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Abstract: As a new type of third-generation automotive steel with high strength and plasticity,
medium-Mn steel (MMnS) has been widely used in automotive industries for its excellent properties.
In recent years, servo stamping technology for high-strength metal forming is a hot topic due to its
good performance in forming under complex processing conditions, and servo parameters determine
the forming quality. In this paper, experiments considering tensile speed and position where speed
changes (PSC) were carried out on MMnS to investigate the influences of tensile parameters on
mechanical properties including strength and total elongation (TE). The results show that PSC does
not significantly impact total elongation. Initial tensile speed (ITS) and final tensile speed (FTS)
significantly impact the total elongation. The interaction between all tensile parameters can impact
total elongation. Two artificial neural networks, back propagation neural network (BPNN) and radial
basis function neural network (RBFNN), were used to establish analytical models. The results of
supplemental experiment and residual analysis were conducted to verify the accuracy of the analytical
models. The BPNN has a better performance and the analytical model shows that with the increase
of PSC, it has a slight impact on the changes of optimal and minimum total elongation, but the
combinations of tensile parameters to obtain total elongations higher than 40% change significantly.

Keywords: total elongation; medium-Mn steel; servo tensile parameters; artificial neural networks

1. Introduction

Stamping forming of sheet metal is a very significant process for the manufacture of automotive
parts. The sheet metal is formed into the shape of the mold under the pressure of the slide [1–3]. The
traditional stamping process is direct stamping; the slide of the mechanical press is directly stamped to
the mold due to the simple slide motion system. For some complex shape automotive parts, multi-stage
forming has to be performed [4]. However, there are many disadvantages in mechanical stamping
and multi-stage processes. The stress–strain distribution on the sample is not uniform, and the stress
concentration at some locations caused by direct stamping to the mold results in cracking [5]. The
multi-stage process can release the residual restress to a certain extent, which improves the forming
quality, but it has poor flexibility and the investment of mold, equipment, and time costs is enormous.
Servo stamping forming is a new forming technology using a servo press [6,7]; the user-defined
slide motion or other different motion modes can guarantee the sheet metal is optimally loaded in
the stamping process, which solves the problems existing in mechanical stamping. For example,
the automotive side board stamped by mechanical stamping has many cracks, shown in Figure 1a.
However, the development of servo stamping forming provides optimized loading conditions for
stamping, which shows a good performance, shown in Figure 1b.
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Figure 1. Stamping results of an automotive side board. (a) The result of mechanical press; (b) The
result of servo press.

Many researches were focused on servo stamping forming, the V-shaped and U-shaped bending [8–10],
and deep drawing [11–13]. In the process of servo stamping forming, involved parameters are slide
velocity, slide holding time and force, and slide displacement. Among these servo parameters, the slide
speed and the position where speed changes (PSC) play a crucial role in the stamping forming quality.
Hayashi et al. [14] investigated the effect of forming speed on formability of 6000 series Al–Mg–Si
alloy. Their research showed that the formability of aluminum alloy was improved with the increase in
forming rate, and the relation between slide speed and PSC indicated an acceleration effect existed on
the formability. Similar research has been carried out on Al 5182-O by Ju et al. [15]; the results showed
that better part quality could be achieved with a higher forming speed, which could be considered as a
more efficient process in production. Mori et al. [16] performed cold stamping and hot stamping with
different stamping speed on ultra-high-strength steel. The results showed that the application of servo
forming to hot stamping was attractive to improve the formability due to the high speed. However, in
the above research, the setting of the servo stamping parameters basically relied on the experience
level of the technicians, and the determination of related parameters lacked systematic theoretical
guidance and consequently had to be obtained through continuous adjustment.

Medium-Mn steel (MMnS) is a third-generation automotive steel with excellent strength and
plasticity. With the increasing requirement for lightweight and safety in the automotive industry,
MMnS has become a promising steel in the manufacturing industry [17,18]. However, the researches
were mainly focused on micro-structure and on mechanical properties in tensile tests involved no speed
combinations [19–21]. The properties of MMnS under the complex servo parameters mechanism have
not been reported yet. In order to guide the application of MMnS in servo stamping, it is significant to
study the effects of servo parameters on mechanical properties.

