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Abstract: The highly non-linear deformation processes occurring in most dynamic sheet
metal forming operations cause large amounts of elastic strain energy to be stored in the
formed material and massive related springback phenomena. Therefore, this paper investigates
how effective a laser source is in reducing the extent of springback in mechanical contact
forming operations.

The hybrid forming process investigated was composed of using a high-power diode laser to
induce local heating of mechanically bent AA 6108 T4 thin sheets in order to minimize the
extent of the springback. In particular, experiments were carried out to assess the influence of
the leading process parameters such as laser source power, scan speed, and starting elastic
deformation of the mechanically bent sheets. It was found that the trends in the experimental
response of residual deflection were always consistent with the operating parameters.

Artificial intelligence techniques were then used to model the hybrid forming process. The
extent of the springback in the hybrid forming process of AA 6108 T4 thin sheets was predicted
by using different neural network models and training algorithms. Lastly, the reliability of the
best neural network solutions was checked by comparing these solutions with experimental

results and by developing an ad hoc first approximation technical model.

Keywords:

1 INTRODUCTION

Sheet metal forming is an operation in which a
material is plastically formed into a desired shape.
One of the most widely used sheet metal forming
processes is bending. This operation is employed in
the automotive and aerospace industries in addition
to several other industrial sectors [1]. Predictability
and reproducibility of sheet metal forming processes
are mainly derived from the variations in blank
dimensions, material properties, and environmental
conditions. However, it is the springback phenom-
enon that causes most deviation of the end-product
from the designed shape and underlies most of the
drawbacks in assembly operations. Consequently,
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springback is a critical issue that must be taken into
consideration when designing forming dies [2, 3]. In
most dynamic sheet metal forming operations, the
highly non-linear deformation processes generate a
large amount of elastic strain energy in the bent
material. This elastic strain energy is stored in the
material during the contact with the die and subse-
quently released when the contact pressure ceases.
Springback phenomena are strictly related to this
release of energy and cause uncontrolled geometrical
alterations to the part being bent [3-6]. Therefore, the
final shape of the end-product not only depends on
the geometry of the dies but also on the amount of
elastic energy stored in the deformed material after
the load is removed. At the same time, the amount of
elastic energy stored in the deformed material
depends on many parameters but particularly on
material properties, contact conditions, and inter-
facial loads. Consequently, predicting the extent of
springback during forming is a very critical issue and
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thus designers and practitioners experience con-
siderable difficulties designing a new die.

At the time of writing springback compensation
was still essentially composed of empirical rules or
straightforward analyses based on trial-and-error
procedures, which are widely available for simple
shapes on well-known materials. However, the in-
creasing demand for new shapes and exotic materials
requires extensive use of recursive optimization pro-
cedures, which inevitably results in significant
increases in the overall manufacturing costs. Con-
sequently, several sophisticated approaches to con-
fronting the springback phenomena in metal sheet
forming have been proposed in the literature. For
example, Liu [7] was the first to propose a method of
reducing springback. His method increases the
restraining force in steps. During the forming cycle,
Liu imposed a binder force path by using an inter-
mediate restraining process to form complex shapes
in a single operation. The variation of the binder
force during the process provided a tensile load on
the part being formed which significantly reduced
springback. However, meticulous controls during the
process were required, making this approach very
sensitive to any variation in operating conditions and
in material properties (especially the friction coeffi-
cient). In addition, this approach cannot eliminate
springback when forming complicated profiles. Then
10 years later Sunseri et al. [8] developed a closed-
loop algorithm for binder force control to make the
forming process more robust and repeatable. Fol-
lowing this, Moon et al. [9] studied the effects of die
and punch temperatures on springback phenomena.
They found that the combination of a hot die and a
cold punch could reduce springback up to 20 per
cent compared to the conventional room tempera-
ture bending process. However, this approach has
not become widespread yet because it increases costs
and lowers process efficiency compared to the other
forming techniques. More recently, the laser forming
process has become quite important in many man-
ufacturing sectors such as the automotive, micro-
electronics, and aerospace industries [10-12]. Laser
forming does not need any external force, so spring-
back may be negligible. Also, it can shape a complex
surface and even produce very small parts or fea-
tures. Moreover, several hard and brittle materials
such as titanium alloy, nickel alloy, ceramics, etc.,
can be usefully processed. Unfortunately, compared
to conventional forming technologies laser forming is
a time-consuming and costly process. However, it is
competitive as a support to conventional forming
processes when springback phenomena need to be
minimized.

