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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 data-
driven 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. 

Introduction 
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 
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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 
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 

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

 
Fig. 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 
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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. 
 

  
(a) (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 data-
driven 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. 
 

 
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; 
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• 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). 

 
Fig.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. 

 
Fig. 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 spring-
loaded 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. 
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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 
𝑆𝑆𝑏𝑏 and 𝑆𝑆𝑤𝑤denote the between-class and within-class scatter matrices, Fisher’ s criterion can be 
formulated by maximizing the following equation  

𝐽𝐽(𝑊𝑊) =
|𝑊𝑊𝑇𝑇𝑆𝑆𝑏𝑏𝑊𝑊|
|𝑊𝑊𝑇𝑇𝑆𝑆𝑤𝑤𝑊𝑊| , (1) 

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

𝑆𝑆𝑏𝑏𝑤𝑤𝑖𝑖 = λ𝑖𝑖𝑆𝑆𝑤𝑤𝑤𝑤𝑖𝑖 , (2) 
where 𝑤𝑤𝑖𝑖 𝑎𝑎𝑎𝑎𝑎𝑎 λ𝑖𝑖 are respectively the i-th generalized eigenvector and eigenvalue of 𝑆𝑆𝑏𝑏 with respect 
to 𝑆𝑆𝑤𝑤. 
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 
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representation. In each experiment, the four resulting signal curves are assembled into a data 
matrix D. 

 

(3) 

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

𝑪𝑪 =  
1

𝑁𝑁 − 1
(𝑫𝑫 − 𝜇𝜇)(𝑫𝑫− 𝜇𝜇)𝑇𝑇 , (4) 

where  𝜇𝜇  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 𝒙𝒙 = [𝑥𝑥(1), 𝑥𝑥(2) … , 𝑥𝑥(𝐾𝐾)] store the 
corresponding sensor data. For the feature extraction of acceleration signals, following formulas are 
used: 

max(𝑥𝑥) = max 𝑥𝑥(𝑖𝑖), 1 ≤ 𝑖𝑖 ≤ 𝑁𝑁, (5) 

𝜇𝜇 =  
1
𝑁𝑁
�𝑥𝑥(𝑖𝑖),
𝑁𝑁

𝑖𝑖=1

 (6) 

𝑠𝑠𝑠𝑠𝑎𝑎(𝑥𝑥) =  �
1

𝑁𝑁 − 1
�(𝑥𝑥(𝑖𝑖) − 𝜇𝜇)2,
𝑁𝑁

𝑖𝑖=1

 (7) 

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

𝐸𝐸 =  � |𝑋𝑋[𝑘𝑘]|2
𝑁𝑁−1

𝑘𝑘=0

, (8) 

where 𝑋𝑋[𝑘𝑘] =  ∑ 𝑥𝑥(𝑖𝑖)𝑒𝑒−𝑗𝑗2𝜋𝜋𝑘𝑘𝑖𝑖/𝑁𝑁𝑁𝑁
𝑖𝑖=1 . 

For the feature extraction of ram force signals, the position-force signal 𝒇𝒇 = [𝑓𝑓(𝑝𝑝1),𝑓𝑓(𝑝𝑝2) …𝑓𝑓(𝑝𝑝𝑁𝑁)] 
was considered. The following formulas are supplemented: 

𝑝𝑝𝐹𝐹_𝑚𝑚𝑚𝑚𝑚𝑚 = arg max 𝑓𝑓(𝑝𝑝𝑖𝑖), 1 ≤ 𝑖𝑖 ≤ 𝑁𝑁, (9) 

𝐴𝐴
∆𝑥𝑥

=  
1
∆𝑥𝑥

�𝑓𝑓(𝑥𝑥)𝑎𝑎𝑥𝑥, (10) 

where A denotes the area under the position-force curve within a displacement of ∆𝑥𝑥. 
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 𝑓𝑓 , resulting in the frequency-dependent 
accumulated power spectrum 𝑃𝑃𝑚𝑚𝑎𝑎𝑎𝑎(𝑓𝑓), as illustrated in Figure 6, b. This accumulated spectrum reflects 
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the dominant propagation paths as well as multipath components. The computation can be expressed 
as follows: 

𝑃𝑃𝑚𝑚𝑎𝑎𝑎𝑎(𝑓𝑓) =  � 𝑃𝑃(𝑓𝑓, 𝑠𝑠)
𝑡𝑡2

𝑡𝑡= 𝑡𝑡1

 (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.  

