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Abstract

The increased complexity of geometries and the improved properties of sheet metal components result in narrower process
windows, highlighting the need for better process control to minimize deviations and to ensure the production of high-
quality parts. In this context, this study focuses on controlling the bending angle of a seat rail component manufactured by
a renowned TIER1 company. This angle changes due to material, process fluctuations and post-forming springback. Two
types of material, a cold-rolled Dual Phase DP980 steel and a Complex Phase CP980 high-strength steel, are both employed
interchangeably when manufacturing this component. Variations in the mechanical properties and thickness of these two
materials result in significant differences in post-springback bending angle. To tackle this challenge, various control strate-
gies have been developed including a classical controller and a controller enhanced with a metamodel-based feedforward
term. For the latter, two approaches were used: a simulation-based metamodel and an experimental data-based metamodel.
Heuristic-based disturbances, reflecting both material variability and process changes (tool mounting variations, tool wear,
gap changes and temperature variations), have been considered. To calibrate the new controller parameters and gains, a
constrained-based genetic algorithm approach has been utilized together with a numerical virtualization of the process. After
this virtual set-up, the new controllers have been tested experimentally in a real environment, using an industrial U-bending
tool and a 4000 kN servomechanical press. The new controllers have proven to be an efficient method for enhancing the
process robustness. A classical controller, employing a feedback control system, enabled consideration of part-to-part vari-
ations. On the other hand, the addition of a metamodel-based feedforward term facilitated anticipation of material properties
and sheet thickness changes, thereby preventing scrap production.
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Introduction

Global industry currently produces 200 kg of steel [1] and
7 kg of aluminum [2] per person per year, and transforms
this into a wide range of products, from vehicles to final
goods at an unprecedentedly low cost. Given the substantial
amount of raw materials consumed by modern civilization,
there is a growing demand for the transition to more sustain-
able and energy-efficient production systems. Consequently,
companies are under increasing pressure to achieve zero
defects in manufacturing. This objective is gradually being
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realized through the adoption of Industry 4.0 approaches,
made possible by the enhanced computational capacity and
faster electronics available in industry.

The increasing complexity of sheet metal forming compo-
nents and the stringent tolerances required by the market have
forced the manufacturing industry to devise new strategies to
operate within the available process window. In this context,
the development of new process monitoring systems and con-
trol strategies is crucial for promptly adjusting process param-
eters and ensuring the production of defect-free components.

In order for a process to be controllable, part quality
indicators need to be both detectable and measurable.
Additionally, these indicators must be modifiable through
another process variable, for example an actuator. The
process adjustment can be made manually using operator
expertise or automatically, using advanced controllers and
expert systems.
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Regarding quality indicators, some typical defects in
sheet metal forming processes are thinning, splitting, wrin-
kling and springback. In bending processes, which are the
focus of this paper, springback is the main problem [3-6].
Springback depends on several process variables [7], such
as material properties (sheet thickness, yield strength, etc.)
and tool and process parameters (speed, lubrication, tem-
perature, etc.). In this regard, process fluctuations are the
biggest obstacles to effectively controlling a metal bending
process. The most typical process fluctuations and uncer-
tainties in cold forming can include changes in material
properties and thickness, tool temperature evolution dur-
ing production, and tool wear.

Initial material properties can influence final properties,
such as geometry, surface finishing, and residual stresses.
Harsch et al. [8] tested the same material (stainless steel
1.4301) from different suppliers to analyze fluctuations
of material properties, as these often lead to robustness
problems in production. They found significant differ-
ences between suppliers. The authors defined this material
changes as process noise, or more specifically, as repeat-
ability uncertainties, as they are often non-measurable.
Authors from the same research group at ETH Zurich dem-
onstrated that there are significant fluctuations in mate-
rial properties between different batches and suppliers, as
well as in sheet thicknesses [9, 10]. This type of fluctua-
tions significantly affects the final U-bending angle after
springback.

In [11], Muiiz et al. analyzed the mechanical and micro-
structural fluctuations of five different high-strength steels
used in the production of the industrial demonstrator that is
used in this study. They examined the impact of these fluc-
tuations on the bending angle after springback. The study
found variations of up to 0.65° in the bending angle between
batches from the same material supplier under the same
process parameters, and variations of up to 1.25° between
batches from different suppliers.

For these reasons, and to avoid producing scrap and
achieve zero-defect manufacturing, advanced real-time part-
to-part control algorithms are necessary. These algorithms
can adjust the bending process to ensure that production
remains within the desired tolerance window. The variables
that can be adjusted to influence the quality indicators and
final product dimensions are known as control variables
[12-15, 15, 15-23, 23-27].

In several studies, punch displacement is the primary
control variable [12—18]. In some of them, punch force pro-
vides feedback for corrections [12-14, 17, 19, 20]. Addition-
ally, other press variables and tool dimensions have been
employed as control variables, including punch radius [15,
21-23], die opening [23-25], and tool angle [26], in terms
of batch-to-batch control, and punch speed [15] and binder
force [27], among others.
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Regarding advanced controllers for metal forming and
deep drawing, various types of control systems have been
developed, both for in-line use and utilizing post-process
database information. The most recent developments range
from classical controllers [28, 29] to modern metamodel-
based controllers [30-34] and a new branch of control
systems that use machine learning techniques for process
control [35-37]. In terms of tuning feedback controllers for
metal forming applications, Endelt et al. [38] developed a
feedback controller where the gain factors of the control loop
were determined by solving an optimal control problem for-
mulated as a non-linear least-squares minimization task.

Like in metal forming and deep drawing, various algo-
rithms have been utilized to control springback in bending.
These include fuzzy logic [19, 22], Artificial Neural Net-
works (ANN) [20, 21, 24, 25, 36, 39, 40], analytical mod-
els [41-43], analytical models derived from FEM analysis
combined with neural networks [25], Kriging metamodels
[27, 44], regression models [15, 16, 45], genetic algorithms
combined with neural networks [23], PI controllers [27], and
a simple online punch force database [19], among others.
To identify the most influential process parameters affect-
ing springback suitable for process control, different authors
have employed FEM along with Taguchi and analysis of
variance (ANOVA) methods [46, 47].

While simple classical controllers with a feedback term
are often suitable for serial production, there is a noticeable
trend toward the adoption of metamodel-based controllers.
These controllers can take unexpected process variations into
account and predict optimal process variables to produce a
quality component, as they incorporate physical information
into their development process. For instance, a classical con-
troller lacks the ability to anticipate material fluctuations,
unlike a model-based controller that is equipped with a feed-
forward term capable of incorporating material property
information. Similarly, a classical controller cannot consider
the cooling of tools and its impact when production stops
(due to failure downtime or factory rest time). Conversely,
an advanced controller could predict the new optimal pro-
cess setting if the metamodel integrated into the controller
includes information about the tool temperature, possibly
obtained through a temperature sensor. This unique feature
is increasingly demanded by industries, especially as produc-
tion batches become smaller and the need for scrap reduction
and the creation of more sustainable processes grows.