In this paper, the servo tensile test is used to study mechanical properties of MMnS under different
initial tensile speed (ITS), final tensile speed (FTS) and PSC parameters. Furthermore, artificial neural
networks and experiments are combined to analyze the influencing rule of servo parameters on
mechanical properties and achieve the optimal tensile parameters.

2. Experimentation

2.1. Materials

In this paper, the MMnS was developed by Central Iron and Steel Research Institute (CISRI) of
China. Its chemical composition is listed in Table 1. The thickness of tested steels was 1.6 mm.
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Table 1. Chemical composition of the tested material (wt.%).

C Mn AL S P Fe

0.1 5.0 0.03 0.02 0.008 Balance

The uniaxial tensile tests were conducted for the MMnS in a universal testing machine. Its
maximum testing speed was 500 m/min. The extensometer was used to measure the material
deformation. The gauge length was 25 mm and the strain value was acquired through conversion of the
corresponding deformation. The tensile samples were designed in accordance with the international
standard [22]. The sample dimension and post-fracture specimen are shown in Figure 2. The tensile
specimen was manufactured along the rolling direction in order to keep the same anisotropy for all
the tests.
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Figure 2. Sample dimension for uniaxial tensile test and post-fracture specimen.

2.2. Determination of Process Parameters

The ranges of servo tensile test parameters of speed and position where speed changes are
determined in this section. To investigate the influence of important parameter speed and PSC on
mechanical properties of MMnS, the speed was designed by the following considerations: First, the
range of tensile speed has to be large due to the high actual stamping speed in the processing of
automotive parts. Second, the tensile speed was selected within the range of the servo press. Therefore,
tensile velocities were selected to be 3 mm/min, 15 mm/min, 75 mm/min, 150 mm/min, and 300 mm/min,
and all tests were repeated three times. The MMnS properties such as tensile strength, yield strength,
and total elongation were obtained from the stress–strain curves.

The test results are shown in Figure 3. The yield strength and ultimate tensile strength of MMnS
were less influenced by the tensile speed, and the total elongation was greatly influenced. With
the increase of tensile speed, the total elongation tended to decrease. It could be seen that the total
elongation tended to be consistent. Considering that the larger total elongation is beneficial to the
formability in actual forming process, 3 mm/min, 15 m/min, and 75 mm/min were selected as the speed
parameters in this paper.

The parameter of PSC is another important parameter. Its selection was based on two conditions.
First, its range had to be as large as possible to facilitate the observation of the influence on total
elongation. Second, after speed changing, FTS had to be executed with a certain amount of deformation.
In Figure 3, it is shown that necking occurred when the deformation reached 7 mm. The successful
sheet metal forming required the deformation to be in the uniformly-deformed region before the
occurrence of necking, so as to avoid excessive thinning of automotive parts and failure of the materials.
Therefore, the maximum PSC value was set as 6 mm. Three position values of 3 mm, 4.5 mm, and
6 mm were designed as experimental parameters.
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Figure 3. Results of the single-speed test. (a) Stress-deformation curve; (b) Engineering stress-strain
curve; (c) Changes of strength; (d) Changes of total elongation.

2.3. Servo Tensile Test Setup

The range of three parameters, including initial tensile speed, final tensile speed, and position
where speed changes (PSC) were designed based on the above investigation. The schematic diagram
of the servo tensile is shown in Figure 4. Eighteen combinations of experimental conditions were
designed and the detailed test conditions are shown in Table 2. In this paper, each experimental
condition was performed three times, therefore, 54 experiments in total were conducted to observe the
variation of total elongation.
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Table 2. The combination of different servo tensile parameters.

