with air ventsFig. 11. No defects were observed during forging with air vents


FEM-dataset analysis using Random Forest. The Npars =6 input parameters of the FEM simulation were considered as features. The label was defined as a binary variable: samples with a distance between the forged workpiece boundary and the upper die exceeding 0.5 mm were labeled as 1 (defective), and those not exceeding this threshold were labeled as 0 (non-defective). A dataset

containing Nins =120 instances was generated using the Latin Hypercube Sampling within the range of the feature space, including Nd,ins=89 cases with underfill and Nnd,ins=31 free of underfill. The best estimator [nestimators =100, max depth =15, min samples leaf E=1, min samples = 15, class weight = 'balanced'] with the 0.87 test accuracy was found using grid search method. For class 0 , the recall is 0.83 and the F1-score is 0.77 . For class 1 , the recall reaches 0.89 with an F1score of 0.91 . The feature importance shown in Figure 12 were extracted.


[image: Fig. 12: Feature importance]Fig. 12. Feature importanceFig. 12. Feature importance


To assess the robustness of the model performance, a Random Forest classifier was trained and evaluated using a systematic hyperparameter optimization combined with cross-validation. The model hyperparameters, including the number of trees, tree depth, and node regularization parameters, were optimized using a grid search with 10-fold cross-validation. The use of 10-fold cross-validation ensures that the reported performance is not dependent on a specific train-test split, as each sample is used for validation exactly once. In addition, the Random Forest model inherently improves robustness through bootstrap aggregation, where each tree is trained on a different bootstrap sample of the data. This ensemble strategy reduces sensitivity to individual samples and mitigates overfitting effects, and is particularly important in small-sample scenarios.

The stability of the reported feature importance results is supported by the use of cross-validation and ensemble learning. Since the Random Forest model is trained across multiple folds and hyperparameter configurations, the dominant features consistently emerged as important, while variations mainly affected lower-ranked features. Moreover, the use of balanced class weights was evaluated to account for potential label imbalance, ensuring that the learned model does not rely on the majority class.

Overall, the combination of ensemble learning, cross-validation-based hyperparameter tuning, and regularization results in a robust model whose performance and conclusions are not driven by individual samples or specific parameter choices. Nevertheless, we acknowledge that the generalizability of the model is currently limited to the parameter ranges covered by the FEM simulations. Future work will therefore focus on extending the dataset and integrating experimental data to further improve robustness.

The SHAP analysis is shown in Figure 13.


[image: Fig. 13: SHAP analysis]Fig. 13. SHAP analysisFig. 13. SHAP analysis


As it can be seen, the workpiece diameter has a high impact on the defect formation. When it in the range between 35 mm and 37 mm , no defect was predicted. The workpiece diameter less than 35 mm leads to leak of metal, and therefore, to defect formation. Deviation of the workpiece position within ±5 mm can be can be assessed as safe, while a larger displacement of the workpiece leads to the formation of a defect. Reducing the initial workpiece temperature down to 460∘C does not result in a defect. Reducing the workpiece length to 70 mm does not lead to defect formation, thus the process reference parameters can be improved. The press frame stiffness does not have a significant effect on defect formation, however, with press stiffness less than 6MN/mm the probability of defect formation is slightly increased. The press ram tilt also has little effect on defect formation and the probability of defect formation increases only from a tilt of −0.075∘, resulting in a lack of metal to form the forging head. As can be seen from the Figure 8, the actual press characteristics are such that they have no influence on the defect formation.



Conclusions


The original version of this paper is available on https://www.scientific.net/KEM.1049.75.pdf



This work demonstrates that combining FEM simulations with data-driven modelling significantly improves the prediction and the detection of underfilling defects in hot forging. By integrating realprocess effects, such as ram tilt, press-frame deflection and air entrapment, into the FEM model and complementing it with a sensor-based classification model, the hybrid framework captured defectformation more accurately than either approach alone. The results highlight the value of hybrid numerical-data-driven strategies for enhancing the robustness and reliability of metal-forming process design.
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Abstract

In this work, a new methodology for the identification of the CPB06 yield criterion parameters is presented. This methodology is based on the application of Machine Learning models and the Levenberg-Marquardt optimization algorithm. The proposed methodology relies on data obtained from a biaxial tensile test with a cruciform specimen and aims to overcome some of the challenges usually faced during material characterization with the CPB06 yield criterion. The predictive performances achieved were positive overall, when comparing the yield surfaces obtained for testing cases, highlighting the potential of the proposed methodology.





Introduction
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Sheet metal forming is a manufacturing process of significant relevance for very competitive industries, such as the automotive and aerospace industries, due to its capability to produce high quantities of components at a relatively low cost [1]. Industrial demands dictate the need for constant innovation, in order to guarantee that quality, safety and environmental requirements are met while maintaining profits. In this context, Finite Element Analysis (FEA) is frequently used during process design and optimization, which requires an accurate representation of the material's mechanical behaviour. This representation is usually based on constitutive models [2].

Constitutive models typically have multiple material parameters which are determined from the response of the material during mechanical tests. As constitutive models become more flexible, the number of material parameters increases, which makes the parameter identification process more complex. In this context, researchers are looking for more efficient parameter identification strategies, with a recent focus on the application of Machine Learning (ML) algorithms to the solution of this problem. For example, Guo et al. [3] applied a deep learning model containing a convolutional neural network tasked with filtering noise from the available input data, and a long-short term neural network which makes the final predictions. After comparing the results obtained by the model with those obtained from an inverse method, in this case Finite Element Model Updating [4], the authors highlighted one of the main advantages of machine learning based methods, which is the prediction efficiency after the initial model is trained. Morand et al. [5] identified the parameters of a hardening law with non-unique solutions by applying a mixture of experts, which contained multiple neural networks. Since the hardening law considered can have multiple sets of parameters that represent the same hardening behaviour, the authors defended that a single model is incapable of obtaining good predictive performances, since it tends to average the parameter sets. As such, an ensemble model should be used.

The application of ML algorithms to the identification of more complex constitutive models presents its own challenges, partially because of the increasing number of parameters to identify, but also due to the characteristics of certain constitutive models, such as the fact that the CPB06 yield criterion [6] contains both discrete and continuous parameters. The presence of discrete parameters in particular is a limiting factor to the application of the typically used regression ML algorithms [7]. In this context, the main goal of this work is the development of an efficient identification strategy for the CPB06 yield criterion parameters, based on the application of ML algorithms, and the Levenberg-Marquardt optimization algorithm, considering a dataset that contains the results of a single biaxial tensile test on a cruciform sample.



Procedure
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Numerical Models.
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In this work, the mechanical response of the materials was evaluated from the numerical results obtained from a biaxial tensile test on a cruciform sample. Fig. 1 a) presents the geometry of the cruciform sample, originally proposed in [8]. Each arm has a total length of 73.6 mm and the initial thickness is 0.5 mm . The specimen was discretized with a finite element mesh, as shown in Fig. 1 b ), which contains 6680 eight-node hexagonal solid elements. Only one eight of the specimen is modelled, due to material and geometrical symmetries. During the simulation, a prescribed displacement of 2 mm was imposed in the grip region of both arms, simultaneously, along the x and y directions. The in-house finite element code DD3IMP, developed and optimized for the simulation of metal forming processes, was used to carry out the simulation in this work [9-11].


[image: Fig. 1: a) Geometry of the cruciform specimen [8]; b) Finite element mesh used to discretize one eighth of t]Fig. 1. a) Geometry of the cruciform specimen [8]; b) Finite element mesh used to discretize one eighth of the specimen.Fig. 1. a) Geometry of the cruciform specimen [8]; b) Finite element mesh used to discretize one eighth of the specimen.


The constitutive model used for this work assumes an isotropic elastic behaviour, described by the generalized Hooke's law, and an anisotropic plastic behaviour, described by the orthotropic CPB06 yield criterion [6] and the Swift hardening law [12].

The CPB06 orthotropic yield criterion is based on the isotropic yield criterion given by:



[(|s1|−ks1)a+(|s2|−ks2)a+(|s3|−ks3)a]1a=Y,(1)


where s1,s2 and s3 are the principal values of 𝐬=σ′,σ′ is the deviatoric stress tensor and Y is the yield stress and its evolution during deformation. Parameter a is a positive integer, and k is a coefficient that represents the ratio between tensile and compression yield stresses, given by:



k=1−h1+h, with h=[2a−2(σTσC)a2(σTσC)a−2]1a(2)


where σT and σC are the yield stresses in tension and compression, respectively. If k=0, the responses in tension and compression are equal. For k=0 and a=2, this criterion is equivalent to von Mises. Convexity is guaranteed for a≥1 and k∈[−1,1]. To extend this criterion to orthotropy, a linear transformation is applied to the deviatoric stress tensor. In this new criterion, s1,s2 and s3 are the principal values of 𝐬=𝐂σ′, where 𝐂 is a constant fourth order tensor, containing 9 independent anisotropy coefficients, given by:



𝐂=[C11C12C13000C12C22C23000C13C23C33000000C44000000C55000000C66](3)


This criterion can be written in the form:



B[(|s1|−ks1)a+(|s2|−ks2)a+(|s3|−ks3)a]1a=Y(4)


where B is a constant that guarantees that the yield stress Y is identical to the tensile yield stress in the rolling direction. given by:



B=[1(|∅1|−k∅1)a+(|∅2|−k∅2)a+(|∅3|−k∅3)a]1a(5)


with



∅1=(2/3)C11−(1/3)C12−(1/3)C13,∅2=(2/3)C21−(1/3)C22−(1/3)C23,∅3=(2/3)C31−(1/3)C32−(1/3)C33.(6)(7)(8)


This criterion can be reduced to von Mises, for k=0,a=2 and 𝐂 equal to the 4th  order identity tensor. When applied to metallic sheets, the condition C44=C55=1 as in isotropy is assumed. Also, C11 is usually considered equal to 1 , ensuring that all sets of parameters are unique.

The Swift hardening law is given by the following equation:



Y=K(ε0+ε¯p)n(9)


where ε¯p is the equivalent plastic strain and K,ε0 and n are material parameters. The initial yield stress, Y0, is given by:



Y0=Kε0n(10)




Dataset Generation.
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The dataset used in this work contains the numerical results of the biaxial tensile tests as input data. This data includes force measurements along the 0x and θy axis, as well as the εxx,εyy and εxy components of the strain tensor. The forces were measured for displacement increments of 0.4 mm , up to a total displacement of 2 mm , considering that this displacement increment is the same along both axes. The strain measurements were obtained from the final instant of the mechanical test, which corresponds to a displacement of 2 mm . In order to improve efficiency, the dataset size was limited,

by considering only the strain measurements that are most sensitive to the variation of the constitutive model, this sensitivity was evaluated by comparing the standard deviation of the strain values across the entries in the dataset. In total, 15 strain measurements were considered, which were obtained from 10 different points in the specimen. Fig 2 shows the distribution of the Cauchy stress tensor components σxx,σyy and σxy on the cruciform specimen, obtained for the isotropic case. It can be observed that shear and biaxial stress data can be obtained in the notched region of the specimen, while the arms provide uniaxial stress data. As such, it is expected that the information obtained from this mechanical test will allow for a proper identification of the yield criterion parameters.


[image: Fig. 2: Stress fields obtained for a biaxial tensile test for a total displacement of 2 mm , a) σ x x , b) σ]Fig. 2. Stress fields obtained for a biaxial tensile test for a total displacement of 2 mm , a) σxx, b) σyy, c) σxy.Fig. 2. Stress fields obtained for a biaxial tensile test for a total displacement of 2 mm , a) σ x x , b) σ y y , c) σ x y .


In order to be able to identify the constitutive model parameters independently of the elastic behaviour of the material, the Young's Modulus is also considered as an input ( E ). The output data consists of the parameters to be identified, namely the C22,C33,C66,C12,C13,C23 (collectively referred to as Cij from now on) and α parameters of the CPB06 yield criterion. The limits of the Cij parameters are presented in Table 1, which correspond to a deviation of ±1.5 relatively to the isotropic values. For the α parameter, which is a positive integer, the values of 2 and 4 were considered. Since the mechanical test considered does not contain compression data, tension compression symmetry will be considered, and as such, k=0 was assumed for all materials. Also, 3 different values of E were considered, 70,140 and 210 GPa , which are typical values for Aluminium, Titanium and Steel alloys, respectively.


Table 1. Limits of each parameter used to generate the material constitutive model parameter sets.



	
	C22
	C33
	C66
	C12
	C13
	C23



	Lower Limit
	-0.5
	-0.5
	-0.5
	-1.5
	-1.5
	-1.5



	Upper Limit
	2.5
	2.5
	2.5
	1.5
	1.5
	1.5






The dataset can be divided into a training set and a testing set. The training set is used during the training process by the algorithms, while the testing set is used to evaluate the predictive performance of the trained models. The training set contains 4500 different sets of constitutive parameters for each value of α, while the testing set contains 500 sets of parameters for each value of α. These parameter sets were generated by a Sobol sequence, which provides a more uniform parameter distribution than a purely random distribution. After the parameter sets were established, each material was assigned a value of E, in a uniform distribution.



Machine Learning.
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Machine learning (ML) is a field of study focused on the development of systems capable of improving themselves without explicit programming [13]. ML algorithms are frequently applied to the solution of complex problems which would otherwise require building first-principle models which can be prohibitively expensive and time-consuming. The ML algorithm used in this work is the Multi-Layer Perceptron (MLP), a supervised algorithm [14]. Supervised algorithms learn from labelled data, through a process typically called training. This process consists of mapping the relations between input and output variables in the training data. During the training process, model internal parameters are calibrated, allowing it to predict outputs for new sets of inputs.

The MLP is a feed forward neural network, which can be applied to both classification and regression problems, and supports multi-output problems natively [15]. An MLP model is composed of multiple layers of nodes, in which each node connects to the nodes of the following layer, passing information. The first layer is called input layer and contains one node per input variable in the dataset. This layer is followed by any number of layers called hidden layers. The number of hidden layers, as well as the number of nodes in each of these layers are defined before the training process. The output of a single node from a hidden layer is given by:



zi=∅(∑jwijzj′+di)(11)


where zi is the output of node i from the current layer, z′j is the output of j from the previous layer, wij is the weight associated with z′j,di is a bias term and ∅ is a non-linear activation function. The last layer, called the output layer, is responsible for making the final predictions, based on the information received from the previous layer. The training process of an MLP model is an iterative process based on the backpropagation algorithm [16]. For each iteration, the algorithm evaluates whether each of the model weights should be increased or decreased in order to increase predictive performance, and then all weights of the network are changed accordingly, by a small increment.



Methodology
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The proposed methodology for the identification of the CPB06 yield criterion parameters includes the application of both classification and regression MLP models, which were constructed with the publicly available python library Scikit-learn [17]. The first step in the methodology is the identification of the α parameter. This step is accomplished by a classification model, which was trained with the mechanical test results (forces and strains) and the elastic parameter E as inputs. Then, the remaining parameters are identified. Due to the complexity of this identification, an iterative optimization process is adopted. First, a ML model is trained for each value of the parameter α considered. These models use the constitutive model parameters as input and predict the results of the mechanical test considered in the dataset. Then, the results of this prediction are compared with the real results, and through the Levenberg-Marquardt algorithm, the Cij parameters of the CPB06 yield criterion are optimized. A schematic representation of the proposed methodology is presented in Fig 3.