This work introduces modern controllers designed to
control the bending angle after springback of a seat rail
component manufactured by a TIER1 company. The pro-
duction of the selected component utilizes either cold-
rolled DP980 or CP980 high-strength steels, depending
on material availability and other economic factors. As
demonstrated by the authors in [11], material fluctuations
result in significant variability in the final bending angle
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of this component. To address this challenge, two differ-
ent control strategies have been developed and tested: i) a
classical controller using Proportional-Integral (PI) terms
and ii) an advanced controller that combines a classical
controller with a metamodel-based feedforward term. In
the latter, two types of metamodels have been utilized: a
simulation-based metamodel and an experimental data-
based metamodel.

Heuristic-based disturbances, reflecting material vari-
ability and long-term machine variations occurring during
production, have been taken into account during the devel-
opment of the controllers. To assess the robustness of the
controllers and to train them, various scenarios have been
simulated using a virtual environment. Finally, after tun-
ing the control parameters, the three types of controllers
(the classical PI controller and the two metamodel-based
controllers) have been tested in a 400 kN industrial servo-
mechanical press using industrial tooling and in-situ bending
measurement Sensors.

Process metamodeling using FEM
Material characterization and modeling

Aiming to develop a FEM-based metamodel of the U-bend-
ing process to be embedded in the advanced controller,
which combines a classical controller with a metamodel-
based feedforward term, a numerical model has been created
using ABAQUS 6.14.

For this purpose, five materials have been studied: three
DP980 Dual Phase steels and two CP980 Complex Phase
steels, sourced from three different suppliers. The materials
are named as follows:

e DP980 1 and DP980 2: supplier 1, different batches
e DP980 3: supplier 2
e CP980 1 and CP980 2: supplier 3, different batches

The principal mechanical properties of the five materials
obtained through uniaxial tensile tests are summarized in
Table 1. For more details, please refer to [11].

The material hardening of the DP980 and CP980 materials
has been modelled using the Swift Hockett-Sherby law (Eq.
(1)) [48], as it is demonstrated to be one of the best suited
hardening models for this type of materials [49]. For the ini-
tial experimental extrapolation of the curves, the small area
technique available in GOM Aramis software was used [49].

6= (1 - (X){C * (Epl + EO)m} + a{o-Sat - (O-Sat - Gi)e_aéﬁl}
(H

Table 1 Main mechanical properties and average sheet thicknesses of
the five materials, analyzed at rolling direction

Material RpO.Z% [MPa] UTS [MPa] n[-] r1,[-] Elongation [%]

DP9801 883.7
DP9802 875.9

1085.6 0.045 096 9.2
1078.1 005 098 9.7

DP9803 852.1 1041.8 0.049 095 11.7
CP980 1 916.7 1009.6 0.037 091 10.8
CP9802 865.5 966.3 0.048 093 12.1

where a m, and p are material exponents in the Swift-Hock-
ett Sherby hardening law, g is the pre-strain, o; is the initial
stress, og,, 18 the saturation stress, « is the weighting factor
between Swift and Hockett-Sherby models, and C is a coef-
ficient in the Swift-Hockett Sherby hardening law [50, 51].
To account for material fluctuations, three different virtual
hardening laws have been developed, reflecting the real vari-
ability of the materials. First, an average curve was created
from the data of the five materials to define a baseline hard-
ening law. Then, variations were introduced by adjusting
this curve by +the Ultimate Tensile Strength (UTS). This
resulted in three distinct hardening laws: one using a low
UTS, one with an intermediate UTS, and one with a high
UTS. The measured hardening curves of the five materials
coming from three different suppliers and the virtual harden-
ing laws are shown in Fig. 1a and b. Table 2 lists all param-
eter values for the expression in Eq. (1).

A Von Mises yield criterion has been chosen to model
the material. As shown in Table 1, all the materials exhib-
ited a normal anisotropy between 0.91 and 0.98. Given that
the bending operation follows a plane strain condition, the
differences between an anisotropic and an isotropic yield
criterion have been minimal.

Finite Element Modeling

The U-bending process numerical model has been created
with static-general implicit analysis (ABAQUS Standard
6.14). Due to the symmetry of the component, only one half
has been simulated to reduce computational time. The final
model developed is shown in Fig. 2.

The punch and die have been modelled as analytical rigid
surfaces, while the blank material has been meshed using
CPESR finite element.. The mesh size was selected based
on a mesh size sensitivity analysis, where the number of
elements through the thickness was varied. The analysis
showed that using 75 elements through the thickness in the
bending zone provided an optimal balance between compu-
tational time and model accuracy.

For the definition of the coefficient of friction, strip draw-
ing tests were performed using a servo-mechanical tester [52]
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Table 2 Swift and Hockett—Sherby model parameters for the intermediate UTS hardening law
Parameter o C [MPa] £ m Gg, [MPa] c; [MPa] a p
Value 0.25 1173.8 0.00739 0.0336 1295.7 185.7 7.284 0.4402

Fig.2 (a) U-bending process
model and (b) mesh configura-
tion scheme of the sheet and
zoom of the finer mesh in the
bent zone

(@

and the as-received precuts in the pre-oiled condition. Finite
element results indicate that during the bending process, slid-
ing velocity varies from 400 mm/s to O mm/s. Therefore, strip
drawing tests were conducted at 10 mm/s and 50 mm/s with
contact pressures up to 50 MPa (the maximum reachable in the
experimental setup used for this work). A Filzek-type friction
law (see Eq. (2)) [53], which depends on contact pressure and
sliding velocity, was then fitted to the experimental friction
coefficients measured in the strip drawing tests:

e—1

max\v.,, V,

ﬂeff=”(p> - 2 @
Pret Vref

where u is the base friction coefficient, p is the contact pres-
sure, p,¢ is the reference pressure, e is the pressure exponent,
a is the velocity factor, v, is the velocity of the sheet relative
to the tool in contact and v, is the reference velocity. The
experimental values of the friction coefficient and the fitted
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(b)

friction law are shown in Fig. 3. The coefficients are shown
in Table 3.

To test the assumption that differences between aniso-
tropic and isotropic models are minimal, a 3D model with
the Hill criterion was compared to a 2D model with the Von
Mises criterion. An absolute difference of 0.43° was found
between the 3D and 2D models. Therefore, considering the
reduction in computational cost when using a 2D model and
the small difference between the two models, the Von Mises
yield criterion was used in this work.

A summary of the numerical model is detailed in Table 4.

