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Abstract: There is a time-dependent springback phenomenon seen during the process of the bending-
straightening of slender shafts, which has a great influence on the evaluation of straightness after
straightening, creating a risk of misjudgment. This paper presents a dynamic evaluation method of
straightness considering time-dependent springback in the bending-straightening process. Firstly,
based on viscoelastic mechanics and bending-straightening, the influencing factors of time-dependent
springback were analyzed on the basis of certain assumptions, including straightening stroke Jc,
fulcrum distance L, instantaneous springback ¢, straightening time t;, and straightening force Fy;qx.
As the main part of the proposed dynamic evaluation method, the GA-BP neural network is used
to establish a model for fast prediction of time-dependent springback in straightening, and it is
compared with the linear regression model. The maximum prediction error of the GA-BP model
was 0.0038 mm, which was much lower than that of the regression model, at 0.014 mm. The root
mean square error (RMSE) of the GA-BP model was 0.0042, and that of the regression model was
0.0098. Finally, the effectiveness of the dynamic straightness evaluation method considering time-
dependent springback is verified by experiments. Finally, the sensitivity and relative importance of
the influencing factors are analyzed, and the order is ¢ > ts > Fuax > L > 6.

Keywords: bending-straightening; time-dependent springback; straightness; GA-BP neural network

1. Introduction

As an important part of support and transmission, a bar workpiece is widely used in
mechanical products. The straightness of the bar workpiece not only affects the accuracy
of assembly but also affects the performance of the equipment. Thus, improving the
straightness of the bar workpiece has been widely studied [1]. At present, straightening is
an effective method to improve the straightness of rod parts. Straightening methods are
divided into the following categories: roller straightening, stretching straightening, and
bending-straightening, among others. Bending-straightening is widely used due to its high
precision and suitability for various sections of the workpiece [2].

The basic principle of bending-straightening is to make reverse the bending of the
workpiece and produce elastic-plastic deformation. After the force is removed, the work-
piece bounces back, finally having the straightness of the workpiece meet certain require-
ments [3]. When straightening begins, the shaft is placed on two support blocks, usually at
the midpoint of the two blocks where the deflection of the shaft is greatest, and the position
of the straightening load is also at this midpoint [4,5]. When the initial deflection Jy at
the midpoint is measured, the straightening system calculates the straightening stroke éc.
When straightening is complete, the instantaneous springback of the midpoint of the shaft
is Jp. If Equation (1) is satisfied, the straightness of the shaft meets the requirements.

|6c — Oy — 00| < Straightness requirement (1)
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Research on bending-straightening has been developing for many years. Li et al. [6] es-
tablished a load-deflection bending-straightening model, studied the relationship between
the load and deflection, and finally verified the validity of the model through finite element
simulation and experiments. Zhao et al. [7] developed a one-time leveling control strategy
for multi-point bending and proposed a method to obtain the corresponding straightening
parameters by discretization and linearization of theoretical torque curves. They also intro-
duced load-correction coefficients. Finally, the validity of the proposed method was verified
by finite element analysis and experiments. Mao et al. [8] proposed a bending-straightening
algorithm for seamless welded rail. The bending-straightening model was established
by simplifying the section. In order to reduce the error caused by section simplification,
the shape compensation coefficient was introduced, and the effectiveness of the proposed
algorithm was verified through experiments.

Although there have been many studies on bending-straightening, in the process
of developing a straightening machine, we found that, for slender shafts, there is a time-
dependent springback phenomenon seen in the straightening process. Specifically, when
the straightening actuator is separated from the shaft, the shaft will continue to spring
back slowly; this has not been reported in the field of straightening. In Figure 1, J; is the
time-dependent springback.

After Instantaneous Springback
(Time - dependent Springback
begins)

After time — dependent
springback

t—
L

- - — —-1< Before
springback

A

Figure 1. Bending-straightening principle.

To date, some scholars have carried out research on time-dependent springback in
other fields. Lim H et al. [9] conducted draw-bend tests on different types of high-strength
steel, and the time-dependent springback angle reached saturation after about one day.
Sun and E. [10] conducted a uniaxial tensile test on AC170PX aluminum alloy and studied
the time-dependent springback of the sample under different tensile and strain rates. They
found that the time-dependent springback was related to both rates.

The finite element method (FEM) is an effective tool, often used for various types
of research, and the development of this approach is becoming increasingly refined. For
example, Pinnola F P et al. [11] studied the bending behavior of straight elastic beam
systems with different scales by using the stress-driven, non-local, continuum mechanics
method, and developed an effective calculation method based on a non-local, two-node,
finite element method. At present, the finite element method is mainly used in the pre-
diction of time-dependent springback. Liu and E [12] used this method to predict the
time-dependent springback of 1Cr18Ni9Ti stainless steel tubes. They adopted the one-
dimensional idealization of the two-layer viscoelastic model [13], fitted the parameters of
the model by uniaxial tensile testing, and then used finite element software to predict the
time-dependent springback. The predicted results are close to the experimental values.
Fu and E [14] adopted creep theory and then used finite element software for prediction.
The prediction result was small, and the adjustment coefficient was introduced to make
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the prediction result close to the experimental value. Li et al. [15] used creep theory and
a viscoelastic model to predict the time-dependent springback of high-strength titanium
tubular materials.