[image: Fig. 3: Schematic representation of the proposed methodology.]Fig. 3. Schematic representation of the proposed methodology.Fig. 3. Schematic representation of the proposed methodology.


During the optimization process, the value of the α parameter considered is the one identified in the first step of the methodology. The objective function used in the optimization process is the weighted sum of squared residuals function, and finite differences are used to compute the Jacobian matrix, which is required for the application of the Levenberg-Marquardt algorithm.



Model training.
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The ML model for the first identification step was trained with a total of 4000 materials from the training set, 2000 corresponding to each value of the α parameter. For the second identification step, 2 models were trained, one for each value of α. Each of those models was trained with a total of 4500 materials. All data was scaled with z-score normalization [18]. Each model had its hyperparameters optimized before the training of the final models. In this work, this optimization process consists of a trial-and-error approach, in which the training set is divided, randomly into two temporary sets, one to train temporary models and another to validate the performance of these temporary models. The validation sets include 30% of the total training set data, and the random data split is repeated 10 times. The hyperparameters that led to the best average performance across the temporary models were chosen to train the final model, with all the training set data. These hyperparameters include the tanh activation function and the limited-memory BFGS (LBFGS) solver.



Performance Evaluation.
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The predictive performance of the ML models was evaluated with performance metrics. Two metrics were considered, accuracy and relative error (RE). Accuracy is given by the following equation:

Accuracy = (Correct predictions)/(All predictions).

This metric represents the ratio of correct prediction made by a model and is used to evaluate the classification ML model used to identify the parameter α. RE is given by:



RE=yi−yi*yi,(13)


where y and y* are the real and predicted values for the variables in analysis, respectively. This metric is used to evaluate the performance of regression models.



Results
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In order to evaluate the predictive performance of the proposed methodology, the trained models were used to make predictions for the testing set, and the performance metrics were calculated. The ML model responsible for the first identification step, which is the identification of the α parameter, achieved an accuracy of 83.55%. While this performance leaves room for improvement, it can be considered acceptable, especially considering that the impact of an incorrect prediction in this step can only be properly measured when the remaining CPB06 parameters are identified, and the resulting mechanical behaviours can be compared. This comparison, after the remaining CPB06 parameters are identified in the second identification step, is based on various results, including the values of yield stress for uniaxial tension ( σ ), measured for angles of 15∘,30∘,45∘,60∘,75∘ and 90∘ in relation to the rolling direction, shear stress (τ), for angles of 0∘,15∘,30∘ and 45∘ in relation to the rolling direction, and the Lankford coefficients, or anisotropy coefficients ( r ) for angles of 0∘,15∘,30∘,45∘, 60∘,75∘ and 90∘ in relation to the rolling direction. Additionally, the values of σb and rb, which are the yield stress under biaxial loading and biaxial anisotropic coefficient [19], are considered. It is preferable to compare these values, which partially describe the yield surface, instead of comparing the yield criterion parameters directly. This is because multiple combinations of parameters can lead to very similar yield surfaces, due to interactions between parameters.

The results obtained after the second identification step are shown in Fig. 4 and 5. These results are separated by the values of α of the original materials in the testing set. However, it is worth mentioning that the value of α considered in each prediction is the one obtained from the first identification step.


[image: Fig. 4: Relative Error distribution obtained after the prediction of the CPB06 yield criterion parameters, f]Fig. 4. Relative Error distribution obtained after the prediction of the CPB06 yield criterion parameters, for the materials with a real α value of 2 .Fig. 4. Relative Error distribution obtained after the prediction of the CPB06 yield criterion parameters, for the materials with a real α value of 2 .



[image: Fig. 5: Relative Error distribution obtained after the prediction of the CPB06 yield criterion parameters, f]Fig. 5. Relative Error distribution obtained after the prediction of the CPB06 yield criterion parameters, for the materials with a real α value of 4 .Fig. 5. Relative Error distribution obtained after the prediction of the CPB06 yield criterion parameters, for the materials with a real α value of 4 .


Overall, the predictive performances obtained are considered positive. The yield stresses in particular show a good agreement between the real yield surfaces and the yield surfaces that correspond to the identified parameters, with RE values that are frequently under 2%, and median RE values under 1%, for both values of α. Regarding the anisotropy coefficients, except rb, the RE values achieved are higher than the ones for the yield stresses, particularly for the α value of 4, but they can still be considered positive, with median RE values under 5% for all cases. These positive results show that the incorrect identifications for the value of α, during the first identification step, didn't significantly compromise the overall quality of the identification process. This means that during the optimization process, the proposed methodology could identify sets of CPB06 parameters that closely matched the mechanical behaviour of the real parameter sets.

The values of RE obtained for rb are higher than those obtained for the remaining variables, particularly for the α value of 4 . This difference may be explained by the available input data. The input data considered may not accurately represent the biaxial stress state associated with this anisotropic coefficient. The inclusion of more input data, representative of other stress states, can help improve the proposed methodology, however, it is worth noting that this will likely require more mechanical tests to be performed, which will increase the cost of the identification process.



Conclusion
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In this work, a parameter identification methodology for the CPB06 yield criterion was proposed. This methodology pairs the use of regression and classification ML models, with the application of the Levenberg-Marquardt optimization algorithm. The dataset created for this purpose contains the results of a biaxial tensile test with a cruciform specimen, which was used to train and test the ML models and the general predictive performance of the methodology.

The results highlight the potential of the proposed methodology, with the predicted yield surfaces showing good agreement with the real ones from the testing set, especially when comparing yield stress values. Improvements to the current methodology are possible by including more data, which represents different stress-states.

The methodology presented leaves some questions to explore in future work. First, the methodology will be expanded for more values of α. The exploration of alternative ML algorithms is

also of interest. In order to validate the methodology for an industrial environment, a more rigorous definition of the strain measurement points is necessary, and the robustness to the presence of noise in the data should also be explored. This can be achieved either with real experimental data, or with numerical data with artificial noise. Finally, the performance and efficiency of the methodology will be compared with other parameter identification methodologies.
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Abstract

Sheet metal components with complex geometries are typically recycled by remelting. Direct remanufacturing necessitates the flattening of parts, which requires the implementation of cuts to facilitate unwinding. The exact positioning of these cuts is a complex planning task, because several influencing factors can be considered, such as material usage, ease of flattening, or minimal forming required. This study presents a geometry-based concept addressing this challenge and demonstrates its use for a test geometry. The finite element method is applied to simulate the flattening process of the resulting sections, and the results are evaluated in terms of planarity and induced plastic strain. The findings of the present work indicate a discernible dependency of results on the selection of the flattening directions. In particular, curved areas impact the induced plastic deformation and springback of flattened sections. This is a crucial consideration when planarity is prioritised over material utilisation.





Introduction
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Sheet metal forming is an integral process in today's manufacturing with global demand rising for decades. In light of increasing orientation towards and necessity for a more circular economy, current concepts of recycling and reuse of sheet metal must be reconsidered [1].

A promising approach involves the direct remanufacturing of existing sheet metal components, which we refer to hereinafter as "first life" components ( 1st  LCs), with forming processes avoiding a transition through the liquid phase [2]. Despite the novelty of this research domain, pioneering studies have been conducted to assess its feasibility. In [3], the authors demonstrated the extraction of several deep-drawing blanks from a used car bonnet. Another study has considered the effects of flattening on the production of recycled parts from 1st  LCs, such as the creation of a break disc cover from a car roof [4]. In both studies, large components with simple geometries and small curvatures were chosen. Improving both material utilisation and applicability of the concept to a wider variety of inputs demands cutting the 1st  LCs before flattening. Subsequently, sections too small to be remanufactured directly can be utilised as patches for the recombination into tailored blanks. When manufacturing " 2nd  life" components out of those recombined blanks, however, the manufacturing processes have to be reconsidered. A feasible example is the use of macrostructured deep drawing tools to facilitate a larger process window, such as larger irregularities of the blanks [5].

It is evident from a survey of the relevant literature that a number of approaches for the unfolding of three-dimensional sheet metal geometries can be found. Flat pattern development using computeraided methods is frequently based on geometry-based concepts, as the one presented in [6], or on the optimisation of other metrics as in [7]. However, these existing methods are oriented towards the creation of blanks to enable the forming of their initially considered components. In contrast, there has been no publication of concepts that analyse the explicit placement of cuts and the evaluation of the flattenability of the resulting sections for 1st  LCs intended for direct remanufacturing, for example into second life tailored blanks.

Accordingly, this work addresses the following research question: How can a geometry-based, automated cut planning strategy be designed to generate flattenable sections from first life components for subsequent use as second life sheet metal blanks? Within this study, a concept addressing this question is presented and employed to demonstrate first results. Additionally, finite element analysis is utilised to simulate the flattening of the resulting cut sections and the outcomes are evaluated in terms of flatness and induced plastic strain. As example geometry for the demonstration of the process we choose a T-cup as shown in Fig. 1a. It offers moderate complexity and incorporates several aspects typical to deep drawing parts such as plane surfaces and features with single as well as double curvatures with a range of different radii. Further details on the geometry can be found in [8]. The process is aimed to be performed on a surface mesh derived from a 3D scan of a 1st  LC serving as its digital twin. In this work, however, a manually constructed mesh is used to reduce artefacts.


[image: Fig. 1: (a) Isometric view of the T-cup and visualisation of Gaussian curvature. (b) Critical zones for flat]Fig. 1. (a) Isometric view of the T-cup and visualisation of Gaussian curvature. (b) Critical zones for flattening with the flattening planes shown. The determination is based on the angle of the face normals in relation to the direction of flattening.Fig. 1. (a) Isometric view of the T-cup and visualisation of Gaussian curvature. (b) Critical zones for flattening with the flattening planes shown. The determination is based on the angle of the face normals in relation to the direction of flattening.




Methods and Simulation Procedure
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The methodology proposed in this paper as a first concept towards an automatic placement of the required cuts is motivated by the observation that areas orthogonal to the flattening plane can lead to instability and buckling during the flattening process. Consequently, this study suggests a semiautomatic algorithm to remove these areas of conflict subsequently. The individual modules of the process are shown in Fig. 2.

The discrete surface mesh of a 1st LC is considered the input for the subsequent algorithm. When applied to a digital twin, this can be obtained from a 3D scan of the geometry and subsequent mesh generation from the obtained data. For the purpose of this work, a mesh with quadrilateral shell elements was considered, obtained from a component designed using CAD. The coordinate system is aligned with the prominent features and symmetries of the T-cup. In the subsequent modules, the preparation and cutting of the mesh are performed in Python using a combination of self-written algorithms and mesh operations using the package PyVista [9].


[image: Fig. 2: Schematic overview of the process.]Fig. 2. Schematic overview of the process.Fig. 2. Schematic overview of the process.


Preparation. In preparation for the cut planning, the Gaussian curvature is initially computed to remove regions with nonzero values beyond a predefined tolerance range. This helps reduce the problem's complexity as areas with nonzero curvatures are generally considered non-developable without additional information [10]. The tolerance range is identified by means of manual inspection, thus ensuring that only areas exhibiting double curvature are removed. For the test geometry used in this study, this range was set to [−10−4 mm−2,10−4 mm−2] to remove the visibly distinctive regions of double curvature seen in Fig. (1a).

In order to circumvent any modification of the residual geometry, the removal is executed by identifying the boundaries of the designated areas. The thus obtained nodes are duplicated. Adjacent faces are sorted according to their relative position to the edges. Finally, the faces to one side of the boundary are redefined to use the duplicated instead of the original nodes. By identifying unconnected regions of the mesh, the parts are then separated.

The remaining test geometry is remeshed before the application of the subsequent algorithms. This ensures a regular and smooth mesh, thereby reducing artefacts.

Cut Planning. The thus prepared mesh is then used as an input to the proposed algorithm for placing the cuts. Initially, a flattening plane is defined via the flattening direction, i.e. its normal vector n→fp, as shown in Fig. 1b. After manually setting a tolerance angle θtol , the angles φi between n→fp and all face normals n→i are calculated. For the study of our test geometry, a value of 10∘ was selected as it ensured the exclusion of artefacts. The outer boundary of sections with angles of 90∘±θtol  is determined as cutting paths. Finally, the mesh is separated along those lines in the same way the doubly curved areas were removed. Sections with angles outside the defined interval are considered flattenable within the plane defined by n→fp while the removed sections can be reconsidered with a different flattening plane to improve material utilisation.

To prepare the obtained sections for the subsequent finite element analysis, they are semiautomatically placed. This process is initiated by subjecting them to a gravitational simulation above an impenetrable plane. Fully automating the procedure requires more research on how to properly account for various challenges such as metastable positions.

Simulation of the Flattening Process. To analyse the flattening behaviour, finite element simulations are carried out using LS-DYNA (R15.0.2) with implicit time integration. The simulation model is visualised in Fig. 3a. It comprises two rigid plane dies with the parts to be flattened placed in between them. All parts are meshed with fully integrated quadrilateral shell elements (ELFORM -16) with 7 through thickness integration points and 1 mm element edge size.


[image: Fig. 3: (a) Simulation model and (b) plastic strain after springback.]Fig. 3. (a) Simulation model and (b) plastic strain after springback.Fig. 3. (a) Simulation model and (b) plastic strain after springback.


With regard to material modelling, the sections consist of DP600 steel assuming isotropic properties. This dual phase steel is characterised by good formability and is commonly used in the automotive sector. The blank thickness and the parameters for modelling the dual phase steel are taken from [11]. They are listed in Table 1. Note that flow stress σf is given as a function of effective plastic strain ε p.

During the flattening process the dies are closed via position control of the upper die (*BOUNDARY_PRESCRIBED_MOTION_RIGID) until their distance equals the initial blank

thickness of 1.16 mm . In the course of this, a Coulomb friction model is applied with a friction coefficient of 0.1 . After flattening, a static springback simulation is performed (Fig. 3b).


Table 1. Parameters for modelling DP600 [11].



	Parameter
	Value



	Flow stress σf [MPa]
	1060 (0.001 + εp)0.174



	Young's modulus [GPa]
	185



	Poisson's ratio [-]
	0.3



	Sheet thickness [mm]
	1.16









Evaluation of the Flattened Parts. Following flattening, the planarity has to be analysed. In this work, this is done by assessing the distances of the finite nodes to a best fit plane. From literature it is known that one can use principal component analysis (PCA) with the aid of singular value decomposition (SVD) to calculate a best fitting plane [12]. Thus, the plane is described via the centroid of the point data and the third principal component as the normal vector of the plane. Thereafter, the distances to the obtained plane and in particular their extrema in positive and negative direction are computed (Fig. 4).


[image: Fig. 4: (a) Distances to best fit plane. (b) Planes of maximum distances in positive and negative direction ]Fig. 4. (a) Distances to best fit plane. (b) Planes of maximum distances in positive and negative direction to the best fit plane.Fig. 4. (a) Distances to best fit plane. (b) Planes of maximum distances in positive and negative direction to the best fit plane.
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Cut Planning. In order to find a discrete approach for choosing the flattening plane normal, the scope of this study was limited to the planes defined by the standard base vectors of the chosen coordinate system. This leads to 6 different permutations for the sequential application of the algorithm. Here, only two applications were considered as it does not reduce the number of studied cases. To indicate the nature of their creation, cut sequences are identified based on the normals of the flattening plane used, i.e. "cut parts XY" are generated by considering flattening directions in x and y direction subsequently.


