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Accurate real-time modeling for multiple-blow forging

David Uribe'® . Camille Durand'® - Cyrille Baudouin'® . Régis Bigot'

Abstract

Numerical simulations are crucial for predicting outcomes in forging processes but often neglect dynamic interactions
within forming tools and presses. This study proposes an approach for achieving accurate real-time prediction of forging
outcomes. Initially, a simulation-based surrogate model is developed to replicate key process characteristics related to the
billet, enabling prediction of geometry, deformation field, and forging load after an upsetting operation. Subsequently,
this model is integrated with a mass-spring-damper model representing the behavior of forging machine and tools. This
integration enables the prediction of blow efficiency and energy distribution after each blow, including plastic, elastic,
damping, and frictional energy of the upsetting operation. The approach is validated by comparing predictions with experi-
mental results. The coupled model outperformed Finite Element Method (FEM) predictions, exhibiting mean absolute
errors (MAE) below 0.1 mm and mean absolute percentage errors (MAPE) below 1% in geometry predictions. Deforma-
tion field predictions showed errors below 0.05 mm/mm, and load-displacement curves closely matched experimental data.
Blow efficiency predictions aligned well with experimental results, demonstrating a mean absolute error below 1.1%. The
observed energy distribution correlated with literature findings, underscoring the model’s fidelity. The proposed methodol-
ogy presents a promising approach for accurate real-time prediction of forging outcomes.

Keywords Forging - Numerical simulation - Real-time - Surrogate model - Mass-spring-damper model - Digital twin

Introduction

In the realm of forging processes, the paramount role of
numerical simulations is acknowledged, providing predic-
tive insights without the necessity for exhaustive physical
experimentation [1]. These simulations excel in estimat-
ing variables such as deformation fields, stress distribu-
tions, and temperature profiles, often challenging or even
impossible to measure directly. However, while numerical
simulations tailored for forging processes adeptly forecast
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outcomes and explore various billet-related scenarios, the
intricate dynamics inherent in forming tools and presses are
frequently overlooked.

This oversight becomes apparent in the simplified model-
ing approaches commonly employed for presses and tools,
where tools are often depicted as purely elastic elements
characterized by parameters like Young’s modulus and
Poisson’s ratio, and presses are typically simplified using an
equivalent stiffness value, also known as a 1D formulation
of the machine [2, 3]. Such simplistic representations fail
to capture the nuanced energy interactions inherent in forg-
ing processes, particularly when dealing with energy-driven
machines like screw presses and power hammers [4]. Conse-
quently, if these complex dynamic interactions between the
press, workpiece, and tooling, are not adequately accounted
for, the predictions of finite element models may prove
insufficient [5]. This inadequacy arises from the incomplete
consideration of factors such as blow efficiency or energy
losses. The blow’s efficiency is primarily determined by
the work-hardened state of the billet itself and its shape
as it undergoes plastic deformation [6], and its interaction
with the press and tooling. Therefore, considering these


http://orcid.org/0009-0005-2846-7782
http://orcid.org/0000-0002-9320-5755
http://orcid.org/0000-0001-8237-3449
http://orcid.org/0000-0002-8120-7673
http://crossmark.crossref.org/dialog/?doi=10.1007/s12289-024-01861-9&domain=pdf&date_stamp=2024-10-15

phenomena is crucial for accurately predicting the forging
outcomes. The literature has explored various approaches
to represent the dynamics of forging machines, spanning
from the finite element modelling of the machines [7, §] to
methods like multi-body systems [9, 10], explicit dynamic
methods [11, 12], and the mass-spring-damper systems [13,
14]. In particular, mass-spring-damper systems are noted
for their suitability in real-time applications, as they offer
reasonably accurate results with significantly lower com-
putation times compared to other methods [15]. While
integrating these models with numerical simulations of the
forging process can yield better results, they do not reduce
the inherent computational demands of these simulations,
which remains a significant limitation for real-time control
applications in forging.