However, straightening is different from other processing methods, and the processing
parameters are not the same. Secondly, although the finite element method generates
results close to experimental values, they still have a large error due to the idealization of
material parameters. Moreover, the finite element method is time-consuming and cannot
be directly used in engineering applications.

There are few studies on the mathematical model of time-dependent springback. Using
the theory of viscoelasticity, Sun [16] predicted the time-dependent springback of DP600
under uniaxial tension. The predicted result was close to the experimental value and could
well reflect the springback law. However, elastic-plastic deformation is involved in the
straightening process, the mechanism of time-dependent springback is very complicated,
and it is difficult to establish a mathematical model.

Although less attention is paid to time-dependent springback in the field of straight-
ening, we found that the time-dependent springback had a great impact on the straight-
ness evaluation of the slender shaft after straightening when we developed the straight-
ening equipment. Considering the efficiency of straightening, a key procedure after
straightening—the evaluation of the straightness of the shaft—will be carried out im-
mediately after straightening. We connect the ends of the shaft as a reference. As shown
in Figure 2, we define the deflection value of the shaft as negative when the position
of maximum deflection is lower than the reference, and positive when it is higher than
the reference. Range (@ is the evaluation standard without considering time-dependent
springback. When the maximum deflection of the shaft is in range (D, the straightness error
of the shaft can be judged to meet the requirements. However, after straightening, there
will be time-dependent springback in the shaft, which makes the evaluation of straightness
after straightening risky. After straightening, for example, when the straightness error of
the shaft is in range (2), it is qualified without considering time-dependent springback, but
time-dependent springback ultimately causes the straightness error of the shaft to exceed
range (D). Thus, the straightness error does not meet the straightness requirements, and
there will be B risk. If the straightness error of the shaft is in the range (3, it means the
shaft is unqualified without considering time-dependent springback. However, due to the
existence of time-dependent springback, the maximum deflection of the shaft is eventually
within range (1), and the straightness error of the shaft finally meets the requirements. So,
there is « risk. Therefore, the motivation of this paper is to propose a dynamic evaluation
method of straightness considering time-dependent springback so as to reduce the two
types of risk.

Therefore, understanding how to reduce the risk of straightness evaluation is crit-
ical. The key problem in this regard is determining the dynamic acceptability limit of
straightness, and the key problem in determining this acceptability limit is predicting the
time-dependent springback.

According to the literature review, there is no good method to predict the time-
dependent springback at present, and it cannot be directly applied in engineering projects.
However, machine learning [17-19] methods are a better choice for predicting time-
dependent springback. In particular, the BP neural network is widely used in this regard.
Liu et al. [20] used a BP neural network to predict the farthest distance and maximum
velocity of flame propagation and achieved good prediction results. Wang et al. [21] estab-
lished a short-term solar irradiance prediction model based on the BP neural network and
time series and verified its validity through simulation results. Liu et al. [22] established a
dynamic prediction model for the operating parameters of a nuclear power plant using a
back-propagation neural network, and the verification results show that the model has high
accuracy. However, the BP neural network has disadvantages such as slow learning speed
and ease of falling into local minimum [23,24]. The genetic algorithm (GA) [25,26] has the
ability of global searching and can make up for the shortcomings of the BP neural network.
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The GA-BP algorithm is also widely used in prediction and has achieved good prediction
results. Yao et al. [27] used a BP neural network optimized by the genetic algorithm to
predict the foreclosure property market trend during the pandemic, providing an effective
method for predicting housing prices. Wang et al. [28] used a wind-speed prediction model
based on improved empirical mode decomposition and the GA-BP neural network method
and verified the accuracy of the model with MATLAB. The results were relatively accurate.
He et al. [29] established a prediction model for mold breakout prediction in slab continu-
ous casting based on the GA-BP neural network and logic rules, and the prediction accuracy
reached 100%. According to our literature survey, there is no relevant research that applies
the GA-BP algorithm to the prediction of time-dependent springback in the straightening
process. In this paper, the GA-BP algorithm is used to predict the time-dependent spring-
back, offering a new idea for the research of time-dependent springback in straightening.
However, as the model input is a key factor affecting the accuracy of the algorithm, no one
has explored the influencing factors in the straightening process, which is also an important
contribution of our paper.

——_Time-___
dependent
springback
Direction of
___________ straightening
Acceptability ﬁ
limit |
___________ Direction of
@ time-dependent
\ springback
Time-
dependent
springback

Figure 2. Principles of straightness evaluation and the risk of misjudgment.

Based on the above analysis, the purpose of this paper is to identify the factors
affecting time-dependent springback in the process of straightening on the basis of mech-
anism analysis. We also propose a dynamic straightness-evaluation method considering
time-dependent springback. The experimental results show that the genetic algorithm
has high prediction accuracy and that the proposed method can effectively reduce the
risk of misjudgment.