Table 2. Quantitative results of cut planning.



	Sequence of flattening directions
	Number of resulting sections
	Degree of material utilisation [%]



	XY
	10
	90.4



	XZ
	8
	49.3



	YX
	10
	90.4



	YZ
	10
	90.4



	ZX
	8
	60.8



	ZY
	10
	90.4






Of the 6 examined cut results, combinations of the same flattening directions with different permutations lead to almost identical sections. The number of resulting sections after consideration of two flattening planes is compiled in Table 2 together with the degree of material utilisation. To

assess the latter quantity, the surface area of all flattenable sections was divided by the total area of the initial mesh before preparation without taking into consideration the quality of the flattened sections. A more informed assessment of effective material utilisation requires additional research on the requirements of the recombination step mentioned in the introduction of this work. The flatness of components, both in terms of local edges and global geometry, is likely to act as a limiting factor to the areas considered usable. Depending on the process design and the geometry of the 1st  LC, it will furthermore be important to consider the impact of existing and induced plastic strains, the result of which may be additional limitations. While these factors may result in the evaluation of certain sections as unusable and subsequently in the development of more complex strategies for the cut planning, they represent areas that require further investigation and therefore did not form the primary focus of the present work.


[image: Fig. 5: Overview and definition of nomenclature for resulting cut sections after algorithm application for f]Fig. 5. Overview and definition of nomenclature for resulting cut sections after algorithm application for flattening plane normal in y - and z -direction with different orders of application. Sections with similar geometries are coloured identically for better visual distinction.Fig. 5. Overview and definition of nomenclature for resulting cut sections after algorithm application for flattening plane normal in y - and z -direction with different orders of application. Sections with similar geometries are coloured identically for better visual distinction.


The outcomes derived from analogous flattening directions in disparate permutations primarily diverge in the allocation of the singly curved areas between the sidewall and the flange, or the bottom, of the T-cup. This phenomenon can be observed for the four combinations with equal degree of material utilisation, an illustrative example is provided by the large U section in Fig. 5. The remaining two combinations, XZ and ZX, do not consider flattening in the direction of the original drawing process. Therefore, a third iteration of the algorithm would be necessary to improve their material utilisation, as there remain unflattenable sections after the initial two.

Depending on the missing flattening direction, it is evident that the cut sections exhibit distinct geometries, which can only be accurately compared in pairs. Consequently, the ensuing analysis will concentrate exclusively on the sections derived from the YZ and ZY cuts. Of the combinations examined, these provide the broadest spectrum of geometrical features and, consequently, a better insight into effects on flattenability. A descriptive nomenclature for the different sections is chosen, its details are shown in Fig. 5 . Symmetrical parts were only simulated once per cut permutation while the band sections were omitted completely due to their small size and pre-existing planarity.

Flattening. After cutting, the resulting sections are flattened via the presented simulation process. In Fig. 6, the differences of the minimum and maximum signed distances Δs as well as the standard deviation σ(s) of distances to the best fit plane are visualised for each considered section and cutting sequence. Sections comprising the most proportion of initially flat area, namely flange, bottom and rectangular section, have the smallest differences Δs and standard deviations σ(s). The values are declining in the aforementioned order. Bottom and flange of cut parts ZY have higher planarity compared with their counterparts. This is due to cut parts YZ producing more contiguous radii for these sections.


[image: Fig.6: Distances to best fit plane after flattening.]Fig.6. Distances to best fit plane after flattening.Fig.6. Distances to best fit plane after flattening.


Fig. 7 exhibits the distribution of effective plastic strains in a violin plot. Two local maxima can be seen in the distribution for each of the U sections. The one at higher strains is corresponding to the flattened area of the initially eponymous curvatures. Conversely, the second maximum can be attributed to the originally flat area. For the large U sections, a major proportion of these parts is experiencing a negligible amount of plastic strain. In contrast, almost the whole small U sections are plastically deformed. Cut parts ZY leads to higher plastic strains for the Usections as the contiguous radii account for a larger proportion of those parts. These radii are resulting in lower planarity for the small U section, while for the large one the difference Δs is almost the same (Fig. 6).

Finally, the nearly identical S section cuts result in similar planarity and plastic strain distributions. The two peaks in the violin plot in Fig. 7 indicate the two main radii of those sections. Here, the smaller radius and the associated smaller area cause higher strains but a reduced contribution to the overall distribution.


[image: Fig. 7: Distribution of effective plastic strain after flattening.]Fig. 7. Distribution of effective plastic strain after flattening.Fig. 7. Distribution of effective plastic strain after flattening.




Cut sections
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An exemplary display of the spatial deviations from planarity is shown in Fig. 8 for the flange and small U section because for those sections the influence of the previously mentioned contiguous radii

is clearly visible. For the flange, an overall bending with uplifting sides can be observed for cut parts YZ . In comparison, the more pronounced curvatures for the small U section of cut parts ZY provokes tilting of the flattened specimen around the x -axis.


[image: Fig. 8: Height profiles after flattening.]Fig. 8. Height profiles after flattening.Fig. 8. Height profiles after flattening.




Conclusion and Outlook
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This study proposes an approach to the flattening of sheet metal components by means of inducing cuts along regions orthogonal to the flattening plane and demonstrates the procedure on the example geometry of a T-cup. By analysing the resulting sections using a finite element simulation, it was shown that the choice of flattening directions is not only pivotal for the number of cuts required but also influences the flattenability of the resulting sections. Both induced amount of plastic strain and springback are influenced by radii in the geometry. While regions with large curvature had a distinctive influence on sections with overall small to no curvature, their effects on more curved geometries were less pronounced. This emphasises the significance of curved areas for the flattenability of 1st  LCs and underscores the necessity for further investigation.

Our findings indicate that the proposed concept has the potential to serve as a viable building block for the direct recycling of 1st  LCs. However, it is crucial to note that further investigation into alternative geometries is necessary to ensure the applicability of this method. It is evident that the approach for the cut placement is geometry-based; consequently, mechanical properties have not been considered, despite their obvious influence on the problem. Moreover, it is imperative that the robustness and automation of the process be further developed prior to its realistic application to digital twins.
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Abstract

This paper revisits the long-standing question of how to fully characterise the in-plane plastic anisotropy of sheet metals without assembling evidence from multiple standardised tests. The central idea is pragmatic: a single, well-designed heterogeneous biaxial experiment can replace the conventional combination of uniaxial and equibiaxial tests if the specimen and the inverse identification method are co-designed to (i) activate informative stress states and (ii) maintain low strain gradients for accurate digital image correlation measurements. The proposed cruciform specimen is deliberately conceived as a benchmark configuration for full-field inverse identification, with known locations and stress-strain states at which relevant material information is embedded. The approach is coupled with a Finite Element Model Updating framework, enabling all anisotropy parameters of the YLD2000-2d model to be identified from a single full-field dataset. Sensitivity and identifiability analyses demonstrate that a physically based parameter formulation significantly improves the conditioning of the inverse problem. Virtual experimentation confirms the robustness and accuracy of the proposed "one-test" identification strategy.





Introduction
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The predictive capability of numerical simulations in sheet metal forming critically depends on the accurate identification of constitutive model parameters, particularly those governing in-plane plastic anisotropy. Traditionally, these parameters are obtained from a collection of standardised mechanical tests, including uniaxial tensile tests performed along multiple material directions and equibiaxial loading experiments. While such procedures are well established, they rely on assembling information from several independent tests, each probing only a limited subset of the material response, and typically assume homogeneous stress and strain states.

The rapid development of full-field optical measurement techniques, most notably digital image correlation (DIC) [1], has fundamentally changed the landscape of material characterisation. Fullfield measurements provide access to heterogeneous displacement and strain fields over an entire region of interest, thereby offering significantly richer experimental information than conventional pointwise measurements. This has motivated the emergence of so-called Material Testing 2.0 (MT 2.0) [2,3], in which heterogeneous tests are deliberately designed and combined with inverse identification techniques to determine constitutive parameters from a reduced number of experiments, ideally from a single test.

Within this framework, a wide range of inverse identification strategies has been proposed, including the Virtual Fields Method (VFM) [4,5], Finite Element Model Updating (FEMU) [6], equilibrium-gap-based approaches [7], and integrated DIC formulations [8]. Among these, FEMU and nonlinear VFM have become the most widely used methods for identifying plasticity parameters in sheet metals. FEMU relies on iterative finite element simulations coupled with optimisation

algorithms, whereas VFM exploits the principle of virtual work to extract parameters directly from measured fields. Despite their conceptual differences, both approaches critically depend on the interplay between the chosen constitutive model, the design of the heterogeneous specimen, and the quality of the measured full-field data, which ultimately determines whether the inverse problem is well or ill conditioned.

A key limitation that continues to hinder broader industrial adoption of MT 2.0 is the lack of systematic benchmarking of a complete identification chain from specimen design, full field measurement to inverse identification process. While many studies demonstrate successful parameter identification using carefully designed heterogeneous tests [9], fewer explicitly address whether a given test configuration truly contains sufficient and well-conditioned information to uniquely identify all targeted parameters [10,11]. In particular, parameter correlation, low sensitivity, or insufficient activation of specific stress-strain states may lead to ill-posed inverse problems, nonunique solutions, or poor characterisation of the targeted material behaviour. As highlighted in previous identifiability studies, the apparent success of an inverse algorithm does not necessarily guarantee that all identified parameters are physically meaningful or robust [12].

In this work, we revisit the long-standing question of whether the in-plane plastic anisotropy of sheet metals can be fully characterised without assembling evidence from multiple standardised tests. We propose a single, purpose-designed heterogeneous biaxial experiment intended to replace the conventional combination of three uniaxial tensile tests (rolling, transverse, and diagonal directions) and an equibiaxial test. The specimen is conceived as a tailored cruciform geometry that simultaneously activates well-defined uniaxial stress states in multiple orientations while maintaining low strain gradients to ensure reliable DIC measurements.

Beyond serving as a practical "one-test" alternative, the proposed configuration is deliberately designed for comparative analysis of inverse identification methods utilising different cost function formulations. The specimen and the inverse identification pipeline are co-designed such that the locations and loading stages containing the relevant information for parameter identification are known a priori. This enables a rigorous assessment of whether full-field inverse methods, such as FEMU and VFM, are able to correctly extract the embedded information from the measured data. The benchmark nature of the test thus allows the inverse algorithms themselves to be scrutinised, rather than merely demonstrating successful parameter fitting.

The proposed design is used within a FEMU framework, in which all material parameters are identified from a single full-field dataset. While the concept of heterogeneous testing is well established in the scientific community, its practical applicability in industrial sheet metal forming remains limited. Consequently, the specimen design also reflects pragmatic considerations related to manufacturability, test execution, and measurement robustness, thereby bridging the gap between academic MT 2.0 developments and industrial practice.



A benchmark Cruciform Specimen for Robustness Analysis of Full-Field Inverse Identification
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To intrinsically incorporate the key data obtained from uniaxial tensile tests-namely the uniaxial yield stresses and R-values-a natural approach is to combine the three uniaxial test orientations into a single heterogeneous test configuration, as shown in Fig. 1. The proposed biaxial test employs a cruciform specimen with four individual ligaments converging in the central region. This configuration enables simultaneous plastic deformation in regions aligned with the rolling, transverse, and diagonal directions. Consequently, the testing procedure if needed can be simplified, as a single experiment suffices to characterise the uniaxial response in all three material directions. Furthermore, the configuration is designed such that the identification outputs are clearly defined, allowing the results to be post-processed also analytically. This makes the setup particularly suitable for evaluating full-field inverse identification methods, such as Finite Element Model Updating (FEMU) and the Virtual Fields Method (VFM). Importantly, the test is conceived such that the locations and load frames containing the relevant information are known a priori, ensuring that the appropriate data can be measured and exploited by full-field inverse identification methods.


[image: Fig. 1: Design of the biaxial tensile specimen. Predominantly uniaxial tensile stress states develop in the ]Fig. 1. Design of the biaxial tensile specimen. Predominantly uniaxial tensile stress states develop in the ligaments, whereas a biaxial tensile stress state occurs at the ligament junction.Fig. 1. Design of the biaxial tensile specimen. Predominantly uniaxial tensile stress states develop in the ligaments, whereas a biaxial tensile stress state occurs at the ligament junction.


As shown in Fig. 1, the outer ligaments predominantly experience a uniaxial tensile stress state aligned with the rolling and transverse directions, whereas the inner ligaments primarily represent a uniaxial stress state in the diagonal direction. A biaxial stress state develops at the junction of the ligaments; however, this region typically enters the plastic regime at later loading stages than the ligaments. A key design requirement is therefore that all ligaments yield simultaneously and attain comparable plastic strain levels. This condition is satisfied by enforcing force equilibrium between the outer and inner ligaments while maintaining identical yield stresses. Under these assumptions, force balance dictates that the width of the inner ligaments should be reduced by a factor of 2/2 relative to that of the outer ligaments.

The fillet regions are designed to minimise stress and strain gradients, enabling efficient convergence of DIC measurements. In addition, the ligaments are sufficiently elongated to maintain an approximately uniaxial stress and strain state, which is essential for analytical post-processing. With the proposed geometry, each ligament allows the determination of the uniaxial yield stress and the corresponding R-value, resulting in six independent quantities. The equibiaxial yield stress also influences the strain evolution within the ligaments, and its effect is therefore implicitly captured by the test. In contrast, the equibiaxial R-value is not strongly represented, as the plastic strains at the ligament junction remain significantly lower than those developing in the ligaments.



YLD2000-2d: Alpha-Based Versus Physical-Based Parameter Formulation
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The quality of parameter identification critically depends on the interplay between the constitutive model formulation and the heterogeneous test design. To illustrate this relationship, two formulations of the YLD2000-2d plastic anisotropy model are revisited. In the first formulation, the material parameters are expressed in their original form as proposed by Barlat et al. [13]. In the second formulation, a physically based interpretation is adopted, in which uniaxial yield stresses and R-values-associated with standard tensile testing procedures-are treated as model parameters.



Theαformulation.
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The equivalent stress of the original model is formulated as



2σeqm=|X1′+X2′|m+|2X2′′+X1′′|m+|2X1′′+X2′′|m,(1)


where m is a material parameter determine the curvature of the yield surface. The quantities Xi′ and X′′i are the eigenvalues of the transformed stress tensors 𝐗′ and 𝐗′′, respectively. These tensors are obtained through linear transformations of the Cauchy stress tensor σ, namely 𝐗′=𝐋′σ and 𝐗′′=𝐋′′σ. The transformation matrices 𝐋′ and 𝐋′′ are defined as



𝐋′=13(2α1−α10−α22α2000α7),𝐋′′=19(−2α3+2α4+8α5−2α6α3−4α4−4α5+4α604α3−4α4−4α5+α6−2α3+8α4+2α5−2α60009α8)(2)


In this formulation, the model contains eight independent parameters α1−8 that must be calibrated. These parameters have a coupled influence on the shape of the yield surface and cannot be directly interpreted in physical terms. Consequently, an alternative formulation is introduced in the following, in which the mathematical structure of the model is retained while the parameters are expressed in terms of physically meaningful quantities associated with tensile testing.