Test Initial Tensile Speed
mm/min

Position where Speed Changes
mm

Final Tensile Speed
mm/min

1 3 3 15
2 3 3 75
3 15 3 3
4 15 3 75
5 75 3 3
6 75 3 15
7 3 4.5 15
8 3 4.5 75
9 15 4.5 3

10 15 4.5 75
11 75 4.5 3
12 75 4.5 15
13 3 6 15
14 3 6 75
15 15 6 3
16 15 6 75
17 75 6 3
18 75 6 15

3. Effect of Process Parameters on Elongation

3.1. Servo Tensile Results and Data Analysis

The results of servo tensile tests are shown in the histogram of Figure 5. In order to further analyze
results, there are extra 3 columns of histograms from the single-speed test results in each histogram, so
a total of 9 more columns were added for comparison.
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According to Figure 5, the increase of FTS caused the reduction of total elongation under any
circumstances. From the analysis of vertical direction (ITS 3, 15, and 75 mm/min), the influence of ITS
on total elongation was dependent on the values of PSC and FTS. From the histogram of the same
color, the influence of PSC on the total elongation can be observed, and the cases when ITS and FTS
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were equal are not considered. The total elongation increased with the increase of PSC when ITS was
3 mm/min (green with the deltas of 0.7% and 0.36% and blue with the deltas of 2.74% and 0.81%).
When ITS was 15 mm/min, the total elongation decreased when FTS is 3 mm/min (red with the deltas of
−0.42% and −0.70%). It shows a rise and fall trend when FTS was 75 mm/min (blue with the deltas of
1.6% and −0.45%). When ITS was 75 mm/min, the total elongation maintained a consistent downward
trend (red with deltas of −2.65% and −1.25% and green with deltas of −1.21% and −1.38%). Therefore,
there were three kinds of rules on the tensile total elongation with the increase of PSC.

The overall pattern of tensile parameters influencing the total elongation of MMnS was observed.
To further analyze the influences of servo tensile parameters and their interactions on the total
elongation, analysis of variance (ANOVA) was carried out in the following section.

3.2. Analysis of Variance

ANOVA is a classic method used in experimental and statistical data analysis [23]. It is mainly
taken to explore which factors have a significant impact on the indicators. Here, three analyses
including main effects, interaction plots, as well as ANOVA, are performed for further understanding
the influence of process parameters on the mechanical properties of MMnS.

As shown in the main effects plot in Figure 6a–c, the variation range of total elongation caused
by FTS was larger than those caused by other two parameters. With the increase of ITS or FTS, the
variation of mean total elongation both showed downtrend. PSC had minor influence on elongation.
This result is also confirmed by the rule in servo tensile experiments in Figure 5. According to the
interaction plots in Figure 6d–f, the interaction between ITS and PSC and FTS and PSC showed uptrend
or downtrend, which depended on the value of the slide speed.
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Figure 6. Main effects and interaction plots for total elongation. (a) The main effect of ITS; (b) The
main effect of FTS; (c) The main effect of PSC; (d) The interaction effect between ITS and PSC; (e) The
interaction effect between FTS and PSC; (f) The interaction effect between FTS and ITS.

The ANOVA analysis results of tensile parameters is shown in Table 3, where df is the degrees of
freedom of each factor, Standard deviation square (SS) is the sum of squares of differences between
factor level means and overall mean. Mean square (MS) is defined as SS divided by df, and F is defined
as MS divided by error of MS. The desired level of confidence was considered to be 95%. Values of F
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larger than critical value of F indicates that the correspondent term is significant. The critical value of
F0.95;2,8 is 4.46 and F0.95;4,8 is 3.84. In this case, from data of main effects, FTS had the most prominent
effect on the elongation, followed by ITS. The PSC had the least significant effect on the elongation. As
for the interaction effect, the interaction F value of ITS and position where speed changes was 29.78,
which is slightly greater than the F value of finial tensile speed and position where speed changes,
24.27. The interaction of ITS and FTS also impacted the elongation, but not as significantly as other
combinations. This result is also confirmed by the main and interaction plots shown in Figure 6a–f.

Table 3. ANOVA analysis results.

Source df SS MS F

ITS 2 52.673 26.336 289.4
FTS 2 116.008 58.004 637.4
PSC 2 0.400 0.200 2.2

ITS*FTS 4 2.989 0.747 8.2
ITS*PSC 4 10.834 2.708 29.78
FTS*PSC 4 8.836 2.209 24.27

Error 8 0.726 0.091 –
Total 26 192.465 – –

4. Artificial Neural Network

In this section, two different artificial neural networks were adopted to obtain the calculation
model of total elongation (TE) based on servo tensile parameters and investigate the influences of
tensile parameters on total elongation. The training data of the neural network consisted of 27 groups,
18 of which were from the servo tensile tests, and the other 9 were from single-speed tensile results,
which had the same ITS and FTS at different PSC. The purpose of extra training data were to train the
neural network to obtain an ability to recognize that the elongations were equal when ITS equals FTS.
The training data are shown in Table 4.