Hybrid forming processes in which mechanical
bending is assisted by laser or vice versa are recent
innovations and so only a few studies are currently

available in the literature [13-15]. Little under-
standing of the major phenomena involved in laser
heating of the parts being bent, increased running
and operating costs, as well as problematic process
control and monitoring have all significantly restric-
ted the widespread adoption of hybrid forming. Fur-
thermore, the absence of analytical modelling
techniques and related simulation tools results in the
use of these innovative forming technologies being
further restricted.

This is the context in which the present study
investigates using a high-power diode laser to sup-
port the conventional mechanical contact forming
process of AA 6108 T4 thin sheets to overcome the
issues mentioned above. A laser source focused on
critical areas during sheet forming operations should
induce localized heating of the component, thus
releasing most of the energy stored during the
mechanical contact forming process thereby reduce
springback. Consequently, several operating para-
meters such as laser power, scan speed, and pre-
loading the part to be bent in the elastic range all
influence the evolution of the hybrid forming process
and its modelling, which form the subject of the
results presented in this paper. In particular, the
experimental analysis focuses on predicting the resi-
dual deflection of the part being bent after the
release of the applied preload and following com-
pletion of the laser processing. Design of experiments
(DOE) techniques were used to assist the experi-
mental investigation. Consequently, the trends in the
experimental response residual deflection were
achieved by varying the setting of the process para-
meters. Analysis of variance (ANOVA) was also used
to assess the significance of each operational para-
meter and evaluate the simple and interactive effects
of the experimental factors investigated. Finally,
artificial intelligence techniques were used to model
the whole hybrid forming process. The springback
phenomena of AA 6108 T4 thin sheets subject to the
hybrid forming process was predicted by using dif-
ferent neural network models and training algo-
rithms. This enabled the reliability of the best neural
network solutions to be evaluated by comparing
them with experimental results as well as with an ad
hoc first approximation technical model.

2 EXPERIMENTS

2.1 Materials and equipment

As it is of commercial interest and widely used in
several industrial markets, a laser-assisted forming
process was carried out on an AA 6108 T4 aluminium
alloy. 600x600x 1.2 mm?° sheets (Pontecorvo Metalli,
Roma, Italy) were cut into 150 x30x 1.2 mm? samples
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Fig.1 Diagram of the inflexion system

by using an automatic standard blanking system
(Dalcos model PXN 408). The closest geometrical
tolerances (< 0.05mm) and uniform starting surface
conditions were ensured by thorough controls per-
formed by a coordinate measuring machine (CMM
Mitutoyo model CRISTA APEX C544). An ultrasound
cleaning system (SOLTEC model Sonica 2200) was
used to guarantee surface cleanliness of the samples
before laser processing.

A mechanical contact bending process was per-
formed using home-made automatic forming equip-
ment (Fig. 1) composed of a three-point bending load
system that, in strictly controlled conditions, induces
a prescribed starting deflection in the elastic range on
the aluminium sample.

Laser processing of the preloaded parts was per-
formed using a high-power diode laser source (ROFIN-
SINAR model DL 015), 1.5 kW maximum power, with a
wavelength of 940+ 10nm and an elliptical spot, with
dimensions of 1.9 mm along its major axis and 0.6 mm
along its minor axis. Tests were performed by focusing
the laser beam through a 63 mm focus lens. Further-
more, for reasons of protection and insulation, a flow
of argon was continuously concentrated on the laser
treated area during the bending tests.

2.2 Methodology

Hybrid forming tests measured the residual deflec-
tion of the preloaded aluminium sheets after laser
processing and preload cessation. The basic idea is to
preload the aluminium sheets at different ranges
within their elastic limit. Then heating by laser
should lower the elastic limit of the material and
bring the pre-bent sheets within the plastic range,
which reduces springback.

The following method was used to carry out the
experiments.