Numerical metamodel

As demonstrated by the authors in [11] through a correlation
analysis carried out, the press stroke is the most influential
factor on the bend angle after springback. Following this,
sheet thickness and Ultimate Tensile Strength (UTS) also
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Fig. 3 Experimental friction coefficients and fitted Filzek friction law

Table 3 Coefficients of the Filzek pressure and velocity dependent
law

Coefficient Pressure expo- Velocity factor p,. [MPa] v, [mm/s]
nent (e) (a)

Value 0.8470 0.0255 2 4.7734

have a significant impact. For this reason, these process
parameters and their fluctuations have been considered in
the development of the metamodels.

The punch stroke is the parameter that defines the final
bending angle before springback. As depicted in Fig. 4a,
initially, the punch bends the precut material. Subse-
quently, as the punch traverses the die radius and die flat
vertical zones, two lateral cams are closed using the punch
movement to overbend the sheet (see Fig. 4b). Finally,
springback occurs, and the final post-springback angle (o)
is the variable that needs to be controlled in the process
(Fig. 4c). Note that a larger o indicates a lower springback
of the product. The initial distance between the punch and
the cams is referred to as the gap. The coordinates of two
nodes of the part in the numerical model are used to calcu-
late the post springback bending angle, applying the same
procedure described later for the experimental measure-
ments in Fig. 6b.

Table 4 Numerical model parameters

Parameter Type/value

Element type Quadratic quadrilateral CPESR

32258

Global: 6, Bending zone: 75

Global: 0.25 mm, Bending zone: 0.02 mm
Abaqus Standard 6.14

Swift-Hockett-Sherby (Eq. (1))

Number of elements
Layers through thickness
Mesh size

Solver

Hardening model

Young Modulus 205 GPa

Poisson’s ratio 0.3

Yield Criteria Von Mises with associated flow rule

Friction coefficient Filzek law (pressure and velocity depend-
ent)

Computation time 17811s

A full-factorial design [54, 55] with a central point has
been developed using Minitab commercial software. The four
main factors are: the punch stroke or press position (with
three levels); the gap between the tool and die (with two lev-
els); the sheet thickness (with three levels); and the ultimate
tensile strength (UTS) (with three levels). The variable limits
have been chosen based on tensile tests for the material prop-
erties, thickness measurements in the real precuts, and cams
manufacturing and assembly tolerances. A total of 55 simula-
tions have been carried out. Table 5 outlines the parameters
and their ranges used in the variant simulations.

For the metamodeling, Response Surface Methodology
(RSM) [56] obtained through Minitab software has been
selected. Among different metamodeling techniques, RSM
is well-established, easy to use, best suited for applications
with random error, and appropriate for applications with
fewer than 10 factors [57]. It relies on the assumption that
many physical systems are smooth and continuous, making
them well-approximated by low-order polynomials, espe-
cially within the region of interest. In this work, a second-
order model (Eq. (3)) with interactions has been employed:

k k k
2
y=ho+ 2B+ 2B+ D B ©)
j=1 j=1 i<j=2
where B, B, B; and f; are regression coefficients, x; are inde-
pendent variables, and y is the response, in this case, the bend-
ing angle after springback. The equation is shown below:

a, = —0.1584 - gap® —3.29 X 107 - gap - UTS — 0.1124 - gap - Stroke — 0.2749 - gap - ¢+ 1.8213 - gap
-9.05%x 107 - UTS* —2.15x 107° - UTS - Stroke —3.96 X 107 - UTS - ¢ + 0.000284 - UTS @)
+0.00916 - Stroke ? + 0.1445 - Stroke - £ —0.1450 - Stroke + 0.9265 - > — 3.3597 - t + 2.1912
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Fig.4 U-bending tool kinemat-
ics. (a) initial bending step, (b)
overbending using cams and
(c) final stage after springback.
BH refers to blank-holder. Red l
circles denote nodes location for

angle measurement, and blue V‘
arrows denote punch and cams

displacement direction

(a)

Table5 Input parameters and their variations for U-bending mod-
eling

Parameter Lower limit Nominal Upper limit
Punch stroke or x [mm] 10 10.5 11

Blank thickness t [mm] 1.45 1.5 1.55

Gap between tool and die [mm] 1.5 1.55 1.6

UTS [MPa] 925.71 1025.71 1125.71

Table 6 Error metrics of the numerical metamodel developed with
the Response Surface Methodology

R-squared [-] RMSE [°] MAE [°]

0.98 0.31 0.25

where Stroke, UTS, gap, and t are the press stroke, ultimate
tensile strength, gap, and sheet thickness respectively. a,, is
the standardized post-springback bending angle, obtained
by dividing the angle by the objective bending angle, with
standardized values ranging from 0.957 to 1.128. To evalu-
ate the accuracy of the metamodel, three error metrics have
been used: i) the R-squared (Eq. (5)), ii) the Root Mean
Squared Error (MSE) (Eq. (6)) and iii) the Mean Average
Error (MAE) (Eq. (7)) [58].

D (y; _yi)2
Zi (yi - yi)2

RP=1-

&)

(6)

)
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(b) (c)

where y’ denotes the predicted value of the i-th part; y repre-
sents the experimental value for the experimental metamodel
and the value derived from numerical simulations for the
numerical metamodel; 7 is the total number of observations,
and y is the mean value of the data.

Table 6 presents the error metrics obtained for the numer-
ical metamodel.

Figure 5a illustrates the predicted bending angle after
springback versus the bending angle obtained through sim-
ulation using the created FEM model. As indicated by the
error metrics, there is an acceptable correlation. In Fig. 5b,
the correlation between the bending angle after springback
and the analyzed variables is shown.

Process metamodeling using experimental
bending measurements

The development of advanced controllers using FEM-based
metamodels is highly desirable in an industrial environment.
This approach allows for the creation of advanced control-
lers without generating a large number of defective parts and
scrap. Additionally, it offers the advantage of enabling the
testing of various virtual scenarios, which may not be feasible
in the real world (for example, due to unattainable specific
material properties or inability to achieve a specific thickness).

However, numerical metamodels also have several limita-
tions. In our case study, which involves the bending process
at industrial production rates, it is challenging to consider
long-term effects such as tool heating, tool wear, press dete-
rioration, etc., or explicit process variations caused by erro-
neous tool mounting, tool misalignment, etc.

For this reason, and to compare the results obtained using
an advanced controller that combines a classical control-
ler with a metamodel-based feedforward term constructed
solely with numerical results and experimental ones, an
extensive experimental bending campaign was launched.
The purpose was to create an experimental database and
develop a metamodel using real bending measurements,
hereafter called the experimental metamodel.
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Fig.5 (a) Metamodel prediction vs numerical (FEM) bending angle
after springback. Values are standardized in respect to the optimal
angle and are therefore dimensionless. (b) a 3D plot of bending angle

Table 7 Variation of input parameters in the experimental tests

Parameter Lower limit Upper limit
Punch stroke [mm)] 10.76 11.17
Blank thickness [mm] 1.43 1.52
Ultimate Tensile Strength UTS ~ 966.3 1085.6

[MPa]

The experimental tests involved 10 repetitions per material
for five different press strokes, totaling 250 parts tested. For
each part, the bending angle after springback, sheet thickness,

Bent component

LVDT sensors

Basement

Sliding guide for
muti-section
measurement

(a)

gap=1.5 mm
B gap=1.55mm
I gap=1.6mm

(b)

after springback vs. press stroke and sheet thickness for three differ-
ent gap values and a nominal UTS of 1025.71 MPa

and press stroke were measured The UTS values obtained from
tensile testing (Table 1) were used as input for the controllers.
Limits of the input variables are detailed in Table 7.