Table 4. Data for neural network training.

Test ITS (mm/min) PSC (mm) FTS (mm/min) TE (%)

1 3 3 3 43.15
2 3 3 15 39.88
3 3 3 75 37.01
4 3 4.5 3 43.15
5 3 4.5 15 40.58
6 3 4.5 75 39.75
7 3 6 3 43.15
8 3 6 15 40.94
9 3 6 75 40.56

10 15 3 3 42.33
11 15 3 15 38.13
12 15 3 75 35.96
13 15 4.5 3 41.91
14 15 4.5 15 38.13
15 15 4.5 75 37.56
16 15 6 3 41.21
17 15 6 15 38.13
18 15 6 75 37.11
19 75 3 3 42.92
20 75 3 15 38.22
21 75 3 75 34.81
22 75 4.5 3 40.27
23 75 4.5 15 37.01
24 75 4.5 75 34.81
25 75 6 3 39.02
26 75 6 15 35.63
27 75 6 75 34.81
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4.1. Calculation Model of Total Elongation Based on Servo Tensile Parameters

Artificial neural network (ANN) is a distributed algorithm based on neural network of biology [24].
The advantage of ANN not requiring any explicit formula or calculation model makes itself a very
effective method for this paper. Many scholars have obtained the optimal parameters in different
forming fields by neural networks [25–28]. Research into mechanical properties of MMnS under servo
conditions is at an initial stage and the mechanism is not quite clear. The applications of numerical
simulation and mathematical modeling are limited. In this study, back propagation neural network
(BPNN) and radial basis function neural network (RBFNN) were adopted to predict and analyze the
changes of total elongation in servo tensile tests. The ANN structure of total elongation prediction for
MMnS is shown in Figure 7.
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4.1.1. BPNN and RBFNN Modelling

Back propagation is a multi-layer feedforward neural network, which is characterized by
transferring the signal forward and propagating the error backward. The calculation process is
as follows:

H j = f (
n∑

i=1

wi jxi − a j) j = 1, 2, . . . ,J (1)

whereH j denotes jth output of neurons in the hidden layer, f (·) is the sigmoid transition function, wi j
denotes the weights between the input and hidden layer, a j denotes the threshold between the input
layer and hidden layer. n is the number of neurons in the input layer, and J is the number of neurons
in the hidden layer.

Ok = Φ(

J∑
j=1

w jkH j − bk) k = 1, 2, . . . ,K (2)

where Ok denotes the jth output of neurons in the output layer, Φ(·) denotes the purelin transition
function in the output layer, w jk is the weights between the hidden layer and output layer, bk denotes
the threshold of the output layer, andK is the number of neurons in the output layer.

E =
1
2

K∑
k=1

(rk −Ok)
2 (3)

∆wi j = ηH j
(
1−H j

)
xi

K∑
k=1

w jk(rk −Ok) i = 1, 2, . . . , n j = 1, 2, . . . ,J (4)
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∆a j = ηH j
(
1−H j

) K∑
k=1

w jk(rk −Ok) j = 1, 2, . . . ,J (5)

∆bk = rk −Ok k = 1, 2, . . . ,K (6)

where E denotes the total error of the network, rk is desired output, and η is the learning rate.
RBFNN [29] can model any nonlinear function using a single hidden layer, which eliminates

considerations of determining the number of hidden layer and neurons [30]. The operation of the
output layer was as follows:

Yik = bk +

J∑
j=1

w jkϕ(x, x j) i = 1, 2, . . . , n k = 1, 2, . . . ,K (7)

where n denotes the number of input samples,J denotes the number of neurons in the hidden layer. K
denotes the number of neuron in the output layer. bk is bias, w jk is the weight between the hidden layer
and the output layer. ϕ(x, x j) is the radial basis function, and x j is the jth center of hidden neurons.
The radial basis function used in this paper is given below:

ϕ(x, x j) = exp

−‖x− x j‖

2σ2
j

 j = 1, 2, . . . ,J (8)

where ‖·‖ is the Euclidean norm, and σ j is the width of jth neurons in hidden layer.