To address this real-time challenge, surrogate models
have emerged as promising alternatives in various manufac-
turing scenarios. They offer a simplified representation of
the original system, capable of reproducing its key features
with reduced computational cost and higher speed [16].
While simulations excel in providing precise predictions of
system behaviors, surrogate models provide the advantage
of delivering faster and more cost-effective predictions with
acceptable accuracy.

Despite the relatively limited adoption in the forming
domain until recently, surrogate models have gained exten-
sive traction and proven successful in various manufactur-
ing processes [17-20]. In sheet metal forming, surrogate
models have found applications in predicting critical param-
eters such as rolling load [21], Forming Limit Diagrams
(FLDs) [22], springback effects [23, 24], and deep drawing
parameters [25]. Similarly, in forging operations, surrogate
models have been employed to predict the shaping of bil-
lets and deformation fields in upsetting operations [26], tool
design [27], as well as to forecast grain size evolution [28].

But with surrogate models, dealing with multi-dimen-
sional data, such as fields, curves, or complex geometries,
often poses challenges because surrogate models gener-
ally perform better with scalar data. To address this issue,
model reduction techniques are employed to simplify the
data, which is crucial for improving both the efficiency and
the accuracy of predictions. This simplification is typically
achieved through reduced order modeling, which reduce the
dimensionality of complex datasets while preserving the
essential dynamics of the system. In the context of metal
forming, various techniques such as Proper Generalized
Decomposition (PGD), Proper Orthogonal Decomposition
(POD), Reduced Basis (RB) method, and Hyper-reduction
are commonly used to achieve this reduction [29, 30].
POD-based surrogate models were chosen in this paper
for their wide applicability in metal forming processes,
encompassing applications such as displacement vectors

[22], spring-back compensation [24], temperature fields
[31], deformation fields [32], stress fields [33], and other
representations.

In this study, a three-step approach is proposed to achieve
accurate real-time prediction of forging outcomes. Firstly,
a POD-based surrogate model is developed capable of
replicating key billet-related process characteristics with
enhanced computational efficiency [16]. Subsequently,
this model is coupled with a mass-spring-damper model of
the forging machine and tools to comprehensively capture
dynamic interactions. Finally, the approach is validated by
comparing predictions with experimental results, thereby
verifying the effectiveness of the model in predicting key
forging process parameters.

Materials
Experimental setup

The study focuses the upsetting process of a cylindrical
pure copper billet subjected to multiple blows using a screw
press. In this process, a billet characterized by its Initial
Diameter (D)) and Initial Height (H)) is repeatedly forged
at room temperature along its revolution axis. The initial
geometries of the billets are within the following variation
ranges:

e Dy=[15—35 mm
e SR :Ho/D0:[15—2}

Here, SR represents the slenderness ratio. Throughout the
successive blows, both the metallurgical properties and the
geometry of the billet undergo changes. Following the ini-
tial blow, the billet’s geometry deviates from its cylindrical
shape due to friction conditions, resulting in a bulging pro-
file (B P). Achieving precise control over the final geometry
of the upset workpiece necessitates understanding the forg-
ing energy setup for each blow (E;), considering the work-
piece’s initial, intermediate, and final states (see Fig. 1).

The billet is forged using the LASCO SPR400 screw
press on the VULCAIN platform at Arts et Métiers Metz in
France, which is part of the Laboratory of Design, Manu-
facturing, and Control (see Fig. 2). This press can provide
a maximum forging energy of 28,9 kJ for a ram speed of
680 mm/s. The press is controlled by a setup energy adjust-
able from 1 to 100% of its maximum capacity. Tools with
smoothed flat dies and a graphite-based aerosol lubricant
were used for the upsetting operations.

During the forging operations, the displace-
ment of the ram is measured using three laser sensors
MicroEpsilon®optoNCDT ILD 1401 -200 positioned at
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Fig. 2 Experimental setup featuring the screw press, tooling, sensors, and billet

120-degree intervals in the plane of the lower tool. Addi-
tionally, the axial forging load is measured using a defor-
mation gauge Doerler 29,744 — C04121 installed in a plate
within the lower tool.

