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Abstract: The application of accurate constitutive relation-
ship in finite element simulation would significantly con-
tribute to accurate simulation results, which plays a
critical role in process design and optimization. In this
investigation, the true stress—strain data of 3Cr20Nil0W2
heat-resisting alloy were obtained from a series of isother-
mal compression tests conducted in a wide temperature
range of 1203-1403K and strain rate range of 0.01-10s™
on a Gleeble 1500 testing machine. Then the constitutive
relationship was modeled by an optimally constructed and
well-trained back-propagation artificial neural network
(BP-ANN). The evaluation of the BP-ANN model revealed
that it has admirable performance in characterizing and
predicting the flow behaviors of 3Cr20Nil0W2 heat-resist-
ing alloy. Meanwhile, a comparison between improved
Arrhenius-type constitutive equation and BP-ANN model
shows that the latter has higher accuracy. Consequently,
the developed BP-ANN model was used to predict abun-
dant stress—strain data beyond the limited experimental
conditions and construct the three-dimensional continu-
ous response relationship for temperature, strain rate,
strain, and stress. Finally, the three-dimensional continu-
ous response relationship was applied to the numerical
simulation of isothermal compression tests. The results
show that such constitutive relationship can significantly
promote the accuracy improvement of numerical simula-
tion for hot forming processes.
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Introduction

3Cr20Nil0W2 is a typical austenitic heat-resisting alloy
extensively applied in marine diesel engine exhaust valves
[1, 2] due to its superior corrosion resistance, oxidation
resistance, heat resistance and high strength, creep
strength. However, exactly because of its high strength
and outstanding heat-resistance, it is a hard issue to pro-
cess 3Cr20NilOW2 heat-resisting alloy with conventional
processing methods. Hence, a special hot working technol-
ogy electric upsetting is usually employed to fulfill this
task [2, 3]. During the electric upsetting process, the flow
behaviors of 3Cr20NilOW2 heat-resisting alloy become
extremely complicated due to concomitant hardening and
softening behaviors, which mainly include three metallur-
gical phenomena: dynamic recovery (DRV), dynamic
recrystallization (DRX), and work hardening (WH) [4, 5].
The flow behaviors of material are generally represented
by constitutive relationship, the intrinsic relationship
among the process variables such as stress, strain, strain
rate, and temperature. Constitutive relationship is usually
applied to the numerical computation to predict the defor-
mation behaviors of material [6]. Accurate constitutive
relationship is the premise of reliable numerical computa-
tion results. Therefore, how to accurately describe such
complex relationship has been a problem arousing more
and more attentions.

For decades, numerous researchers have contributed
to three types of constitutive models including phenom-
enological, analytical, and semi-empirical or empirical
ones [7]. The analytical constitutive model has the high-
est computation efficiency and is regarded as the sim-
plest constitutive model. But generally it is difficult to
meet all the assumptions, so this model may fail to pre-
dict the material flow behaviors correctly. The semi-
empirical or empirical constitutive model couples the
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effect of strain rate and temperature but treats strain in
an exclusive way. Usually the effects of strain, strain rate,
and temperature are statistically analyzed in a mutually
exclusive manner from the data collected in measure-
ments or observations. To obtain accurate prediction
results, large amount of experimental data, small regres-
sion tolerance and reliable assumptions must be ensured.
The phenomenological one is a mathematical model with
relatively higher accuracy, but many coefficients in this
model need to be calculated based on the experimental
data. This model requires many computational and
experimental efforts, and its accuracy mainly depends
on the regression tolerance and the formula applicability.

Relative to the previous three types of constitutive
models, an easier and more adaptable modeling
approach, artificial neural network (ANN) has been
rapidly developed in recent years and popularly applied
in material flow behaviors. ANN, which emulates the
structures, mechanisms, and functions of biological
neural networks, has a data-driven black-box structure
[8] and can automatically learn and grasp the laws of
data, even conducted accurate prediction beyond the
data already existing. Explicit professional knowledge
is not so important for the researchers using ANN model,
and the critical work is collecting the data of some
typical examples. Most ANNs contain some different
“learning rules” to modify the weights of the connec-
tions on the basis of the input patterns that it is pre-
sented with. The commonly used learning rules mainly
include the Hebbian rule, delta rule, competitive learn-
ing rule, and anti-Hebbian rule [9], in which the delta
rule is often applied in the most widely and successfully
used ANN called “back-propagation artificial neural net-
work” (BP-ANN). With BP, “learning” is a supervised
process that follows with each cycle through the feed-
forward computation of activations and the backward
propagation of error signals for weight adjustments via
the generalized delta rule [10]. Recently, a lot of efforts
have been spent on the hot deformation behaviors and
constitutive description of several alloys by BP-ANN
model. Liu J etal. [11], Phaniraj M P etal. [12], Mandal
Setal. [13], Lin Y C [14] et al. conducted BP-ANN models
to predict the flow behaviors of high-speed steel, carbon
steels, type 304L stainless steel, 42CrMo steel, etc.
These reports about BP-ANN revealed that BP-ANN is
an effective tool to predict the complex non-linear hot
flow behaviors by self-training to be adaptable to the
material characteristics.