 
(a) 

 
(b) 

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 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) 𝐹𝐹_𝑚𝑚𝑎𝑎𝑥𝑥, Area/Δx, standard 
deviation, 𝑝𝑝𝐹𝐹_𝑚𝑚𝑚𝑚𝑚𝑚 4 2 

Frame position Covariance 10 2 

Radar rear-left Spectral peaks 8 2 

Results and Discussion 
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. 
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(a) Position sensors - Ram Postion 

 
(b) PiezoBolt, die force 

 
(c) Position sensors, frame elongation 

 
(d) Acceleration 

 
(e) Force sensors, ram force 

 
(f) Radar sensor (Rear left) 

Fig. 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. 
 

       
   (a)       (b) 

Fig.8. Press frame deflection (a) and press ram tilting (b) (α – in YOZ, β – in XOZ) 

An average press frame stiffness of 6,03 MN/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 
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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. 
 

Description Top view Bottom view 

Forged part 

  

Distance to contact, mm 
 

Without air entrapment simulation 
  

Distance to contact, mm 
  

With air entrapment simulation  
  

Trapped air pressure, MPa 

  
Fig. 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). 
 

 
Fig.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). 

Description Top view Bottom view 

Forged part 

  

Contact areas 

  
Fig. 11. No defects were observed during forging with air vents 

FEM-dataset analysis using Random Forest. The 𝑁𝑁𝑝𝑝𝑚𝑚𝑝𝑝𝑝𝑝 = 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 
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containing 𝑁𝑁𝑖𝑖𝑖𝑖𝑝𝑝 = 120 instances was generated using the Latin Hypercube Sampling within the range 
of the feature space, including 𝑁𝑁𝑑𝑑,𝑖𝑖𝑖𝑖𝑝𝑝 = 89 cases with underfill and 𝑁𝑁𝑖𝑖𝑑𝑑,𝑖𝑖𝑖𝑖𝑝𝑝 = 31 free of underfill. 
The best estimator [𝑎𝑎𝑒𝑒𝑝𝑝𝑡𝑡𝑖𝑖𝑚𝑚𝑚𝑚𝑡𝑡𝑒𝑒𝑝𝑝𝑝𝑝 =  100,𝑚𝑚𝑎𝑎𝑥𝑥𝑑𝑑𝑒𝑒𝑝𝑝𝑡𝑡ℎ =  15,𝑚𝑚𝑖𝑖𝑎𝑎𝑝𝑝𝑚𝑚𝑚𝑚𝑝𝑝𝑠𝑠𝑒𝑒𝑝𝑝𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 =  1,𝑚𝑚𝑖𝑖𝑎𝑎𝑝𝑝𝑚𝑚𝑚𝑚𝑝𝑝𝑠𝑠𝑒𝑒𝑝𝑝𝑠𝑠𝑠𝑠𝑙𝑙𝑠𝑠𝑠𝑠 =
 15, 𝑐𝑐𝑐𝑐𝑎𝑎𝑠𝑠𝑠𝑠 𝑤𝑤𝑒𝑒𝑖𝑖𝑤𝑤ℎ𝑠𝑠 =  ′𝑏𝑏𝑎𝑎𝑐𝑐𝑎𝑎𝑎𝑎𝑐𝑐𝑒𝑒𝑎𝑎′] 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 F1-
score of 0.91. The feature importance shown in Figure 12 were extracted. 

 
Fig. 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. 
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Fig. 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 6 MN/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 
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 real-
process 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 defect-
formation 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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