Formulation with physical interpretation of parameters.
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In the original work by Barlat et al. [13], a calibration procedure for the parameters α1−8 based on standard uniaxial test results-namely normalised yield stresses and R-values-was proposed. This procedure requires solving a system of eight nonlinear equations, with the normalised yield stresses Y0∘,Y45∘,Y90∘,Yb and the corresponding R-values r0∘,r45∘,r90∘,rb as inputs. The system is solved for α1−8 using the Newton-Raphson algorithm and typically converges within three to five iterations.

From this perspective, the material model may alternatively be formulated in terms of the physically interpretable parameters Y0∘,Y45∘,Y90∘,Yb and, r0∘,r45∘,r90∘,rb, while the transformation to the internal parameter set α1−8 and the associated solution of the nonlinear system are regarded as an integral part of the constitutive model. From a computational standpoint, this implies that the parameter transformation can be implemented directly within the Abaqus UMAT subroutine, where the nonlinear system is solved only once per parameter update iteration, rather than during every stress update at each material integration point.



Direct-Levelling-Based Finite Element Model Updating
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FEMU is adopted in this work as the inverse identification framework for exploiting the full-field measurements obtained from the proposed benchmark cruciform experiment. It is selected due to its simplicity and flexibility cost function modification, and its ability to incorporate heterogeneous strain fields without requiring spatial convergence of the measured data.

Within the FEMU framework, the mechanical test is reproduced numerically using a finite element model, and the resulting displacement and strain fields are compared with those measured experimentally by DIC. The material parameters are iteratively updated by minimising a cost function that quantifies the discrepancy between experimental and numerical fields. However, FEM and DIC inherently differ in the manner in which kinematic fields are computed and spatially filtered. While FEM can resolve sharp strain gradients through mesh refinement, DIC measurements are affected by spatial filtering governed by subset size, interpolation scheme, and strain window parameters. If not properly accounted for, this mismatch may introduce systematic bias into the inverse identification procedure [14].

To mitigate this issue, a direct-levelling-based FEMU strategy is employed, following the methodology established in previous work. In this approach, FEM-computed nodal displacement fields are post-processed using the same strain reconstruction procedure as applied to the DIC data. Specifically, the FEM displacements are interpolated onto the DIC measurement grid and subsequently converted into strains using an identical strain window. By enforcing equivalent spatial filtering on both experimental and numerical data, the direct-levelling procedure ensures consistency between the compared strain fields, while avoiding the computational overhead associated with full DIC levelling via synthetic image generation.



Methodology
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The classical approach to assessing a heterogeneous specimen design is to first conduct a digital virtual twin (DVT) of the real experiment [15]. The purpose of the DVT is to simulate the experiment using known material parameters, generate deformed images from the calculated displacement fields, and process these images with a DIC engine to obtain strain fields. The resulting strain fields are then

used as inputs for the FEMU procedure. It should be emphasised that, during the creation of the DVT, the user has full control over the speckle pattern characteristics, image resolution, DIC parameters, and noise level, enabling a systematic investigation of the influence of image noise and measurement settings.

In the present study, the finite element model used to generate the DVT was built with a dense spatial discretisation comprising approximately 50,000 quadrilateral elements and 100 load frames to ensure a converged solution. The material parameters of the YLD2000-2d model were adopted from Coppieters et al. [16]. Furthermore, the speckle pattern, image resolution, noise level, and DIC settings were selected to closely match those used in the real experiment. Using this procedure, synthetic DIC results were generated that are representative of measurements obtained under experimental conditions.


[image: Fig. 2: Flowchart illustrating the virtual experiment based on known material parameters. The procedure star]Fig. 2. Flowchart illustrating the virtual experiment based on known material parameters. The procedure starts with a finite element simulation, whose displacement fields are used to generate synthetic deformed images. These images are subsequently processed with DIC to obtain virtual experimental inputs for FEMU.Fig. 2. Flowchart illustrating the virtual experiment based on known material parameters. The procedure starts with a finite element simulation, whose displacement fields are used to generate synthetic deformed images. These images are subsequently processed with DIC to obtain virtual experimental inputs for FEMU.


The post-processed DIC results were then supplied to the FEMU engine as measured data. For the purpose of numerical optimisation, a second finite element model with a coarser mesh was constructed. The rationale behind this approach is that, in real experiments, the optimal mesh density cannot be determined a priori, and a coarser mesh is typically adopted to ensure reasonable computational efficiency. This choice inevitably introduces a certain level of systematic error, which is also expected under real experimental conditions. Further details regarding the formulation of the optimisation problem are provided in Zhang et al. [11].

Finally, prior to performing the actual optimisation, an identifiability analysis was conducted to assess whether the inverse problem is well or ill conditioned. This step is particularly important when the numerical response exhibits low sensitivity to variations in certain parameters, or when variations in multiple parameters lead to similar responses, in which case a unique solution cannot be obtained. For this reason, sensitivity maps were computed and an identifiability study was performed. Most importantly, this analysis reveals the underlying structure of the optimisation problem for both material model formulations considered in this work, namely the α-based formulation and the physically based parameter formulation of YLD2000-2d.



Results
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Sensitivity maps and identifiability study.
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For both formulations of the YLD2000-2d yield function-the α-based formulation and the physically based parameter formulation-the sensitivity of the cost function was calculated and analysed. The results indicate that, for both parameter sets, the strain fields exhibit good sensitivity to variations in most parameters. The main exceptions are the yield function exponent and the biaxial R-value, whose sensitivities are less pronounced. This behaviour is expected, as the shape of the yield function primarily governs the evolution of plastic strains in regions between the control points defined by Y0∘,Y45∘,Y90∘,Yb and slopes, r0∘,r45∘,r90∘,rb. These intermediate stress states correspond

to relatively low strain levels, as they predominantly develop at the junction of the ligaments. A similar argument applies to rb, since plastic strains under equibiaxial tension remain smaller than those developing under uniaxial tension.

Further analysis focused on the interaction between individual parameters. When two parameters have a similar influence on the spatial distribution of the strain field, they cannot be uniquely identified from the experimental data [12]. To assess this interaction, a correlation matrix was constructed based on the sensitivity information. The resulting correlation matrices for both formulations of YLD2000-2d are shown in Fig. 3. For the α-based formulation, it can be observed that the parameters α1−6 are highly correlated and therefore cannot be uniquely determined from the experimental data. A similar correlation is observed between the parameters α7 and α8. In contrast, the physically based parameter formulation enables a unique identification of all parameters.


[image: Fig. 3: Correlation matrices for the α -based formulation (left) and the physically-based parameter formulat]Fig. 3. Correlation matrices for the α-based formulation (left) and the physically-based parameter formulation (right) of YLD2000-2d.Fig. 3. Correlation matrices for the α -based formulation (left) and the physically-based parameter formulation (right) of YLD2000-2d.




The identified parameters.
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The identified parameters obtained for three different mesh sizes- 0.3 mm,0.5 mm, and 0.75 mm are reported in Table 1. As expected, the largest discrepancies are observed for the coarsest mesh and for the least sensitive parameters, namely the R -values and the yield function exponent. For these parameters, the relative error is in the order of 2−3%. It should be emphasised that, for the physically based formulation of YLD2000-2d, the solution converges within three to five iterations. In contrast, for the α-based formulation, the optimisation either fails to converge or converges to a local minimum.


Table 1. Target and identified parameters used in the study.



	parameter
[-]
	target value
	el. mesh size
0.3 mm
	el. mesh size
0.5 mm
	el. mesh size
0.7 mm



	Y0° (fixed)
	1.00000
	1.00000
	1.00000
	1.00000



	Y45°
	1.09977
	1.09972
	1.09992
	1.09942



	Y90°
	1.00383
	1.00351
	1.00377
	1.00269



	Yb
	1.05596
	1.05554
	1.05787
	1.0527



	r0°
	1.71111
	1.70429
	1.71083
	1.66433



	r45°
	1.88974
	1.88727
	1.8809
	1.85759



	r90°
	2.7824
	2.78347
	2.78561
	2.74348



	rb
	1.16131
	1.16972
	1.17107
	1.18151



	m
	6.555
	6.53253
	6.60417
	6.39339








Physical testing on fully calibrated materials.
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A well-known limitation of virtual testing is its inability to fully replicate all uncertainties present in real experimental conditions. Consequently, the ultimate validation of the proposed specimen design and inverse identification strategy requires application under real experimental conditions. For this reason, future work will focus on experimental measurements performed using an in-house-designed biaxial tensile testing machine and fully calibrated materials for which the anisotropy parameters are known. The planned experimental campaign will include different materials, such as SPCE [16], AISI304 [17], and AA5754-H22 [18]. The actual measurements and DIC results are presented in Fig. 4.


[image: Fig. 4: Actual experimental test of AISI304 stainless steel sheet metal: the measured strain field on deform]Fig. 4. Actual experimental test of AISI304 stainless steel sheet metal: the measured strain field on deformed configuration (left), force-displacement response of each individual loading arm (right).

The quantities X,Y,U and V present a displacement of individual arm.Fig. 4. Actual experimental test of AISI304 stainless steel sheet metal: the measured strain field on deformed configuration (left), force-displacement response of each individual loading arm (right). The quantities X , Y , U and V present a displacement of individual arm.




Conclusion
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Based on the specimen design, sensitivity and identifiability analyses, and virtual experimental validation presented in this work, the following conclusions can be summarised:


	A purpose-designed cruciform specimen was proposed to enable single-test characterisation of in-plane plastic anisotropy in sheet metals, replacing the conventional combination of multiple uniaxial and equibiaxial tests.

	A physically based parameter formulation of the YLD2000-2d yield function, expressed in terms of uniaxial yield stresses and R-values, was shown to significantly improve the conditioning and identifiability of the inverse problem compared to the classical α-based formulation.

	Sensitivity and identifiability analyses demonstrated that, for the proposed specimen, the physically based parameter set can be uniquely identified, whereas strong parameter correlations prevent reliable identification in the α-based formulation.

	FEMU combined with a direct-levelling strategy enabled robust exploitation of heterogeneous full-field strain measurements while accounting for spatial filtering effects inherent to digital image correlation. Virtual experimentation confirmed that the proposed approach yields accurate parameter identification, with relative errors typically limited to a few percent, even in the presence of mesh-induced modelling discrepancies.

	Future work will focus on experimental validation using fully calibrated materials tested on a biaxial tensile testing machine, with the aim of demonstrating the practical applicability of the proposed benchmark configuration under real testing conditions.
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Abstract

Machine learning (ML) algorithms have been studied in literature as an inverse method to predict material constitutive parameters. However, these approaches are often dependent on the mesh discretisation settings applied during numerical simulations, and then difficulty model adaptation to experimental digital image correlation (DIC) subsets. Although a recent study explores the use of an interpolation-based approach to achieve experimental adaptation from numerically-based trained ML models, the proposed methodology lacks evaluation using experimental data. As a follow-up, this study proposes a new evaluation approach. Numerical data is DIC-levelled via MatchID software and then submitted to interpolation. An XGBoost algorithm is then trained on interpolated DIC data and evaluated for parameter prediction, comparing the obtained results with those obtained from the model trained on interpolated numerical data. Overall, the proposed DIC-levelling and interpolation pipeline yields an excellent predictive performance, with results comparable to those obtained when training on interpolated numerical data. The largest deviations are observed for the hardening exponent, while the remaining parameters are predicted with consistently high accuracy. These findings validate the practical applicability of the interpolation-based strategy to reduce the subset scheme dependency of ML models trained on real experimental data.





Introduction
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Since the last few years, machine learning (ML) applications in engineering has been constantly increasing due to the substantial increase in computational power and available data. In the field of computational mechanics, the use of ML models as an inverse method for the prediction of material parameters has been a widely explored approach. Although it requires high quantity of available quality data, when compared to other inverse methods, as Finite Element Model Updating (FEMU) or Virtual Fields Method (VFM), ML models show advantages regarding computational time and costs when considering modern complex constitutive models. Besides, instead of relying on analytical models, ML approaches can learn stress-strain relations directly from experimental or numerical data, therefore being a more flexible solution for material parameter prediction [1]. In fact, many recent studies show the successful implementation of artificial neural network (ANN) [2] and extreme gradient boosting (XGBoost) [3] algorithms when applied to parameter prediction in sheet metal forming. However, these methods are often limited to the mesh discretisation scheme applied during numerical stage and, consequently, constrained by the dataset coverage from numerical simulations, which can lead to further difficulties when adapting to experimental digital image correlation (DIC) subsets. To face this challenge, a recent study [4] shows the successful implementation of data interpolation approaches applied to numerical data. However, the mentioned study lacks the demonstration of this approach when applied to real experimental DIC data. Regarding this issue, the present work is a follow-up of the previously mentioned study, by applying the proposed methodology on DIC-levelled data to demonstrate its practical applicability.



Background
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Numerical model
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The previously mentioned study [4] performs a numerical simulation of a cruciform-shaped specimen, illustrated in Figure 1a, capable of generate heterogeneous stress and strain fields and thus, covering a wide range of scenarios typically found in industrial sheet metal forming processes. The considered orthotropic symmetry and the displacement boundary conditions are represented in Figure 1b. The mesh consists of 564 C3D8R reduced-integration elements, and each simulation (sample) is divided into 20 equally divided time-steps. In each one of the time-steps, forces ( Fxx and Fyy ) and strains (ϵxx,ϵyy,ϵxy) for each element are recorded, with a total of 33880 features for each sample. The simulation process is performed in batch mode using Abaqus CAE 2019 software together with its Python 2.7.3 application programming interface (API) [5].


[image: Fig. 1: Biaxial tensile test on a cruciform specimen [4]: (a) geometry and dimensions; (b) boundary conditio]Fig. 1. Biaxial tensile test on a cruciform specimen [4]: (a) geometry and dimensions; (b) boundary conditions and finite element mesh.Fig. 1. Biaxial tensile test on a cruciform specimen [4]: (a) geometry and dimensions; (b) boundary conditions and finite element mesh.


The material behaviour is described by isotropic linear elasticity (Hooke's law, E=210GPa and v= 0.3 ) combined with orthotropic plasticity governed by the Hill'48 yield criterion [6] and isotropic hardening given by the Swift law [7]. The Hill'48 yield function is written as



F(σyy−σzz)2+G(σzz−σxx)2+H(σxx−σyy)2+2Lτxz2+2Mτxz2+2Nτxy2=Y2,(1)


where F,G,H,L,M,N are anisotropy coefficients (in this study, L=M=1.5 ), σxx,σyy,σzz,τyz, τxz, and τxy are Cauchy stress components in the sheet material frame, and is the current yield stress. By assuming G+H=1 (i.e., σxx=Υ ), the Hill coefficients can be related to the Lankford ratios r0,r45 and r90 as



F=r0r90(r0+1);G=1r0+1;H=r0r0+1;N=12(r0+r90)(2r45+1)r90(r0+1),(2)


Once σ0, F,G,H, and N are defined, the anisotropy coefficient r(α) and the initial yield stress in tension σ0(α) are obtained from



r(α)=H+(2N−F−G−4H)sin(α)2cos(α)2Fsin(α)2+Gcos(α)2,(3)


and



σ0(α)=σ0[Fsin(α)2+Gcos(α)2+H+(2N−F−G−4H)sin(α)2cos(α)2]−12,(4)


respectively. Finally, the evolution of yield stress during plastic deformation is described by the Swift hardening law,



Υ=K[(σ0K)1n+ϵ¯p]n,(5)


where ϵ¯p is the equivalent plastic strain and σ0, K and n are material parameters.