As for 3Cr20Ni10W2 heat-resisting alloy, there are few
reports of the constitutive modeling of the hot flow beha-
viors by BP-ANN. As is known, the stress—strain data
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amount and accuracy input into the finite element (FE)
model have a significant influence on the simulation
accuracy of the hot forming processes. The BP-ANN
meets this request just right since it has not only high
characterization accuracy but also high predictability. In
this work, the stress—strain data for 3Cr20Ni1OW2 heat-
resisting alloy in wide deformation conditions were pre-
dicted by BP-ANN to construct the constitutive relation-
ship with a new style: 3D continuous response
relationship. Such constitutive relationship reflects the
3D continuous response of stress to strain, strain rate,
and temperature in extensive deformation and was exhib-
ited as a 3D continuous interaction space. The 3D con-
tinuous interaction space is digital, which means the
stress values under any temperatures, strain rates, and
strains can be read and accessed as long as the corre-
sponding deformation conditions are within the scope of
this space. The accuracy of such 3D continuous response
relationship is strongly guaranteed by the high accuracy
of BP-ANN model.

This work focused on the 3D continuous response
relationship construction of 3Cr20Ni10W2 heat-resisting
alloy using BP-ANN model and its application in accu-
racy improvement of FE numerical simulation. The core
of the FE model with high accuracy is the accurate
constitutive relationship in wide ranges of temperature,
strain, and strain rate. In this research, this is guaran-
teed by a well-trained BP-ANN model taking tempera-
ture (T), strain rate () and true strain (¢) as the input
variables, and true stress (o) as the output variable.
Those fundamental data used for the training and test
in the BP-ANN model were collected from a series of
isothermal compression tests conducted by a Gleeble
1500 thermo-mechanical simulator. This work put for-
ward a new and accurate representation of constitutive
relationship and provided an ANN-based route to
improve the FE numerical simulation accuracy of hot
forming processes.

Experimental procedures

The detailed chemical compositions of 3Cr20NilO0W2
heat-resisting alloy are as follows (wt. %): Cr 20, Ni
10, W 2, Si 1, C 0.25, and balance Fe. From the raw
material, totally 20 cylinders with diameter of 10 mm
and height of 12mm were machined as the specimens
by wire-electrode cutting. The experimental procedures
of isothermal compression tests formulated according to
ASTM Standard: E209-00 were shown in Figure 1.
According to the schedule, these specimens were firstly
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heated to 1373K and held for 12h in a furnace to
obtained homogenized microstructures. In order to
accurately control the temperature in the test, two K-
type thermocouple wires were welded on the specimen
before the test to record the real-time temperature of the
specimen. Then the specimens were respectively fixed
at the exact center of the anvils on a computer-con-
trolled, servo-hydraulic Gleeble 1500 testing machine,
heated to designated temperatures (1203K, 1253K,
1303 K, 1353K and 1403 K) with a fixed heating rate of
5K/s and kept in these temperatures for 180 s to reduce
anisotropy and eliminate internal temperature
gradients. Subsequently, these specimens were respec-
tively compressed to 40 % height with the strain rates of
0.01s7% 0.1s7Y, 1s! and 10s™ .. After the isothermal
compression tests, the specimens were water quenched
immediately to keep the deformed microstructures at
elevated temperature. In the tests, a computer control
automatic data acquisition system was used to monitor
the experimental data continuously. The recorded nor-
mal stress and normal strain were converted into homo-
logous true stress and true strain according to the
formulae: or=0n(1+¢y) and er=In(1+ey), where gy is
the nominal strain, oy the nominal stress, or the true
stress, and &7 the true strain [6].