The press velocity was 32 spm for all parts. To measure the
experimental bending angle, a measuring tool comprising two
Linear Variable Differential Transformers (LVDTs) was devel-
oped (Fig. 6a). The bend angle was calculated based on the ver-
tical and horizontal positions of the transducers (Fig. 6b). The
device has an accuracy of +0.08° and is shown in Fig. 6c.

Table 8 shows the average sheet thickness measured in-line
for each CP980 and DP980 analyzed. The standardized bending
angle after springback versus the punch stroke is shown in Fig. 7.

Ah

(b) (c)

Fig.6 Measuring tool for angle measurement. (a) CAD design, (b) schematic for angle calculation and (c) real tool
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Table 8 Average sheet thickness of the 250 specimens analyzed

Material DP9801 DP9802 DP9803 CP9801 CP9802

Sheet thickness  1.46 1.49 1.49 1.50 1.49
[mm]

Table9 Error metrics of the experimental metamodel developed
using Response Surface Methodology

R-squared [-] RMSE [°] MAE [°]

0.96 0.134 0.110

The experimental metamodel, has been generated using the
same methodology as in the numerical case, using a second-
order model with interactions.. After preprocessing the data,

the model was trained, tested, and validated. Eighty percent of
the data was selected for training, while the remaining twenty
percent was used for testing. Equation (8) is as follows:

a, = 1.6855 — 0.1380 - Stroke — 0.00033 - UTS — 0.0158 - t + 0.00847 - Stroke*
—339%x 1078 . UTS? — 0.0407 - > + 2.60 x 107° - Stroke - UTS

—0.00305 - Stroke - t +0.00021 - UTS - ¢

®)

where Stroke, UTS, and ¢ are the punch stroke, ultimate ten-
sile strength, and sheet thickness respectively, and a,, is the
normalized post-springback bending angle, standardized by
dividing the angle value by the objective bending angle.

The error metrics obtained for the experimental metamodel
are shown in Table 9, indicating an acceptable correlation.

Figure 8 illustrates the predicted bending angle after
springback versus the bending angle obtained experimen-
tally using the created experimental metamodel for the 250
parts produced in the forming press.

Numerical-experimental metamodel
comparison

The difference between the numerical and the experimental
metamodels can be observed in Fig. 9. The numerical meta-
model proved to be more sensitive to changes in both stroke

1.02 T T T T
= DP980 1 73
%‘ o DP9802 o 88
R 1.015F DP980 3 o8]
° 2
= CP980 1 88 g
'g L o CP9802 o 8 i
% 1.01 Tolerance limits hid §o
~  [EEEe Objective value 4 A
5 o8 o 8
£ 1.005 A 1
S A

a o )
o 1 -g ------------------- R ;--0----2 ----------------------------------
5] o oo aa a
£ Tie ; i
o L 8 d
=2 0.995 “g x
© @ aAA
2
-.g 0 99#;3 1
o A
m

0.985 * . * :

10.8 10.85 10.9 10.95 1 11.05 1.1 11.15
Punch stroke [mm]

Fig.7 Bending angle after springback (standardized) vs punch stroke
for the different materials
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and sheet thickness, showing a more pronounced slope.
The numerical metamodel predicts higher post springback
bending angles for the same press strokes. These differences
could be put down to the elastic deflection of the tools, the
gap differences between the numerical and the experimental
case, and possible temperature effects.

Advanced controllers and virtual tuning
of parameters

U-Bending controllers

As mentioned before, three different controllers have
been developed and tested using industrial tooling and an
industrial environment, with a 400 kN press. The control
variable is the punch stroke, and disturbances reflecting
material and process variability were introduced in the
controllers as random variations, explained in Sect. 5.2.
The three main controllers are explained in the next
sections.

Feedback controller with proportional-integral (Pl) terms (FB
controller) Firstly, a simple feedback controller that utilizes
the measurements of the bending angle after springback for
the i-th part (a(i)) to determine the press stroke for the sub-
sequent part (x(i+ 7)) has been defined. The objective of the
controller is to minimize the difference between the desired
angle and the experimentally measured angle. The feedback
controller is depicted in Fig. 10. Note that inherent process
disturbances are decoupled from the bending process inten-
tionally. This is done as virtual disturbances have been used
to tune the controllers’ gains.
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The feedback error e(i) is defined as the difference
between the bend angle after springback of each sample

a(i) and the target bend angle after springback ozpp (Eq.
9)):

Fig.9 A 3D plot of post
springback bending angle vs. g
press stroke and sheet thickness %
comparing the numerical and
the experimental metamodel for
three UTS levels: 925.71 MPa,
1025.71 MPa and 1125.71 MPa.
An intermedium gap of 1.55
mm was selected for the numer-
ical response surface plots

puEXS)
qBut
o
[¢2]
w

[) (pozip®

Fig. 10 Feedback (FB) control

e(i) = a(i) — aggrp ©
The stroke of the current part x(i) is given by Eq. (10)
x(@) = x(i — 1) + Ax(i) (10)

where x(i — 1) is the previous stroke and Ax(i) is the vari-
ation in press stroke of the current part, given by Eq. (11)

i—1
Ax(i) =K, - e(i - 1)+K,-Ze(j) an

J=1

where K, and K, are the proportional and integral gains of
the controller, respectively. These gains have been adjusted
using constrained genetic algorithm optimization, as will be
explained later. With this global optimization approach, we
avoid getting stuck in local minima. Another strategies as
grid or local search could be also appropriate for this task.
No derivative action is used in the controller because strong
part-to-part variation reduces the stability of the controller.
Note that this simple and classical controller is unable to
account for material and thickness fluctuations effects.

Feedforward + Feedback controller with proportional-integral
(P1) terms — numerical metamodel (FF + FB Numerical control-
ler) Secondly, an advanced controller, combining feedback
and feedforward terms, has been developed. The feedback

Numerical Metamodel UTS=925.71 MPa
Numerical Metamodel UTS=1025.71 MPa
I Numerical Metamodel UTS=1125.71 MPa
Experimental Metamodel UTS=925.71 MPa
Experimental Metamodel UTS=1025.71 MPa
Experimental Metamodel UTS=1125.71 MPa

. ) Disturbances
scheme with a proportional
controller e Controller Process
— P Actuatorf>| P(x) —
aref ( ) y a‘measured

Angle measurement
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controller solely minimizes differences between the last part
and a reference, relying on previously produced parts. In
contrast, feedforward control is a physics-based model or a
metamodel that anticipates optimal strokes for forthcoming
material properties. However, the feedforward controller is not
able to react to non-measurable influences, such as tool heat-
ing. Therefore, a feedback loop in combination with the feed-
forward term is desirable to adjust the optimal stroke by con-
sidering unexpected disturbances. This integrated approach
enables the controller to adaptively respond to both known
and unknown sources of variation, enhancing the robustness
and effectiveness of the control system.

