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In order to rapidly and accurately predict the springback bending angle in V-die air bending process, a springback bending
angle prediction model on the combination of error back propagation neural network and spline function (BPNN-Spline) is
presented in this study. An orthogonal experimental sample set for training BPNN-Spline is obtained by finite element simulation.
Through the analysis of network structure, the BPNN-Spline black box function of bending angle prediction is established, and the
advantage of BPNN-Spline is discussed in comparison with traditional BPNN. The results show a close agreement with simulated
and experimental results by application examples, which means that the BPNN-Spline model in this study has higher prediction
accuracy and better applicable ability. Therefore, it could be adopted in a numerical control bending machine system.

1. Introduction

The sheet metal bending is an essential metalworking process
in many industries [1], wherein V-die air bending is a main
topic in the stamping field. The flat sheet is bent to a curved
sheet by the pressing on the bending machine. Because of the
existence of elastic deformation in curved sheet, springback
will occur during the unloaded process of curved sheet in
the bending machine. As a result, the final bending angle of
curved sheet will be obtained.

Mohammadi et al. [2] have developed a springback pre-
diction analytical formulation for sandwich sheets based on
a wrap-around assumption and primary bending theories.
Numerical simulation and experiments have been carried out
to verify the effect of punch radius, die opening, and punch
stroke on springback. Results showed that the springback is
increasedwith an increase in punch stroke, punch radius, and
die opening. De Vin [3] has presented an air bending geo-
metric model. This model has been found to be convenient
to calculate the bending angle.

Finite element (FE) simulation is a popular method at
present [4], due to low time costs and simple operation.
Vorkov et al. [5] have studied the springback of different

types of high-strength steels using FE model. The material
properties and a correct material model for high-strength
steels have been obtained and built, respectively. Fu et al.
[6] have developed a material constitutive model based on
Hill’s yielding criterion under plane strain conditions. The
multiple step incremental air bending forming and spring-
back processes have been simulated. Jamli et al. [7] have
developed an artificial neural network based on constitutive
model which can be used in the FE code through user
defined material subroutine. FE analysis procedures have
been carried out for the springback prediction of sheet metal
based on anL-bending experiment.TheFE analysis presented
an improvement in the prediction accuracy in comparison
with the measured data.

The approximate model can be chosen to replace the
FE simulation. When the approximate model is established,
the response of research parameters is obtained immediately.
Approximate model is an efficient research method to reduce
the time consumption. Many kinds of approximate model
are able to achieve the approximation of bending springback
process, such as artificial neural network [8–11], radial basis
function [12, 13], and response surface method [14, 15]. The
error backpropagation neural network (BPNN) is one of
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the widely used and successful networks at present. It is
particularly useful in process modeling and has been used
in diverse applications, such as control, robotics, pattern
recognition, forecasting, and manufacturing optimization
[16]. In general, the approximatemodel needs a lot of samples.
Orthogonal experiment [17–19], Latin hypercube design [20],
and so forth can reduce the number of samples under the
same approximate calculation accuracy.

FE simulation and theory calculation method are mainly
used to research the V-die air bending springback process at
present. Theory calculation method has better general prop-
erty and faster prediction speed. However, there are many
inevitable assumptions in calculationmodel which will result
in low calculation accuracy. In terms of the FE simulation, at
least to the authors’ knowledge, one FE model only simulates
one group of bending data. Although it generates more
accurate result, it is not speedy enough for bending angle
prediction. In addition, the technical requirement for the user
on FE software is higher.Therefore, there is a need towards an
accurate, general, speedier, andmoremaneuverable means to
predict the bending angle.

In this study, the authors propose a springback bend-
ing angle prediction model which is the combination of
BPNN and spline function (BPNN-Spline). The BPNN-
Spline combined model is expressed by simple mathematical
formulas. The complex numerical simulation process will be
turned into a simple mathematical calculation procedure. It
enables a faster and maneuverable bending angle prediction
in comparisonwith FE simulation. Besides, the BPNN-Spline
combined model is developed by the accurate FE simulation
results, where the prediction accuracy is relatively high. It will
offset the disadvantages of FE simulation and theory calcu-
lation method at the same time. Due to the full utilization
of better generalization ability of BPNN and smooth feature
of the spline function, the model outperforms traditional
BPNNmodel. Also, through the test of application examples,
the general and precise properties of BPNN-Spline are also
fully demonstrated. During the bending process, input the
parameters to the BPNN-Spline black box; the springback
bending angle is obtained immediately. Consequently, as a
computation method, the model can be applied properly in
a bending machine numerical control system.