The experimental geometries of the billets after each
blow were obtained using a high-resolution 3D optical

scanner, the GOM ATOS II Triple Scan® (see Fig. 3a). Each
billet’s geometry resulted in a 3D file (.stl), which was then
processed using GOM Inspect® Software to extract the cor-
responding bulging profile for analysis as a set of 2D scat-
tered points. Specifically, a mean profile was extracted by
defining a central axis for the entire volume and making 18



Fig. 3 Geometry extraction: a) Optical 3D Scanner. b) Post-analysis

sections, resulting in 36 axial symmetric cuts, as depicted
in Fig. 3b.

Numerical Model

The correspondent process is modeled using Forge® 4.0
Finite Elements software from Transvalor. Axisymmetric
conditions are supposed, for this, a 2D simulation with rigid
dies is performed (see Fig. 4). Tetrahedral meshing elements
were used. The length of a mesh edge averaged 0.6 mm in
the core of the billet and was refined to 0.3 mm in the exter-
nal parts. The finite elements ranged from 6000 to 12,000,
depending on the billet’s dimensions. Default FORGE®
solver remeshing was activated during the simulations, and
each run required an average of 15 min. The geometries,
deformation fields, and load-height curves are extracted for
further analysis. Material physical properties are listed in
Table 1.

A reduced Hensel-Spittel law for copper rheology has
been used to represent the billet’s rheology. The flow stress
0 s is expressed as follows:

USZA' eml-T. 6m2_ €-m3_ em4/e (1)

Here, € and ¢ are strain and strain rate respectively; T is
the temperature; A, m1, m2, m3, m4 are material constants,
with specific values of 411.19 MPa, -0.00121, 0.21554,
0.01472,and — 0.00935 respectively. These coefficients were
taken from the Forge®™ material library database. Moreover,
thermal exchanges have been assumed at 2000 W/m? K
between the billet and the tools, and at 10 W/m? K between
the air and the billet. Friction conditions are assumed from

the literature [34, 35], following a Coulomb-limited Tresca
Model [36]:

T = min (M : 07157;1'K) 2)

where 0 is the contact pressure; K is the shear yield
stress; # and ,, are the Coulomb and Tresca friction coef-
ficients, denoted by 0.1 and 0.2, respectively. This numeri-
cal model was validated against experimental data in our
previous work [37] to ensure its accuracy. For four different
experimental tests, the root mean squared error in geom-
etry reconstruction of this numerical model for the geom-
etries stands below 0.06 mm for the first blow. This ensures
that the surrogate model database is grounded in a reliable
numerical simulation.

Methodology

The methods employed to create a predictive model for
forging operations are outlined in chronological order in
Fig. 5. The initial step involves setting up a precise numeri-
cal simulation, which entails defining numerous parameters.
This simulation is then subjected to model reduction tech-
niques. In the presented use case, reduced-order modeling
and parametrization techniques are employed. Through
model reduction, a simplified representation of the opera-
tion is attained. This simplified model is subsequently used
to train and validate a surrogate model. In this study, an arti-
ficial neural network multilayer perceptron is chosen as the
training algorithm.
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Table 1 Physical properties of billet at 20 °C

Material Young’s Pois- Density Thermal Spe-
Modulus son’s  (kg/m3) Conduc- cific
(MPa) ratio tivity Heat (J/
(W/m-K) kg-K)
Rolled Pure 110,000 0.3 8100 401 435
Copper

The surrogate model, which reflects the billet’s behavior,
is subsequently coupled with a mass-spring-damper model
to consider the dynamic interaction between the press, tool-
ing, and billet. This dynamic behavior is not explicitly mod-
eled within the numerical simulation framework. Detailed
descriptions of each development step are provided in the
subsequent sections.