Dataset generation
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During the simulation, a total of 6755 samples is generated using Latin Hypercubic Sampling (LHS) method applied to σ0,K,n,r0,r45, and r90 material parameters, with defined input range and step size for each parameter. Then, obtained samples are checked for decreasing load during simulation for the last time-step transition (i.e., Fxx,19>Fxx,20 or Fyy,19>Fyy,20 ). The 2260 samples presenting no decrease in load during simulation are then randomly shuffled and divided into train and test datasets with 2000 and 260 samples, respectively. The structure of each one of these datasets is compared by two different types of data, a feature matrix (x) and a target matrix (y). The feature matrices ( x_train and x_test) represent the simulation outputs per sample, with shape nsamples ×nfeatures . Similarly, the target matrices ( y_train and y_test) represent the corresponding parameters used to obtain each one of the samples, with shape nsamples ×nparameters . Total sizes of both feature and target matrices (datasets) are represented in Table 1.


Table 1. Feature and target matrix shapes for both training and test sets [4].



	Training
	Test



	Feature
	Target
	Feature
	Target



	2000 × 33880
	2000 × 6
	260 × 33880
	260 × 6











Interpolation approach
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Both train and test datasets are interpolated to regular grid points with different densities, choosing grids of 20×20,30×30 and 40×40 points applied to a quadratic shape and then restricted to the cruciform-shaped specimen domain. Within specimen's domain, 20×20,30×30 and 40×40 grids origin a total of 253 , 564 and 1006 points, respectively. Regarding the interpolation methods, Python's Scipy RBFInterpolator class was used, choosing linear, cubic and multiquadric methods and keeping the remaining function parameters as default. Overall, after each possible combination between the chosen grid sizes and interpolation methods, a total of 9 different interpolated datasets is obtained.



XGBoost training and evaluation
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Each interpolated train feature dataset was used as input to train an XGBoost algorithm and, accordingly, the corresponding interpolated feature test dataset was used to evaluate the predictive performance of the generated model (called simple testing). Also, to test the robustness of each model, a cross testing was performed using feature test datasets interpolated with other methods different from the one used to train the chosen ML model. Regarding the XGBoost algorithm training process, the hyperparameters are the same across all the models and are kept as default, except for the learing_rate (=0.02), max_depth (=4) and n_estimators (=1000). After comparing the predicted parameters with the true ones and assessing each model's performance using R2, MAE and MAPE metrics, the preferred interpolation combination is the 30×30 grid with the multiquadric method, due to the balance between performance and computational cost.



Case study
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To test the practical application, a synthetic DIC sample was created by choosing a random set of parameters from the test dataset and interpolating their corresponding features to a generated set of 5000 randomly distributed points within the cruciform specimen's domain, thus intending to approximate the typical subset density often found in a DIC-acquired sample. The interpolation is performed using the multiquadric method, resulting in 300040 features for the synthetic sample. To finish the practical demonstration, the DIC synthetic sample is interpolated using the previously

chosen preferred grid and method combination and used as input to test the corresponding ML model for parameter prediction. The predicted parameters are compared with the true ones and with the ones predicted by a ML model trained with the original feature dataset without interpolation (called original model). This comparison is performed by visually representing the effect of these parameters on the evolution of the yield stress during plastic deformation, the initial yield stress in tension as a function of loading angle w.r.t. rolling direction, and anisotropy coefficient as a function of loading angle w.r.t. rolling direction. Overall, the predicted parameters using the synthetic DIC sample closely match the true ones and those obtained by the original model, once again confirming the strong predictive capability of the ML model trained on data using a 30×30 grid and multiquadric method, and also demonstrating the effectiveness of the proposed interpolation approach when applied to a denser group of points.



Motivation
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In summary, the described study addresses the gap found in literature related to mesh discretisation dependency but is rather incomplete due to the lack of validation with real experimental data. The interpolation approach becomes truly relevant when applied to real DIC datasets, reducing sensitivity to the chosen subset scheme. Regarding this, the present work proposes a DIC-levelling process applied to the original train and test numerical datasets, obtaining DIC-levelled datasets. Next, these datasets are then submitted to interpolation using the chosen grid and method. The interpolated DIC train and test datasets are then used as input to train an XGBoost algorithm and test its predictive performance. Lastly, the predictive performance of both ML models obtained from interpolated numerical and DIC datasets is compared, fully validating the proposed methodology. An overview schematic of this methodology is represented in Figure 2.


[image: Fig. 2: Schematic for the proposed methodology, represented in blue colour.]Fig. 2. Schematic for the proposed methodology, represented in blue colour.Fig. 2. Schematic for the proposed methodology, represented in blue colour.




DIC Process
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The DIC-levelling is applied to the numerical datasets using the MatchID software in stereo (3D) mode, with the settings specified in Table 2.


Table 2. Stereo DIC settings.



	Camera
	Flir Blackfly BFS-U3-51S5M-C



	Focal length
	12.5 mm



	Image resolution
	2448 × 2048 px2



	Camera noise
	0.48% of range



	Working distance
	182 mm



	Stereo angle
	20.74°



	Speckle pattern
	Numerically generated



	Avarage speckle size
	8 px



	Correlation criterion
	ZNSSD



	Interpolation
	Local Bicubic Splines



	Subset shape function
	Quadratic



	Stereo transformation
	Quadratic



	Subset size
	25



	Step size
	6



	Image pre-filtering
	Gaussian, 5 px kernel



	Strain window size
	15



	Strain interpolation
	Quadratic quadrilateral Q8



	Strain convention
	Log. Euler-Almansi



	Displacement noise-floor
	2.471 × 10−3



	Strain noise-floor
	1.13 × 10−4






However, this process requires a different dataset format, not with forces and strains (as it was previously) but instead with node coordinates of each mesh element. To process each sample, MatchID requires a file with the initial (static) coordinates of each node, plus 20 files (one per timestep) with the updated node coordinates along the simulation. Due to this reason, new numerical simulations are performed for the same 2260 samples, obtaining a total of 47460 data files ( 21 files per sample). Similarly to the previous numerical dataset, simulations are performed in batch mode using Abaqus CAE 2019 software with an average simulation time of about 30 seconds (Intel Core Ultra 9285,24 cores, 128 GB of RAM). Then, the DIC-levelling process itself can be divided into 2 steps: the image generation according to the given speckle pattern, and the DIC filtering process applied to those images to obtain the final results. As the DIC-levelling is performed in 3D mode (to ensure accurate strain values), 2 base speckle pattern images are used in a given angle (stereo angle) to generate 21 images per sample according to the node coordinates from the numerical simulation. In the second step, a DIC filter is applied to all the images of each sample, generating a data file per image containing (among other data) the coordinates and strain values for each subset, with a total of 27296 subsets. Keeping the same hardware specifications mentioned before, computational time is quite significant when performing the DIC-levelling process with about 5 minutes per sample, which results in a total of about 8 days for the entire dataset.



Data Processing and Interpolation
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In order to keep consistency with the numerical dataset format, these DIC samples are compiled into a single feature dataset with the forces ( Fxx and Fyy, from the numerical simulations) and the subset strain values (from the DIC-levelling) per time-step, with shape 2260×1637800 (samples x features). Then, this dataset is divided into train and test ones, ensuring exactly the same samples and order found in both train and test numerical datasets. Also, to ensure a fair comparison between both numerical and DIC shear strain values, the last ones are multiplied by 2, as MatchID adopts the tensorial convention for the shear strain (ϵxy), contrary to Abaqus, which uses the engineering shear strain by default (γxy).

The interpolation process uses Python's Scipy RBFInterpolator class (similarly to the previous study) and is performed for both train and test datasets using the 30×30 grid with multiquadric method (preferred combination). However, due to the highest density of points (subsets) from the DIClevelling, some tweaks regarding the RBFInterpolator class are needed, adjusting neighbors ( =250 ) and epsilon (=10) parameters. Otherwise, if neighbors parameter is not specified, all data points are used by default, leading to a huge unnecessary computational time (around 20 minutes per sample). Also, the epsilon (shape parameter) needs to be tuned so there are no outlier values at the edges of the cruciform specimen.



XGBoost Model
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Before the XGBoost algorithm training itself, DIC interpolated feature train data is submitted to a normalisation process, saving the resulting scaler file to later normalise the test dataset upon the model's evaluation process. Similarly to the previous study, hyperparameters are kept as default, except for the learing_rate (=0.02), max_depth (=4) and n_estimators (=1000). Overall, the train process takes around 50 minutes to complete. Lastly, the obtained model is evaluated using the DIC interpolated feature test dataset, also submitted to a normalisation process.



Analysis
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Table 3 presents the test performance evaluation metrics for both the results obtained by the numerical and DIC models. Comparing the metrics, the results from the DIC model are very similar to those from the numerical model (obtained in the previous study), showing an excellent predictive performance. The deviations between the parameters predicted by the DIC model and the true ones can be observed in Figure 3, where the overall differences in the predicted values and the performance for each individual parameter is presented. Overall, the highest variation is noticeable by the hardening exponent ( n ), with a value of R2=0.96.


Table 3. Performance metrics for parameter predictions using both models trained with interpolated numerical and DIC-levelled data.



	Model
	R2
	MAE
	MAPE



	Numerical
	0.992
	1.209
	0.014



	DIC
	0.990
	1.190
	0.014









In addition, a random test sample is chosen to compare the strain values obtained for the last timestep, considering the dataset interpolated from numerical data, and the DIC dataset before and after the interpolation process. This comparison is presented in Figure 4, where ϵxx,ϵyy, and ϵxy strain values are visually similar along all the stages, which demonstrates the good development of the proposed approach along the path.


[image: Fig. 3: Comparison between test (true) and predicted parameters from the DIC model.]Fig. 3. Comparison between test (true) and predicted parameters from the DIC model.Fig. 3. Comparison between test (true) and predicted parameters from the DIC model.



[image: Fig. 4: Comparison between sample strain fields of interpolated numerical data ( ϵ x x ( a ) , ϵ y y ( d ) ,]Fig. 4. Comparison between sample strain fields of interpolated numerical data (ϵxx(a),ϵyy( d),ϵxy (g)), DIC-levelled data (ϵxx( b),ϵyy(e),ϵxy( h)) and interpolated DIC data (ϵxx(c),ϵyy(f),ϵxy(i)).Fig. 4. Comparison between sample strain fields of interpolated numerical data ( ϵ x x ( a ) , ϵ y y ( d ) , ϵ x y (g)), DIC-levelled data ( ϵ x x ( b ) , ϵ y y ( e ) , ϵ x y ( h ) ) and interpolated DIC data ( ϵ x x ( c ) , ϵ y y ( f ) , ϵ x y ( i ) ) .




Conclusion
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This study proposes a DIC-levelling process, followed by data interpolation, and ML model prediction and evaluation, to assess the practical applicability of a recent explored methodology regarding ML subset dependency reduction. The obtained evaluation results are similar to the previous results using the numerical interpolated dataset and show an excellent predictive performance. When analysing the predicted values for each parameter, the hardening exponent parameter presents the highest variation. Also, the visualisation of strain fields collected from a sample along different stages demonstrate the good development of the proposed approach along the path. These results not only reinforce the efficiency of XGBoost models for parameter prediction using a cruciform-shaped specimen with Hill'48 criterion and Swift hardening law, but also demonstrate the successful application of the proposed interpolation approach, reducing the subset scheme dependency of ML models trained on real experimental data. For future works, a more detailed exploration of alternative interpolation methods and a grid variation study could bring improvements regarding both performance and computational cost.
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Abstract

In the framework of sustainable manufacturing and circular economy, the reuse of metallic components at the end of their first life (EoL) is a promising strategy to reduce energy consumption and material waste, but it requires an accurate assessment of residual plastic deformation, which strongly affects structural integrity and remaining formability. Conventional full-field techniques such as Digital Image Correlation (DIC) require a reference image of the undeformed state, which is generally unavailable for EoL components. To address this limitation, this work investigates a deep learn-ing-based, reference-free approach for strain estimation directly from a single image of the deformed surface. The method relies on a convolutional neural network architecture derived from VGG-16, trained to regress the in-plane principal strains and their orientation from local image subsets of the surface texture using a synthetically generated dataset based on real material textures and realistic imaging conditions. The trained model is applied to high-resolution optical images of pre-deformed steel and aluminum components from regions subjected to different deformation histories, with partial validation provided by finite element simulations and conventional DIC measurements. Preliminary results show that the proposed approach can distinguish regions with different levels of plastic deformation and provide strain maps consistent with independent mechanical assessments, demonstrating its potential as a rapid, non-destructive tool for deformation mapping and classification of EoL components to support remanufacturing and reuse decisions.





Introduction
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Digital Image Correlation (DIC) is a well-established optical technique for measuring displacement and strain fields on the surface of solids by comparing images of an undeformed configuration with those acquired during deformation [1]. Over the years, DIC has evolved into a versatile framework, including stereo-DIC for 3D measurements, multi-camera configurations, optical extensions of singlecamera systems [2], and full 360∘ strain measurements [3]. Extensions such as Digital Volume Correlation (DVC) further enable the reconstruction of three-dimensional deformation fields inside solids [4, 5]. Thanks to these capabilities, DIC has become a key tool in material characterization [6], enriching the information obtained from mechanical tests and supporting modern paradigms such as Material Testing 2.0 [7]. It is also widely used for the experimental validation of numerical models, including finite element simulations [8].

In parallel, recent advances in Deep Learning (DL) across several domains, ranging from time series analysis [9, 10] to image processing [11], have stimulated growing interest in DL-based approaches for DIC [12]. Convolutional Neural Networks (CNNs), in particular, have been investigated as alternatives or complements to traditional correlation algorithms. Previous studies proposed CNNs to directly estimate displacement and strain fields by mimicking the classical DIC workflow, showing improvements in computational efficiency and accuracy [13,14].

In this work, we apply a different approach. Instead of replicating the image correlation process, we introduce a deep learning-based approach capable of estimating the deformation level directly and solely from the deformed image. Similar ideas have recently been explored in microfluidic applications for inferring three-dimensional information from defocused images [15, 16], but only very

recently they have been applied to deformation measurements in solid mechanics [17]. By removing the need for a reference image, the proposed approach enables deformation analysis in scenarios where classical DIC is not applicable, such as post-mortem microstructural observations where only deformed images are available. Our current implementation, termed DeepStrainNet, is based on the VGG-16 architecture [18]. The proposed methodology is here applied to synthethic and real deformed materials.



Methods
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Conventional subset-based Digital Image Correlation (DIC) estimates the displacement field by matching subsets between undeformed and deformed images, while strain is obtained by spatial differentiation of the displacement field. In contrast, the proposed approach directly estimates the strain field from a single deformed image by means of a deep learning model trained to recognize the deformation of a known surface pattern.

A planar deformation state is described by the two principal strains, ε1 and ε2, and the orientation θ of the principal directions. These three continuous variables define the output of the proposed method, which is therefore formulated as a regression problem. The input of the network is a grayscale image subset 𝐗∈ℝN×M×1, while the output is the vector 𝐝=[ε1,ε2,θ]T. The neural network implements a parametric function



𝐝=𝐟Θ(𝐗),(1)


where Θ denotes the set of trainable parameters.