Flow behaviors characteristics

The true stress—strain data of 3Cr20Nil0W2 heat-resist-
ing alloy measured by previous isothermal compression
tests were shown in Figure 2. As expected, stress—strain
relationship is highly non-linear, and highly susceptible
to three parameters including temperature, strain, and

> Figure 1: Experimental procedures for the isother-

mal compression tests.

strain rate. By comparison of one stress—strain curve
with another, it can be summarized that the stress
level decreases with temperature increases or strain
rate decreases. This is due to the following facts.
When the strain rate is accelerated, the dislocations
participating in deformation in unit time increase, in
this situation, deformation is unable to be coordinated
duly by dislocation and grain movements, thus, the
multiplication of dislocation push the stress value to a
higher level. The multiplication of dislocation leads to
the improvement of stress level. When raising the defor-
mation temperature level, the heat activation increases
the average kinetic energy in atoms and makes the
atomic diffusion and dislocation movement easier. And
this induces the decrease of stress level. As for each
stress—strain curve, it shows an initial rapid and the
following more and more slow work hardening (WH),
following which two types of stress—strain evolution
exist. In the first case, the stress decreases gradually
after a single peak value, an evidence of dynamic
recrystallization (DRX) softening, which corresponds to
the conditions of 0.01s™" & 1203-1253K, 0.1s™" & 1203~
1303K, 15" & 1203-1353K and 10s™' & 1203-1403K. In
the second case, the stress approximately keeps a
steady state, an evidence of dynamic recovery (DRV)
softening, under the conditions of 0.01s™ & 1303-
1403K, 0.1s™" & 1353-1403K and 1s™' & 1403K. From
the previous descriptions, it can be concluded that the
compression flow behaviors of 3Cr20NilOW2 alloy are
extremely complex and highly non-linear, not only due
to the effects of temperature and strain rate to stress
level, but also due to the evolution characteristics invol-
ving WH, DRX, and DRV indicated in each stress—strain
curve.
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Figure 2: The stress—strain curves of 3Cr20Ni10W2 heat-resisting alloy under different temperatures with the strain rates of (a) 0.01s™,

() 0.157% (c) 1s™* and (d) 1057

Establishment and evaluation
of BP-ANN model

Development of BP-ANN model

Because of the complexity described above, it is a diffi-
cult issue to characterize the flow behaviors accurately. A
BP-ANN model for the isothermal compression flow beha-
viors of 3Cr20NilOW2 heat-resisting alloy in respect of
dependency of strain, strain rate, and temperature, was
developed by taking deformation temperature (T), strain
rate (&) and strain () as input variables, and true stress
(0) as the only output variable [15]. The schematic repre-
sentation of the BP-ANN architecture was shown in
Figure 3. In this network, all the continuous stress—strain
curves measured from the isothermal compression tests
were discrete with a strain interval of 0.01, and the dis-
crete points corresponding to the strain of 0.05-0.9 were
adopted as the primary data of BP-ANN model. The total

1548 discrete data points from the eighteen stress—strain
curves except the two curves corresponding to 1253K &
0.1s7!and 1303 K & 157" were defined as the training data
of the BP-ANN model. And then total 172 data points on
the other two curves were considered as the test data for
the BP-ANN to evaluate of the generalization perfor-
mance, i.e., the adaptability of BP-ANN model to fresh
forming conditions beyond training. Subsequently, the
corresponding 172 experimental data points were picked
out and considered as the reference points for the test
work. The test work would be conducted between the
reference data and the test data.

It is common that the determination of the appro-
priate number of hidden layers and neurons in each
hidden layer is one of the most critical tasks in obtain-
ing an accurate BP-ANN model. It was assumed that the
network structure with one or two hidden layers was
adopted to test respectively, and then the appropriate
number needed to be finally determined through the
appropriate tolerance evaluation between the predicted
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Figure 3: The schematic representation of the BP-ANN architecture.