4.1.2. Neural Network Setup

The flowchart of RBFNN and BPNN is shown as Figure 8.Materials 2019, 12, x FOR PEER REVIEW  10 of 17 
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Figure 8. Flow chart of RBFNN and BPNN.

Training the RBFNN consisted of two stages. In the first stage, an unsupervised, clustering
algorithm called the k-means algorithm was used. In the second stage, the width of radial basis
function (also called spread) was frequently optimized and the weights between the hidden and output
layers were both determined in a heuristic way. The learning object was 0.01, and the spread was
iterated from 1. BPNN is a universal network, which can approximate the objective function with
desired precision in theory [31]. However, it is found that most of the time, it is difficult to obtain a
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satisfactory network by manually adjusting parameters. The cyclic repetition training by setting the
accuracy requirements of the network is recommended. The number of iterations was set to 100, with
a learning rate of 1% and a learning objective of 0.01. The Levenberg-Marquardt (LM) optimization
algorithm [32] was applied for network training. Data normalization was carried out to eliminate the
difference caused by the data magnitude in each dimension. The results and plots of the distribution
of elongations were obtained in data processing and simulation running Matlab (2018a, MathWorks,
Natick, MA, USA).

4.2. Prediction of Total Elongation by Neural Networks

4.2.1. Comparison of Prediction Results

To verify the accuracy of network training, another 10 groups of parameters were randomly
selected for the servo tensile test, and predicted values of two networks were compared. The
tensile parameters and comparison results are shown in Table 5. The analysis of regression between
experimental values (include the training data) and predicted values is shown in Figure 9.

Table 5. Results and comparison.

Test
ITS

(mm/min)
PSC
(mm)

FTS
(mm/min)

Test Value of TE
%

Predicted Value of BPNN
%

Predicted Value of RBFNN
%

Error

BP RBF

1 10 3.5 75 36.15 37.04 37.34 0.89 1.19
2 10 3.5 50 37.02 37.43 35.56 0.41 1.46
3 3 4 50 38.72 39.35 37.39 0.63 1.33
4 3 4 30 39.55 39.82 38.53 0.27 1.02
5 15 4.5 30 37.80 37.62 35.88 0.18 1.91
6 30 4.5 3 40.32 40.61 38.81 0.29 1.51
7 30 5.0 3 40.50 40.34 38.74 0.16 1.76
8 50 5.0 15 36.32 36.29 35.04 0.03 1.28
9 10 5.5 50 37.68 38.48 35.88 0.8 1.80

10 75 5.5 3 39.97 39.89 39.72 0.08 0.25
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Figure 9. Regression analysis between experimental values and predicted values.

According to Table 5, the predicted error of BPNN and RBFNN was less than 1% and 2%,
respectively. Both of the prediction trends showed a good agreement with the experiment. The overall
error of BPNN was less than RBFNN. In Figure 9, the correlation coefficients R of BPNN and RBFNN
between experimental values and predicted values were 0.978 and 0.920, respectively. The results
of regression analysis show that the correlation between the observed values and the corresponding
predicted values was significant. To further verify the accuracy of the prediction models, a residual
analysis was performed. The residual was defined as:
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ei = yi − ỹi (9)

where yi is experimental total elongation and ỹi is the predicted total elongation. The confidential
residual interval was defined as:

− 2σ̂ < ei < 2σ̂ (10)

where σ̂ is the standard deviation of the residual. It was defined as:

σ̂ =

√√√√ n∑
i=1

e2
i

n− 1
(11)

where n is the number of samples (in this paper n = 37). The prediction model proved accurate only
when all of ei were in the confidential residual interval. Otherwise the model needed adjustment to
reach the requirement. The residual analysis results of BPNN and RBFNN are shown in Figure 10.Materials 2019, 12, x FOR PEER REVIEW  12 of 17 
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For BPNN, the sample mean and standard deviation of the residuals were 0.38 and 0.63, respectively.
The confidential residual interval was between −1.26 and 1.26. For RBFNN, the sample mean and
standard deviation of residuals were 0.82 and 1.01, respectively. The confidential residual interval was
between −2.02 and 2.02. According to above results, all of ei were in confidential residual intervals.
The probability density of the residual was accordance with normal distribution. Both BPNN and
RBFNN were reliable and accurate in predicting the total elongation. However, the error of BPNN
was smaller, the interval was narrower and the correlation coefficient R was higher. Therefore, the
performance of BPNN was better.

