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Artificial Neural Network Analysis of Springback in V Bending
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Faculty of Technical Education, Pamukkale University, 20017, Kinikli, Denizli, Turkey

Abstract: The aim of study is to define the springback angle with minimum error using the best reliable ANN
training algorithm. Traming and test data were obtained from experimental studies. Materials, bending angle
and 1/t have been used as the input layer; springback angle has also been used as the output layer. For testing
data, Root Mean Squared-Error (RMSE), the fraction of variance (R*) and Mean Absolute Percentage Error
(MAPE) were found to be 0.003, 0.9999 and 0.0831%, respectively. With these results, we believe that the ANN
can be used for prediction of analysis of springback as an appropriate method in V bending,.
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INTRODUCTION

Sheet-metal forming processes, such as bending,
stretching and drawing are widely applied industrially, but
design of tools and selection of sheet material remain
almost invariably dependent on trial and error. The main
reason 1s that the shape of tolls, characteristics of
material, process variables and the geometrical
configuration of the workpiece all influence the
manufacturing process; these characteristics are difficult
to formulate into a precise mathematical model. Sheet-
metal bending is one of the most widely applied sheet
forming operations. Although, the process is simple, the
bending operation present several techmcal problems 1s
production, such as prediction of spring-back or spring-
forward after forming for die design (Huang and Leu,
1998).

Springback, the elastically-driven change in shape of
a part upon unloading after forming, 13 a growing concem
as manufacturers increasingly rely on materials with
higher strength-to-modulus ratios than the traditional low-
strength steel (Carden et af., 2002). Springback can be
minimized by using suitable die designs, but can not be
eliminated. One of the most important problems in the die
design is to minimize the springback (Tekiner, 2004). For
a given set of tooling, springback 1s influenced by sheet
thickness and material properties, inconsistency of which
leads to inconsistent springback. Several methods are
successfully employed to restrict springback like adaptive
control m the machine tool or suitable tool design
(bottoming, overbending, etc.) (Inamdar ef al., 2004).

A number of researchers have studied the analytical
models based on the material properties, effect of tool
geometry on springback and fimite element analyses

used to predict springback (Stelson and Gossard, 1982;
Wang et al, 1993; Perduyn and Hoogenboom, 1995,
Wang et al., 1993; Perduijn and Hoogenboom, 1995; Leu,
1997, Huang and Leu, 1998). Palaniswamy proposed to
a conventional optimization method combined with
finite element method was used to obtamn optinum
blank dimensions that can reduce springback
(Palaniswamy et ., 2004). Karafillis and Boyse (1996)
developed a deformation transfer function for changing
the shape the tool to compensate for springback in sheet
metal forming using finite element method.

ANNs have been studied for many years in the hope
of achieving human-like performances in solving problems
that are generally ill defined and that require a great
amount of processing. Human bram carries out this using
millions of neurons working together. Similarly, an ANN
consists of many computational elements, operating in
parallel, connected by links with variable weights that are
typically adapted during the learming process. Developed
of detailed mathematical models began in the 1960s but
only in recent years have the improvements in the science
of ANNs allowed the development of manufacturing
applications (Forcellese ef af., 1998).

In this study, an ANN is used to determine the
effects of material, bending angle and 1/t on springback
angle. Traming data are used from experimental study.
Pattern numbers of 224 have been obtamed from the
experiments. Material, bending angle and t/t has been
used as the input layer; the springback angle has also
been used as the output layer.

The results of the system mdicate a relatively good
agreement between the predicted values and the
experimentally ones. Experimental study to determine
springback angle in V bending 1s complex time consuming,
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costly. It also requires specific tools. To overcom e these
difficulties, an AWM can be used for prediction of
springback angle inV bending.

Bending theory and springback: B ending is a flexible
matnfacturing process by which many different shapes
catn be produced. Marmfacturing process by which meta
cat be deformed by plagically deformitg the material and
changing its shape. Standard die sets are used to produce
a wide vatiety of shapes. The material is stressed beyond
its wield strength bt belowr its Wtim ate tensile strength.
The material is placed on the die and positioned in place
with stops andfor gages. It is held in place with hold-
dowrs. The upper part of the press the ram with the
appropeiately shaped punch descends and forms the
v-shaped bend. The terminology used in bending is
showninFig 1 (Tekiner, 2004