and experimental data. An indicator of mean square
error (MSE) as eq. (1) [16] was introduced to evaluate
the training performance and the generalization perfor-
mance of the BP-ANN, and accordingly the optimal hid-
den layer number and neuron number would be
determined by comparing the performance of different
networks deriving from different network structure para-
meters. It is noted that smaller MSE-value indicates
better network performance. As for two different net-
work structures, i. e. one or two hidden layers, the rela-
tive MSE plots along with the number of neurons in each
hidden layer were calculated respectively as shown in
Figure 4. The comparison of the MSE plots between the
different network structures in Figure 4 shows that the
structure of two hidden layers induces lower MSE-value
level, and thus it possesses higher generalization per-
formance. Focusing on the cases with two hidden layers,
the MSE-value declines with neuron number increasing,
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Figure 4: The influences of the hidden layer number and neuron
number in each hidden layer on the generalization performance of
the neural network.
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while it appears an inverse trend when the neuron
number is above 9, which indicates that increasing neu-
ron number up till 9 elevates the network performance
significantly. Above all, two hidden layers and 9 neu-
rons in each hidden layer are determined for the final
network architecture.

1 ,
MSE= < " (Ei-P) )
i=1

=]

where E; is an experimental stress value; P; is a predicted
stress value; N is the number of data samples.

It is noteworthy that the numerical values of the
input and output variables distribute in distinct ranges
and even dimensions, which induces the poor conver-
gence speed and prediction accuracy of a BP-ANN
model. Hence, a normalization process for initial true
stress—strain data is essential to ensure the input and
output variables being dimensionless and being in an
approximately same magnitude. In this research, the nor-
malization processing was realized by eq. (2). The coeffi-
cients of 0.05 and 0.25 in eq. (2) are regulating
parameters for the sake of narrowing the magnitude of
the normalized data within O to 0.3. It had been demon-
strated by a trial and error method that such a magnitude
could bring the promotions in convergence speed and
prediction accuracy. Besides, ahead of the normalization
processing, the logarithm style was adopted for the initial
strain rates, which exhibit large magnitude distinction

and may induce considerable errors.
X — 0.95Xmin

Xn =0.05 +0.25* 2
n 1.05Xmax — 0.95Xmin @

in which x is the experimental value of input or output
variable; Xin and xpnay are respectively the minimum and
the maximum values of input and output variable; x, is
the normalization value.

In the present network, transfer functions of the hid-
den layers and the output layer were empirically chosen
as tansig function and purelin function. The training
function and the learning function adopted Trainbr func-
tion and learngd function respectively.

It is well accepted that learning rate directly deter-
mines the revised value of weight in each training cycle,
simultaneously plays an important role in the conver-
gence property of networks. Commonly, a high learning
rate may cause instability in training, while conversely
may get low convergence speed but could keep off the
local least values and approach the true least error.
Consequently, a lower learning rate is usually selected
for better stability and convergence property, and 0.02
was applied in the present network. In addition, the goal
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of training error before anti-normalization processing was
set as 0.0001.

Evaluation of BP-ANN model

To synthetically estimate the prediction capability of BP-
ANN model, two commonly used statistical indicators of
correlation coefficient (R) and average absolute relative
error (AARE) [17], which were expressed as eqs (3) and
(4), were introduced. A high R-value close to 1 illustrates
that the predicted values conform to the experimental
ones well, meanwhile, a low AARE-value close to O indi-
cates that the sum of the errors between the predicted
and experimental values tends to be 0. Thereby, such R
and AARE are expected.

Soi 1 (Ei—E)(P; - P)

R= 3
VEN L E-BPYY (- P
1 P E; .
AARE(%) = Zl 5| 100% %)

in which E and P are respectively experimental value and
predicted value of true stress; E and P are the mean
values of E and P respectively; N is the number of pre-
dicted points.

Using the well-trained BP-ANN model, the true
stress values under experimental conditions which
include the deformation conditions corresponding to
the previous training points and test points were pre-
dicted. After that, the correlation relationships between
the experimental and predicted true stress were
expressed in Figure 5. Each point in Figure 5 takes
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experimental stress and predicted stress as horizontal
and vertical axis respectively. The straight line at 45
degrees from the axes is the best linear fit line. If the
experimental stress is equal to predicted stress, the cor-
responding point would lie on this line. It is clearly
observed that the points in Figure 5, especially the
ones in Figure 5(a), lie very close to the ideal line,
indicating well consistency between the experimental
and predicted results. In addition, the R-values for the
training part and test part are respectively 0.9992 and
0.9981. As stated above, such high values of correlation
coefficient R suggest that the predicted stress values
conform very well to the experimental ones in an alter-
native way. Besides, the AAREs were calculated as well.
The AARE-value deriving from the test part is 1.7948 %,
while that for the training part is merely 0.3314 %. Such
minor errors bode the high accuracy exhibited in the
training and test work by BP-ANN.