4.2.2. Result Analysis

When the PSC is 3, 4, 5, and 6 mm, the distributions of the total elongation along with the ITS and
FTS are shown in Figure 11a–d.
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Colors are used to represent the gradually increasing total elongation in the order of orange, green,
blue, and red. Among them, the dark red area is the optimal area of tensile strength. The optimal
ranges of ITS and FTS for different PSC are presented in Table 6.

Table 6. Optimal and worst range for different position where speed changes (PSC).

PSC
(mm)

Optimal Range for Total Elongation Worst Range for Total Elongation

ITS
(mm/min)

FTS
(mm/min)

Maximum
(%)

ITS
(mm/min)

FTS
(mm/min)

Minimum
(%)

3 3–75 3–17 44.64 25–75 30–75 34.20
4 3–75 3–19 44.05 25–75 25–75 33.89
5 3–25 3–20 44.36 30–75 20–75 33.98
6 3–20 3–25 44.13 35–75 18–75 33.55

1. For 3 mm PSC, the optimal range of ITS was 3–75 mm/min and FTS was 3–17 mm/min. The total
elongation could reach 41% in the optimal range. The maximum total elongation was 44.64%.
Low total elongation was concentrated at ITS of 25–75 mm/min and FTS of 30–75 mm/min. The
minimum total elongation was 34.2%.

2. For 4 mm PSC, the optimal range of ITS was 3–75 mm/min and FTS was 3–25 mm/min. The total
elongation could reach 40% in the optimal range. The maximum total elongation was 44.05%.
Low total elongation was concentrated at ITS of 25–75 mm/min and FTS of 25–75 mm/min. The
minimum total elongation was 34.2%.

3. For 5 mm PSC, the optimal range of ITS was 3–37 mm/min and FTS was 3–32 mm/min. The total
elongation could reach 40% in the optimal range. The maximum total elongation was 44.36%.
Low total elongation was concentrated at ITS of 30–75 mm/min and FTS of 20–75 mm/min. The
minimum total elongation was 34.2%.

4. For 6 mm PSC, the optimal range of ITS was 3–20 mm/min and FTS was 3–25 mm/min. The total
elongation could reach 40% in the optimal range. The maximum total elongation was 44.36%.
Low total elongation was concentrated at ITS of 35–75 mm/min and FTS of 18–75 mm/min. The
minimum total elongation was 34.2%.

According to analysis of the predicted results of servo tensile by the BPNN, the influences of servo
tensile parameters on the total elongation are summarized as below.

• With the increase of PSC, the changes of maximum and minimum total elongations were limited,
but the combinations of servo tensile parameters to obtain a total elongation higher than 40%
changed significantly.

• The variation trend of optimal servo tensile parameters was: with the increase of PSC, the optimal
tensile parameters from higher ITS and lower FTS shifted to lower ITS and higher FTS gradually.

• For 3 and 4 mm PSC, the influence of ITS on total elongation was not significant.

5. Conclusions

In servo tensile tests of MMnS, the influences of tensile parameters on total elongation are
complicated due to the complex servo tensile mechanism. The analysis of main effect plots, interaction
plots, and variance were adopted to study the weight of each servo tensile parameter and their
interaction. The prediction models of BPNN and RBFNN were verified and compared. The analytical
model of BPNN with better performance was used to analyze the detailed impacts of servo tensile
parameters. The following conclusions are presented.

The influence of servo tensile parameters on the mechanical properties of MMnS was mainly
reflected in the total elongation. The impact on yield strength and ultimate tensile strength was not
significant and can be neglected. By controlling the servo tensile parameters, with the premise of
ensuring high strength of MMnS, high plasticity and forming performance could be obtained.
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Three kinds of rules governing the total elongation of MMnS were obtained according to the
value of ITS. The first rule: ITS is small, and as the PSC increases, the total elongation increases.
The second rule: ITS is around 15 mm/min. As the PSC increases, the total elongation may increase
(FTS = 3 mm/min) or decrease (FTS = 75 mm/min). The third rule: ITS is around 75 mm/min, and as
the PSC increases, the total elongation decreases.