With this aim, a hybrid controller has been designed,
where the feedforward term is governed by the numerical
metamodel created using FEM simulations as explained in
Sect. 2, and the feedback term is controlled with a Propor-
tional-Integral (PI) controller. The proportional term brings
the instantaneous error close to zero, while the integral term
decreases the steady-state error caused by external distur-
bances, considering the accumulated error over time. This
combined approach combines the predictive capabilities of
the feedforward term based on the numerical metamodel,
along with the adaptive nature of the feedback term provided
by the PI controller.

Figure 11 illustrates the main structure of the feedback
and feedforward control scheme. As in the previous case,
note that inherent process disturbances are decoupled from
the bending process intentionally. This is done as virtual
disturbances have been used to tune the controllers’ gains.

In the proposed controller, Axpg determines the new
punch stroke considering part-to-part-and cumulative error
using the PI controller. Variation in press stroke is obtained
as shown in Eq. (12):

i—-1
Axpg(i) = K, - e(i= 1)+ K- ) e()) (12)

J=1

Fig. 11 Feedforward + Feed-
back (FF + FB) controller

where K, and K| are the proportional and integral gains, cal-
culated using constrained genetic algorithm optimization, as
for the purely feedback controller.

The feedforward term provides the optimal punch stroke
considering the forthcoming material properties and sheet
thickness of the part before bending using the numerical
metamodel.

xpe(D) = f(t(D), UTS(D) (13)

The optimal punch stroke is the sum of the optimal punch
stroke xgp and the correction provided by the feedback con-
troller Axgg (Eq. (14)):

x(0) = Xep(D)+Axzp(0) (14)

Feedforward + feedback controller with proportional-inte-
gral (PI) terms - experimental metamodel (FF + FB Experi-
mental controller) Thirdly, the second hybrid controller
was duplicated with the only change being that the feedfor-
ward term is governed by the experimental metamodel, as
explained in Sect. 3. This metamodel has been developed
using real bending experiments with the five materials, and
thus, it is expected to be the most accurate of all the models.

Virtual testing and tuning of controllers

In order to test and tune the proposed control algorithms
before deploying them in the industrial environment, a vir-
tual testing environment has been created where different
scenarios have been evaluated. The bending process has
been virtualized using the experimental metamodel, as this
most accurately reflects the real environment that needs to
be controlled.

Because the bending angle after springback fluctuates
for the same process variables due to non-controllable
disturbances, the variability observed experimentally (see
Fig. 7) has been introduced with a random distribution in the

Sheet thickness UTS

!

Feed-forward
(Metamodel-based)

Controller
(PT)

Disturbances
AXpg Process
Actuator|> —P(x)
y 'measured
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controllers. This concept is referred to as "Disturbances" in
Figs. 10 and 11. Disturbances of +0.25° were set based on
the maximum variability observed.

For the tuning of the proportional (K,) and integral (K,)
gains, a constrained genetic algorithm optimization scheme
has been used. The algorithm constraints have been initially
defined based on manual tuning during virtual trials to avoid
severe overshooting and to achieve robustness and stability.
The cost function to be minimized in the optimization prob-
lem is given by Eq. (15).

n
minimize Z (@ppy — @)
i=1

5)

where n is the number of the virtually bent parts, a,p; is
the objective bending angle after springback and ¢ is the
virtually bent angle or the virtual final angle of the formed
component. o depends on the press stroke. The press stroke
in turn depends on the controller gains as well as the part-to-
part and accumulated error, as shown in eqs. (11) and (12)
for the FB and FB + FF controllers, respectively.

In order to test the controllers’ robustness against possi-
ble instabilities, unexpected changes in both UTS and sheet
thickness between batches, and also within the same batch,
have been emulated for the three controllers. For the FB
controller, a stroke far from the optimal one has been cho-
sen to observe how the controller reacts to initial incorrect
process settings. For the FF +FB controllers, the stroke is
determined by the feedforward term, based on either the
numerical or experimental metamodel.

Four different scenarios have been virtually tested, and
the controller gains have been tuned to minimize error in Eq.
(15), considering these four virtual productions. The main
genetic algorithm options used in this work for the three
controllers are shown in Table 10.

The controllers’ behavior under these virtual production
scenarios after error minimization of the controller gains
are presented next.

It is important to note that the bend angle values are
standardized with respect to the target value. For perfor-
mance comparisons, the target value represents 0% error.
Both the upper and lower limits are considered 100% error

relative to the optimum value for evaluating the performance
of the controls. Figure 12 illustrates the error calculation
procedure for clarity.

In the virtual testing of the controllers, punch stroke
adjustments as small as 0.01 mm have been observed. How-
ever, this level of precision is not achievable in the real
world, as the servomechanical press used can only adjust
the punch stroke in increments of 0.05 mm. Therefore, the
following criterion has been applied to all controllers tested:
if the controller requires a change of less than 0.025 mm, no
adjustment is made.

The performance of the three controllers—FB, FB +FF
Numerical, and FB +FF Experimental—was evaluated
under four virtual scenarios where varying UTS and sheet
thickness, shown in Table 11. Table 12 shows the optimized
controller gains.

Figure 13 shows the different controller results for the
scenarios tested. For each controller, the main highlights
are as follows:

FB Controller

The FB controller consistently required multiple parts to
stabilize production across all scenarios, often producing
out-of-tolerance parts during material changes. As expected,
it has no capacity to overcome material changes, with bend-
ing angles frequently deviating from optimal values. For
instance, in Scenario 1, it produced four out-of-tolerance
parts initially, and in Scenario 2, parts showed deviations of
up to 58.56% above the optimal angle. While it eventually
stabilized, its reliance on feedback led to slower adaptation
and higher scrap rates compared to the other controllers.