Table1l Experimental conditions
Starting

Experimental Laser power Laserspeed deflection
levels W) (mm/s) (mm)
I 500 4 0.5
1I 600 5 1
III 700 6 1.5
v 800 7 2

Table2 Amended experimental conditions

Starting

Experimental Laser power Laser speed deflection
levels W) (mm/s) (mm)
I 500 5 0.5
1I 600 6 1
111 700 7 1.5
v - - 2

1. The aluminium sheets were cleaned by using an
ultrasound system to ensure the absorption
coefficients of the sample surface under the laser
source were the same (that is, the sheets had the
same energy transfer efficiency).

2. Preloading the aluminium sheets to ensure a
prescribed and well-defined starting deflection in
the elastic range of the chosen material.

3. Laser processing along the median axis of the
pre-bent aluminium sheets (i.e. laser source
shown in the dark column and laser processing
direction shown by the dark horizontal arrow as
in Fig. 1) normal to the mechanical pre-bending
direction.

4. Evaluation of the residual deflection (i.e. experi-
mental response) of the pre-bent aluminium
sheets after laser processing and removal of the
applied load.

Table 1 summarizes the scheduling of the experi-
mental tests. A full factorial experimental design was
used that considered three operational parameters:
laser power (range 500-800W), laser scan speed
(range 4-7mm/s), and starting deflection (range
0.5-2 mm). The scheduled tests were repeated at least
three times to ensure data repeatability and repro-
ducibility. However, results achieved at too low a
scan speed (4mm/s) or too high a laser power
(800 W) were affected by extensive melting phenom-
ena on the surface of the sheets being treated, so the
scheduling of the tests was changed to that reported
in Table 2. Each test performed according to the new
scheduling shown in Table 2 resulted in acceptable
surface conditions on the bent aluminium sheets
after laser processing so they could be used to esti-
mate the actual value of the residual deflection.
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2.3 Characterization tests and data modelling

The experimental response residual deflection was
measured by using a non-contact CLA gauge (Taylor
Hobson model CLI 2000). Ten profiles along the axial
direction of the aluminium sheets with a step size of
0.5mm were stored. The maximum deflection was
evaluated for each profile and then averaged to pro-
duce a measurement of the mean residual inflexion
of the formed sheets.

Analysis of mean (ANOM) was subsequently used
to evaluate the variation of the experimental res-
ponse residual deflection according to the operating
parameters. After this, ANOVA was used to analyse
the significance of the effects of each experimental
factor and their effect on the experimental response
residual deflection. Main effects and interaction plots
were also drawn. A main effects plot (MEP) is a plot of
the means at each level of a factor. A reference line
at the grand mean of the response data is then
drawn. A main effect occurs when the mean response
changes across the levels of a factor. Accordingly, a
MEP can be used to compare the relative strength of
the effects across factors. An interactions plot (IP) is a
plot of means for each level of a factor while the level
of a second factor is held constant. IPs indicate the
presence or absence of interaction. Interaction is
present when the response at a factor level depends
on the level(s) of other factors. Parallel lines in an IP
indicate no interaction. The greater the departure of
the lines from the parallel state, the higher the degree
of interaction. To use an IP, data must be available
from all combinations of levels.

Finally, based on statistical considerations, a first-
approximation technical model was developed and
its reliability verified by comparing it with the
experimental results.

3 RESULTS AND DISCUSSION

3.1 Analysis of process parameters

Figure 2 reports the MEP of the experimental
response residual inflexion according to the experi-
mental factors of laser power, laser scan speed, and
starting deflection. Significant effects can be claimed
for all the investigated experimental factors.

Laser power and scan speed together with the area
of the irradiated zone define the energy input deliv-
ered to the AA 6108 T4 sheets during laser processing

QxrT
. M

where F is the energy input, Q is the laser power, 7 is
the interaction time (i.e. the ratio of the length of the
path irradiated by the laser beam [ to the laser scan
speed v), S is the irradiated area (i.e. [ multiplied by

F =
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Fig.2 MEDP of the process parameters

the major axis of the laser spot a). If the absorption of
the sample surface, focus conditions, and the area of
the laser-treated zone are all kept constant, then Q
and v define the amount of energy supplied to the
material being bent. Higher fluences delivered to the
samples correspond to a higher laser power and
lower scan speed and in both of these circumstances
the residual deflection tends to assume the largest
values, thus providing better compensation against
springback phenomena. This is the best setting in the
elastic range for the mechanically pre-bent part to
keep its starting deflection. It stands to reason that in
these process conditions the amount of energy
transferred to the pre-bent sheet by laser irradiation
is large enough to lower the elastic limit of the
material, thus bringing it within the plastic range.
This agrees with what was found in a previous study
(by Geiger et al. [14]), and usefully reduces or even
minimizes the related springback phenomena.