BPNN with a better performance was used to further analyze the influences of servo tensile
parameters considering total elongation and stamping time comprehensively. To obtain elongations
higher than 40%, with the increase of PSC, the optimal tensile parameters from any ITS and lower
FTS shifted to lower ITS and higher FTS. The variation of PSC had little impact on the maximum and
minimum total elongation, but significant influence on the combinations of ITS and FTS to obtain a
higher total elongation.
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Formal Analysis, X.C.; Investigation, X.C.; Writing-Original Draft Preparation, X.C.; Writing-Review & Editing,
X.C. and S.H.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Taylor, T.; Clough, A. Critical Review of Automotive Hot-Stamped Sheet Steel from an Industrial Perspective.
Mater. Sci. Technol. (UK) 2018, 34, 809–861. [CrossRef]

2. Karbasian, H.; Tekkaya, A.E. A Review on Hot Stamping. J. Mater. Process. Technol. 2010, 210, 2103–2118.
[CrossRef]

3. Thomas, W.; Oenoki, T.; Altan, T. Process Simulation in Stamping—Recent Applications for Product and
Process Design. J. Mater. Process. Technol. 2000, 98, 232–243. [CrossRef]

4. Zhang, W.Y.; Tor, S.B.; Britton, G.A. Indexing and Retrieval in Case-Based Process Planning for Multi-Stage
Non-Axisymmetric Deep Drawing. Int. J. Adv. Manuf. Technol. 2006, 28, 12–22. [CrossRef]

5. Chang, Y.; Wang, M.; Wang, N.; Li, X.; Wang, C.; Zheng, G.; Ren, D.; Dong, H. Investigation of Forming
Process of the Third-Generation Automotive Medium-Mn Steel Part with Large-Fractioned Metastable
Austenite for High Formability. Mater. Sci. Eng. A 2018, 721, 179–188. [CrossRef]

6. Kawamoto, K.; Ando, H.; Yamamichi, K. Application of Servo Presses to Metal Forming Processes. Procedia
Manuf. 2018, 15, 31–38. [CrossRef]

7. Osakada, K.; Mori, K.; Altan, T.; Groche, P. Mechanical Servo Press Technology for Metal Forming. Cirp Ann.
Manuf. Technol. 2011, 60, 651–672. [CrossRef]

8. Mori, K.; Akita, K.; Abe, Y. Springback Behaviour in Bending of Ultra-High-Strength Steel Sheets Using CNC
Servo Press. Int. J. Mach. Tools Manuf. 2007, 47, 321–325. [CrossRef]

9. Ouakdi, E.H.; Louahdi, R.; Khirani, D.; Tabourot, L. Evaluation of Springback under the Effect of Holding
Force and Die Radius in a Stretch Bending Test. Mater. Des. 2012, 35, 106–112. [CrossRef]

10. Ramezani, M.; Mohd Ripin, Z.; Ahmad, R. Modelling of Kinetic Friction in V-Bending of Ultra-High-Strength
Steel Sheets. Int. J. Adv. Manuf. Technol. 2010, 46, 101–110. [CrossRef]

11. Abbas, M.A.; Milman, R.; Eklund, J.M. Obstacle Avoidance in Real Time with Nonlinear Model Predictive
Control of Autonomous Vehicles Evitement d’obstacle En Temps Réel Avec Une Commande Prédictive Non
Linéaire des Véhicules Autonomes. Can. J. Electr. Comput. Eng. 2017, 40, 12–22.

12. Obermeyer, E.; Majlessi, S. A Review of Recent Advances in the Application of Blank-Holder Force towards
Improving the Forming Limits of Sheet Metal Parts. J. Mater. Process. Technol. 1998, 75, 222–234. [CrossRef]

13. Kriechenbauer, S.; Mauermann, R.; Muller, P. Deep Drawing with Superimposed Low-Frequency Vibrations
on Servo-Screw Presses. Procedia Eng. 2014, 81, 905–913. [CrossRef]

14. Hayashi, H.; Nishimura, H. The Application of Servo Press Machine to Forming of Sheet Metals with Low
Formability. Newtech 2009, 3, 3–10.