Model reduction

The selected inputs and outputs for the surrogate model are
illustrated in Fig. 6. Among these variables, the geometries
of billets and deformation fields present specific challenges
due to their susceptibility to the curse of dimensionality
[38]. Billet geometries are commonly represented as scatter

plots of 2D points or curves, typically comprising 30—-80
data points. Conversely, deformation fields are represented
as a scatter of 3D points (z,y,e€), with mesh-dependent
size, ranging from 6000 to 12,000 points. In the pursuit of
efficient surrogate model development, model reduction
techniques are essential for managing high-dimensional
data effectively.

In our previous work [26], we introduced a method to
address geometry concerns associated with these features.
To tackle the complexity of billet geometry, we employed
a curve-parametrized representation with Bézier control
points [39]. This approach facilitated dimensionality reduc-
tion by condensing the representation to only five control
points, thereby resulting in a total of 10 data points (two
spatial coordinates for each control point) (refer to Fig. 7a).
Furthermore, under cold forging conditions, billets can be
presumed to exhibit symmetry in their upper and lower
parts [40]. Leveraging this symmetry enabled a more com-
pact representation employing only five parameters, namely
x1, To, k3, yoand H (refer to Fig. 7b). Notably, the recon-
struction errors using Bézier curves remained consistently
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below 0.026 mm for the root mean squared error, attesting
the fidelity of the approach.

Regarding the deformation field, the original Finite Ele-
ment Method (FEM) scatter plot was discretized based on
the billet’s geometry (Fig. 8). The deformation values were
then interpolated using the Delaunay Triangulation method
to generate consistent 100 X 100 matrices for each deforma-
tion field, as described in [26]. This discretization process
is applied to each FEM deformation field, facilitating the
construction of the snapshot matrices used in the Proper
Orthogonal Decomposition (POD) reduction.

Subsequently, a reduction in basis eigenvectors was
conducted utilizing the POD Method, which is based on
Singular Value Decomposition [41]. The first three basis
eigenvectors were retained, achieving a reconstruction
mean absolute error of 0.0121 [mm/mm] and cumulative
energy of 81.77% within deformation values reaching 1.5

[mm/mm]. This reduction enables the reconstruction of
deformation fields using only three variable coefficients,
which are subsequently multiplied by their corresponding
basis vectors:

X=Y Lo,

Where X is the reconstructed field; & ; is the ¢, basis
eigenvector or mode obtained from the POD; and, b; is the
coefficient associated with the i;;, mode.

(€)

Surrogate model

As the copper deformation is performed under cold forg-
ing conditions (where T'/Tyyiqus < 0.3), atomic thermal
agitation is minimal. This means that athermal mechanisms,
which are less time-dependent and which are dominated by



processes such as dislocation movement, generally prevail
[42]. Consequently, time-dependent metallurgical phenom-
ena, such as recrystallization, diffusion, and restoration, are
negligible at these cold temperatures. In this context, since
these temporal phenomena are not considered, the surro-
gate model, with nine inputs and nine outputs retained after
reduction, does not incorporate time factors.

To efficiently manage the high dimensionality of the
model, a simulation-based database is constructed using the
Design of Experiments (DoE) Latin Hypercube Sampling
method, a widely employed technique in metal forming
applications [43, 44]. A total of 2000 combinations were
generated, each representing a numerical simulation. To
achieve this, a Python script was executed using Forge®
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version 4.0’s API interface. This script automated the data
setup for simulations based on DoE combinations, which
were stored in a .csv file. This operation facilitated the gen-
eration of the. tpf simulations file. The surrogate model
architecture is constructed utilizing multilayer perceptron
artificial neural networks (MLP-ANN) in Python, employ-
ing the Keras API, a framework commonly used in metal
forming applications [45-47]. Three hidden layers consist-
ing of 48, 192, and 48 neurons are retained, with ReLu acti-
vation functions applied, and a linear activation function
is chosen for the output layer (refer to Fig. 9). The mean
squared error (MSE) loss function is chosen, a common
choice for training regression problems [48].
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The simulation’s database is normalized and divided into
training, validation, and test data sets. The computation time
is lower than 200ms. When the model is iteratively evalu-
ated with a set of input variables, specifically by varying the
energy from F = [0, Energyma|, a series of points repre-
senting the load-displacement relationship can be obtained
(see Fig. 10). Additionally, an energy-height curve can be
extracted from the same evaluations.