The innovative work of this paper is as follows: (1) Since there is no relevant research
on the phenomenon of time-dependent springback in the process of straightening, there has
been no systematic analysis of its influencing factors. So, based on bending-straightening
and viscoelastic mechanics, influencing factors affecting time-dependent springback are
analyzed on the basis of making certain assumptions. (2) Due to the phenomenon of
time-dependent springback, there is a risk of misjudgment in the evaluation of straightness
after straightening, so a dynamic evaluation method of straightness is proposed. Based on
the GA-BP algorithm, a model to predict the time-dependent springback in straightening is
established and compared with the linear regression model. Finally, the dynamic evaluation
method of straightness is verified experimentally. (3) In order to explore the contribution of
different influencing factors to time-dependent springback, the importance and sensitivity
of said factors are analyzed.



Machines 2022, 10, 345

50f24

Oo

The chapters of this paper are arranged as follows: Section 2 analyzes the influencing
factors of time-dependent springback in straightening; Section 3 proposes a dynamic
evaluation method of straightness based on Section 2; In Section 4, the dynamic evaluation
method is verified experimentally; Section 5 analyzes the sensitivity and importance of the
influencing factors; Section 6 presents the conclusion.

2. Analysis of Influencing Factors of Time-Dependent Springback Based on
Mechanism Analysis

It is worth mentioning that the constitutive model of time-dependent springback is
difficult to establish. The purpose of this section is to identify the parameters affecting
time-dependent springback as far as possible through mechanism analysis on the premise
of making certain assumptions. Thus, we aim to establish a model to quickly predict
time-dependent springback based on GA-BP.

Figure 3 shows the Kelvin model, which is used in this paper to analyze the influencing
factors of time-dependent springback. E is the elastic modulus of the material, # is the
viscosity parameter of the material. oy is the stress of the model, and o7 is the stress of the
elastic element, and 07 is the stress of the viscous element.

O1 E

A

O2 T]

Figure 3. Kelvin model.

Assuming that constant stress oo H(t) is loaded at f = 0, where f is the time calculated
from the loading start time, H(#) is unit step function

H(t):{éﬁig @

The following relationship exists, where ¢ is the strain of the model and ¢ is the strain
rate of the model.
09 =01+ 0 = Ee +1¢ 3)

The creep model of the Kelvin model can be obtained.

e(t) = % (l - e*%) 4)
where,
r=1 5)

E

The creep compliance J(t) of the Kelvin model can then be obtained.

J0)=g(1-c%) ©)

Figure 4 is the schematic diagram of shaft straightening loading.
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Figure 4. Diagram of straightening load deformation.

When straightening, the load is usually carried in the middle of the two fulcrums.
From material mechanics, we know that in the elastic bending stage, the relationship
between deflection J and force F in the middle of the two fulcrums can be expressed
as follows: o

= ¢El @)
where I is the inertia moment of the workpiece and [ is half the fulcrum distance. According
to the corresponding principle of elasticity and viscoelasticity [30], when the shaft is
subjected to a step force F x H(t), the deflection of the shaft can be expressed as follows:

FI? FI? '
o=t == (1-e77) ®)

Figure 5 shows the changes in force and deflection during the straightening process.
éc is the straightening stroke and J; is instantaneous springback. In the loading stage, the
shaft will first undergo elastic bending and then undergo elastic—plastic bending, and then
the unloading process is elastic deformation. Phase 1 (loading procedure) can be expressed
as follows:

F = f1(0) )

F 4

Fmax

dc

| )
Ob

Figure 5. Diagram of force and displacement changes during straightening.

A 4
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Phase 2 (unloading procedure) can be expressed as follows:

F= f2(9) (10)

The loading history (Figure 6) of the shaft can be obtained from Phase 1 can be
expressed as follows:

F=f() (11)

F 4

Fmax
dF 1

dt 2

A 4

@ t1 t

Figure 6. Straightening history diagram of the shaft.

Phase 2 can be expressed as follows:

F=fi(t) (12)
If the loading speed of the straightening actuator is v,

=0ty teth

- - (13)

(1) Straightening loading stage

Equation (6) is only suitable for elastic bending, but not for elastic—plastic bending.
Due to the complex mechanism of viscous behavior in elastic—plastic bending, in order to
analyze the influencing factors, we make the following assumptions:

As shown in Figure 6, t; is the end time of straightening loading, and ¢, is the end
time of straightening unloading. The force in the loading stage is divided into countless
dF x H(¢), and then during the dt period, we think of the shaft as viscoelastic bending, in
which the elasticity modulus E and the viscosity coefficient # vary in equal proportion, that
is, T is constant.

According to the Boltzmann accumulate principle [26], we can obtain the following:

51(8) = BP0 + [y 51t — ) x $dg =

(14)
13 1 t (@) _t
—§%1(1—e T)+ i+ L) (1—e r)dg00<q0<t1

where Fy = f1(0) = 0, and

6I 1 dF  dF ir  f(e)

ﬁxm_% dvp) oxde v (15

Substituting Equation (15) into Equation (14), we can obtain the following:
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_RPB _t E (o) _t=p ot _t
51(t)—@(1—e )—i— va/((P)(l—e )dgo-/()v(l—e >dq)0<g0<t1 (16)
; - :
51(1‘):/0 v(l—etﬁ,)d(p—éc—vr(e;g—l)eio<(p<t1 (17)

where ¢ is also the time calculated from the loading start time.
(2) Straightening unloading stage