[image: Fig. 1: The proposed neural network architecture. Differently from the standard VGG-16 architecture, the las]Fig. 1: The proposed neural network architecture. Differently from the standard VGG-16 architecture, the last layer has 3 outputs, one for each deformation parameter. The output can be modified if only one deformation is required.Fig. 1. The proposed neural network architecture. Differently from the standard VGG-16 architecture, the last layer has 3 outputs, one for each deformation parameter. The output can be modified if only one deformation is required.


Neural network architecture. The function 𝐟Θ(·) is implemented using a convolutional neural network named DeepStrainNet, derived from the VGG-16 architecture [18]. The convolutional backbone of VGG-16 is retained as a feature extractor, while the original classification head is replaced with a regression head composed of fully connected layers. The final output layer consists of three neurons with linear activation, corresponding to the deformation parameters ε1,ε2, and θ. A schematic representation of the architecture is shown in Fig. 1.

Training procedure. The network parameters are learned from a labeled dataset of image subsets and corresponding ground-truth deformation parameters. Training is performed by minimizing the Mean Squared Error (MSE) loss between predicted and target values. Optimization is carried out using the Adam optimizer, with a learning rate scheduled according to a cosine decay strategy.



Test on Simulated Microstructure
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As first case study, the method is applied to reconstruct a strain localization within the microstructure. In this case, only simulated experiments are used. The images are generated through a numerical simulator capable of reproducing realistic deformation effects while accounting for typical experimental uncertainties, such as image noise and illumination variations [19]. This type of simulator is widely used in experimental mechanics to evaluate the performance and uncertainty of measurement and identification techniques [20,21]. Synthetic images are also routinely employed for benchmarking deformation measurement methods, including DIC algorithms [22].

The image generation procedure is based on the optical flow conservation principle, whereby the gray-level distribution of an undeformed microstructural image is mapped onto a deformed configuration through a prescribed kinematic transformation [23]. Starting from a high-resolution reference micrograph, treated as a continuous gray-level field via cubic interpolation, deformed images are obtained by applying analytical displacement fields corresponding to homogeneous planar deformation states.


[image: Fig. 2: Generation of the images for the training set: deformed subset of 99 × 99 pixel are generated random]Fig. 2: Generation of the images for the training set: deformed subset of 99×99 pixel are generated randomly starting from a given undeformed microstructure.Fig. 2. Generation of the images for the training set: deformed subset of 99 × 99 pixel are generated randomly starting from a given undeformed microstructure.


The training set is obtained using the DT to generate a series of N deformed images (size of 99×99 pixels) with constant principal strains ε1 and ε2 and an in-plane rotation angle θ. The strain parameters are randomly sampled within predefined ranges corresponding to tensile and shear dominated deformation regimes [17], see Fig. 2. To enhance realism, experimental uncertainties are introduced through the DT, including additive gray-level noise and spatially varying illumination changes. This procedure enables the generation of a large number of statistically independent deformed microstructural images starting from a limited set of reference micrographs, by jointly varying the deformation level and the local microstructural features. In this study, the synthetic dataset is generated exclusively from optical micrographs of an X65 steel microstructure. A series of 25000 images were genereated and used to train the Convolutional Neural Network.

The trained network was used to retrieve the deformation in a newly generated microstructure, subjected to a deformation field prescribed according to a sinusoidal function, leading to the formation of periodic strain localization bands. The maximum value of the principal strain component ε1 was set to 0.5 . Differently from the training set, the deformation was applied to the entire reference image through a spatially non-uniform mapping, rather than by assigning a constant strain field to a 99×99 sub-image. This procedure allows for the generation of continuously varying deformation gradients and enables a direct assessment of the method capability to capture deformation gradients and strain heterogeneities.

The deformed image was obtained starting from a micrograph of the same material used in the training phase, but extracted from a different specimen region and therefore not included in the training dataset. This choice ensures that the evaluation is performed on previously unseen microstructural features, thus providing a meaningful validation of the generalization capability of the network.


[image: Fig. 3: Deformation field of the deformed microstructure obtained with the trained CNN. The principal strain]Fig. 3: Deformation field of the deformed microstructure obtained with the trained CNN. The principal strain is shown, the localization bands are clearly visible.Fig. 3. Deformation field of the deformed microstructure obtained with the trained CNN. The principal strain is shown, the localization bands are clearly visible.


Fig. 3 reports the deformation strain field reconstructed by the proposed algorithm. The results show that the method is able to properly capture both the amplitude and the spatial distribution of the strain localization bands, demonstrating its effectiveness in reproducing the underlying deformation pattern.



Experimental Validation on an Aluminum Sample
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A further validation of the proposed methodology was carried out on real experimental data acquired during a uniaxial tensile test. The investigated material is an aluminum alloy AA5754, commonly used in forming applications due to its good combination of strength and ductility.

The displacement and strain fields were measured by means of a commercial Digital Image Correlation (DIC) software, namely MatchID, which was employed to provide a reference strain field for comparison with the results obtained by the proposed method. The obtained principal strain field is illustrated in Fig. 4.

On the opposite face of the specimen, where no speckle pattern was applied, the surface was observed by means of an optical microscope at 200× magnification. An angular illumination was adopted in order to enhance the surface roughness features. A different surface behavior is observed at low and high deformation levels, as shown in Fig. 4. At low strain, the surface appears more regular with clear linear features, that tends to reduce a higher strain levels.

A series of random sub-images of size 99×99 pixels were extracted from the microscope images acquired over the whole specimen surface. These patches were used to build the dataset for training and validation of the network. A subset of such images was employed for training, while the remaining ones were reserved for testing. In this case, only one strain component was considered for training, namely the principal strain. A total of 20000 images were used for training the network, whereas 4500 images were selected as a test set. Importantly, the test images were extracted from a different region of the specimen with respect to the training set, so as to ensure a strict spatial separation between training and validation data and to avoid any bias due to local correlations.

Fig. 5 shows the results obtained on the test set compared with the DIC reference. A good agreement between the predicted and reference strain values is observed, thus confirming the ability of the proposed approach to generalize to previously unseen regions of the specimen.


[image: Fig. 4: Deformation map obtained with DIC and examples of the surface roughness observed with the optical mi]Fig. 4: Deformation map obtained with DIC and examples of the surface roughness observed with the optical microscope.Fig. 4. Deformation map obtained with DIC and examples of the surface roughness observed with the optical microscope.



[image: Fig. 5: Comparison of the predictions obtained with the trained CNN with respect to the reference DIC measur]Fig. 5: Comparison of the predictions obtained with the trained CNN with respect to the reference DIC measurement; the major principal deformation is considered.Fig. 5. Comparison of the predictions obtained with the trained CNN with respect to the reference DIC measurement; the major principal deformation is considered.




Conclusions
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In this work, a deep learning-based, reference-free approach for full-field strain estimation from a single deformed image has been presented and validated on both synthetic and experimental data. Differently from conventional Digital Image Correlation techniques, the proposed method does not require access to an undeformed reference configuration, thus enabling deformation assessment in scenarios where classical approaches are not applicable, such as post-mortem analyses or remanufacturing applications.

The method was first validated on synthetically generated microstructural images, where complex and spatially varying strain fields were successfully reconstructed, including strain localization bands induced by non-uniform deformation gradients. Subsequently, the approach was applied to real experimental data acquired during a tensile test on an AA5754 aluminum alloy specimen, showing good agreement with independent DIC measurements.

A key outcome of this study is that the proposed methodology proved to be effective independently of the nature of the surface pattern used as input. In particular, reliable strain estimations were obtained both from intrinsic material microstructures and from surface roughness features observed by optical microscopy, without the need for an artificial speckle pattern.

These results highlight the versatility and robustness of the proposed approach and open the way to its application in a wide range of practical scenarios, including the inspection and classification of end-of-life components for remanufacturing, where surface conditions and textures may vary significantly from case to case.

Future work will focus on extending the method to multiaxial loading conditions, improving quantitative accuracy through larger experimental datasets, and exploring its integration into industrial inspection pipelines.
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Abstract

Inverse identification of material parameters from experimental data is a long-standing challenge, especially when calibrating complex constitutive models characterized by a large number of parameters. Heterogeneous mechanical tests combined with full-field measurements provide a large amount of information for material parameter identification but lead to high computational costs when used within a Finite Element Model Updating (FEMU) framework. This work presents an exploratory study on the use of surrogate-assisted Bayesian optimization to assess its potential for reducing the number of simulations required for FEMU-based calibration using data from a single notched tensile test. FEMU cost function is applied based on the discrepancy between experimental and numerical strain fields. A Gaussian Process surrogate model is iteratively constructed, and new sets of material parameters are selected using an Expected Improvement criterion. The results are discussed in terms of convergence behaviour and optimization efficiency, providing insight into the suitability of Bayesian optimization for solving inverse identification problems.





Introduction
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Accurate calibration of constitutive models is a key requirement for reliable numerical prediction of material behaviour in metal forming and structural applications. Advanced material models, particularly those accounting for nonlinear hardening and plastic anisotropy, typically involve a large number of parameters whose identification requires experimental data that are sufficiently rich to excite multiple deformation states. Traditional identification strategies rely on series of quasi-homogeneous mechanical tests performed under different loading paths and orientations. While effective, such approaches are experimentally demanding and time-consuming.

In recent years, heterogeneous mechanical tests have emerged as a promising alternative, as they enable the activation of a wide range of strain and stress states within a single experiment. When combined with full-field measurement techniques, such as Digital Image Correlation (DIC), these tests provide spatially rich datasets that can significantly enhance the identifiability of constitutive parameters. The use of heterogeneous specimens and full-field data within inverse identification frameworks has been extensively investigated, including previous contributions by the authors, which demonstrated the potential of notched and topology-optimized specimens for full-field FEMU-based material calibration [1-3].

Among inverse strategies, the Finite Element Model Updating (FEMU) [4] approach has been widely adopted for material parameter identification using full-field data. FEMU consists of iteratively updating model parameters to minimize the discrepancy between experimental measurements and finite element predictions. Despite its effectiveness, FEMU-based identification

remains computationally expensive, particularly when dealing with high-dimensional parameter spaces and full-field cost functions, as each iteration requires a complete finite element simulation.

More recently, Machine Learning-based (ML) approaches have been proposed as alternatives to classical FEMU, aiming to directly infer material parameters from experimental data without repeated finite element simulations [5,6]. While these approaches show promising results, they often require large training datasets and may compromise physical interpretability or direct consistency with established finite element models.

To address these limitations, surrogate-assisted optimization techniques have gained increasing attention. In particular, Bayesian Optimization (BO) provides an efficient framework for optimizing expensive black-box functions by combining a probabilistic surrogate model with an acquisition strategy that balances exploration and exploitation. Bayesian optimization has been successfully applied to a wide range of optimization problems in computational mechanics and related fields, demonstrating its ability to reduce the number of costly model evaluations required to reach satisfactory solutions [7, 8]. However, to the best of the authors' knowledge, only a limited number of recent studies have applied Bayesian optimization to FEMU-based material parameter identification [9, 10], and its use in conjunction with heterogeneous mechanical tests remains largely unexplored.

In this context, the present work does not seek to replace FEMU, but rather to enhance it by leveraging machine learning concepts in the form of surrogate-assisted Bayesian optimization. This contribution builds upon previous work on heterogeneous mechanical tests, full-field experimental measurements and FEMU by introducing a data-driven optimization layer on top of a physically grounded FEMU framework. Specifically, the present study investigates the potential of Bayesian optimization coupled with FEMU to improve the efficiency and robustness of material parameter identification using data from a single notched specimen tensile test. The cost function is defined within FEMU framework as the discrepancy between experimental and numerical strain fields, condensed into a scalar value. A Gaussian Process surrogate model is iteratively trained using FEMU evaluations, enabling the adaptive selection of new parameter sets through an acquisition strategy. The proposed framework is evaluated in an exploratory manner, with particular emphasis on convergence behaviour, stability, and the quality of the identified parameters, thereby providing insight into the suitability of Bayesian optimization for reducing the computational burden associated with full-field FEMU calibration while preserving accuracy in reproducing experimentally observed strain fields.



Notched test: experimental setup and numerical model
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The present study is based on the notched specimen designed to promote heterogeneous deformation states, including pronounced strain gradients and strain localization in the notch region. Such heterogeneity makes this test particularly interesting and has been extensively investigated in previous works [11]. The experimental procedures and numerical modelling strategy adopted here follow methodologies previously developed and validated and are therefore only briefly summarized [1,2]. Figure 1 illustrates the geometry of the notched specimen along with its general dimensions.


[image: Fig. 1: Geometry of the notched specimen [1].]Fig. 1. Geometry of the notched specimen [1].Fig. 1. Geometry of the notched specimen [1].


Full-field displacement and strain measurements are obtained experimentally using Digital Image Correlation (DIC). These measurements provide spatially resolved information over the specimen

surface throughout the loading history and serve as the experimental reference data for the inverse identification procedure. The numerical simulations are performed using Abaqus under quasi-static conditions. The specimen is discretized using two-dimensional finite elements to accurately capture strain gradients and localization effects, while maintaining a reasonable computational cost. Experimentally measured displacement fields are prescribed as boundary conditions on the model, ensuring consistency between experimental and numerical loading paths.

A static general analysis step with automatic time incrementation is employed, using an initial increment of 10−3 and minimum and maximum allowable increments of 10−4 and 10−2, respectively. These settings were selected based on previous numerical studies on heterogeneous specimens and were found to provide a robust compromise between numerical stability and computational efficiency. To enable a consistent comparison between experimental and numerical strain fields, experimental data are interpolated onto the finite element mesh. The interpolation and mapping strategy ensures spatial alignment between experimental measurement points and numerical integration points while accounting for differences in discretization and field resolution. As this framework has been previously developed and validated, further details are not repeated in the present work.



Surrogate-assisted Bayesian optimization
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The calibration problem addressed in this work is formulated as an inverse identification task in which a set of constitutive parameters is determined by minimizing a cost function derived from the differences between experimental and numerical data. Each evaluation of the objective function requires a complete finite element simulation of the notched specimen tensile loading test, making the optimization process computationally expensive. As a result, the use of classical gradient-based or exhaustive search strategies becomes impractical. To mitigate this limitation, a surrogate-assisted Bayesian optimization framework is adopted.

Bayesian optimization is particularly suited for problems characterized by expensive, nonconvex, and potentially noisy objective functions. In the present context, FEMU is treated as a blackbox function that maps a vector of material parameters to a scalar cost function value derived from full-field strain discrepancies.



Material behavior and parameter space.
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The material behaviour is described using an elastoplastic constitutive model with isotropic hardening. Elastic deformation is modelled by linear isotropic elasticity according to Hooke's law, while plastic yielding is governed by a von Mises equivalent stress criterion. The yield function is expressed as



f(σ,εp―)=σ¯(σ)−σy(εp―),(1)


where σ¯(σ) stands for the equivalent stress defined based on the Cauchy stress tensor σ. The evolution of the flow stress, σy, defined as a function of the equivalent plastic strain, εp―, is described according to the Swift hardening law as



σy(εp―)=K(ε0+εp―)n,(2)


where the nonlinear isotropic hardening behaviour is fully characterized by the parameter vector θ,



θ=[K,ε0,n](3)


that defines the search space explored in the inverse identification procedure. Parameter bounds are selected based on prior calibration studies and physically admissible ranges, ensuring stable numerical simulations and meaningful material responses throughout the optimization process.