Surrogate model and spring-mass-damper model
coupling

The surrogate model facilitates the prediction of the geom-
etry, deformation field, and forging load after the upsetting
operation. However, its accuracy is compromised, as it
assumes that all the energy contained in the Energy Setpoint
input is transformed into deformation energy for forging the
billet. In actual forging conditions, energy losses occur from
the first blow onwards, and they increase with each subse-
quent blow as the operation progresses from soft to hard
blows [37]. These energy losses can be accounted for by
integrating the efficiency of each blow into the system:

_E
" E

o E— Elosses

- @

gl

Here, Ej, is the deformation energy transferred to the billet,
E denotes the energy setpoint or the available kinetic energy,
and Ej,ss represents the cumulative energy losses, includ-
ing friction, vibrations, and elastic deformation of the press
and tooling. To determine the blow efficiency, one should
model the billet, the machine-specific dynamic behavior,
and their interactions, as done by [49], where a mass-spring-
damper model (denoted BIM for Billet-Interface-Machine

model) is specifically tailored for the same LASCO SPR400
screw press as this study (Fig. 11).

The BIM model tracks the initial kinetic energy, which
decreases as the ram transfers this energy to the system,
converting it into various other forms of energy. For the cal-
culation, the BIM model needs access to the billet’s forging
load for a given displacement. The surrogate load-displace-
ment curve obtained from the surrogate model is the input
of the BIM model, which will give a real-time prediction
of the blow’s final heights (H1, Hs, ... , Hy), the blow’s
efficiencies, the energy repartition and a corrected load-dis-
placement curve (see Fig. 12).

Using this BIM model, the total energy could be deployed
in five energies: the kinetic of the masses, the elastic energy
stored within the springs, the dissipation of damping energy
by the dampers, the frictional energy between the tools and
the billet, and the plastic energy transferred to the billet. It
should be noted that it is assumed that other losses, such as
acoustic energy, are negligible compared to these five.

Coupling the BIM and the surrogate models should
allow an accurate real-time prediction of the final height,
the maximum load, and the blow efficiency for a multiple-
blow operation. This approach could also be applied to other
forming machines, as the model’s coefficients can be cali-
brated for each different tooling and press configuration to
achieve optimal predictions in different forging setups.

Results

To validate the predictive capability of the model for mul-
tiple blows, an experimental campaign was conducted. The
model was trained using billets with initial diameters (D
) ranging from 15 mm to 35 mm. Real billets with Dy of
24.00 mm and 32.00 mm, along with various slenderness
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Fig. 10 Load-height curve obtained from an iterative evaluation of the surrogate model FH=[IF, FH]
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ratios not included in the training database, were forged as
part of the validation process. Each billet underwent four
forging cycles at different energy setpoints (Table 2). These
energy levels were selected to ensure that the compression
ratio remained below 80% in the fourth blow for all the
billets.

The evolution of geometry is depicted for each of the
four billets. Experimental, Finite Element Method (FEM),
and Surrogate Model (SM) results are illustrated in Fig. 13
FEM-predicted billets exhibit greater deformation com-
pared to SM-predicted ones after each blow. This discrep-
ancy can be attributed to the inclusion of blow efficiency in
the SM model. Despite potential cumulative errors in the
SM predictions after 4 blows, they remain accurate relative
to the FEM results. The mean absolute error between the
experimental profiles and the SM ones stands at 0.1 mm,
with a mean absolute percentage error below 1%.

It should be noted that the efficiency of each blow could
be included in the FEM parameters. However, calculating

the efficiency for each blow requires additional computation
before integrating it into the simulation. In contrast, with
the BIM approach, efficiency is automatically accounted
for without the need for additional computations once the
press-tooling model is identified.