We can think of the unloading phase as reverse loading [31], with the force increasing
linearly from O to Fy4x. Then, the deflection of straightening unloading stage can be
expressed as follows:

Sc+9,

5(t) = : Uﬁgg: (1 - e_t%q))dq) = /‘Lc ’ U(l - e_t%q))dq)ﬁ <p<t (18)

Therefore, the deflection change throughout the whole straightening process can be
expressed as follows:

5(8) = &() +61(t) = (8p +6¢) — vr(eécvtéb — 1>€_i th < t (19)

Thus, time-dependent springback can be expressed as follows:

[ ) Sc+6p
() —6(tp) = vt <e o _ 1) <e o _ e;> th <t (20)

However, there is a problem. Since the time-dependent springback analytical model
is derived according to the creep model, during the straightening process of loading, we
control the displacement of the straightening actuator precisely, which will inevitably
generate errors. At the same time, the derivation process of the model also made some
assumptions. Considering the effect of error compensation, we use Equation (21) to express
time-dependent springback.

5(t) — 8(0) = ot (edcvf” - 1) (1 - e—%) (21)

When evaluating straightness, we focus on the time-dependent springback after satu-
ration, not the springback process itself. When ¢t —«, és is the saturation time-dependent

springback.
Sc+oy
Ots = UT (e T — 1) (22)

It can be seen from Equation (22) that, on the premise that the loading history of the
straightening is determined, time-dependent springback is related to the straightening
actuator speed v, straightening stroke dc, unloading stroke ¢;,, and viscoelastic parameter
7. The straightening actuator speed v is related to the straightening time (time of the
shaft-bending deformation process), t;. Therefore, we can preliminarily screen out the three
influencing factors J¢, dp, and t;.

According to the bending-straightening theoretical model [2,32], material parameters
and fulcrum distance L will affect the loading history of straightening. As can be seen
between Equations (7) and (12), T also affects the straightening loading history. As shown
in Figure 6, the straightening loading history is closely related to force and t;.

Since material parameters cannot be obtained in real time, but related physical pa-
rameters affected by material parameters can be, after comprehensive evaluation, in order
to establish the fast prediction model of time-dependent springback, the following are
selected as the influencing factors: é¢, dy, ts, L, and Fyax.
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3. Dynamic Method for Evaluation of Straightness Considering
Time-Dependent Springback

3.1. Principle of Method for Dynamic Evaluation of Straightness

Based on the above analysis, a method for the dynamic evaluation of straightness is
proposed.

Figure 7 shows the structure of the straightening actuator of the self-made straight-
ening machine. The pressure head can detect separation and contact with the shaft, the
force sensor can detect the straightening force in real-time, and the grating ruler can detect
the displacement of the pressure head. The grating displacement sensor collects data on
time-dependent springback, and it does not exist in the normal straightening process.

Straightening actuator \ __, Grating

ruler

Force sensor «—

Pressure head

shaft

A A

Grating displacement

sensor

Figure 7. Self-made straightening equipment and experimental equipment.

As shown in Figure 8a, during straightening, the pressure head first detects contact
with the shaft. At this time, the system records the position information S; of the grating
ruler and time fp. When the straightening load is complete, the system records the position
information Sy of the grating ruler and time f;, as well as the force value Fy;;y. Then,
straightening and unloading begin, and when the pressure head is determined to be
separated from the shaft, the system records the position information Ss of the grating ruler
and time 5.

These parameters can be obtained in real-time. At this point, as shown in Figure 8b, the
influencing factors analyzed in Section 2 are taken as input in real-time, and saturation time-
dependent springback ;s is predicted through the prediction model of time-dependent
springback in real-time. Then, the acceptability limit of straightness can be directly obtained
as follows:

(Upper deviation of straightnes(Ud) — ;s, Lower deviation of straightness(Ld) — s).

The control system can then evaluate the straightening effect according to the accept-
ability limit in real-time. Therefore, the most critical problem is establishing the prediction
model of time-dependent springback.
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Pressure head Grating ruler
.. PLC records ts=|tr-to)
detected contact — records position time o s
with shaft information S: '

1 ob=153-S2

Straightening Grating ru.le_'.r PLC records bc=152-511
load completod — records position (+ time t: and
plete information 52 Fmax L
Fressure head
detected Grating ruler Ermax
separation from | records position PLE rec?rds
shaft information 53 tme &2

(@) (b)

Figure 8. (a) Data collection strategies for input variables; (b) The prediction model of the dynamic
acceptability limit of straightness.

3.2. Time-Dependent-Springback Prediction Model Based on GA-BP Neural Network
3.2.1. BP Neural Network Prediction Model

The BP neural network is a typical feedforward neural network, which can approxi-
mate the nonlinear continuous functions with arbitrary precision. In this paper, a three-layer
(including input layer) neural network is selected to establish the prediction model. Ac-
cording to the previous analysis, there are five main parameters that affect time-dependent
springback. Therefore, there are five nodes in the input layer, namely, straightening stroke
dc, straightening force Fy,y, straightening time t;, fulcrum distance L, and instantaneous
springback stroke J;. The output is saturated with time-dependent springback &ys.