The relative error (6) [13] in eq. (5) represents the
percentage error of each predicted stress—strain value
relative to the homologous experimental value, in order
to further and more detailedly evaluate the BP-ANN
model, it was introduced. In the training part, the
relative errors range from -2.92% to 2.809%, and for
the test part their distribution range is from -0.51% to
2.10%. Figure 6 expresses the columnar distribution
maps of the relative errors in the training and test
part. In terms of Figure 6, it is not so difficult to find
that the relative errors, no matter in training or test
part, are within a narrow range of 0 +3%. However, it
is more noteworthy that the most of the §-values are
miraculously concentrated in the vicinity of the ideal
value 0: in the training part, the §-values of 92.8%
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Figure 5: The correlation relationships between the predicted and experimental true stress for the (a) training part and (b) test part.
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points are within the interval of [-1%, 1%], and for the
test part, 48.2% are concentrated in [-1%, 1%)], at the
same time, 94.5% are concentrated in [-1%, 2%].
These results arisen from unbiased statistical data
provide direct evidence that high precision both in
the training and test stage was acquired by the BP-
ANN model.
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where P; is a predicted stress value and E; is homologous

experimental stress value.

Figure 7 shows the stress—strain data predicted by the
BP-ANN model and their comparisons with the initial

experimental curves. Obviously,
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grasp the stress—strain evolution rules precisely, that is, the
stress decreases with temperature increasing or strain rate
decreasing, predictably indicating that the present BP-ANN
model is able to track the work hardening and dynamic
softening regions of 3Cr20NilOW2 heat-resisting alloy.
Moreover, as shown in Figure 7, the predicted points on
the eighteen training curves almost coincide with the
experimental stress—strain curves. Compared with the pre-
dicted points on the training curves, the predicted points on
the test curves of 1253K & 0.1s™! and 1303K & 1s™* have
relatively larger deviations. Nevertheless, the maximum
relative error is merely 2.10 %, a quite acceptable value.
By comparing the predicted and experimental true stress
corresponding to training points and test points, the learn-
ing and generalization capabilities of BP-ANN model were
validated respectively. Conclusively, the present BP-ANN
model has admirable performance in describing and pre-
dicting the true stress of 3Cr20Nil0W2 heat-resisting alloy.

Introduction of the improved Arrhenius-type
constitutive equation

Over the past decades, the Arrhenius-type constitutive
equation, a type of phenomenological constitutive model,
was widely used to describe the constitutive relationship
completely omitting the effect of strain. While, the strain is
a vital parameter in hot forming processes and has a critical
influence on the flow behaviors, especially for those strain
sensing materials. Therefore, the previous Arrhenius-type
constitutive equations often received poor results, until a
revised model taking the influence of strain into account
was put forward and successfully utilized to accurately
describe the deformation behaviors of 42CrMo steel under
high temperature by Lin Y C etal. [16]. Subsequently, this
kind of improved Arrhenius-type constitutive equation was
successfully applied in constitutive relationship descrip-
tions of various materials [18—-20] due to such superiority.

In Ref [21], Quan etal. calculated and reported the
improved Arrhenius-type constitutive equation of
3Cr20Nil0W2 heat-resisting alloy, and it was expressed
in eq. (6).

1 1n{(W>hé>

f(e)
+1 }

where o is flow stress, f(g), g(€), h(¢) and j(¢) are the
polynomial functions of InA, a, n and Q at different

(6)

eexplj(e)/8.317] )ﬁ
f(e)
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Table 1: The polynomial fit results of Q,n, In A and a of 3Cr20Ni10W2
heat-resisting alloy.

Q (K)) n In A a
Bo 1412.935 Co 14.297 Do 130.349 Eo 5.266
B, -15062.484 C, -192.193 D, -1432.610 E, -9.324
B, 132589.938 C, 1673.660 D, 12583.389 E, 52.670
B; -647327.386 (s -8064.572 Dj -61273.071 E; -182.396
Bs 1.864E6 C, 23120.881 D, 176160.403 E, 504.786
Bs -3.258E6 Cs -40386.571 Ds -307513.349 Es -977.292
Bs 3.396E6 Cg 42156.082 Dg 320366.422 E¢, 1166.278
B, -1.942E6 C, -24152.987 D, -183116.203 E, -762.116
Bg 468636.323 (g 5841.327 Dg 44185.280 Eg 210.366

strains, and their expressions were as shown in eq. (7).
The coefficients in eq. (7) were listed in Table 1.