Air bending is done with the punch toucking the
workpiece and the workpiece, not bottoming in the lower
cavity, Tliz iz called ar bending As the punwch is
released, the workpiece ends up with less bend than tha
o1 the punch (greater included angle). This iz called
spritgz-back, The amount of spring back depends on the
material, thickness grain and temper. The spring back
usually ratges from 5-10°. Usually, the same angle 15 used
inhoth the punch and the die to mirmmize setup titn e The
inner radius of the bend is the same as the radius on the
punch Bottoming or coiming iz the bending jrocess
where the punch and the workpiece bottom on the die.
Thizs makes for a controlled angle with very little spring
back. The tonnage required on this type of press is m ore
that it air bending

Sethack
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Fig Z:Elastic springhack

When a component is fomed, the stamping tool
bends the metal irto a certain angle with a given bend
radiue. Onee, the tool is removed, the metal will spring
back, widering the angle and increasing the radiue The
springback ratio is defined as the find angle after
springback divided by the intial stamping sngle (Fig 20

It order to understand springhaclk it is necessary to
lock at a material’s stress-strain ourve. When a bend is
being formed the material is deliberately over-stressed
beyond the yield strength in order to induce a pertranernt
dhef orm ation,

The perm anerd deformati on will usualy be less than
the designer intended deformation of the strip with some
excepticts. The springback will be ecuial to the am oud of
elastic strain recovered when the die isremoved. It is also
importatt to note that the stress is bighest at the top and
bottom sufaces of the strip and fallstozero at the neutral
axiz of the bend, roughly in the midde of the stip
Therefore, most of the stressin the interior of the strip iz
elagtic and oy the outer srfaces undergo el ding. The
interior of the strip would like to straighten ot the bend
when the load is remowed while the outer edges tend to
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resist straightening. The bend will not return to a zero
stress state, but instead will spring back to an equilibrium
point where all internal stresses balance. This is why
forming operations induce residual stress in the material.

Several variables influence the amount of springback
that 1s seen in a bend. A material with higher yield
strength will have a greater ratio of elastic to plastic strain
and will exhibit more springback then a material with lower
vield strength. On the other hand, a material with a higher
elastic modulus will show less springback than a material
with a lower elastic modulus. In addition, the 1/t ratio of
the bend will come mto play. A sharp bend will
concentrate the stress more than a gradual bend, resulting
in more plastic strain. Therefore, smaller 1/t ratios will
result in less springback. In this study, springback angle
bring to the other nter values are predicted using
springback data with formed four bending angle for
different 1/t steel sheet. Three different training algorithms
are used for training and test data after occurred ANN
structure. Traimng algorithm providing minimum error 1s
reached via comparison of experimental and predicted
results.

Using neural networks in springback prediction:
Artificial intelligence consists of two major branches such
as the study of ANNs and expert systems. During the last
ten years there has been a substantial increase in the
mterest on ANNs. Neuron 1s the findamental processing
element of a neural network. An artificial neuron is model
whose compenents have direct analogs to components of
an actual neuron. ANNs have been used successfully in
solving complex problems m various fields of engmeering,
ECOTOoMICS, neurology, mathematics, medicine,
meteorology and many others. Some of the most
mnportant ones are in pattern, sound and speech
recognition, m the identification of explosives n
passenger suitcases and in the identification of military
targets (Kalogirou ef al., 1999; Kalogirou ef al., 1988;
Chouai et al., 2002).

Neural networks operate like a “black box” model and
do not require detailed mformation about the systems. On
the other hand, they learn the relationship between the
mput parameters and the controlled and uncontrolled
variables by studying previously recorded data, sumilar to
the way a non-linear regression might perform. Another
advantage of using ANNSs is their ability to handle large
and complex systems with many interrelated parameters.
They seem to simply ignore exist data that are of minimal
significance and concentrates instead on the more
important inputs (Kalogirou, 2001).

The output of a specific neuron is a function of the
weighted input, the bias of the neuron and the transfer
function. Figure 3 shows the basic artificial neuron of the

f(s)
8
— B
. Agctivation 8
Weights function

Fig. 3: Presentation of a basic artificial neuron

hidden layer. A neural network consists of a number of
neurons and in a typical network there are mput layer,
hidden layer or layers and output layer. In its simple form,
each single neuron i1s connected to other newons of a
previous layer tlrough adaptable synaptic weights.
Knowledge is usually stored as a set of connection
weights. The output of any neuron is given by:

slzzn'lxjwiﬁbJ (1)
j=1

Where:
y,=£(s) (2)

The transfer function f can be selected from a set of
readily available functions.