To validate the deformation field, new FEM simulations
were conducted under realistic conditions, incorporating
accurately predicted plastic energy. This enabled a compari-
son between FEM and SM predictions. Figure 14a displays
deformation field predictions and comparisons against FEM
results for Billet 1 at the final blow, where more propaga-
tion of error is occurring. Figure 14b shows the difference
between FEM and SM predictions for the same billet at the
same blow. The figures display half of a 3D billet so the core
deformation field can be seen.

For all the billets, the results indicate a mean absolute
error below 0.05 [mm/mm] across a deformation field range
of [0-1.5]. However, these errors are mainly concentrated
in the corners of the billet and are primarily related to the
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Table 2 Experimental validation: summary

Billet Initial Initial Energy, [kJ] Energy,[kJ] Energy;[kJ] Energy,[kJ]
Diameter [mm] Height [mm)]

1 32.00 44.30 4.04 2.89 2.89 2.89

2 32.00 56.85 8.67 2.89 7.22 8.67

3 24.00 37.75 231 2.02 1.44 1.44

4 24.00 33.20 1.15 1.44 2.89 2.02

discretization of the field and the interpolation technique
used to obtain these boundary values.

The load-displacement curves obtained from the coupled
model closely matched the experimental data, with the pre-
diction of billet heights showing an error below 5%, corre-
sponding to 0.6 mm (refer to Fig. 15).

Furthermore, the prediction of blow efficiency was
assessed, revealing maximum errors below 2.5% and a
mean absolute error of 1.1% (see Fig. 16b). Across all bil-
lets, blow efficiency was found to decrease after each blow.
Specifically, the initial blows are located in the upper right
part of the Fig. 16a plot, while the subsequent blows are
progressively positioned towards the lower left side.

A graphical representation of the energy distribution is
presented in Fig. 17. It reveals that elastic energy consis-
tently accounts for the majority of energy losses. Damping
energy appears relatively low in the initial blows, remain-
ing below 1% of the total losses. Frictional energy, on the
other hand, shows an increase after the first blow followed

by a decrease after the third blow. This observation can be
attributed to the decrease in compression ratio of the bil-
lets after the third blow, as they become hardened. Conse-
quently, less material flows between the billet and the tools.
Friction energy, like damping energy, also remains below
1% of the losses for all the blows. It is important to mention
that special attention should be paid to this analysis, as the
values are presented as percentages of different energy set-
point values, and they are influenced by factors beyond just
these energy setpoints, such as billet geometries and work-
hardened states.

Discussion

The coupled model was evaluated in four-time blow upset-
ting operations and compared to experimental data on four
different billets. The geometry predictions of the coupled
model surpassed those of the FE model, displaying a MAE



a ) ~ Multiple-blow Geometry Evolution
I Dy =32.00mm;H, = 44,30 mm
60
: — EXP

—- SM

501 -—- FEM

40

30 \

20

10 4

0 T T
0 5 10 15

c) i
601

I

50 4

Multiple-blow Geometry Evolution
Dy = 12.00 mm ; Hy = 37,75 mm o
—- SM
! - FEM
I
40+

30 1

20

A
10 4 AN
A
/.,’
: ‘ l 20 25

0
0 5 10 15

30 35 40

Fig. 13 Multiple-blow geometry evolution:

a)Dy = 32.00 mm ; Hy = 44, 30 mm .

b) ~ Multiple-blow Geometry Evolution
I Dy =32.00mm;Hy = 56,85 mm
60

— EXP
—- SM
50 -—- FEM
40
30 1 \

20 \ ‘\Q\

)
10 ! H ~
(i / 1
4 ’ A h
/ 7 7’

0 T T T T f f d !
0 5 10 15 20 25 30 35 40

d)

I
501

Multiple-blow Geometry Evolution

Dy = 12.00 mm ; Hy = 33,20 mm__ Exp

—- SM

! --- FEM
I

40+

30 o

20

A
10 T
) \
A N}
) 7 _/
20 25

0
0 5 10 15

30 35 40

b) Dy = 32.00 mm ; Hy = 56,85 mm. ¢)

Dy =24.00mm ; Hy = 37,75 mm. d) Dy = 24.00 mm ; Hy = 33,20 mm

below 0.1 mm and a MAPE below 1%. This underscores the
importance of blow efficiency in multiple-blow operations,
as evidenced by the decreasing accuracy of FE predictions
with diminishing blow efficiency.