Q=j(g) =By + Bie + By€? + B3&> + B,&* + Bs&® + Bye®
+Bye’ + Bge®
n=h(g) =Co+ Cie+ Co6% + C3&> + C4&* + Cs5€” + Cy®
+Cre” +Cgel
InA=Inf(g) =Dg + D1& + Dy + D3&> + Dy&* + Dse” + De®
+Dy¢e” + Dge®
a=g(e) =Eo + E1& + E>€% + E3€3 + E;&* + Ese® + E¢e®
+E7e” + Ege®

@)

Prediction capability comparison between
the BP-ANN model and Arrhenius-type
constitutive equation

The experimental stress—strain curves and stress—strain
points predicted by the Arrhenius equation were plotted
in Figure 8. It is easy to find that the stress—strain points
predicted by the constitutive equation are in qualitative
agreement with the stress—strain evolution rules. But
relative to the experimental stress—strain curves, these
predicted points appear notable deviations, especially
under the temperature of 1203K and 1253 K. Moreover,
such deviations are significantly larger than the predicted
stress—strain data by BP-ANN model in Figure 7. For the
sake of more intuitive contrast of prediction accuracy
between these two models, the AARE-values and R-values
relative to the experimental true stress were calculated by
eqs (3) and (4). According to the calculation results, it is
manifest that the AARE-value and R-value for the BP-ANN
model are 0.401% and 0.9989, but for the constitutive
equation, they are 4.08 % and 0.995. Lower AARE-value
and higher R-value indicate that the BP-ANN model has
higher accuracy in predicting the true stress of
3Cr20Nil0W2 heat-resisting alloy than the constitutive
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Figure 8: The comparisons between the experimental (curves) and predicted (black circles) true stress by the Arrhenius-type constitutive
equation under the strain rates of (a) 0.01s7%, (b) 0.157%, (c) 1s™* and (d) 10s7%.

equation. It is noteworthy that the experimental data on
the test curves corresponding to 1253K & 0.1s™' and
1303K & 157, which participated in the construction of
constitutive equation, are exactly not involved in the
training data of the BP-ANN model. Even so, the BP-
ANN model still exhibits dramatic predominance, further
proving its superiority in constitutive relationship
description and prediction. Quan etal. have obtained
similar conclusions when constructing the constitutive
relationships of AZ80 magnesium alloy [22]. The reason
why the constitutive equation cannot follow the tracks of
varied true stress so effectively as the BP-ANN model is
that the constitutive equation needs to take the physical
interpretation into account. Yet, on the contrary, the BP-
ANN model can just predict the true stress under different
deformation conditions regardless of the physical inter-
pretation, and the essential tasks are preparing proper
training and test data, afterward developing the optimal
network structure and parameters for the BP-ANN model.

Construction of 3D continuous
response relationship

As stated above, the BP-ANN model is highly reliable and
more accurate than the improved Arrhenius-type constitu-
tive equation. Therefore, due to outstanding generalization
capability of the BP-ANN model, it can undoubtedly be
employed to predict the true stress of 3Cr20NilOW2 heat-
resisting alloy outside of the experimental conditions. In
this investigation, the true stress—strain data under the
temperature range of 1103-1403K, the strain rate range
of 0.01-10s7", as well as the strain range of 0.05-0.9
were predicted. The predicted results were expressed as
three-dimensional continuous response relationship
among strain, strain rate, temperature and stress (illu-
strated in Figure 9). In Figure 9, the X-axis, Y-axis, Z-axis
and V-axis respectively represent deformation tempera-
ture, strain rate, true strain and true stress. The values
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Figure 9: The 3D relationship among temperature, strain rate, strain and stress: (a) 3D continuous interaction space; 3D continuous
response relationship under fixed (b) temperatures, (c) strain rates and (d) strains.

on V-axis, that is, the predicted true stress values under
different deformation conditions are indicated by different
colors. Figure 9(a) is a 3D continuous interaction space, a
global expression of the 3D continuous response relation-
ship. It covers all the deformation conditions and homo-
logous predicted true stress values. Therefore, any true
stress values in the deformation condition scope of 3D
continuous interaction space can be read and accessed
directly. It is also possible to implant the ANN model
into the finite element software by program codes, such
as Msc.Marc [23]. Thus, the software can directly extract
the required stress values and input them into computa-
tion system. Figure 9(b)-(d), which were constructed by
cutting the 3D continuous interaction space into slices
along with the X-axis, Y-axis, Z-axis, respectively inten-
sively reflect the 3D continuous response relationships
under the fixed temperatures, strain rates and strains.