The ideal conditions in the experimental procedure
were found to be a residual deflection equal to the
starting deflection, which means no springback at all.
However, this condition is unlikely to occur as an
upper limit to the maximum value of the energy
input deliverable to the sample being bent is repre-
sented by the surface status of the sample itself after
laser processing. If the energy input assumes values
larger than a threshold of approximately 36.8 J/mm?,
extensive melting of the aluminium surface takes
place and significant geometrical alterations of the
processed part can occur. Consequently, the sample
being bent can be irremediably spoilt and is no
longer of any use. Conversely, as soon as less energy
input is delivered to the sample being bent, smaller
values of the residual deflection are measured, thus
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making the difference between the preset starting
deflection and that measured after release of the load
and completion of laser processing larger. In these
circumstances, the laser processing is progressively
less effective as smaller amounts of energy are
transferred to the sample being bent. Therefore, if the
elastic limit of the material is not lowered too much,
the pre-bent sheets are brought well within their
plastic range. Consequently, springback is only
slightly reduced, and in contrast to the case of larger
energy inputs delivered to the samples, the spring-
back is not minimized.

Although all the experimental factors investigated
were found to produce significant main effects, starting
deflection produces the largest main effect, that is,
the largest variations in the experimental response
residual deflection occur when the starting deflection
experimental levels are changed. However, it is extre-
mely important to evaluate the ability of laser proces-
sing to compensate for the springback phenomena
by varying the preset starting deflection in a range wide
enough for practical purposes (0.5-2 mm). In fact, the
higher the preload (that is, the higher the preset star-
ting deflection), the higher the amount of energy stored
inside the sample being bent, which must subsequently
be released once the preload action ceases and conse-
quently the larger the extent of springback expected.
However, a higher preload means that the pre-bent
sheets are brought closer to the elastic limit of the
material, that is, once heated they are brought closer to
the plastic range. In contrast, a lower preload (that is,
lower preset starting deflection) means a smaller
amount of energy stored inside the sample being bent
during the preload and so a smaller amount of energy is
released after the removal of the applied load and so a
smaller amount of springback can also be expected.
However, a lower preload means that the pre-bent
sheets are farther away from the elastic limit of the
material, that is, farther away from the plastic range.

In the former case, the sheets are pre-bent to such
an extent that the material is taken very close to its
plastic range. Then even modest heating provided by
laser irradiation further lowers the elastic limit of the
material and takes the whole system well within the
plastic range, thus concurrently minimizing the related
springback phenomena. In the latter case, the material
in the pre-bent sheet is far from being brought to its
plastic range as the same laser irradiation is not
enough to take the material within its plastic range,
thus reducing but not minimizing springback. Despite
the theoretical statements made above, the ratio
between the residual deflection and the starting
deflection (that is, normalized residual deflection) in
Fig. 3 shows how the ability of laser processing to
compensate the springback phenomena is invariate in
relation to the preset starting deflection. Figure 3
reports all the data available, the mean of this data, and

Experimental Data
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Fig.3 Normalized residual deflection against starting
deflection

their mean once anomalous data are neglected. In fact,
some values of the normalized residual deflection are
over one. This result is unacceptable in the light of the
forming procedure employed. These inconsistencies
are generally attributable to geometrical distortions
induced in the samples being bent during laser pro-
cessing because too much energy input is delivered on
them (sheet bending as a result of the gravitational
force acting on the almost molten material) or because
of anomalies in the forming procedure that compro-
mise the final result. However, mean values and the
respective ranges in Fig. 3, once anomalous experi-
mental data have been disregarded, are nearly the
same whatever the preset starting deflection value,
which confirms the proposed hybrid forming proce-
dure has the same effect on the large operational ran-
ges of starting deflection investigated. Consequently,
no matter what the extent of springback to be com-
pensated within the range investigated even at differ-
ent preset starting deflection, laser processing always
has the same effect on the pre-bent sheets. Normalized
residual deflection of approximately 0.7 can be
claimed throughout the range investigated, which
means that only 30 per cent of the expected springback
phenomena cannot be balanced properly. Therefore,
the proposed hybrid forming system performs quite
well on samples pre-bent in a broad range of elastic
deformation.