The transfer function between the input layer and the hidden layer adopts a sigmoid
function. This is expressed as follows:

e* —e "

eX +e ¥

filx) =

(23)

The transfer function between the output layer and the hidden layer adopts a purelin
function. This expressed as follows:

fo(x) =x (24)

Therefore, the prediction model can be expressed as follows:

Ot = fz{wz X f1 [w1 X (ts,0p,0¢, L, Fyax) " + bl} + bz} (25)

where wy is the weight matrix from the input layer to the hidden layer, w, is the weight
matrix from the hidden layer to the output layer, and b; and b, are threshold matrices of
the hidden layer and output layer.

The number of nodes in the hidden layer has an important influence on the perfor-
mance of the prediction model, and there is no relevant theory regarding the selection of
the number of nodes in the hidden layer. The selection can be based on empirical formulas.

h=+vm+n+a
h = log, m (26)

h=+/mn
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where h, m and n are the number of nodes in the hidden layer, the number of nodes in the
input layer, and the number of nodes in the output layer, respectively, and a is a constant
from 1 to 10. Thus, the number of nodes of the hidden layer is 3-13.

In this paper, the performance evaluation function of the BP neural network is the
root mean square error (RMSE). The maximum number of training points is 1000, and
the learning rate is 0.01, setting the training accuracy at 0.001. The Levenberg-Marquardt
algorithm is used for network training.

However, the BP neural network also has disadvantages, including the fact that the
weight and deviation of the network easily fall into the local minimum value, and there
is no possibility for global searching. Thus, this paper uses the genetic algorithm (GA) to
optimize the BP neural network.

3.2.2. BP Neural Network was Optimized by GA

The genetic algorithm (GA) simulates the genetic evolution process of organisms in
nature and has the advantage of global searching for optimal values, which can make up for
the disadvantage of the BP neural network in terms of easily falling into a local minimum
value. The process of BP neural network optimization by GA is shown in Figure 9.

Qutput prediction
results

e e i e e iy I ___________________
| . . b BP neural |
| Genetic Algorithm : I S :
Date input : : Determine the structure :
P . | | of BP neural network I
i [ Threshold and weight I i :
i |
Data esiding I : Initialize weights and :
- | |
preprocessing = SBPandT % : : thresholds :
: error of output as I : :
- I
: f].th’l‘l.ess I : J Get optimized weights :
: L] : I and thresholds |
| Choose : : :
’ 1 - |
: | | Calculation error Mol
I Cross : : :
I
! |
: l | : Update weights and :
: Mutation : : thresholds |
| - '
| |
: l I : :
: . l
| | | |
| P! |
| I g |
| |+ !
| P |
| |
: |
| |
| |

Figure 9. Optimization process of BP neural network by genetic algorithm.

1. Firstly, the structure of the BP neural network is determined;

2. The population is initialized, and then the weights and thresholds of the BP neural

network are coded;

Populations are selected, crossed, and mutated;

4.  The fitness values, f are calculated to determine the fitness of individuals in a popula-
tion. In this paper, the root mean square error (RMSE) of the predicted output and

@
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the target output of the BP neural network is selected as the fitness function, and the
calculation formula is as follows: #; is target output, y; is prediction output;

= w0y @)

5. We judge whether the stop condition of the GA algorithm is met. If so, the weight
and threshold values after optimization are passed to the BP neural network. If the
stop condition is not met, steps 3-5 is repeated.

3.3. Experimental Data Collection

In this paper, the shaft, which is commonly used by relevant enterprises, is a regular
hexagonal section shaft; the maximum inner circle diameter is 12 mm; the material is 304
stainless steel.

As shown in Figure 7, in order to collect data on time-dependent springback, a grating
displacement sensor is placed at the midpoint of two fulcrum points below the shaft, and
the displacement information on the grating displacement sensor is collected as soon as
the shaft is separated from the pressure head. The resolution of the displacement sensor is
0.001 mm, and the uncertainty is 0.3 pm.

In the process of bending forming, the greater the bending angle of the titanium tube,
the greater the time-dependent springback angle, and the longer the saturation time of
the time-dependent springback [15]. Thus, in the straightening process, the greater the
straightening stroke ¢, the greater the time-dependent springback and the longer the
saturation time. Therefore, in order to determine the saturation time, the straightening
speed was 20 mm/s, the fulcrum distance L = 665 mm, and the straightening of the stroke
was 30 mm. The experimental results are shown in Figure 10.

mm m Experimental data
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Figure 10. Time-dependent springback experimental data of 10 days.

It can be seen that after 10 days of data collection, the time-dependent springback
essentially reaches saturation, and the small springback amount after that has no great
significance to engineering applications. Therefore, we chose 10 days as the saturation time
for time-dependent springback.

In order to save time during data collection, we performed curve fitting on the data of
the first 4 h from Figure 10 to predict the saturation data after 10 days. Figure 11 shows the
predicted results.
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Figure 11. (a) Curve fitting using four hours of experimental data; (b) Use the fitting curve to predict
the data ten days later.

The fitting curve was compared with the experimental data of 10 days, and the root
mean square error (RMSE) was calculated as follows:

2
Z?:l (]/experiment - ]/predicted)
n

RMSE =

(28)

where Yexperiment 15 the experimental value and ypegicteq 1S the predicted value.