The use of the BIM model allows for the automatic dis-
tribution of energy among the various elements, eliminat-
ing the need to calculate efficiency for each blow separately,
which would be required in FEM to achieve similar results.

The comparison between the deformation field SM pre-
diction and the FEM one revealed errors below 0.05 mm/
mm. The primary error location, typically found at the cor-
ners of the billets, was attributed to the discretization and
interpolation of the fields, while their magnitude was linked
to information loss during the model reduction process.

Apart from geometry and deformation field predictions,
the model accurately estimated the load-displacement
curves for multiple-blow operations, as well as the blows’
efficiency and energy distribution. While the load-displace-
ment curves prediction closely mirrored the actual process,
exhibiting nearly overlapping curves (refer to Fig. 15), the

accuracy decreased from less than 1% in the 1st blow to
almost 5% in the 4th blow for the final height prediction.
This limitation was attributed to factors such as initial pre-
diction errors propagating with subsequent blows and near-
ing the training limits of the model due to a considerable
increase in the billet compression ratio.

The blow’s efficiency prediction closely aligned with
experimental results, with a mean absolute error below
1.1%. The observed energy distribution aligned with find-
ings from the literature on copper upsetting using a screw
press [49]. Notably, elastic energy increased after each blow,
while friction energy peaked in the first blow before declin-
ing with compression ratio and blow efficiency. Damping
energy exhibited a slight increase but remained less signifi-
cant compared to elastic and frictional energies.

Previously, blow efficiency calculations often relied on
integrating data from numerical or analytical models post
hoc into the BIM model. However, predictive surrogate
modeling now enables efficiency calculations before forg-
ing begins. To enhance the model’s accuracy and reliability,
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additional process variables such as billet temperature, press
ram velocity, or friction conditions should be incorporated.
Additionally, exploring adjustment techniques based on
actual process outcomes after each blow is crucial to mini-
mize error propagation by the fourth blow.

The coupled model demonstrated high accuracy in pre-
dicting geometry, deformation fields, and load-displace-
ment curves, underscoring its effectiveness in axisymmetric
multiple-blow upsetting operations. Extending this meth-
odology to more complex forging scenarios, such as those
involving anisotropic materials or full 3D models, would
require careful consideration of numerical model valida-
tion, model reduction algorithms, dataset size, and surrogate
model training and validation. While the general approach
remains applicable, adapting the tools and methods to
accommodate these complexities is crucial.

Conclusions and perspectives

The proposed methodology integrates a billet-related sur-
rogate model into a Billet-Interface-Machine (BIM) inter-
actions model. The surrogate model enables the prediction
of the billet’s geometry, deformation field, and load-height
behavior for multiple-blow upsetting operations. The geom-
etry of the billets is parameterized using Bézier curves,
resulting in five geometric parameters. The deformation
fields are reduced using a Proper Orthogonal Decomposition
(POD) framework, leading to three parameters for describ-
ing them. The database for the surrogate model is obtained
from numerical simulations. The surrogate model employs
a multilayer perceptron artificial neural network with three
hidden layers. The load-height behavior predicted by the
surrogate model serves as input for the BIM model, which
simulates the billet’s interaction with the forging machine
over multiple blows. This model allows the prediction of



blow efficiency and energy distribution (plastic, elastic,
damped, and frictional energies), going beyond numerical
simulation predictions, resulting in accurate results.

In future work, continuous refinement of the coupled
model after each blow will be essential to minimize error
propagation. This iterative refinement process may lead to
the development of a so-called hybrid model, which con-
siders the inherent uncertainties present in each individual
model, ensuring the model’s accuracy and reliability.
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