2. Introduction of Air Bending
Springback Process

The flat metal sheet is bent into a curved sheet with angle 𝛼0
on the bending machine, as shown in Figure 1(a). Due to the
existence of material elasticity, when the punch is unloaded,
the springback will occur, and the curved sheet will become
angle 𝛼 (hereinafter uniformly referred to as bending angle)
from 𝛼0, as shown in Figure 1(b), where 𝑉, 𝑅, 𝑟, 𝑡, 𝜑, and
𝐷 are the nominal width of die notch, die corner radius,
punch corner radius, sheet thickness, die angle, and punch
displacement, respectively.

Bending angle 𝛼 is related to various process parameters,
such as material, sheet thickness, and tool corner radius.
When other process parameters are determined, the value of

Table 1: Parameters of research materials.

Material E (GPa) K (MPa) n 𝜎𝑠 (MPa) M
DC06 207 530 0.24 126 0.61
SUS304 207 1455 0.5 239 1.15
DP600 207 1099 0.179 382 1.85
B340LA 207 678 0.16 400 1.93
6111-T4 69 549 0.235 143 2.07

𝛼 will correspond to the value of 𝐷. The desired 𝛼 can be
obtained by reasonable adjustment of 𝐷. The purpose of this
study is to develop a bending angle predictionmodel which is
suitable for bending machine numerical control system.This
model provides a precise mapping relation between 𝐷 and 𝛼
under diverse process parameters.

3. FE Simulation of Bending
Springback Process

3.1. Research Materials and Parameter Levels. The bending
angle is closely related to the material plasticity. In general,
the relation between stress and strain of material plasticity
could be obtained from tensile test. Then, through a series
of transformation and fitting, the exponential form relation
curve between true stress and true strain can be considered
as follows:

𝜎 = 𝐸𝜀, (𝜀 ≤ 𝜀0)

𝜎 = 𝐾𝜀𝑛, (𝜀 > 𝜀0) ,
(1)

where 𝐾, 𝑛, and 𝜀0 are the hardening coefficient, hardening
exponent, and yield strain, respectively.

In this study, material parameters are determined based
on tensile tests, as listed in Table 1. For the tensile test
of one material, the material parameters of different sheet
thickness are lightly different. The error caused by different
sheet thickness is a micro amount with respect to the error
caused by approximate prediction system.Therefore, in order
to facilitate the operation, the variation of material parameter
with different sheet thickness is not considered.

As for the BPNN, the factor property should be measur-
able. One material has many measurable parameters such as
𝐾, 𝑛, and 𝜀0 at the same time. Eachmaterial is indicated by an
integrated value 1000 ∗𝜎𝑠/𝐸(𝑀), as listed in Table 1, where 𝐸
and 𝜎𝑠 are Young’s modulus and yield stress, respectively.

In this study, to develop the springback bending angle
prediction model, 𝑡, 𝑅, 𝑟,𝑀, and𝐷 are the input parameters,
and bending angle 𝛼 is the output.The various parameters are
listed in Table 2. 𝑉 and 𝜑 are 12mm and 86∘, respectively.

3.2. Orthogonal Experimental Design. To further reduce the
number of simulations, the orthogonal experimental design
is implemented in this study. Orthogonal experimental
design is an efficient design method whose features are
uniform distribution and comparable order. The orthogonal
experimental design sample sets are listed in Table 3.

The outputs of Table 3 are the bending angles 𝛼1∼𝛼5
which are obtained through FE simulation.Themeasurement
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Figure 1: Sheet bending springback process diagram: (a) curved sheet before springback; (b) curved sheet after springback.

Table 2: Variable parameters with their levels.