Traming of the network was performed using
Levenberg-Marquardt (LM), Scaled Conjugate Gradient
(SCG) and Pola-Ribiere Conjugate Gradient (CGP)
backpropagation algorithms. These algorithms iteratively
adjust the weights to reduce the error between the
measured and the expected outputs of the networlk., A
training set is a group of matched input and output
patterns used for traimng the network usually by suitable
adaptation of the synaptic weights. The outputs are the
dependent variables that the network produces for the
corresponding input. Tt is important that all the
information the network needs to learn 1s supplied to the
network as a data set. When each pattern is read the
network uses the mput data to produce an output which
is then compared to the training pattern (the correct or
expected output). If there is a difference, the connection
weights are altered in such a direction that the error is
decreased. After the network has run through all the input
patterns 1if the error 1s still greater than the maximum
desired tolerance, the ANN runs again through all the
input patterns repeatedly until all the errors are within the
required tolerance. If the training reaches a satisfactory
level, the network holds the weights constant and uses
the trained network to make predictions of the output
parameters in new input data sets not used to train it
(Bechtler et al., 2001; Gélet, 2006).
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Gradient descent and gradient descent with
momentum are generally slower for practical problems
because of requiring small learming rates for stable
learming than the other algorithms. Moreover, success in
the algorithms depends on the user-dependent parameters
learning rate and momentum constant. Algorithms such as
Conjugate Gradient (SCG), BFGS quasi-Newton and
Levenberg-Marquardt (LM) are faster algorithms than the
other algorithms and use standard numerical optimization-
techniques. An ANN with a back propagation algorithm
learns by changing the weights and these changes are
stored as perception information, or knowledge. The error
1s described by the Root-Mean-Squared Error (RMSE) and
defined as follows:

RMSE:[( Y5k, _mjrr 3)

In addition, the absolute fraction of variance (R*) and
mean absolute percentage error (MAPE) are defined,
respectively, as follows:

RPz1-| L~ (4

and

MAPE =lzn:{

ns

MU.IOO (5)
m]

where, p is the predicted value, m is the measured value;
n 1s the pattern number (Bechtler ef al., 2001). The used
ANN structure of a multi-layer is shown in Fig. 4. Tt
consists of three mput layers, one hidden layer and one
output layer. The examples in this study are numerical
values performed by using the experimental results and
224 pattermns were obtaned from the experiments. Here, an
ANN model was used to predicted of springback angle in
V bending. Inputs for the networle are material, bending
angle and r/t; the output is springback angle.

The experimental results were used to train and test.
It was used 188 experimental results, from the total of 224,
as data sets to train the network, while 36 results were
used as test data. The architecture of the ANN becomes
3-13-1, 3 comresponding to the mput values, 13 for the
number of hidden layer neurons and 1 for the output. The
back-propagation learning algorithm has been used in
feed-forward, single hidden layer. Variants of the
algorithm used mn the study are Levenberg-Marquardt
(LM) and Scaled Conjugate Gradient (SCG) and
Pola-Ribiere Conjugate Gradient (CGP) algorithms

| Input layerl | Hidden Iaycrl |Ou1:putlayer|

Fig. 4: ANN architecture used for 13 neurons in a single
hidden-layer

Table 1: Sample data sets used for training and testing

Input parameters Output parameter
Bending Springback

Material r/t angle (°) angle (°)
C20 1 30 0.46
C20 3 60 1.27
C20 6 90 1l.64
C20 13 120 4.23
C25 1 30 0.56
C25 3 60 1.91
C25 6 90 3.89
C25 13 120 4.62
C35 1 30 0.03
C35 3 60 1.76
C35 6 90 3.12
C3s 13 120 4.92

(Golety, 2006). The selected neural network architecture
consists of one hidden layer of log-sigmoid neurons
followed by an output layer of one linear neuron. Linear
neurons are those which have a linear transfer function.
Transfer function is purelin.

A computer program has been performed under
MATLAB 6.5. In the training, it is used an increased
number of neurons (from 12 to 16) in a single hidden-layer.
When the network traimng was successfully fimished, the
network was tested with test data. Some statistical
methods, R%, RMSE and MAPE values have been used for
comparison. It has been shown selected some sample data
sets used for training and testing the network in Table 1.