After calculation, the RMSE of the curve fitted with the 4-h experimental data and the
10-day experimental data is 0.003 mm. The saturation data predicted by the curve fitting
after 10 days is 0.317 mm, which is only 0.002 mm different from the experimental value of
0.319 mm. Therefore, in this paper, in order to save on the cost of data collection, only 4 h
of data were collected, and then MATLAB was used for curve fitting to predict saturation
data.

In our straightening equipment, the fulcrum distances are fixed at 475 mm, 570 mm,
665 mm, and 760 mm. Therefore, under the condition that the straightening speed is
20 mm/s, the saturated time-dependent springback data (Tables 1-4) are obtained by
changing the straightening stroke J¢ as follows:

Table 1. Experimental results of fulcrum distance: 475 mm.

dc/mm Fax/N tsls Jp/mm L Ors/mm
3.899 417 0.39 3.870 475 0.02
5.880 630 0.59 5.845 475 0.028
7.858 839 0.78 7.787 475 0.04
9.824 1035 0.97 9.604 475 0.056
11.816 1216 1.16 11.285 475 0.087
13.79 1372 1.33 12.735 475 0.119
15.781 1503 1.47 13.944 475 0.144

17.679 1603 1.63 14.868 475 0.173
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Table 2. Experimental results of fulcrum distance: 570 mm.

dc/mm Fuax/N tsls Jp/mm L Ors/mm
4.879 302 0.49 4.849 570 0.0205
7.843 480 0.78 7.692 570 0.0406
9.804 597 0.97 9.567 570 0.0450
11.768 711 1.16 11.402 570 0.094
13.735 819 1.34 13.121 570 0.128
15.692 913 1.52 14.640 570 0.154
17.677 1002 1.69 16.060 570 0.196
19.643 1080 1.85 17.312 570 0.217

Table 3. Experimental results of fulcrum distance: 665 mm.

dc/mm F,10x/N tsls Jp/mm L Jts/mm
5.976 235 0.6 5.975 665 0.033
8.001 311 0.8 7.921 665 0.041
9.965 384 0.99 9.774 665 0.072
11.970 457 1.18 11.641 665 0.089
13.952 529 1.37 13.460 665 0.120
15.951 600 1.56 15.270 665 0.135
17.971 670 1.75 17.055 665 0.155
19.935 736 1.93 18.723 665 0.187

Table 4. Experimental results of fulcrum distance: 760 mm.

dc/mm Fax/N tsls Jp/mm L Ors/mm
6.474 170 0.65 6.473 760 0.039
8.449 221 0.84 8.397 760 0.053
10.425 271 1.04 10.311 760 0.075
12.372 320 1.23 12.162 760 0.093
14.336 369 1.42 14.007 760 0.110
16.295 416 1.61 15.814 760 0.146
18.269 463 1.8 17.604 760 0.182
20.247 509 1.98 19.356 760 0.205

3.4. The Establishment of Time-Dependent Springback Prediction Model

A total of 32 groups of experimental data were collected, among which 4 groups of
data (Table 5) were used as test sets to verify the generalization ability of the model.

Table 5. Test set data.

dc/mm F/N t/s dp/mm L Jts/mm Sts_pra/mm Error/mm I E%:” 1/%
9.824 1035 0.97 9.604 475 0.056 0.0567 0.0007 0.012
15.692 913 1.52 14.64 570 0.154 0.1552 0.0012 0.008
17.971 670 1.75 17.055 665 0.155 0.157 0.002 0.013
14.336 369 1.42 14.007 760 0.11 0.1138 0.0038 0.035

Before model training, data needed to be normalized. The normalization process was
carried out according to the following formula:

X — Xmin

Xg =
0 Xmax - Xmin

(29)

where Xj is the normalized value, X are the experimental data, X,,;;,, is the minimum value
of the experimental data, and X4y is the maximum value of the experimental data.
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After extensive testing, the number of nodes in the hidden layer is finally determined
to be 8, so the structure of the BP neural network in this paper is 5-8-1.

The individual coding length of the genetic algorithm is 5 x 8 + 8 +9 = 57, the
population number is 20, the crossover rate is 0.4, the mutation rate is 0.1, and the number
of iterations is 200.

Figure 12 shows the iterative process of the genetic algorithm. In around the 20th
generation, the optimal interval between the weight and threshold value of the BP neural
network is found. It can be seen that the genetic algorithm is able to continuously optimize
the BP neural network, and it can compensate for the BP neural network’s disadvantage of
easily falling into a local minimum value. Then, the weights and thresholds are transferred
to the BP neural network for model training.

Fitness curve
0.035 . ; :

0.03

0.025 -

RMSE

0.02 -

0015 T T T T T T T s s s mmm ]

0 50 100 150 200 250
Tterations

Figure 12. Iterative process of genetic algorithm.

Figure 13 shows the training results of the BP neural network optimized by the genetic
algorithm, and the regression value, R, represents the correlation between the output results
and target values.
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Figure 13. GA-BP Neural Network training regression.