FB + FF Numerical Controller

The FB + FF Numerical controller demonstrated improved
performance, stabilizing after producing fewer out-of-toler-
ance parts (typically three). It anticipates material changes.
While the numerical metamodel captured trends in material
and thickness variations well, it lacked precision in predict-
ing the exact punch stroke, requiring corrections by the FB
term. This limitation resulted in initial deviations but no

Table 10 Genetic algorithm
options for each controller type

Genetic Algorithm Option FB FB +FF Numerical FB +FF Experimental
Population Size 100 100 100
Crossover Fraction 0.8 0.8 0.8
Mutation Options Gaussian Gaussian Gaussian
Selection Function selectionstochunif selectionstochunif selectionstochunif
Max. Generations 1000 1000 1000
Constraints Kp[0,0.3] Kp[0,0,3] Kp[0,0.3]
K,10,0.3] K,10,0.3] K;[0,0.3]
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Fig. 12 Schematic of the calculation of the error of the parts.
UTL and LTL refer to Upper Tolerance and Lower Tolerance
Limit, respectively. OV refers to Objective Value

scrap production once stabilized. It performed consistently
across all scenarios, offering a significant improvement over
the FB controller. A higher integral gain, relative to the other
controllers, is required to ensure the bending angle stays
within the acceptable tolerance range. However, this comes
with a trade-off, as the higher gain can cause the system
some overshooting the target angle.

FB+ FF Experimental Controller

The FB + FF Experimental controller outperformed the
others, consistently producing only good-quality parts
across all scenarios and anticipating material changes. Its
experimental metamodel accurately predicted the punch
stroke, ensuring optimal bending angles despite variations
in UTS and thickness. The controller exhibited excep-
tional stability, with no scrap or out-of-tolerance parts,
even during abrupt material changes or combined property
variations. Notably, it proved slightly more sensitive to
thickness fluctuations than to UTS changes but maintained
optimal production throughout.

Key observations highlight that in the FB control-
ler, a higher K|, was essential for quick responsiveness,
though increasing K, caused instability and overshoot-
ing due to the absence of feedforward. In the FB + FF
Numerical controller, a high K; was necessary to com-
pensate for numerical-experimental deviations, maintain-
ing tolerance at the expense of some overshooting, while
K, remained moderate for stability. In contrast, the FB

Table 12 Optimized controller gains for each controller type

Controller Type Proportional Gain Integral Gain (X))
(K,)

FB 0.0675 7.0608E- 05

FB +FF Numerical 0.0472 0.2942

FB +FF Experimental 0.0218 0.0782

+ FF Experimental controller's robust predictions allowed
for lower K|, and K;, ensuring smoother and more stable
performance with minimal overshooting. These results
underscore the importance of balancing proportional and
integral gains based on the predictive accuracy of feedfor-
ward models. When predictive accuracy is lower, higher
integral gains may be necessary, accepting a trade-off with
overshooting. Conversely, when predictive accuracy is
higher, lower gains can suffice, leading to smoother opera-
tion and greater overall stability. This analysis highlights
the value of robust feedforward models in reducing the
dependency on feedback corrections and improving system
performance.

Experimental testing of the new controllers
in an industrial environment

Once the controllers have been developed and tuned, the
final validation has been conducted using a 400 kN servo-
mechanical press and industrial tooling. For this purpose,
and considering the available precuts of the five materials,
the following trials have been performed:

Firstly, the FB controller has been tested using three of
the five different materials. Because the FB controller lacks
the ability to predict process changes based on forthcom-
ing material and thickness variations, the materials with the
most significant property differences have been selected for
the testing campaign. Thus, the controller has been tested
with the softest material (CP980 2), followed by the hardest

Table 11 Virtual scenarios for controller tuning. UTS and 7 configurations for each scenario and general observations

Virtual scenario UTS t General observations during material changes
1 Nominal Nominal FB: 1 part out-of-tolerances

FB +FF Numerical and Experimental: no scrap
2 + 2.5% (random distribution) Nominal FB: 2 parts out-of-tolerances

FB +FF Numerical and Experimental: no scrap
3 Nominal +0.01 mm FB: 2 parts out-of-tolerances

+2.5%
(random distribution)

(random distribution)

+ 0.01 mm
(random distribution)

FB +FF Numerical and Experimental:

FB: 2 parts out-of-tolerances

FB +FF Numerical and Experimental:

no scrap

no scrap
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Fig. 13 Bending angle after springback (standardized) for the differ-
ent virtual productions used for the controller gains optimization. (a)
Real UTS and thickness values, (b) Real thickness values together
with +2.5% change of UTS, (¢) Real UTS values together with

(DP980 1), and finally the intermediate one (DP980 3), as
in the controllers’ virtual tuning tests.

To test the FF + FB controllers, which are generated
with both the numerical and the experimental metamodels,
a different approach has been selected. This approach has
employed the maximum number of materials available, con-
strained by the amount of precuts provided by the TIER1
company. Consequently, four out of the five materials have
been used in the following order: First, the material with

+0.01 mm change of thickness, (d) Both UTS and thickness vary by
2.5% and 0.01 mm, and (e) legend of the materials used in the virtual
try-outs

the lowest UTS, CP980 2, has been bent. Next, the DP980
2 steel, which has the second highest UTS value, has been
processed. Then, DP980 3 steel, having an intermediate UTS
value, has been tested. The test campaign has concluded
with DP980 1 steel, the hardest of all the materials.

As previously mentioned in the virtual testing, the servo-
mechanical press used can only adjust the punch stroke in
increments of 0.05 mm. Therefore, the same criterion has
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been applied to all controllers tested: if the controller requires
a change of less than 0.025 mm, no adjustment is made.

Feedback controller (FB) industrial results

Figure 14a illustrates the industrial performance of the FB
controller. In the graph, the experimental bending angles
after springback, measured using the springback measur-
ing tool (labelled as Experimental), are shown alongside the
theoretical angles predicted by the FB controller (labelled
as FB prediction). A virtual try-out of the controller (FB
prediction) was performed and compared with the experi-
mental case. In this case, the average UTS for each mate-
rial and the average sheet thickness per material batch were
used, and the same starting stroke as the experimental case
was employed. The discrepancies between these values are
attributed to process noise, uncontrollable fluctuations, and
the limitation of punch stroke adjustment, which cannot be
finer than 0.05 mm. Figure 14b shows the experimental and
predicted punch stroke for each part produced. Vertical black
lines denote material changes, while red lines indicate the
product tolerance range.

The testing campaign starts with an arbitrary stroke
that is far from the optimum stroke in order to observe the
behavior of the controller and to determine the number of
parts needed to achieve stable production. After 6 parts,
the controller reaches a steady state, while in 4 parts the
bend angle after springback error is reduced to a value at
which quality parts are produced. On the other hand, it can
be observed that the feedback loop is able to reach the target
angle despite the uncontrollable disturbances.

After producing 10 parts, when transitioning from CP980
2 to DP980 1 material, it takes two parts to achieve an angle
within the specified tolerances. After 20 parts, no scrap is
produced, the angle variation being 0.43°. Although stabi-
lized parts are within tolerances, parts 6 to 10 exhibit angles
that are 16.14% to 51.30% lower than the target angle. For
the DP980 1 material, stabilization results in angles rang-
ing from 7.41% below to 8.21% above the optimum. For the
DP980 3 material, after stabilization (part 21), angles range
from 33.43% to 67.25% above the optimum.