Level t (mm) R (mm) r (mm) M D (mm)
1 1 0.2 0.2 0.61 5
2 1.4 0.6 0.6 1.15 4.4
3 2 1 1 1.85 4
4 — — — 1.93 3
5 — — — 2.07 2.6

unit of 𝛼𝑖 is degree. Each 𝛼𝑖 corresponds to certain punch
displacement 𝐷𝑖 in FE simulation. 𝐷𝑖 are 5mm, 4.4mm,
4mm, 3mm, and 2.6mm, respectively. The anterior 25
samples in Table 3 are the orthogonal experiment sample sets
for training the BPNN, and the extra 5 samples are selected
randomly from full factorial design to test the accuracy of
BPNN.

Table 3 shows that the bending angles on the same 𝐷𝑖
are different for different materials and bending process
parameters. But the bending angles on the same𝐷𝑖 are more
close to each other in comparison with those bending angles
of different 𝐷𝑖. The factor 𝐷𝑖 is more important for the value
of bending angle.

3.3. FE Model of Bending Springback Process. FE software
ABAQUS is used to simulate the bending springback process.
In the bending and springback process, sheet sectional defor-
mation of width direction is almost the same. 2D elements
have been used in the FE model in order to reduce the sim-
ulation time. In the FE, the surface to surface contact model
is adopted where the coulomb friction law is considered. The
friction coefficient is set to 0.1 as an ordinary scale of metal
contact. The punch and die are considered as rigid body.
Element type is chosen as the four-node bilinear plane stress
quadrilateral element (CPS4R). The mesh division figure is
shown in Figure 2. The remaining parameters are set to the
default of the software.

As it is shown in Table 3, some bending angles are
even less than the die angle 𝜑 which is equal to 86∘. Since
some materials in Table 1 have bigger hardening exponent
value such as SUS304, these materials affect the material

Punch Sheet

Die

Figure 2: FE mesh model of bending process.

Figure 3: Second bending phenomenon of larger curved arc sheet.

strengthening in bending process. The curved sheet arcs of
these materials are large. If𝐷 is larger, the large curved sheet
arc will be bent for the second time when the low surface
touches the inner wall of die notch, as shown in Figure 3.
It is inevitable that the bending angle is less than die angle.
However, the sheet only touches the die corner radius for
most material.

3.4. Verification of FE Model. Aiming at validating the FE
model, the FE simulated results are compared with the
experiment under the same process conditions. There are
many materials and process parameters in the FE model.The
experimental verification on each FE model is unnecessary.
Thus, a set of material and process parameters within the
variable space is chosen randomly to implement the FE sim-
ulation and verification. Due to the randomness of selection,
the real precision of FE model in Table 3 will be revealed.
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Table 3: Experimental sample sets.

Number t (mm) R (mm) r (mm) M 𝐷1 = 5mm 𝐷2 = 4.4mm 𝐷3 = 4mm 𝐷4 = 3mm 𝐷5 = 2.6mm
𝛼1 (∘) 𝛼2 (∘) 𝛼3 (∘) 𝛼4 (∘) 𝛼5 (∘)

1 1 0.2 0.2 0.61 88.11 96.72 101.39 118.34 125.54
2 1 0.6 0.6 1.15 83.47 92.97 99.77 118.44 126.47
3 1 0.6 0.6 1.85 90.73 99.77 106.07 122.52 129.9
4 1 1 1 1.93 93.67 101.96 107.87 124.54 131.66
5 1 1 1 2.07 88.77 99.68 105.74 122.74 130.19
6 1.4 0.2 0.6 1.85 86.81 97.11 102.98 120.13 127.86
7 1.4 0.6 0.6 1.93 91.68 99.86 105.84 122.73 130.14
8 1.4 0.6 1 2.07 84.92 96.65 102.9 120.46 127.96
9 1.4 1 1 0.61 85.93 95.04 101.35 118.91 126.5
10 1.4 1 0.2 1.15 79.22 90.8 97.89 116.89 125.43
11 1.4 0.2 0.6 2.07 84.79 96.41 102.02 119.42 127.2
12 1.4 0.6 1 0.61 86.03 94.57 100.69 118.1 125.52
13 1.4 0.6 1 1.15 78.1 89.59 96.67 115.74 124.02
14 1.4 1 0.2 1.85 91.04 99.4 105.52 122.62 129.96
15 1.4 1 0.6 1.93 92.05 100.31 106.35 123.4 130.73
16 2 0.2 1 1.15 73.48 85.85 92.78 113.22 121.76
17 2 0.6 1 1.85 83.6 94.41 101.03 119.38 127.46
18 2 0.6 0.2 1.93 90.36 98.98 105.25 122.8 130.36
19 2 1 0.6 2.07 84.13 95.18 101.94 120.19 128.12
20 2 1 0.6 0.61 83.8 93.02 99.68 118.07 126.2
21 2 0.2 1 1.93 84.79 95.21 101.68 119.98 127.83
22 2 0.6 0.2 2.07 85.72 96.08 102.54 120.54 128.27
23 2 0.6 0.6 0.61 83.5 92.63 99.17 117.55 125.35
24 2 1 0.6 1.15 77.06 88.29 95.12 115.18 124.03
25 2 1 1 1.85 83.76 94.66 101.62 120.16 128.11
T1 1.4 0.6 0.6 1.85 89.32 98.29 104.36 121.42 128.77
T2 2 0.2 0.2 1.93 90.11 98.68 104.89 122.32 129.77
T3 1.4 1 1 1.85 88.13 98.09 104.42 121.81 129.25
T4 1.4 1 0.6 2.07 86.4 97.6 103.87 121.41 128.9
T5 1 0.6 1 0.61 87.07 96.56 102.61 119.55 127.08