The regression values, R, of the training, verification, and test sets were 0.99837,
0.99952, and 0.99959, respectively, and the regression value of the whole set was 0.99867.
This indicates that the correlation between the output value and the target value is high
and that the model is good.

Figure 14 shows the predicted and target values of the test set. They almost coincide.
Figure 15 shows the error between the target value and the prediction value, and Figure 16
shows the percentage error against the target value. As can be seen from the figure, among
the four groups of test data, the maximum error is 0.0038 mm, and the maximum error
percentage is 0.035%. This shows that the BP neural network optimized by the genetic
algorithm has good generalization ability and high prediction accuracy.
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Figure 14. Predicted values of GA-BP and experimental values.

« 1072 Prediction error of BP neural network optimized by GA

-

Error

0.5 ‘ :

1 1.5 2 2.5 3 3.5 4

Sample of test set

Figure 15. Error between predicted value of GA-BP and experimental value.
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Figure 16. Percentage of error between predicted value of GA-BP and experimental value.

3.5. Prediction Model Comparison

In order to further compare the performances of the prediction models, a multiple
linear regression model was used to calculate the predicted values of the test sets. Using
data from the training set and validation set for fitting, the regression model is shown in
Equation (30). The degree of fit (R?) was 0.9759.

dts = 0.0101 + 0.00864 x 5c — 0.00004 X Fypax + 0.49862 x t — 0.04691 x &, — 0.000068 x L (30)

The regression model was used to predict the test set data, and the prediction error and
GA-BP model prediction error are plotted in Figure 17. As can be seen from the figure, the
prediction accuracy of the GA-BP model is much higher than that of the regression model.
The maximum prediction error of the regression model is 0.014 mm, with a maximum error
percentage of 0.127%, much higher than that of the GA-BP model. The RMSE and degree
of fit (R?) are used to further evaluate the accuracy of the prediction models. The formula

for R? is as follows: )
R2 1 Limi1 —y2)

Ty — 1)
where y is the target value, y, is the prediction value, ¥7 is the average of the target value.
Two evaluation indexes were calculated using test set data.

As shown in Table 6, the RMSE of the GA-BP model is 0.0042, and that of the regression
model is 0.0098. The R? of the GA-BP model is 0.9969 and that of the regression model is
0.9416. This shows that the relationship between input variables and output variables is not
a simple linear relationship but a more complex nonlinear one. Furthermore, the GA-BP
neural network has a good nonlinear fitting ability; it can learn the complex relationship
between variables and is more suitable for the prediction of time-dependent springback in
straightening.

(31)
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Figure 17. Comparison of prediction error between GA-BP model and regression model.

Table 6. RMSE and R? of two prediction models.

RMSE R?
GA-BP 0.0042 0.9969
regression model 0.0098 0.9416

At the same time, it also shows that the influencing factors screened in Chapter 2 can
better predict the time-dependent springback. The model is successful.

4. Experimental Verification of Dynamic Evaluation Method of Straightness

In order to verify the effectiveness of the proposed method for the dynamic evaluation
of straightness, an experiment was carried out on self-made straightening equipment.
Through the method proposed in Section 3, data were collected in real-time during the
straightening process, and the GA-BP model was used to predict the saturated time-
dependent springback in real-time. Then, the acceptability limits of straightness were
calculated to dynamically evaluate the straightness after straightening.

Two groups of experiments were carried out. The fulcrum distance was 760 mm, and the
straightening speed was 20 mm/s. The straightness error requirement is 0.15 mm /760 mm.

Experimental data are shown in Table 7. Straightness is measured immediately after
straightening, and then the dynamic evaluation method of straightness is used to evaluate
straightness. Then, 10 days later, the straightness of the shaft was measured again to check
whether the straightness was consistent with the results of the dynamic evaluation method,
so as to verify its effectiveness.
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Table 7. Experiment result.

Number F/N tsls Sc/mm 8p/mm
1 368 1.4 14.34 14.007
2 463 1.8 18.27 17.604
Straightness Predicted¢s/mm Evaluation result Straightness error
error/mm after 10 days/mm
0.134 0.121 No pass 0.261
—0.251 0.168 Pass —0.075

Figure 18 shows the acceptability limits of two groups of experiments. It can be seen
from Table 6 that the straightness error of the first shaft is located in the range (3, and the
system judged that the straightness error was unqualified. Ten days later, the straightness
error was measured again, and it was 0.261 mm /760 mm. Obviously, the straightness error
of the shaft did not meet the requirements of straightness. The second shaft is located
in range (@. Although the straightness error is —0.251 mm/760 mm, the system judged
it to be qualified. Ten days later, the straightness error was measured again, and it was
—0.075 mm /760 mm, meeting the requirement for straightness.

0.15> mm 0.15 mm

0.121 mm{ @ 0.168 mm ©

\0.029 mm -0.018 mm

| Acceptability | Acceptability
limit limit
—0.15 mm —0.15 mm,

0.121 mm @ 0.168 mm ®

/0271 mm /' -0.318 mm

(@) (b)

Figure 18. (a) Acceptability limit after dynamic adjustment for shaft 1; (b) Acceptability limit after
dynamic adjustment for shaft 2.