3.2 ANOVA and technical model

ANOVA was then used to establish the significance of
each experimental factor investigated and their
interactions. The results of the ANOVA together with
Fisher’s factor F and contribution percentages Il are
reported in Table 3. The analysis confirms that all the
experimental factors influence the experimental
response residual deflection. The most influential
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Table3 Results of the ANOVA analysis

Source Degrees of freedom Sum of squares Mean-square F P
A - Laser power, W 2 2.25509 1.12754 22.41 8.329393
B - Scan speed, mm/s 2 1.10371 0.551 86 10.97 4.076 66
C - Starting deflection, mm 3 17.664 50 5.88817 117.01 65.24554
Interaction AB 4 0.38231 0.09558 1.90 1.412099
Interaction AC 6 0.678 60 0.11310 2.25 2.506475
Interaction BC 6 0.66631 0.11105 2.21 2.461081
Interaction ABC 12 0.70008 0.058 34 1.16 2.585813
Error 72 3.62329 0.05032 - 13.38297
Total 107 27.07388
& 7
& Power, W
15 —— S00
- 600
1,0 4 Power, W * 700
05 4
Scan Speed,
mm/s
k1S
—— ]
e ,/: Scan Speed, mm/s L 10 |—® 6
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Fig.4 1P for analysis of process parameters

experimental factor was found to be the starting
deflection which had a Fisher’s value of 117 (F572.0.05
tabulated of 3.1 ([16])) as well as a contribution per-
centage Il of more than 65 per cent. The experi-
mental factors of laser power (calculated value of the
Fisher’s factor of about 22.4) and scan speed (calcu-
lated Fisher’s factor of approximately 10.9) exhibit
Fisher’s factors well above their respective calculated
values and, therefore, they both influence the exper-
imental response residual deflection. The percentage
contribution is approximately 8.32 and 4.07 per cent
for the experimental factors of laser power and scan
speed respectively. These values are lower than in the
case of the starting deflection, but they are large
enough for practical purposes.

ANOVA reveals the presence of interactions with
no significance. In fact, the Fisher’s factors calculated
for the interactions AB, AC, BC, and ABC reported in
Table 3 are lower than the corresponding theoretical
value (F4 72,005 calculated value of 2.5, Fg 75 .05 calcu-
lated value of 2.2 and F;5 72,005 calculated value of 1.9,
respectively). Furthermore, their overall percentage
contribution is less than 10 per cent, a result con-
firmed by the interactions plot in Fig. 4. It is well

known that IP can be used to evaluate the impact that
changing one experimental factor has on the other
factors. A loss of parallelism in trends indicates inter-
actions between the operational parameters and the
presence of an interaction can magnify or diminish
main effects. Consequently, evaluating the interac-
tions can be very important [16]. In the present case, it
is worth noting that because the trend lines run almost
parallel, there are no particular interaction effects
between the operating parameters investigated and
the experimental response residual deflection.

The error values listed in Table 3 confirm the
reliability of the experimental analysis. A percentage
contribution due to error of approximately 13
per cent was found. This is largely acceptable in the
light of the experimental plan developed, which is
typically affected by non-negligible alterations and
unpredictable deviations, which can be reflected in
the goodness of the analysis [13].

Figure 5 displays the results of the analysis of the
residuals. Normal probability plots show the residuals
are mainly arranged in a straight line, with some
departures from normality. The graph of the residuals
against the fitted values shows that the residuals are
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Fig.5 Residuals plot: analysis of process parameters
Table4 Results obtained using various modelling approaches
MLP GFF-MLP RBF
Regression Train Cv Test Train Cv Test Train Cv Test
MSE 0.009 0.012 0.002 0.006 0.006 0.004 0.016 0.048 0.000 0.012
Mean absolute error 0.050 0.072 0.032 0.047 0.065 0.042 0.062 0.093 0.016 0.073
Minimum absolute error 0.000 0.001 0.006 0.000 0.011 0.007 0.000 0.002 0.002 0.001
Maximum absolute error 0.349 0.408 0.116 0.244 0.198 0.186 0.768 0.880 0.050 0.309
R 0.872 0.906 0.920 0.935 0.519 0.853 0.657 0.409 0.916 0.444