The sheet of steel material B340LA is selected randomly
to carry out the experiment on the bending machine. 𝐷
is directly observed from bending machine number control
equipment named Delem. The sheet is unloaded directly
after bending. It will undergo springback immediately. After
springback, angle measurement instrument is used to mea-
sure the final bending angle 𝛼. 𝛼 is the mean value of three
bending angles which are measured from the same 𝐷. The
experiment moulds are shown in Figure 4.

The experimental moulds and steel sheet parameters are
as follows:

𝑉 = 12mm,

𝜑 = 86∘,

𝑅 = 1mm,

𝑟 = 1mm,

𝑡 = 1.4mm,

𝑀 = 1.93.
(2)

With the change of punch displacement, the comparisons
of bending angles on FE simulation and experiment are
shown in Figure 5.

In Figure 5, it can be found that the FE simulated bending
angles are consistent with the bending experiment results.
Most of bending angle deviations between FE and experiment
are no more than 1 degree, and the largest bending angle
deviation is only 1.63 degrees at the place where 𝐷 =
3.177mm. This indicates that the FE model has enough
accuracy to simulate the bending springback process.
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Figure 5: Comparison of bending angles on FE and experiment.

3.5. Effect of Length Ratio Factor on Bending Angle. As we all
know, the geometrical position relationship of 𝑉 ̸= 12mm
is considered as a length ratio zooming on 𝑉 = 12mm. In
this case, in terms of the bending process of 𝑉 ̸= 12mm, its
process parameters such as 𝑡, 𝑅, 𝑟, and𝐷 can be transformed
by the length ratio zooming. Under this condition which
transformed process parameters that belong to the range of
Table 2, if the length ratio on the effect of bending angle
is verified to be a small amount, the bending process of
𝑉 ̸= 12mm is calculated by the BPNN-Spline model which
is developed under the condition of 𝑉 = 12mm. This is
beneficial to extend the application range of BPNN-Spline.
The relationship between bending angle and length ratio
factor (𝛽 = 𝑉/12) is discussed as follows.

A sample (the sample of number 3 is selected in this
study) in Table 3 is randomly selected and its length values are
zoomed by the ratio factors 𝛽 = 2 and 𝛽 = 2.5, respectively.
It means that the nominal widths of die notch V are 24mm
and 30mm, respectively. 𝑡, 𝑅, 𝑟, and 𝐷 are also, respectively,
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Figure 6: Effect of length ratio factor on bending angle.

zoomed by these length ratio factors.The effect of length ratio
factor on bending angle is shown in Figure 6.

The effect of length ratio factor 𝛽 on bending angle is
so small that it is ignored. Therefore, the bending angle is
unrelated with length ratio in the process.

4. Mathematical Model

4.1. Mathematical Model of BPNN. In this study, to develop
the BPNN-Spline mathematical combination model, 𝑡, 𝑅, 𝑟,
and 𝑀 are treated as input parameters of BPNN, and 𝐷 is
treated as the input parameter of spline function.