Feedforward + Feedback (FF+FB) controllers’
industrial results

Figure 15a illustrates the industrial performance of the FF
+FB controller based on the numerical metamodel. In the
graph, the experimental bending angles after springback
measured using the bending angle measuring tool (labelled
as Experimental), are shown alongside the theoretical
angles predicted by the FB controller (labelled as FF +FB
Numerical prediction) Fig. 15b shows the experimental

@ Springer
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Fig. 14 FB controller results. (a) Bending angle after springback
(standardized) vs Produced part number and (b) Punch stroke vs Pro-
duced part number. Vertical black lines indicate material changes
while red lines indicate maximum and minimum product tolerances

and predicted punch stroke for each produced part. In the
FB +FF Numerical prediction case, a virtual try-out of the
control system was performed using the UTS values meas-
ured experimentally and the average sheet thickness for each
material. In contrast, the Experimental case corresponds to
the real production data, using the same UTS values as in the
prediction but considering the actual sheet thickness meas-
ured for each individual part. Figure 16b shows the experi-
mental and predicted punch stroke for each produced part.
Once again, vertical black lines denote material changes,
while red lines indicate the product tolerance range

As in the previous case, production begins with a stroke
setting that is far from the real optimum, due to the mis-
match between the numerical metamodel and the actual pro-
cess. However, the controller can correct the stroke value in
one part, with the second part falling within tolerances. For
the CP980 2 material, after stabilization, angles range from
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Fig. 15 Feedforward + Feedback Numerical controller (FF +FB
Numerical) results. (a) Bending angle after springback (standard-
ized) vs Produced part number and (b) Punch stroke vs Produced part
number. Vertical black lines indicate material changes while red lines
indicate maximum and minimum product tolerances

62.3% below to 55.65% above the optimum. The highest
variability is observed with the DP980 3 material, where
angles range from 58.97% below to 85.47% above the opti-
mum. During production, no scrap was produced due to
material changes. Differences between the experimental and
predicted press strokes were observed, it could be because
the experimental accumulated and part to part error is dif-
ferent from the error of the virtual tryouts. This, together
with differences between the nominal thicknesses of each
part compared to those measured in the experimental tryouts
could be some of the sources of the differences.

Finally, Fig. 16a illustrates the industrial performance
of the FF + FB controller based on the experimental met-
amodel. In the graph, the experimental bending angles
after springback, measured using the springback meas-
uring tool (labelled as Experimental), are shown along-
side the theoretical angles predicted by the FB controller
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o — 1.00 .::..::::::a:l‘nm:m:m, Sddemnieenn, s
£ =
= 50.99 (I) CP980 2
88 (I1) DP980 2
—é ’g 0.984 (III) DP980 3
=]
% £ 097 (IV) DP980 1
g5
& 0,96
2 095/ O an a  |av)
0.94

0 5 10 15 20 25 30 35 40 45 50
Part Number

(a)

11.2 -
Experimental
FF + FB Experimental Prediction
11.0+
"£10.81
£ (1) CP980 2
21061 (I1) DP980 2
g (11I) DP980 3
< 1041 (IV) DP980 1
=]
2102+
10.0 ) an (D) av)
9.8

0 5 10 15 20 25 30 35 40 45 50
Part Number

(b)

Fig. 16 Feedforward + Feedback Experimental controller (FF +FB
Experimental) results. (a) Bending angle after springback (standard-
ized) vs Produced part number and (b) Punch stroke vs Produced part
number. Vertical black lines indicate material changes while red lines
indicate maximum and minimum product tolerances

(labelled as FF + FB Experimental prediction). In the FB
+ FF Experimental prediction case, a virtual try-out of
the control system was performed using the UTS values
measured experimentally and the average sheet thick-
ness for each material. In contrast, the Experimental
case corresponds to the real production data, using the
same UTS values as in the prediction but considering the
actual sheet thickness measured for each individual part.
Figure 16b shows the experimental and predicted punch
stroke for each produced part. Once again, vertical black
lines denote material changes, while red lines indicate the
product tolerance range.

Only the first component is out of tolerance, probably
due to slight changes in tool mounting, and conditions
between production runs such as the difference in room
temperature between sessions. Note that the FF + FB
Experimental training tests were conducted in February,
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while the new tests for controller validation were car-
ried out in October under different atmospheric condi-
tions. Additionally, non-controllable fluctuations may
also affect the final product geometry. As shown in the
graph, the production process is very stable, and after
one part, it falls within tolerances and remains near the
optimal angle, with a maximum variation of 41.68% from
the optimal angle.

As observed in the FF +FB Experimental metamodel,
there seems to be an offset between the stroke predicted
and the experimental stroke needed in real production
(Fig. 16b). To demonstrate this offset, 10 batches of CP980
1 material were tested under the same conditions as the
initial tests. Results are shown in Fig. 17, showing a clear
offset between the different test sessions. Note that this con-
troller was tested in a separate session, during which the
tools were disassembled and reassembled in between the
sessions. The PI controller was able to correct this offset.

Discussion

The key discussion points for each tested control type are
outlined below:

e FB controller (Fig. 14): This type of control effectively
compensated for disturbances in the bending angle and
responded to changes in material and thickness. How-
ever, it acted only after a defective part was produced,
resulting in the generation of defective parts, especially
when material changes occurred, and to a lesser extent
when thickness changes occurred. This more conserva-
tive approach proved inadequate for correcting larger
deviations due to its longer response time. Conversely,

the strength of the algorithm lies in its reduced sensitivity
to measurement noise and variability.

e FF +FB Numerical controller (Fig. 15): Utilizing the
feed-forward term allows the material properties and
thickness data of the upcoming part to be used in pre-
dicting the optimal stroke, preventing scrap due to mate-
rial changes. This variability could be a result of pro-
cess fluctuations caused by possible sensor noise during
angle measurements and/or variations in material thick-
ness, or from fluctuations in both the process and mate-
rial. In this scenario, the control is moderately sensitive
to changes in thickness. This implies that even minor
deviations in sheet thickness can induce angle variations,
emphasizing the need for accurate measurement of the
parts. Employing a higher integral gain compared to the
other two control types can result in some overshooting
due to minor variations in thicknesses. This relatively
high integral gain was requisite to correcting the offset
in the numerical metamodel. In this instance, one part
was found to be out of tolerance. This source of variation
could be due to variability in the material itself or within
part thickness. In this instance, only one part was found
to be out of tolerance. This control faced various types
of uncertainties, including a modeling error resulting
from a numerical metamodel's deviation from the actual
process behavior and the inherent disturbances associ-
ated with the process, such as material variability and
process perturbations. It is important to note that, if the
numerical simulation has the same trend as the experi-
mental behavior of the process, it can be sufficient when
combined with a feedback control to predict a close to
the optimum.