randomly distributed around zero. The histogram of
the residuals also shows a Gaussian trend. The plot of
residuals in the order of the corresponding observa-
tions fluctuates around the centre line in a random
pattern, with no evidence of correlation between error
terms. All of these aspects are evidence that the
experimental plan is not affected by non-random or
systematic error, thus providing further confirmation
that the experimental data is reliable.

An ordinary least square regression model was
built using the ANOVA results. Only the basic
experimental factors have been accounted for as the
influence of the interactions on the experimental
response residual deflection is negligible.

Given that the residual deflection is i, and the
starting inflexion is i, the regression equation can be
written as follows

ir = k 4+ aQ + Bv + vis (2)

Multiple regression of the experimental data was used
to calculate the four coefficients in equation (2)

—0.334 + 0.00173Q — 0.118v + 0.710i;

i =

(3)

Equation (3) represents an ad hoc first-approximation
technical model suitable for prediction and simulation.

Residual Deflection Calculated

T T T
0,2 04 0,6

Residual Deflection Experimental

T
0.8

10

Fig.6 Comparison of the experimental and predicted
outputs for the regression model

Table 4 reports minimum, maximum, and mean
absolute error, mean square error (MSE), and corre-
lation factor r. An MSE of approximately 0.009 and
correlation coefficient r of approximately 0.87 were
found, thus confirming that the fit of the developed
regression model is quite good. Figure 6 reports a
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good fit between the normalized experimental and
calculated data. In order to develop more sophis-
ticated models able to improve the fit of the experi-
mental data and be suitable for more complex
forming problems the neural network approach has
been investigated and compared with the ad hoc
technical model.

4 NEURAL NETWORKS

4.1 Neural network models

As springback is too difficult to calculate exactly by
using experience and table checking, artificial neural
networks (ANNs) are potentially useful in the
modelling of the complex, non-linear, polytropic
springback problem. ANNs supported by a genetic
algorithm that are able to successfully solve the
springback issue in typical U-shaped bending of
thin metal sheets have already been proposed in
the literature [17]. Therefore, artificial intelligence
approaches were used to model the experimental
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results of the hybrid forming process of AA 6108 T4
thin sheets. The present case is characterized by
simple shaping of the end-products, which is
achieved using a combined forming process. Conse-
quently, it is correct to consider it to be a complex
forming problem.

The proposed hybrid forming process was model-
led and simulated using three different neural net-
work models: radial basic function (RBF), generalized
feed forward (GFF), and multi-layer perceptron
(MLP). Training of the MLP neural network was
performed by using an adaptive learning rate back-
propagation (BP) algorithm. A widely available com-
mercial software (NeuroSolutions release 5.0
developed by NeuroDimension Incorporated) was
chosen as the simulation tool.

4.2 Neural network set up

The three factors that have a significant effect on the
experimental response residual inflexion were used
as input processing elements (PEs) in the MLP, RBF,
and GFF-MLPs neural network models, that is, laser
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Fig.7 RMS error as a function of PEs for the analysed neural network models
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power, scan speed, and starting inflexion. The resi-
dual deflection was the only output estimated. A total
of 108 samples (i.e. experimental data) were ana-
lysed. The available experimental data were shared
according to the following percentages: 60 per cent
as training, 15 per cent as cross-validation, and
25 per cent as testing. The learning rule was based on
the momentum with step size being set at one and a
momentum coefficient for the hidden layers being
set at 0.7. The three chosen networks were then
trained. In order to obtain a good indicator of the
generalization level achieved by the networks,
training was stopped when the MSE of the cross-
validation set began to increase, this being a signal
that the networks were becoming over-trained.
Different setups for the neural network models
were examined to find the best solutions for pre-
dicting the experimental trends of the hybrid forming

process. In particular, the use of single and double
hidden layers was tested. Figure 7 displays the per-
formance of the three neural networks employed.
The effect on the RMSE of the number of PEs in the
hidden layer is reported. The use of two hidden layers
seems to guarantee the best results whatever the
neural network model selected. Accordingly, the MLP
network was set with five PEs for the first layer and
three PEs for the second one, the RBF network was
set with seven PEs for the first layer and six PEs for
the second layer, and the GFF-MLP was set with nine
PEs for the first layer and seven PEs for the second
layer.