TheBPNN is trained and tested by theMATLAB software.
Training is completed when the mean squared error (MSE)
reached the minimum.The MSE formula is

MSE = 1
𝑛

𝑛

∑
𝑖=1

(𝛼𝑖 − �̃�𝑖)
2 , (3)

where 𝑛 is the number of outputs, 𝛼𝑖 is the 𝑖th predicted
bending angle, and �̃�𝑖 is the 𝑖th actual bending angle.

When 𝛼𝑖 is directly treated as output of BPNN, the
relationship between hidden layer node numbers and MSE
of training and test are shown in Figure 7(a). Taking Δ𝛼𝑖 =
𝛼𝑖 − 𝐴 𝑖 as the output of BPNN, the relationship between
hidden layer node numbers and MSE of training and test are
shown in Figure 7(b), where 𝐴 𝑖 are 85∘, 95∘, 100∘, 120∘, and
128∘, respectively.

The training of BPNN in Figure 7(b) is better than
Figure 7(a). When Δ𝛼𝑖 is treated as output of BPNN, five
output nodes will be set at the same magnitude level. This
is more conducive to train the network. Thus, Δ𝛼𝑖 is treated
as the output of BPNN in this study. It can be seen that the
BPNN will have a better comprehensive error for training
and test when hidden layer node number is six, as shown in
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Figure 7: Effect of hidden layer node numbers on MSE for different output formats: (a) taking 𝛼𝑖 as output; (b) taking Δ𝛼𝑖 as the output.

Figure 7(b). As a result, the BPNN consisted of four input
nodes, six hidden layer nodes, and five output nodes. The
BPNN-Spline combined model is shown in Figure 8. The
symmetrical sigmoid and purelin function are selected as the
activation function on hidden and output layer, respectively.
After the training and test, the MSE of training and test are
0.4947 and 1.7354, respectively.

A series of relation formulas between process parameters
and bending angle can be obtained as follows:

net𝑗 =
𝑛

∑
𝑖=1

𝜔𝑖𝑗𝑥𝑖

𝑓 (net𝑗) = 1 − 𝑒−(net𝑗−𝑏𝑗)

1 + 𝑒−(net𝑗−𝑏𝑗)

𝛼𝑘 =
𝑚

∑
𝑗=1

𝑢𝑗𝑘𝑓 (net𝑗) − 𝐵𝑘 + 𝐴𝑘,

(4)

where 𝑥𝑖, 𝜔𝑖𝑗, 𝑢𝑗𝑘, 𝑏𝑗, and 𝐵𝑘 are the input, connection weight
between input and hidden layer, connection weight between
hidden layer and output, and threshold values of hidden and
output layer, respectively.

The BPNN model could be considered as a black box
function which is the mapping between bending process
parameters and bending angles:

𝛼𝑘 = BPNN (𝑡, 𝑅, 𝑟,𝑀) . (5)

4.2. Combined Model of BPNN-Spline. Five 𝛼𝑘 as the outputs
of BPNNare, respectively, corresponding to𝐷𝑖 in Table 3; this
one-to-one corresponding relation is equivalent to five points
such as (𝐷1, 𝛼1), (𝐷2, 𝛼2), (𝐷3, 𝛼3), (𝐷4, 𝛼4), and (𝐷5, 𝛼5).The
five points are treated as interpolation points; a cubic spline

function will be fitted, as shown in Figure 9 and (6). 𝐷 and
𝛼 are, respectively, treated as the independent variable and
dependent variable.

𝛼 = Spline (𝐷) . (6)

The combination of (5) and (6) derives the following:

𝛼 = BPNN − Spline (𝑡, 𝑅, 𝑟,𝑀,𝐷) . (7)

Equation (7) is obtained on the precondition of 𝑉 =
12mm. Because the length ratio factor was defined as 𝛽 =
𝑉/12, when the bending process parameters are 𝑡1,𝑅1, 𝑟1, and
𝐷1, the bending angle is predictable based on the conversion
of process parameters as the formula 𝑡1/𝛽, 𝑅1/𝛽, 𝑟1/𝛽, and
𝐷1/𝛽. Treating 𝛽 as an input parameter, (7) can be written as

𝛼 = BPNN − Spline (𝑡, 𝑅, 𝑟,𝑀,𝐷, 𝛽) . (8)

Equation (8) is a general prediction model on bending
springback process.