15. Ju, L.; Patil, S.; Dykeman, J.; Altan, T. Forming of Al 5182-o in a Servo Press at Room and Elevated
Temperatures. J. Manuf. Sci. Eng. Trans. Asme. 2015, 137, 1–23. [CrossRef]

http://dx.doi.org/10.1080/02670836.2018.1425239
http://dx.doi.org/10.1016/j.jmatprotec.2010.07.019
http://dx.doi.org/10.1016/S0924-0136(99)00204-6
http://dx.doi.org/10.1007/s00170-004-2333-y
http://dx.doi.org/10.1016/j.msea.2018.02.084
http://dx.doi.org/10.1016/j.promfg.2018.07.166
http://dx.doi.org/10.1016/j.cirp.2011.05.007
http://dx.doi.org/10.1016/j.ijmachtools.2006.03.013
http://dx.doi.org/10.1016/j.matdes.2011.09.003
http://dx.doi.org/10.1007/s00170-008-1450-4
http://dx.doi.org/10.1016/S0924-0136(97)00368-3
http://dx.doi.org/10.1016/j.proeng.2014.10.116
http://dx.doi.org/10.1115/1.4030334


Materials 2019, 12, 3793 15 of 15

16. Mori, K. ichiro. Smart Hot Stamping for Ultra-High Strength Steel Parts. 60 Excell. Invent. Met. Form. 2015,
22, 403–408.

17. Hu, B.; He, B.; Cheng, G.; Yen, H.; Huang, M.; Luo, H. Super-High-Strength and Formable Medium Mn Steel
Manufactured by Warm Rolling Process. Acta Mater. 2019, 174, 131–141. [CrossRef]

18. Suh, D.-W.; Kim, S.-J. Medium Mn Transformation-Induced Plasticity Steels: Recent Progress and Challenges.
Scr. Mater. 2017, 126, 63–67. [CrossRef]

19. Callahan, M.; Perlade, A.; Schmitt, J.-H. Interactions of Negative Strain Rate Sensitivity, Martensite
Transformation, and Dynamic Strain Aging in 3rd Generation Advanced High-Strength Steels. Mater.
Sci. Eng. A 2019, 754, 140–151. [CrossRef]

20. Sevsek, S.; Haase, C.; Bleck, W. Strain-Rate-Dependent Deformation Behavior and Mechanical Properties of a
Multi-Phase Medium-Manganese Steel. Metals 2019, 9, 344. [CrossRef]

21. Yang, H.K.; Zhang, Z.J.; Tian, Y.Z.; Zhang, Z.F. Negative to Positive Transition of Strain Rate Sensitivity in
Fe-22Mn-0.6C-x(Al) Twinning-Induced Plasticity Steels. Mater. Sci. Eng. A 2017, 690, 146–157. [CrossRef]

22. ISO. (Standard No. 6892–1) Metallic Materials-Tensile Testing-Part 1: Method of Test at Room Temperature.
Int. Organ. Stand: International organization for standardization Geneva, Switzerland. 2016.

23. Zhao, D.; Ren, D.; Zhao, K.; Pan, S.; Guo, X. Effect of Welding Parameters on Tensile Strength of Ultrasonic
Spot Welded Joints of Aluminum to Steel by Experimentation and Artificial Neural Network. J. Manuf.
Process. 2017, 30, 63–74. [CrossRef]

24. Hornik, K. Approximation Capabilities of Multilayer Feedforward Networks. Neural Netw. 1991, 4, 251–257.
[CrossRef]

25. Kitayama, S.; Koyama, H.; Kawamoto, K.; Miyasaka, T.; Yamamichi, K.; Noda, T. Optimization of Blank Shape
and Segmented Variable Blank Holder Force Trajectories in Deep Drawing Using Sequential Approximate
Optimization. Int. J. Adv. Manuf. Technol. 2017, 91, 1809–1821. [CrossRef]
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