Figure 8 shows the RMSE trends according to the
number of epochs for all the models chosen. The
number of epochs for each neural network model
was fixed at 5000. The MLP model had the lowest
RMSE, followed by GFF-MLP, while RBF presented
the highest RMSE.

4.3 Modelling of the experimental data

The experimental data for the hybrid forming process
was modelled using the aforementioned neural net-
work models. The capabilities of the developed
models were checked by comparing the output with
the available experimental data. Figure 9 is a com-
parison between the output calculated by the net-
work (testing set) and the experimental results. The
MLP trained with the BP algorithm was found to be
the model with the best fit. Using this, the neural
network solution obtains a correlation coefficient r
very close to one for the training (0.906) and for the
cross-validation set (0.920). It acheives a slightly
higher value for the testing set (0.935). The MLP has a
very low MSE and absolute error, as documented in
Table 4. In particular, it displays a mean absolute
error of just 0.047 for the testing set and an MSE of
just 0.006. These values are lower than those calcu-
lated for the technical model. Therefore, the MLP
guarantees a very accurate fit of the experimental
data. The results obtained using the GFF and RBF
models are not as good. They are characterized by
lower correlation coefficients whichever training,
cross-validation, or testing set is considered. Simi-
larly, they are characterized by an MSE and mean
absolute error, which are significantly higher than the
corresponding values calculated for both the regres-
sion and MLP models.

The mean absolute error of approximately 4.7 per
cent for the testing set of the MLP model is generally
acceptable and it is definitely lower than the mean
absolute error for the GFF and RBF, which are
approximately 6.2 and 7.3 per cent, respectively.
Fitting capabilities of the MLP model are therefore
very good including when they are compared with
data available in the literature. In fact, the literature
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reports significantly higher errors (typically over
10 per cent and sometimes as large as 20 per cent)
affecting the experimental procedures [5-7]. On the
other hand, the ANOVA results reported in the pre-
vious section underline how, including the experi-
ments in this paper, the variability of the hybrid
forming process due to systematic errors and to the
unpredictable factors can be significantly higher,
which means the collected experimental data is very
unreliable.

Finally, mean absolute errors greater than 5 per cent
are quite common in all the applications in which
neural network models are used, that is, in data pre-
diction, in process modelling, and in simulation of
most laser processing of metal and non-metal com-
ponents [18-20]. This consideration further confirms
the reliability of the developed MLP model and its
suitability for analysing the hybrid forming process.

5 CONCLUSIONS

Hybrid forming experiments were carried out on AA
6108 T4 thin sheets by using a conventional
mechanical contact bending system together with a
high-power diode laser source.

The obtained results can be summarized as fol-
lows.

Comparison of the experimental and predicted outputs for the considered neural network models

1. The laser treatment during the forming process
largely reduces the amount of energy released
after the forming pressure is removed, and so
counteracts the negative effect of the springback.

2. By combined experimental and statistical con-
siderations (ANOM and ANOVA), a useful map of
the most fruitful treatment conditions can be
deduced.

3. Alarge energy input delivered towards the metal
sheets contributes to minimizing the extent of
springback of the pre-bent sheets provided that
the material surface is neither damaged nor
altered by too much heat.

4. The springback is almost invariant with the
starting deflection, all other process conditions
being kept constant.

These results illustrate the significant potential of
the proposed hybrid forming technique.

A first-approximation regression equation and
neural network solutions were used to model the
hybrid forming process. The ability of different
neural network models to predict the size of the
springback was compared, and it was found that an
MLP provides the best fit. The reliability of the best
neural network solutions was checked by comparing
it with the available experimental results as well as
with an ad hoc analytical model. The MLP neural
network trained by a BP algorithm was found to be a
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highly reliable modelling solution and very useful
in simulation of process control and automation.
Consequently, the basis for developing more sophis-
ticated simulation tools to evaluate the hybrid form-
ing process have been laid.
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