FEMU cost-function based on full-field data.
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For a given parameter vector θ, a finite element simulation of the notched specimen test is performed and numerical strain fields are obtained. These fields are compared to experimentally measured strain

fields acquired by Digital Image Correlation (DIC). After interpolation schemes, the discrepancy between experimental and simulated results with the θ vector of material parameters is condensed into a scalar cost function defined as



CF(θ)=1nt∑i=1nt{13np∑j=1np[(εxxnum(θ)−εxxexpεxx,maxexp)2+(εyynum(θ)−εyyexpεyy,maxexp)2+(εxynum(θ)−εxyexpεxy,maxexp)2]j+(Fnum(θ)−FexpFmaxexp)2}i(4)


where Fexp  corresponds to the grips' reaction force that was recorded using a load cell. Regarding the strain components εxx,εyy, and εxy, these are computed based on the displacement fields, both numerical and experimental, by the identification software. To enable a straightforward comparison of these quantities, the experimental displacements at the DIC points were interpolated to the FE nodes. The superscripts num and exp refer to the data iteratively generated along the numerical optimization process and to the experimental data, respectively. nt is the number of time instances decided to be used by the authors and np is the number of measured points. Fmaxexp refers to the maximum load value achieved by the test and εmax exp to the maximum strain value of the given strain component. This formulation enables the use of full-field information while yielding a single scalar objective suitable for surrogate-based optimization.



Bayesian optimization strategy.
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Bayesian optimization proceeds by constructing a probabilistic surrogate model that approximates the relationship between the parameter vector θ and the FEMU cost function ϕ. In this study, a Gaussian Process (GP) regression model is employed due to its flexibility and its ability to provide both a mean prediction and an associated uncertainty estimate.

Starting from an initial dataset composed of a limited number of FEMU evaluations (five initial simulations), selected using Latin hypercube sampling (LHS) within empirically defined parameter ranges, due to its near-random design and efficient space-filling properties, the Gaussian Process (GP) surrogate is iteratively updated as new data become available. At each iteration, the surrogate model is conditioned on all previously evaluated parameter sets and their corresponding cost function values, yielding a predictive mean, μ, and standard variation, s, over the parameter space. An acquisition function is then maximized to identify the most informative next parameter set to evaluate, which is subsequently assessed through a new FEMU simulation and added to the training dataset.

In this work, the Expected Improvement (EI) criterion is adopted, defined for the minimization problem as



EI(θ)=(CFbest −μ(θ))Φ(Z)+s(θ)ϕ(Z)(5)


with



Z=CFbest−μ(θ)s(θ)(6)


where CFbest  denotes the lowest cost function value observed so far and Φ(·) and ϕ(·) are the cumulative distribution function and probability density function of the standard normal distribution, respectively. This acquisition function naturally balances exploration of regions associated with high predictive uncertainty and exploitation of regions expected to yield lower cost function values.

The overall optimization loop is schematically summarized in Figure 2 and can be described as follows:


	Fit the GP surrogate model to the current dataset of evaluated parameter sets and cost function values.

	Minimize the acquisition function to select a new candidate parameter vector, θnew .

	Perform a FEMU evaluation for the selected parameters set(s), including finite element simulation and cost function computation.

	Augment the dataset with the new evaluation and repeat the process for the selected number of trials.

Each evaluation of the FEMU cost function requires a full finite element analysis. For a given parameter vector θ, the constitutive law parameters are updated in the finite element model, and a numerical simulation is performed to compute displacement and strain fields. These numerical fields are then compared to the corresponding experimental full-field measurements, and the discrepancy is quantified through the FEMU cost function, CF(θ). Due to the high computational cost associated with each finite element evaluation, Bayesian optimization is employed to efficiently guide the selection of new parameter sets.




[image: Fig. 2: Workflow of the Bayesian optimization procedure. Each evaluation of the cost function involves a fin]Fig. 2. Workflow of the Bayesian optimization procedure. Each evaluation of the cost function involves a finite element simulation to compute numerical displacement and strain fields, which are compared with experimental full-field data. Adapted from [12].Fig. 2. Workflow of the Bayesian optimization procedure. Each evaluation of the cost function involves a finite element simulation to compute numerical displacement and strain fields, which are compared with experimental full-field data. Adapted from [12].




Results and Discussion
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This section presents the results obtained with the proposed surrogate-assisted Bayesian optimization framework applied to FEMU calibration from a single notched specimen tensile loading test. As the present contribution is intended as an exploratory study, the discussion focuses on convergence behaviour, optimization efficiency, and qualitative assessment of the identified material parameters rather than on exhaustive parametric validation.



Optimization behaviour and parameter space exploration.
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Figure 3 illustrates the evolution of the FEMU cost function during the Bayesian optimization process, together with the best-so-far value obtained after each trial. It is worth noting that the parameter set and, consequently the CF value, of the first trial is highly dependent on the samples composing the initial dataset. The existence of a sample in the initial dataset that already presented a significant low CF value influenced the optimization problem behavior. As the optimization progresses, the balance between exploration and exploitation allows the algorithm to explore regions of the parameter space associated with higher CF and, at the same time, to refine the solution, ultimately leading to a stable best-so-far value and practical convergence within a limited number of FEMU evaluations (16). It should be noted that the CF value could have achieved lower values if more trials were chosen.


[image: Fig. 3: Evolution of the FEMU cost function, C F , as a function of the number of trials. Individual markers]Fig. 3. Evolution of the FEMU cost function, CF, as a function of the number of trials. Individual markers represent the cost function values obtained at each FEMU evaluation (BO trial), while the best-so-far curve highlights the convergence behaviour of the optimization process.Fig. 3. Evolution of the FEMU cost function, C F , as a function of the number of trials. Individual markers represent the cost function values obtained at each FEMU evaluation (BO trial), while the best-so-far curve highlights the convergence behaviour of the optimization process.


To further analyse the behaviour of the Bayesian optimization procedure, the distribution of the parameter sets in the design space is examined. Figure 4 illustrates the projection of the sampled points onto selected two-dimensional parameter subspaces, allowing the exploration strategy of the algorithm and the location of the identified optimal solutions to be visually assessed.


[image: Fig. 4: Samples distribution in the parameter space projected onto selected two-dimensional planes: (a) K − ]Fig. 4. Samples distribution in the parameter space projected onto selected two-dimensional planes: (a) K−ε0 and (b) ε0−n. Initial samples are shown in blue, BO -generated samples in orange, together with the best parameter set from the initial dataset and the overall best solution identified during the optimization.Fig. 4. Samples distribution in the parameter space projected onto selected two-dimensional planes: (a) K − ε 0 and (b) ε 0 − n . Initial samples are shown in blue, BO -generated samples in orange, together with the best parameter set from the initial dataset and the overall best solution identified during the optimization.


The initial samples (blue dots) correspond to the five evaluations presented in the initial dataset, which parameter sets were generated by LHS method. Based on these data, the BO method, specifically the acquisition function, decide which parameter set to try next (trial). At each trial, a BO sample is generated, corresponding to the orange triangles (cf. Figure 4). After 16 trials, the optimization ends with the best solution so-far in the process. This one as well as best solution presented in the initial dataset are highlighted in the same colour of the group which are a part of, BO samples and initial dataset, respectively. The distribution of the BO-generated samples indicates an initial exploratory phase covering a broader region of the parameter space, followed by a progressive concentration of samples around regions associated with lower cost function values. These results indicate the possibility that the optimisation procedure became trapped in a local minimum. Increasing the dimensionality and diversity of the initial dataset or evaluating other options for the acquisition function could improve the search capability to avoid premature convergence.



Identified parameters and full-field agreement.
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Figure 5 presents a comparison between experimental and numerical strain fields obtained using the best set of material parameters identified through the methodology presented in this work. The experimental strain maps are derived from full-field measurements, while the numerical strain fields are computed from finite element simulations using the calibrated constitutive model.


[image: Figure 5: (b)](b)Figure 5. (b)


Fig. 5. Comparison between the (a) experimental and (b) numerical strain fields for the notched specimen tensile specimen using the set of parameters corresponding to the best solution of the Bayesian optimization approach.

The material parameter set identified as the best solution at the end of the Bayesian optimization process is found to be physically plausible and consistent with reference values reported in previous calibration studies. The corresponding numerical results reproduce the main features observed experimentally, including strain localization patterns and gradients in the notch region. These qualitative observations confirm that the reduction in the FEMU cost function achieved during optimization corresponds to a good improvement in the reproduction of experimentally observed deformation mechanisms. Nevertheless, a perfect agreement between experimental and numerical strain fields is not achieved. This indicates that the parameter set identified as optimal with respect to the adopted cost function does not necessarily correspond to the true physical material parameters. Such discrepancies may stem from multiple sources, including limitations of the inverse identification

procedure, experimental uncertainties, chosen test specimen or constitutive model. Moreover, this observation must be interpreted in light of the intrinsic non-uniqueness of inverse problems, where different parameter combinations may lead to similarly low-cost function values and comparable fullfield responses. In addition, the robustness of the optimisation framework itself may influence the outcome, as the final solution remains dependent on the initial dataset, the dimensionality of the sampled space, and the balance between exploitation and exploration governed by the acquisition function. Insufficient global search capability may prevent convergence towards the true global optimum.



Conclusion
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This work presented an exploratory investigation of surrogate-assisted Bayesian optimization for FEMU-based material model calibration using full-field strain data obtained from a single heterogeneous notched tensile test. The proposed framework couples FEMU with a probabilistic surrogate model to efficiently explore the material parameter space while limiting the number of computationally expensive finite element simulations.

The observed convergence behaviour indicates that Bayesian optimization can effectively guide the calibration process. The main strength of the proposed approach lies in its ability to efficiently explore parameter space and to identify promising regions using a limited number of costly finite element evaluations. In this sense, Bayesian optimization provides a suitable data-driven layer on top of full-field FEMU, offering a flexible and computationally more efficient alternative to traditional gradient-based or exhaustive search strategies.

Nevertheless, several limitations must be acknowledged. The present study is intentionally restricted to a single heterogeneous test and a limited parameter space, and no systematic investigation was conducted on the influence of different acquisition functions, the size of the initial training dataset, or the number of optimization trials. The use of other acquisition functions which allow setting hyperparameters regarding the exploration-exploitation balance may improve the search in the parameter space, avoiding being trapped in a local minimum.

Despite these limitations, the proposed methodology constitutes a solid and extensible basis for future developments. Further work will focus on extending the approach to more complex heterogeneous tests and constitutive models, as well as on systematically investigating the influence of initial sampling strategies, surrogate model hyperparameters, and acquisition function choices. Such studies will be essential to fully assess the robustness, reliability, and general applicability of Bayesian optimization-assisted FEMU for material parameter inverse identification.
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Abstract

This work deals with Robust design optimization (RDO) under interval uncertainty and the resolution of such problems using a Bayesian optimization algorithm. In metal forming, process parameters such as tool radius, step size, or forming toolpath introduce variability that directly affects the final geometry and quality of the formed parts. In this context we aim at finding a design minimizing the amplitude of the performance interval but such a formulation does not account for the nominal performance. In this work, we introduce a scalarized objective adapted to the proposed algorithm allowing it to identify a Pareto optimum of both stability and nominal behavior. We propose an efficient expected improvement (EI) estimator for this objective based on an extreme-value approximation of surrogate extrema. The approach is illustrated on an analytical test problem and on a forming simulation with spring-back, where the new objective yields more practically relevant solutions than a variation-only robustness criterion.





1 Introduction and Problem formulation
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In many industrial settings, the performances of a system or process must not only perform well at nominal conditions, but must also remain acceptable under variability of operating conditions, material properties, or manufacturing parameters. This motivates robust design optimization (RDO), i.e. the search for design variables that reduce sensitivity to uncertainty while meeting performance requirements. Robustness is often associated with Taguchi's work [1], and a broad spectrum of formulations has been proposed since then, ranging from stochastic approaches based on moments or failure probabilities to deterministic worst-case approaches [2-4].

This work considers the case where uncertain variables and design variables are distinct. Moreover, uncertainties are described by intervals rather than probability distributions. Such a setting occurs when uncertainty data is scarce, heterogeneous, or not sufficiently stationary to justify a probabilistic model, yet reliable bounds can be specified based on expert's knowledge. Let x∈Ix⊂ℝnx denote design variables for which we want to optimize the system and u∈Iu⊂ℝnu uncertain variables which can take any value within the interval, and let the (expensive) performance model be



y=g(x,u)


Since the parameter set u is an interval, the performance for any design x is also an interval. A classical robustness metric over interval uncertainty is the range (worst-case spread) of the response,



Δy(x)=maxu∈Iug(x,u)−minu∈Iug(x,u)


which quantifies the amplitude of performance variations associated with a given design ( x ). A first step toward robust design optimization could be to focus on minimizing Δy(x), to reach the design with the most stable performance. This is, however, a two-level nested optimization problem which

is notoriously computationally demanding and usually untractable if g is computationally expensive to evaluate. For the sake of clarity let us refer to the problem of identifying, for a given design x, the most extreme performance values maxu∈Iug(x,u) and minu∈Iug(x,u) as the inner-problem. Likewise, let us refer to the problem of identifying which design is the most stable (minx∈IxΔy(x)) as the outer-problem.

Previous work focused on proposing to solve this RDO problem with Bayesian optimization first based on confidence interval [5] and then using a heuristic based on extreme-value distributions [6]. However, optimizing Δy(x) alone may yield designs with stable but consistently poor performance. For this reason, the present paper revisits the objective formulation and proposes a scalar meanvariation criterion that can be interpreted as a compact alternative to an explicit two-objective formulation.

Let us define, for any design x, the extreme responses



g¯(x)=maxu∈Iug(x,u),g―(x)=minu∈Iug(x,u),


and the mid-range (center of the response interval)



my(x)=g¯(x)+g―(x)2


We define the objective



J(x)=12Δy(x)2+(2 my(x))2(1)


assuming the design optimization problem is formulated such that the optimal performance is associated with g(x,u)=0 (e.g. offset from a desired performance value), this criterion penalizes both spread and offset in a single quantity. Using Δy(x)=g¯(x)−g―(x), it follows that minimizing J(x) is equivalent to minimizing the smooth quadratic form



J2(x)=g¯(x)2+g―(x)2(2)


up to a monotone transformation.

The problem is illustrated in Figure 1 on the analytical benchmark 2D function described in section section 4. Figure 5a illustrates the performance surface as a function of design and uncertain parameters x,u. Figure 1 b is a projection of that surface on the x−y plane, illustrating the amplitude of variation of the performance over u and how this amplitude evolves as a function x. Figure 1c represents the evolution of Δy as a function x, also highlighting the optimal design with respect to this criterion. Figure 1c represents the evolution of my as a function x and associate optimum. Figure 1d represents the evolution of the multi-objective criterion J as a function x with associated optimal design.

The computational challenge is that each evaluation of J(x) (or J2(x) ) involves two inner optimization problems over u, and the outer optimization over x must be performed with a limited simulation budget. Bayesian optimization (BO) addresses such settings by replacing the expensive model g with a surrogate model g^ (a Gaussian process regression model, GPR). The surrogate is calibrated with an active learning strategy aiming at minimizing the number of calls to g necessary to estimate the optimum. The active calibration scheme uses a so-called acquisition function (e.g. expected improvement, EI) to identify which sample to include next in the calibration dataset [7].