It is well known that the stress—strain data play an
critical role in many studies, such as the DRX kinetics

model [24], processing maps [25], ductile fracture criteria
[26], etc. In these studies, the amount and quality of
stress—strain data have a significant influence on the
research results. Exactly, the 3D continuous response
relationship constructed in this paper can provide abun-
dant and accurate stress—strain data in extensive scope
for the relevant studies on 3Cr20NilOW2 heat-resisting
alloy to guarantee the creditability of research findings.
Beyond that, the 3D continuous response relationship
plays an essential part in finite element method (FEM).
As is known, the stress—strain data are the most funda-
mental data to predict the deformation behaviors of mate-
rials with FEM. On the basis of the 3D continuous
response relationship, it is realizable to perform accurate
numerical simulations of various hot forming processes.
In this way, more reasonable design and optimization of
the process parameters such as the deforming tempera-
ture, the shape of die cavity, deformation velocity, etc.,
can be conducted.
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Application in FEM of BP-ANN model

During hot deformation processes, the materials would
experience extensive temperature and strain rate regions.
Thus, the accurate numerical simulation of hot forming
processes naturally needs a great deal of stress—train
data in wide deformation conditions. However, the mea-
surement of experimental data is undoubtedly a time-
consuming and effort-consuming task. In such situation,
the accurate prediction of stress—strain data outside of
experimental conditions can actually help a lot. In this
investigation, the response relationship among forming
parameters predicted by the well-trained BP-ANN model
were implanted in the finite element solver to simulate
the isothermal compression tests of 3Cr20NilOW2 heat-
resisting alloy under the deformation conditions of 1203 K
& 0.01, 0.1, 1 and 10s™%. The established FE model was
presented in Figure 10. In the FE model, the anvils and
specimen were respectively defined as rigid objects and
plastic object. During the actual isothermal compression
process in Gleeble 1500 test machine, constant tempera-
ture is qualitatively ensured for the specimen, so the heat
transfer and thermal radiation of the specimen with the
anvils and environment as well as the work-heat conver-
sion were ignored in the present FE model. Besides, a
constant shear friction coefficient of 0.1 was set to con-
form to the practical graphite lubricant on the contact
surfaces between the anvils and specimen. To meet the
demand of fixed strain rates, the compression velocity of
the driver anvil (anvil I) was defined according to eq. (8)
[27]. The compression rate was 60 %, which corresponds
to 7.2mm height reduction of the specimen.

Velocity

Anvil 1

Specimen §

Anvil 11

Figure 10: The finite element model for the simulated isothermal
compression tests of 3Cr20Nil0W2 heat-resisting alloy.
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v=hoéexp( - &t) 8)

where v stands for the instantaneous compression
velocity of the driver anvil; h, is the original height of
the specimen, and here hy =12 mm; ¢ is strain rate and ¢ is
the time point.

The effective strain and effective strain rate distribu-
tions of the specimens sectioned along the axial direction
were presented in Figures 11 and 12. From Figure 11, it can
be seen that the deformation of the specimen is inhomo-
geneous due to the friction between the specimen and
anvils. The specimen can be broadly divided into hard
deformation region, small deformation region and severe
deformation region. The friction between the specimen
and anvils and constraint of anvils would significantly
reduce the material flowabilities of the vicinity region of
the end plane, so this region is hard deformation region.
The central region is slightly affected by the friction, and
the extrusion of the hard deformation region would
greatly promote the material flow of this region, thus,
large deformation would occur in the central region and
it is defined as severe deformation region. As for the
vicinity region of the cylindrical surface, it is almost not
affected by the friction and the extrusion of other regions.
The material in this region is roughly in a state of uni-
axial compression, and the deformation degree is
between the ones of hard deformation region and severe
deformation region, so the vicinity region of the cylind-
rical surface is small deformation region. These simula-
tion results are in well agreement with the real
deformation circumstances of the isothermal compres-
sion tests. Besides, the effective strain of the severe defor-
mation regions under the temperature of 1203K and strain
rate of 0.01, 0.1, 1 and 10s ™! are all about 0.92, and the
effective strain rates also reach the corresponding values
of 0.01, 0.1, 1 and 10s™* respectively, which indicate that
the simulated process parameters can actually reflect the
real experimental conditions.