4.3. Comparison with Traditional BPNN. In order to verify
the advantage of BPNN-Spline, its prediction accuracy is
compared with traditional BPNN based on the FE simulation
results of Section 3.4, as shown in Figure 10.

Traditional BPNN is a network by taking 𝛼 as the output,
𝑡, 𝑅, 𝑟, 𝑀, and 𝐷 as the inputs, and eight as the number
of hidden layer nodes. The anterior 25 samples in Table 3
are normalized to train the BPNN (where 𝛼 is the unique
output, the training sample number becomes 125). The MSE
of training and test are 11.2 and 6.8, respectively.

In Figure 10, the bending angle deviation between tra-
ditional BPNN and FE is larger. The biggest deviation is
6.5 degrees, which does not meet the accuracy requirement.
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However, the bending angle deviation between BPNN-Spline
and FE is so small that the biggest deviation is only 1.78
degrees. Thus, BPNN-Spline is more precise in comparison
with the traditional BPNN method.

4.4. Discussion. To predict the bending angle, the BPNN-
Spline has great advantages in comparison with the tradi-
tional BPNN model. It mainly displays two aspects: The
higher training accuracy and monotonic decrease relation-
ship between 𝛼 and𝐷 are easier to ensure.The explanation is
as follows.

The bending angle 𝛼 is related to 𝑡, 𝑅, 𝑟,𝑀, and𝐷. When
building a traditional BPNN to predict the bending angle, 𝑡,
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Figure 10: Comparison of prediction accuracy between BPNN-
Spline and traditional BPNN.

𝑅, 𝑟, 𝑀, and 𝐷 need to be set as the input parameters, and 𝛼
needs to be set as the unique output parameter. 𝛼 is roughly
distributed from 90 to 130 degrees, and this large range
requires the traditional BPNN to have enough precision. A
precise training of the traditional BPNN is very difficult to
achieve. However, the BPNN in BPNN-Spline can be easily
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trained to a precise degree in comparison with the traditional
BPNN. When the BPNN in the BPNN-Spline is built, 𝑡,
𝑅, 𝑟, and 𝑀 are set as inputs, and five bending angles 𝛼𝑖
corresponding to each certain punch displacement𝐷𝑖 are set
as outputs, respectively. Four variable inputs of the BPNN in
BPNN-Spline are fewer, and the range of bending angle 𝛼𝑖 is
also smaller.

As far as we know, the monotonic decrease relationship
between 𝛼 and 𝐷 is inevitable in bending process when
other parameters are determined. This monotonic relation-
ship is very important for prediction accuracy. Due to the
characteristics of network structure, traditional BPNN is not
able to ensure the monotonic relationship between 𝛼 and 𝐷.
But the smooth spline function in BPNN-Spline is easier to
ensure this monotonic relationship in comparison with the
traditional BPNN, as shown in Figure 10. As a consequence,
the spline function in BPNN-Spline is more likely to obtain
the accurate prediction results in bending process.

5. Application Examples and Discussion

TheBPNN-Splinemodel is suitable for bending angle predic-
tion in the case:

(a) If 𝜑 = 86∘ and 𝑉 = 12mm, the applicable variable
space is 1mm < 𝑡 < 2mm, 0.2mm < 𝑅 < 1mm,
0.2mm < 𝑟 < 1mm, and 2.6mm < 𝐷 < 5mm.

(b) If 𝜑 = 86∘ and 𝑉 ̸= 12mm, the length ratio factor is
𝛽 = 𝑉/12. The applicable variable space is 𝛽mm <
𝑡 < 2𝛽mm, 0.2𝛽mm < 𝑅 < 𝛽mm, 0.2𝛽mm < 𝑟 <
𝛽mm, and 2.6𝛽mm < 𝐷 < 5𝛽mm.

Six application examples under diverse material, process
parameter, and length ratio factor are randomly selected
to determine the prediction accuracy of BPNN-Spline. The
predicted bending angles are compared with FE simulation
results, as shown in Figures 11(a), 11(b), 11(c), 11(d), 11(e), and
11(f).

In Figure 11, it can be observed that the predicted bending
angle of BPNN-Spline is in good agreement with FE simula-
tion results for diverse material, nominal width of die notch,
die corner radius, punch corner radius, sheet thickness, and
punch displacement. The bending angle deviations between
BPNN-Spline and FE are so small that the biggest one is
no more than 1.2 degrees, which is at the place where 𝐷 =
4.7mm in Figure 11(c). Therefore, it can be concluded that
the BPNN-Spline model has enough accuracy to predict the
bending angle under diverse bending condition.