RESULTS AND DISCUSSION

Numerical results obtained from experimental and the
related parameters have been used to train the network.
The material, bending angle, 1/t and springback angle
have been used to train the network. Initially, twelve
hidden neurons i a single hidden-layer have been used
for all the algorithms. Then, the number of neurons has
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Table 2: Error values of the ANN approach for springback used in training and testing

Training Test.
ANN algorithms Hidden No. RMSE R? MAPE RMSE R? MAPE
Levenberg marquard 12 0.0034 0.9999 1.2563 0.0035 0.9999 0.0848
leaming algorithm (LM 13 0.0021 0.9999 0.3326 0.0030 0.9999 0.0831
14 0.0616 0.9999 5.0772 0.0545 0.9998 1.7953
15 0.0035 0.9999 0.5400 0.0054 0.9999 0.1024
16 0.0085 0.9999 0.9164 0.0134 0.9999 0.3400
Scaled conjugate 12 0.4030 0.9960 8.2582 0.2017 0.9981 44811
gradient learning 13 0.4557 0.9949 2.3724 0.4164 0.9923 1.7861
algorithm (SCG) 14 0.3036 0.9977 0.2860 0.3074 0.9957 1.7918
15 0.4453 0.9951 0.4645 0.5881 0.9854 0.1577
16 0.1315 0.9995 1.8410 0.1777 0.9985 0.1382
Pola-ribiere conjugate 12 0.7938 0.9844 8.8263 0.5972 0.9847 4.8864
leaming algorithm 13 0.6387 0.9900 0.4180 0.8388 0.9715 0.7734
(CGP) 14 0.5850 0.99106 7.1253 0.9812 0.9627 0.4558
15 0.3580 0.9968 5.1649 0.5563 0.9874 3.2013
16 0.5486 0.9926 4.6738 0.8167 0.9723 5.0965
127 —— Measured ——Predicted —— [M = SCG—+ CGP
111 5
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Fig. 5: Measured and ANN predicted test data results of
springback angle

been increased. The results revealed that, the optimum
hidden number 1s different for different algorithms. In this
study, the fastest learning is obtained with the LM
algorithm. SCG is also fast, but it produces more errors
compared to errors with LM. Moreover, the highest
MAPE 1s obtained with CGP for all lndden numbers in
studied all algorithms. The error values of SCG algorithm
are usually between those of the LM and CGP.

Statistical values such as RMSE, R* and MAFE of
springback angle are given in Table 2 for different traiming
algorithms and hidden number neurons. The LM
algorithm with 13 neurons has produced the best results.

It 15 observed that MAPE 1s 0.0831% in the testing
and 0.3326% in the training; R* is 0.9999 in the testing and
0.999% in the training; the RMSE value is 0.003 in the
testing and 0.0021 in the training. The worst results are
observed with the CGP algorithim compared to the other
two algorithms as shown in Table 2. The lughest MAPE
1s found to be 8.0965% for network of 16 hidden numbers.

Comparison of the measured and predicted
springback values are shown m Fig. 5 for the test data, the
values predicted by ANN are very close to measured
values. Figure 6 shows the effect of the number of

Fig. 6: Effect of the number of neurons in the hidden layer
on the MAPE

¢~ 127 —=— Predicted — Measured

T
¢ 1 2 3 4 5 6 7 8 9

1I0 1 12
Measured springback angle (°)

Fig. 7: Comparison of measured and predicted springback
angle results for testing data

neurons in the hidden layer on the MAPE. The training
epoch for each neural network is 30000,

It 15 shown that the training error 1s mimimized when
13, 14 and 16 neurons are used for LM, CGP and SCG
algorithm respectively. Thus, these ANN models with
minimum errors are adopted for further studies. As shown
Fig. 7, the developed ANN gives a very accurate
representation of R* values over the all range or working
conditions.
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CONCLUSION

The aim of this study was to investigate the effect of
different materials, bending angle and 1/t on springback
angle in V bending using the neural networlks. Analysis of
ANN for different materials (C20, C25, C35) having
different bending angle (30, 60, 90 and 120°) and 1/t were
performed in V bending.

This study introduced ANNs technique for modeling
the springback angle in V bending. Tt was used 188 results
as data sets to train the network while 36 results were
used as test data from the total experimental results of 224.
LM, SCG and CGP algorithms have been studied and the
best results were obtamed from LM algorithm with 13
neurons. For testing data, root mean squared-error
(RMSE), the fraction of variance (R*) and mean absolute
percentage error (MAPE) were found to be 0.003, 0.99%9
and 0.0831%, respectively. So, these ANN predicted
results can be considered within acceptable limits. The
results show good agreement between predicted and
measured values.

NOMENCLATURE
ANN  :  Artificial neural-network
ay . Angle after springback
a, : Bending angle
CGP : Pola-Ribiere conjugate gradient
LM . Levenberg-Marquardt
MAPE : Mean absolute percentage error
m : Measured value
n : Pattern
R’ . Absolute fraction of variance
RMSE : Root-mean-squared error
r :  Bend radius
I; : Radius after springback
i : Stamping radius
SCG  :  Scaled conjugate gradient
P . Predicted value
t Sheet thickness
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