Corresponding to the above simulation experiments
with the predicted stress—strain response relationship by
BP-ANN model, the controlled simulation experiments
using the stress—strain data measured from isothermal
compression tests were also conducted. Subsequently,
the stroke-load curves data were exported from the FE
solver. And the continuously monitored stroke-load
curves by the automatic data acquisition system in the
compression tests are assumed to be the ideal curves. The
comparisons between the simulated stroke-load curves
using different stress—strain data and the ideal curves
were presented in Figure 13. From Figure 13, it is known
that the simulated evolution rules of forming load with
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Figure 11: The effective strain distributions under the temperature of 1203 K and strain rate of (a) 0.01s7%, (b) 0.157%, (c) 1s™* and (d) 10s™™.
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Figure 12: The effective strain rate distributions under the temperature of 1203 K and strain rate of (a) 0.01s7%, (b) 0.157%, (c) 15 and (d) 105~
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Figure 13: Comparisons between the predicted and experimental stroke-load curves under the temperature of 1203 K and strain rates of

(@) 0.0157%, (b) 0.157%, (c) 1s7* and (d) 107~

stroke are approximately in accordance with the experi-
mental ones, indicating that the numerical simulation
can indeed provide some guidance and reference for the
practical processes. However, it is obvious that the pre-
dicted stroke-load curves with the predicted stress—strain
response relationship by BP-ANN model lie more close to
the experimental curves from the global aspect.
Especially when the stroke is above 3 mm, the simulated
stroke-load curves with the experimental stress—strain
data more and more diverge from the ideal curves, but
the ones with predicted stress—strain response relation-
ship by BP-ANN model can track the ideal curves in
relatively high accuracy all along. It is valuable to note
that, when the stroke is below 1mm, all the simulation
results appear relatively larger deviations from the ideal
ones. This lies in the fact that the elastic deformation
stage corresponding to the true strain below 0.05 was
ignored in the stress—strain data or response relationship
imported in FE solver. Nevertheless, such small errors
can be negligible in the most of hot forming processes
with large deformation such as extrusion, forging and

rolling. The above comparison gives the full proof that
the present response relationship constructed by the BP-
ANN model can significantly improve the numerical
simulation accuracy of hot forming processes.

Conclusions

(1) The true stress level of 3Cr20NilOW2 heat-resisting alloy
decreases with increasing temperature or decreasing
strain rate. The true stress varies along with strain highly
non-linearly, which represents the non-linear variation of
the comprehensive effects of different action mechan-
isms including dynamic recrystallization, dynamic recov-
ery and work hardening.

(2) A BP-ANN model taking the deformation temperature
(T), strain rate (¢) and true strain (&) as input variables
and the true stress (o) as output variable was con-
structed for the compression flow behaviors of
3Cr20Nil0W2 heat-resisting alloy. The evaluation via
the indicators of correlation coefficient (R), average
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absolute relative error (AARE) and relative error (6)
revealed that the present BP-ANN model has admir-
able performance in describing and predicting the
flow behaviors. A comparison between the improved
Arrhenius-type constitutive equation and BP-ANN
model shows that the latter has higher prediction
accuracy in predicting the flow behaviors of
3Cr20Nil0W2 heat-resisting alloy.

The three-dimensional continuous response rela-
tionship within the temperature range of 1103-
1403 K, the strain rate range of 0.01-10s7", and the
strain range of 0.05-0.9 was predicted. Such consti-
tutive relationship can provide abundant and accu-
rate stress—strain data in extensive scope for the FE
model of 3Cr20Nil0W2 heat-resisting alloy.

The simulated isothermal compression tests under
the temperature of 1203 K and strain rates of 0.01s7},
0.1s', 1s™! and 10s™" were conducted in the FE
solver. The comparison between the simulated
stroke-load curves based on the experimental
stress—strain data and predicted stress—strain
response relationship revealed the fact that the con-
stitutive relationship constructed by the BP-ANN
model can significantly improve the numerical
simulation accuracy of hot forming processes.
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