In order to determine the prediction accuracy of BPNN-
Spline in actual bending experiment aspect, two kinds of
sheet are randomly selected to carry out the bending experi-
ment. The results are compared with BPNN-Spline predicted
results under the same process conditions. The sheets of
steel material B340LA with 1.4mm thickness and DP600
with 1.8mm thickness are, respectively, used to carry out
the experiment on the bending machine. The experimental
mould and other process parameters are the same as the
experiments of Section 3.4.

The comparisons between experiential and BPNN-Spline
predicted bending angles are shown in Figures 12(a) and
12(b), respectively.

As can be seen from Figure 12, predicted bending angles
by BPNN-Spline are consistent with the experiment results.
The largest bending angle deviation between BPNN-Spline
and experiment for B340LA is no more than 1.4 degrees,
which is at the place where 𝐷 = 4.8mm.The largest bending
angle deviation for DP600 is no more than 1 degree, which
is at the place where 𝐷 = 2.95mm. The prediction precision
of BPNN-Spline is verified by actual bending experiments. In
conclusion, the BPNN-Spline model can accurately predict
the bending angle in actual production process.The technical
requirement on BPNN-Splinemodel is lower compared to FE
simulation. The user only needs to take the model as a black
box and input the material and bending process parameters
into the model; the corresponding bending angle will be
deduced out immediately. It is very convenient and efficient.

The bending machine numerical control system should
accurately and rapidly deduce out the bending angle for
diverse process parameters. Therefore, BPNN-Spline com-
bined model could be integrated properly into the system to
control the bending process.

6. Conclusions

A bending springback angle prediction model based on the
combination of BPNN and spline is presented in this study.
Firstly, through FE and orthogonal experimental design, the
training sample set is obtained. After that, the mathematical
model of BPNN-Spline is established, and its advantage for
bending angle prediction is discussed in comparison with
traditional BPNN. Finally, through application examples, the
BPNN-Spline model is used to predict the bending angle and
shows higher prediction accuracy. The following conclusions
are summarized:

(1) Thebending angle is unrelatedwith length ratio factor
𝛽.

(2) BPNN-Spline combined model is better than tradi-
tional BPNN on bending angle prediction. This is
because the BPNN-Spline combined model has spe-
cial network structure and smooth spline function,
which will bring about a great advantage for the
bending angle prediction.

(3) The BPNN-Spline combined model shows better
prediction accuracy on different material, thickness,
nominal width of die notch, and other process param-
eters by the test of application examples; the general
and precise characteristics are fully revealed.

(4) The BPNN-Spline combined model not only has
better applicable ability, but also has higher prediction
accuracy.

Although the BPNN-Spline model has a good perfor-
mance under the case of 𝜑 = 86∘, it still cannot be applied
in the case of 𝜑 < 86∘. Future study should develop a model
which can predict the bending angle accurately with respect
to the case of 𝜑 < 86∘.
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Figure 11: Comparison of FE and BPNN-Spline: (a) B340LA with 𝑡 = 1.2mm, 𝑉 = 12mm, 𝑅 = 1mm, 𝑟 = 1mm; (b) SUS304 with
𝑡 = 1.2mm, 𝑉 = 12mm, 𝑅 = 0.6mm, 𝑟 = 1mm; (c) DP600 with 𝑡 = 1.4mm, 𝑉 = 12mm, 𝑅 = 0.6mm, 𝑟 = 1mm; (d) DC06 with 𝑡 = 2mm,
𝑉 = 24mm, 𝑅 = 1.2mm, 𝑟 = 1.2mm; (e) B340LA with 𝑡 = 3mm, 𝑉 = 30mm, 𝑅 = 1.5mm, 𝑟 = 1.5mm; and (f) 6111-T4 with 𝑡 = 4mm,
𝑉 = 30mm, 𝑅 = 1mm, 𝑟 = 2mm.
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Figure 12: Comparison of BPNN-Spline and experiment: (a) B340LA with 1.4mm thickness; (b) DP600 with 1.8mm thickness.
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