¢ FF +FB Experimental controller (Fig. 16): This type of
control successfully compensated for perturbations and

Fig. 17 Differences in bending
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variations in both material and thickness, as well as tool
misalignment, achieving bend angles close to the opti-
mum. This effectiveness is likely to be due to the robust-
ness of the experimental metamodel. The substantial
size of the experimental dataset and the comprehensive
mapping of different sheet thicknesses contributed to the
robustness of this control type. In the experiments, only
one part was found out of tolerance, at the start, due to
the difference in stroke for the same conditions.

It was sufficient to map the process with the production of
a reasonable number of parts (in this work 250) to have a vir-
tualized process which can be used to control the production
of thousands of parts. What is more, RSM is a polynomial
function which is ease-of-use, derivable and understand-
able, and also execution times are small. This makes it an
attractive tool for industry, thus achieving the utilization of
a more scientific approach in that area. Part-to-part devia-
tions, which are not covered by the feedforward term, can
be corrected with the feedback control.

The calculation of the optimized Kp and K| by perform-
ing an off-line virtual process with the planned material
changes and including real process disturbances showed
effectiveness in the three controllers. This proved to be a
powerful tool, as it can be run in real scheduled production
(Fig. 14, Fig. 15, and Fig. 16). For more accurate perturba-
tion values, optimal procedures should involve integrat-
ing sensors at strategic locations to monitor machine/tool
vibrations, along with incorporating pyrometers within the
tool to detect increases in temperature. Temperature has
been shown to have a significant effect on the coefficient
of friction in forming processes [59—61] and thus on part
quality. In fact, room temperature could be one of the fac-
tors causing the differences in results between sessions.
Therefore, temperature variations during production can
affect the bending angle after springback. By utilizing one
or more pyrometers, variations in temperature through-
out production could be converted into angle variations,
provided each part is also measured. These incremental
disturbances could then be incorporated into the con-
trol scheme to ascertain an optimal punch stroke, while
respecting maximum stress in the most critical area of the
part—namely, the inner/outer radius.

Table 13 shows the defect rate, the defect rate after con-
trol stabilization, and the Root Mean Squared Error (RMSE)
calculated for each control type to analyze their perfor-
mance. The FB controller presents the highest defect rate
(30%), while the FF + FB Experimental controller presented
a defect rate of 2%. It is important to note that the experi-
mental runs are made with a small number of parts. The
defect rate after control stabilization is considered because
the starting point of FB controller was chosen arbitrarily,

Table 13 Defect rate of each control type., calculated by dividing the
number of defective units by the total number of units produced in
each case. RMSE was calculated according to Eq. (4), where y in this
case is the optimum o and y; is the angle measured/obtained for the
i-th part

Control type Defect Defect rate after RMSE [°]
rate [%]  stabilization [%]

FB controller 30 8 1.06

FF + FB Numerical 2 0 0.68

FF +FB Experimental 2 0 0.16

and in this way we can quantify the scrap rate between mate-
rial changes for the three controllers in isolation. In the lat-
ter, disturbances such as the difference in room temperature
between sessions and tool reassembly could have affected
the offset in press stroke for having the same bend angle.
If the defect rate after stabilization of the process is taken
into account, the FB controller still shows the highest defect
rate (11.11%), while the FF + FB controllers show a rate of
0%. In the case of RMSE, the lowest error is also obtained
for the case of control based on experimental data, with an
error of 0.16°. The press stroke limitations, acting as actuator
disturbances, lead to slight variations in the final bend angle.
These variations, sometimes less than 0.025 mm, cannot be
achieved due to experimental constraints.

In summary, each strategy can perform effectively; how-
ever, integrating both appears promising. The feedforward
approach manages sudden jumps adeptly, while the propor-
tional control effectively addresses part-to-part variations
introduced through measurement noise. Although it is well-
known that other machine learning algorithms such as ANN
provided more accurate results [15], utilizing the Response
Surface Methodology in this study proved to be sufficient.
It produced accurate bending angles for all tested control
strategies, especially when employing a metamodel-based
feedforward term to predict the optimal stroke.

Conclusions

In this work, the control of the post-springback bend-
ing angle of a seat rail component manufactured by a
well-known TIER1 company was performed. Two differ-
ent types of cold-rolled high-strength steels are used to
manufacture this part, therefore resulting in bending angle
variability. An enhanced feedback control system and a
feedforward control combined with a feedback system
were developed and tested experimentally. These control
approaches resulted in a more robust manufacturing pro-
cess, achieving a bending angle within tolerances. The
study yielded the following key findings:
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¢ A metamodel based on a finite element model com-
bined with feedback control was used to efficiently
achieve a bending angle after springback within toler-
ances for different materials and part thicknesses. If
the metamodel has the same trend, even if there is an
offset between the model and reality, it can still be used
to control the process, as the feedback loop controller
allows adjustment of the metamodel offset to reality
based on experimental data. A defect rate of 2% and a
RMSE of 0.68° were found for this controller.

e Using feedback control exclusively is not able to antici-
pate changes in material and/or sheet thickness. With this
control an RMSE of 1.06° was obtained. In this case, Kp
and K are lower compared to the FB +FF controllers.
Lower gains often result in smoother transitions between
different operating conditions, as the controller responds
more gradually to changes. However, increasing the gains
could potentially bring more parts within tolerance by
enabling faster corrections. However, there is a risk of
overshoot, which could lead to instability or parts going
beyond the desired specifications.

e A metamodel based on experimental data combined with
feedback control provided high robustness to disturbances
and abrupt changes in thickness and material properties.
Experimental tests were executed successfully, yielding
quality parts and achieving a bending angle after spring-
back notably proximate to the optimum. A defect rate of 2%
and RMSE of 0.16° were found. However, its robustness is
conditioned by other factors such as room temperature or
die setup, so a feedback control part is also required.

e The feedforward term determines the necessary press
stroke for the thickness and UTS of the subsequent
part. By this means, in conjunction with the corrective
control from the GA-based optimized controller—con-
sidering the error of preceding parts—scrap production
is avoided or reduced. The defect rate after stabilization
for FF + FB controllers was 0%.

e This work also presents a strategy for programming and
tuning specific control gains for planned production. This
strategy could dramatically reduce the defect rate.

e Regarding the final industrial implementation, the use of
a thickness measurement sensor, such as a laser sensor,
is proposed to enable individual sheet measurements, as
this approach is both feasible and cost-effective. In con-
trast, measuring UTS for each part with methods such
as eddy current sensors is less practical due to higher
costs. Consequently, average UTS values characterized
for each material batch were used, which proved suffi-
cient for achieving optimal process control and bending
angles despite material variability.

The feedforward + feedback approach markedly reduces
scrap compared to straightforward feedback control, which

@ Springer

requires a few parts to stabilize and had the highest defect rate
and RMSE. Further research will be conducted on control opti-
mization, and control testing in production line will be devel-
oped, in which temperature increase of the tools will be taken
into account and compensated for, with in-line feedback control.
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