The main difficulty in this context is to propagate the stochasticity of the surrogate g^ to the objective Δy to guide the active calibration. In standard BO, EI is straightforward to compute when the objective at a candidate point is Gaussian. In the present setting, the objective depends on extrema of the Gaussian process, and accurately characterizing the distribution of these extrema is known to be challenging for non-stationary Gaussian processes [8, 9]. A naive solution based on Monte Carlo sampling of GPR trajectories would be prohibitively expensive when embedded in an outer optimization
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loop. The proposed approach relies on building a simplified stochastic representation of Δy using extreme value distributions in two steps. First, we approximate the distributions of the extrema induced by a virtual population of GPR realizations using extreme-value theory (Gumbel-type approximations). Second, exploiting the quadratic form in eq. (2), using a simple change of variables we can numerically estimate the EI through numerical integration at a moderate and controllable cost. The resulting method retains the practical benefits of EI-driven exploration-exploitation while avoiding repeated sampling of full GPR trajectories.

The rest of the paper is organized as follows: Section 2 introduces the GPR surrogate setting and the extreme-value approximation of its extrema. Section 3 develops the acquisition function proposed and the Bayesian optimization scheme Finally, Section 4 presents the numerical examples including the forming simulation, and Section 5 concludes with perspectives for future work.



2 Gaussian-Process Surrogate and Extreme-Value Approximations of Its Extrema
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2.1 Gaussian-process regression model The goal of this section is to build a surrogate of the expensive model g(x,u), using a Gaussian process regression model (GPR). Their principle is to consider the true performance surface as a realization of a Gaussian process (GP). By assuming a GP prior, a covariance function, and given some data points on the true performance surface, the prior can be conditioned to the available data to calibrate a predictive posterior through Bayesian inference.

For a more details on GPRs, interested readers can refer to [10]. In practice this type of surrogate can be trained in a similar fashion as any regression model, the main difference is that their prediction is stochastic in nature. Meaning that, for any candidate input (x,u)∈Ix*Iu, the predicted performance is a normally-distributed random variable with mean μ(x,u) and standard deviation σ(x,u),



g^(x,u)~𝒩(μ(x,u),σ(x,u))(3)


The mean value can be seen as the most likely performance values according to the surrogate, while the standard deviation can be seen as the surrogate's prediction uncertainty.

The outer robust objective introduced in section 1 depends on the true (model-based) extrema



g¯(x)=maxu∈Iug(x,u),g―(x)=minu∈Iug(x,u),


and the corresponding quantity to be minimized is



J(x)=g¯(x)2+g―(x)2


As previously mentioned, these quantities are not available to us and are too computationally expensive to evaluate directly. However, once a GP posterior g^ is available, on can define the surrogate extrema defined as



g^―(x)=maxu∈Iug^(x,u),g^―N(x)=minu∈Iug^N(x,u)(4)


A key point is that since g^(·) is a Gaussian process, g^―N(x) and g^―N(x) are random variables for every fixed x. Consequently, the surrogate-based objective



J^(x)=g^―(x)2+g^―(x)2(5)


is itself a random variable, meaning that J^ is a stochastic process and similarly to g^, its variability is related to the surrogate's prediction uncertainty.

In other words, one can see J^ as a stochastic surrogate of the RDO objective function. The idea is then to use a Bayesian optimization strategy applied to this surrogate and thus solve the RDO problem.

2.2 The expected improvement acquisition function One of the most popular Bayesian optimization method is the efficient global optimization methods (EGO) [7]. Which proposed a heuristic for selecting the coordinates to refine named the expected improvement.

Let us consider an arbitrary step N of the Bayesian optimization algorithm and the current best robust value available to us JN⋆. Note that this value is a deterministic scalar, not a random variable. Given the current calibration of the GPR surrogate, let us define the improvement of a design as the difference (bounded by zero) between the objective values J of the current optimum and the candidate design x.



IN(x)=max(0,JN⋆−J^(x))


since J^(x) is a random variable, IN(x) is also one. The corresponding expected improvement (EI) criterion is then defined as:



EI(x)=𝔼[I(x)]=𝔼[max(0,J⋆−(g^―(x)2+g^(x)2))](6)


In a standard setting (where the objective is directly the GP prediction), EIN admits a closed form. The issue in the RDO case is that the distributions of g^― and g^― are not available to us. They are random variables defined as the extrema of a Gaussian process so there is not closed form for their distributions in the general case and eq. (6) cannot be evaluated analytically. Therefore we need a practical and computationally tractable approximation strategy for the distributions of g^― and g^―.

2.3 A heuristic based on extreme value distributions This section summarizes the key idea used to obtain a tractable approximate distribution for the surrogate-based extrema g^― and g^―. Which are needed to compute acquisition functions such as Expected Improvement (EI) for robust objectives. A more detailed derivation and empirical justification can be found in [6].

The heuristic relies on the following idea: for a fixed ( x,u ), consider a virtual population of n independent draws from the predictive distribution Y=g^(x,u)



Y1,…,Yn~iid𝒩(μ(x,u),s2(x,u))


and denote their maximum by



Ymax(n)(x,u)=max1≤i≤nYi


This extrema is a random variable and extreme-value theory suggests that, for moderately large n, the law of Ymax (n) is well approximated by a Gumbel distribution after affine normalization. In practice, we only need a fast approximation of the Gumbel location and scale parameters that can be directly extracted from the surrogate posterior values μ(x,u) and s2(x,u) and depend only on n. A distribution of the minimum Ymin n can be similarly approximated.

For any given design x, we then use a statistics (e.g. mean or a quantile) of this extreme value distribution as a heuristic score to locate where the extremum over u is most likely to occur (locate the maximizer and minimizer):



u+(x)≃argmaxu∈Iu(E(Ymaxn)),u−(x)≃argminu∈Iu(E(Yminn))(7)


Intuitively, eq. (7) balances exploitation (large/small mean) and exploration (large uncertainty), and returns two representative locations: one for the maximum and one for the minimum.

Once the likely maximizer and minimizer u values (u+(x),u−(x)) are located, we approximate the extrema of the Gaussian process g^(x,u) over u by the virtual extremes at these locations:



g^―N(x)≈Ymax(n)(x,u+(x)),g^―N(x)≈−Ymax(n)(x,u−(x)).(8)


This yields two explicit one-dimensional approximate distributions, which are the only objects required by the next-step EI computation. It is however worth noting that this represents a simplistic approximation of the actual distribution only meant to guide the calibration of the surrogate in a pseudo-optimal manner. This simplification means in essence reducing the Gaussian process to a single Gaussian random variable, the one corresponding to the maximizer/minimizer location and cannot be considered as a proper approximation of the extrema of the GP.



3 Acquisition Function and Bayesian Optimization Algorithm
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It is important to distinguish the three levels of approximation of the objective function:


	the true robust objective





J(x)=g¯(x)2+g―(x)2,g¯(x)=maxu∈Iug(x,u),g―(x)=minu∈Iug(x,u),


which can only be accessed through expensive calls to g


	the surrogate-induced stochastic objective





J^(x)=g^―(x)2+g^―(x)2


where g^―(x) and g^―(x) are random because g^ is a posterior GP. In the proposed method, calibration decisions (where to sample next) are made by maximizing an acquisition function requiring the estimation of statistics of J^. Unfortunately, as mentioned in the previous section, the distribution of J^ doesn't have a closed-form expression.


	the extreme-value heuristic used as a computationally tractable proxy for J^





J^ev(x)=Ymax(n)(x,u+(x))2+Ymin(n)(x,u−(x))2


as described in equations 8 and 7 .

3.1 Expected improvement under the extreme-value approximation To obtain a tractable EI, we assume Ymax n and Ymin n are independent under the fitted models. This is an extra approximation: maxima and minima of the same random field are generally dependent. Empirically, the acquisition remains effective because EI is used only as a ranking criterion over x. Then, considering a current optimal value J⋆ the expected improvement is approximated as:



EIN(x)≈𝔼[max(0,J⋆−Ymax(n)(x,u+(x))2+Ymin(n)(x,u−(x))2))].(9)


In the multi-objective robust criterion used here, let us consider the radius R=(Ymax n)2+(Ymin n)2 and define the improvement w.r.t. the current best estimate J⋆ by I(J⋆)=(J⋆−R). The Expected Improvement is then



EI(τ)=𝔼[I(J⋆)]=∫0J⋆(J⋆−r)fR(r)dr(10)


where fR is the density of R. Under independence, the joint density is fX,Y(x,y)=fX(x)fY(y), and by the polar change of variables (x,y)=(rcosθ,rsinθ) (Jacobian r ) we obtain



fR(r)=r∫02πfX(rcosθ)fY(rsinθ)dθ,r≥0


We evaluate the inner angular integral numerically and then compute EI(J⋆) by quadrature on [0,J⋆].

3.2 Overall procedure The next section reports numerical experiments and compares the proposed strategy against baselines (e.g. standard EI on a scalarized objective, worst-case UCB, and random sampling), using a fixed evaluation budget.

Since the algorithm estimates the amplitude of performance y for any given design x, at the next candidate sample for refinement xN+1 there is two candidate u positions, uN+1+and uN+1−as described in section 2.3. In order to limit the number of calls to the expensive model g, only one of the two candidate points is actually evaluated and used to enrich the calibration dataset. The choice is made based on the variables of the Gumbel distributed variables Ymax n and Ymax n where the sample being associated with the highest variance is selected.

The overall method procedure is finally described in algorithm 1.



4 Examples and Results
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4.1 Analytical benchmark 1: local minima The convergence of the proposed method is first assessed on a simple two-dimensional analytical benchmark chosen to exhibit several local minima as illustrated in figure 1. The test case is defined by the following performance function g :



g(x,u)=xu−sin(x)u2+x2,(x,u)∈Ix×Iu(11)


The design variable x is restricted to the interval Ix=[−5,5], while the uncertain variable u varies within Iu=[−5,5]. For this benchmark, the reference optimal design is x*=0.

The convergence of the proposed method on this example is shown in Figure 2. The figure illustrates that the algorithm was able to stably reach the global minimum after about 20 iterations As a perspective, a related method previously developed by the authors required around 27 iterations to reach convergence on this example [5]. While requiring further statistical analysis, this resultis a first indicator of the good performances of this proposed approach.


Algorithm 1 Bayesian optimization for interval-robust design via extreme-value EI
    Choose an initial design set \(\left\{\left(x_{i}, u_{i}\right)\right\}_{i=1}^{N_{0}}\) and evaluate \(y_{i}=g\left(x_{i}, u_{i}\right)\).
    Fit a GP surrogate \(\hat{g}_{N_{0}}\) on \(\mathcal{D}_{N_{0}}\).
    Initialize \(J^{\star}\) from robust evaluations of a small set of designs.
    for \(N=N_{0}, N_{0}+1, \ldots\) until budget is exhausted do
        For candidate \(x\), fit Gumbel models for \(\overline{\hat{g}}_{N}(x)\) and \(\underline{\hat{g}}_{N}(x)\) (Section 2.3).
        Compute \(\mathrm{EI}_{N}(x)\) via eq. (10).
        Select \(x_{N+1} \in \operatorname{argmax}_{x \in I_{x}} \mathrm{EI}_{N}(x)\).
        Choose \(u_{N+1}^{+}, u_{N+1}^{-}\)as described in section section 3.1
        Evaluate \(g\left(x_{N+1}, u_{N+1}^{+}\right)\)or \(g\left(x_{N+1}, u_{N+1}^{-}\right)\); update \(\mathcal{D}_{N+1}\).
        Refit the GP to obtain \(\hat{g}_{N+1}\).
        Estimate \(\hat{J}^{\star}\left(x_{N+1}\right)\) by direct estimation using \(Y_{\text {max }}, Y_{\text {min }}\) and update \(J_{N+1}^{\star}\).
    end for
    return Best design \(x^{\star}\) associated with \(J_{2, N}^{\star}\).




[image: Figure 2: Convergence of the algorithm on the analytical benchmark case]Figure 2: Convergence of the algorithm on the analytical benchmark caseFigure 2. Convergence of the algorithm on the analytical benchmark case


4.2 Forming process finite element example with springback The last example is based on a 2D finite element simulation of a sheet-metal forming process, in which a metal blank is clamped against the die by a holder and bent into a "U" shape by a punch (see [11]). The material is DP780 steel with a thickness of 1.4 mm . After forming, the tool is released and the elastic recovery is simulated in order to account for springback. The quantity of interest is the final sheet profile after springback.

The profile is assumed to depend on two parameters: the die-edge rounding radius {(xi,ui)}i=1N0 and the force applied to the Holder yi=g(xi,ui). In this study, g^N0 is treated as an interval uncertainty with 𝒟N0 while J⋆ is the design variable with design space N=N0,N0+1,…. In essence the problem can be seen as identifying which die geometry is the most robust to holding force variation. This example should be seen as a simple benchmark example and is not intended to represent realistic industrial challenges.

The performance metric is defined as the root mean square error (RMSE) between the nodal coordinates of the sheet profiles before and after springback (see an illustration in Figure 4).

The problem can be illustrated in a similar fashion as the first one in Figure 3. The contrary to the actual application of the method, the illustration is based on GPR surrogate of the finite element model, built with an previously performed design of experiment (red dot in figure). This result is only used for illustration purposes and to obtain easily computable insights of the the model behavior.


[image: Figure 3: Schematic representation and dimensions of the forming process.]Figure 3: Schematic representation and dimensions of the forming process.Figure 3. Schematic representation and dimensions of the forming process.
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As illustrated in Figure 3, the performance surface of the finite element model is relatively well behaved without being trivial. The problem seem to exhibit clear optimal designs x in terms of amplitude, nominal value and multi objective indicator.

The proposed method was run for 20 iterations on the finite-element model and the convergence is shown in Figure 6. The method was initialized with a latin-hypercube design of experiment of 10 evaluations og the finite-element model. The method evidently converged the expected optimal in a few iterations which is a good first indicator of the performances of the method.



5 Conclusions and Perspectives
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This paper proposes a Bayesian optimization strategy for robust design optimization under interval uncertainty, targeting expensive black-box simulations. In contrast with our previous work, which emphasized a variation-only robustness measure, we introduce a mean-variation objective that explicitly balances nominal performance and robustness.

To enable efficient optimization with a Gaussian process surrogate, we develop an expected improvement (EI) estimation approach tailored to this extrema-based objective. The method combines (i) an extreme-value modeling of the maxima and minima of GP trajectories and (ii) a numerical integration scheme made tractable by a polar-like change of variables. This construction yields a


[image: Figure 5: Illustration of the RDO problem and associated quantities of interest]Figure 5: Illustration of the RDO problem and associated quantities of interestFigure 5. Illustration of the RDO problem and associated quantities of interest



[image: Figure 6: Convergence of the proposed algorithm on the finite element problem.]Figure 6: Convergence of the proposed algorithm on the finite element problem.Figure 6. Convergence of the proposed algorithm on the finite element problem.


computationally efficient EI approximation that remains closely connected to the robustness metric of interest.

The approach is illustrated on two examples: an analytical test problem featuring local minima and a finite element forming simulation with springback. In both cases, the method is able to drive the search toward robust designs while accounting for nominal performance, and it provides solutions that are more practically relevant than those obtained with a variation-only robustness criterion.

An application of this method on optimizing an incremental forming process is being investigated. Future work will focus on a systematic sensitivity analysis of key modeling and numerical choices (notably the extreme-value approximation and the integration settings), as well as extended comparisons on a broader and fully reproducible benchmark suite and additional industrial-scale simulation cases.
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