This proves that the dynamic evaluation method of straightness considering time-
dependent springback proposed in this paper is effective, which can improve the quality of
straightness detection and effectively reduce the risk of misjudgment.

5. Discussion
5.1. The Sensitivity and Relative Importance of Input Variables

In this paper, the prediction method based on the GA-BP neural network is used to
dynamically evaluate straightness. There are five inputs, and each input has a varying
influence on the output. In order to explore the sensitivity and relative importance of the
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input variables, the weight of the neural network and the Garson equation [33,34] is used
to evaluate each variable. The calculation formula is as follows:

zﬁ’;l«ﬂ) x [l >

jm
N- -
I — Yl |w;c;;n |

] ih
N; N wj
Z:kil thzl N; - ih x |wzz1on|
):k:1|wkm

where, [; is the importance of the jth input. Nj, Nj, are the number of nodes of the input
and hidden layers, respectively; w is the weight; i, i, o represent the input layer, hidden
layer, and output layer, respectively.

The weight matrix is derived from the established GA-BP model, and then Equation (30)
is used to calculate the sensitivity and relative importance of the input. The calculation
results are shown in Figure 19.

(32)

Figure 19. Sensitivity and relative importance of input variables.

As can be seen, each input variable has relatively high degrees of importance and
sensitivity. The straightening stroke Jc has the greatest impact, at 25%; second is the
straightening time t;, which is 22%; followed by the straightening force Fy;4x, which is 21%;
the fulcrum distance L, which is 20%; finally, instantaneous rebound Jj, with low sensitivity
and relative importance, is 12%. Thus, the order is 6¢c > ts > Fyuax > L > 6.

5.2. Discussion on Elasto-Viscoplastic Model

We discuss whether the elasto-viscoplastic model is suitable for analyzing the factors af-
fecting time-dependent springback during the straightening process. The elasto-viscoplastic
model can be represented by a spring and a Bingham model, as shown in Figure 20.

When the stress o of the model is less than the yield stress o, the elasto-viscoplastic
model has only elastic deformation. When the stress o of the model is greater than the yield
stress 05 of the material, the Bingham model begins to produce plastic deformation and
viscous properties begin to appear.

Let us consider the straightening process. It is a continuous process, divided into
loading and unloading phases. Unloading is an elastic process, and the bending moment of
the workpiece is zero after unloading. According to the straightening theory, straightening
is directly related to small deformation, and the workpiece will not reverse yield after
unloading [32]. That is, the stress ¢ inside the workpiece is less than the yield stress os.
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Bingham model

| Os

Figure 20. Elasto-viscoplastic model.

In this sense, the elasto-viscoplastic model does not seem to capture the viscosity effect
after straightening unloading. We chose a simpler and more suitable viscoelastic model to
analyze the influencing factors of time-dependent springback in the straightening process,
and it has a good effect.

5.3. Effect of Springback on Straightening Speed

To assure straightening efficiency, straightening is usually evaluated immediately after
straightening. Due to the existence of time-dependent springback, the straightness of the
workpiece changes with the time-dependent springback after straightening. By proposing
a dynamic evaluation method of straightness considering time-dependent springback,
straightness can be evaluated immediately after straightening, avoiding the influence of
time-dependent springback on the straightening speed.

6. Conclusions

In view of the presence of time-dependent springback in straightening, a method
for dynamic evaluation of straightness considering this phenomenon is proposed in this
paper. In view of the lack of relevant studies on this topic, this paper analyzes the factors
influencing this phenomenon on the premise of making certain assumptions based on
viscoelastic mechanics and bending-straightening. This way, we established a fast predic-
tion model for time-dependent springback. Because the constitutive model is difficult to
establish and no one has used machine-learning to predict the time-dependent springback
in straightening before now, this paper uses the GA-BP algorithm to establish a prediction
model, providing a new idea for research within this field. Then, the effectiveness of the
method for dynamic evaluation of straightness considering time-dependent springback is
verified experimentally. Finally, the sensitivity and relative importance of the influencing
factors are analyzed. The following conclusions are drawn:

(1) The influencing factors of time-dependent springback in the straightening process
include straightening stroke J¢, fulcrum distance L, straightening time ¢, straight-
ening force Fy,y, and instantaneous springback J;. These parameters can be used
as the main influencing factors to establish the prediction model of time-dependent
springback;

(2) Based on the GA-BP neural network and taking parameters in conclusion 1 as input,
the time-dependent springback prediction model has high prediction accuracy, with
a maximum error of 0.0038 mm, a maximum relative error of 0.035%, and a RMSE
of 0.0042, which are far lower than those for the linear regression model. The R2
of the GA-BP, 0.9969, is also better than that of the linear regression model. This
indicates that the influencing factors from Conclusion 1 are accurate enough to predict
time-dependent springback and can be used in practical applications;
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(3) The experimental results show that the proposed method can effectively reduce the
two kinds of risks;

(4) Conclusion 1 mentioned the influencing factors of time-dependent springback. Their
relative importance and sensitivity are in the order of 6c > t; > Fax > L > 6.

The influence of the time-dependent springback phenomenon in the straightening
process is not only reflected in the evaluation of straightness but also in the calculation of
straightening stroke. This is the key problem to be solved in our next work.
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