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Abstract: The flow behavior of Ti-55511 alloy was studied by hot compression tests at temperatures of 973—1123 K
and strain rates of 0.01—10 s™'. Strain-compensated Arrhenius (SCA) and back-propagation artificial neural network
(BPANN) methods were selected to model the constitutive relationship, and the models were further evaluated by
statistical analysis and cross-validation. The stress—strain data extended by two models were implanted into finite
element to simulate hot compression test. The results indicate that the flow stress is sensitive to deformation
temperature and strain rate, and increases with increasing strain rate and decreasing temperature. Both the SCA model
fitted by quintic polynomial and the BPANN model with 12 neurons can describe the flow behaviors, but the fitting
accuracy of BPANN is higher than that of SCA. Sixteen cross-validation tests also confirm that the BPANN model has
high prediction accuracy. Both models are effective and feasible in simulation, but BPANN model is superior in
accuracy.
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mechanical properties [5]. However, the processing

1 Introduction

Near f titanium alloys such as Ti-55511
(Ti—-5A1-5Mo—5V—1Cr—1Fe) have been widely
used to fabricate some key load-bearing
components in aerospace field due to their high
specific strength, excellent corrosion resistance and
good fracture toughness [1—3]. Thermoplastic
processing is an important technology for
manufacturing high-performance titanium alloy
components with low cost and short cycle [4].
These components are generally processed by hot
forging, which can reduce the plastic deformation
resistance and ensure the good service performance
of final forgings. Hot working changes the
microstructure of titanium alloys by controlling the
processing parameters, thereby changing its

window of titanium alloy is narrow and the
microstructure of titanium alloy is sensitive to
processing parameters [6]. Furthermore, the hot
deformation process involves many physical fields.
It is difficult to adjust the flow behaviors of
titanium alloy due to multi-field coupling.
Therefore, it is imperative to deeply study the hot
flow behaviors of titanium alloys.

The complex flow behavior of Ti-55511 alloy
in the a+p region is the result of competition among
work hardening (WH), dynamic recovery (DRV)
and dynamic recrystallization (DRX) [7,8]. The
macroscopic mechanical response of materials is
closely related to these evolutions [9]. Therefore,
the understanding of flow behaviors under hot
deformation condition is of great significance
to study microstructure evolution. In addition, the
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finite element (FE) simulation as an important tool
for researching and optimizing forging process
is widely used to predict the deformation flow
mode [10]. However, the constitutive model which
can accurately characterize the deformation
behaviors of Ti-55511 alloy and be used for FE
simulation is still limited. Therefore, it is necessary
to establish a constitutive model of Ti-55511 alloy
to make full use of the advanced modeling
technique.

In recent years, many researchers try to build
constitutive models based on experimental data to
accurately describe the hot deformation behaviors
of titanium alloys. The constitutive models can be
divided into three categories: phenomenological,
physical and artificial intelligence models [11]. The
common phenomenological models include parallel
probability model, Johnson—Cook (JC) model and
Arrhenius model [12—14]. The metallurgical
phenomena and deformation mechanisms of
titanium alloy during the hot deformation process
are complicated. Therefore, the establishment
process of physical model is cumbersome,
and the accuracy of the model is difficult to
guarantee [15,16]. The Arrhenius model can
effectively describe the hot deformation behaviors
of titanium alloys. The Arrhenius model is usually
expressed as a hyperbola function of temperature,
strain rate and flow stress [17]. It is shown that the
Arrhenius model should be modified to improve
prediction accuracy by considering the influence of
strain on deformation behaviors [18—21]. XIA
et al [22] and PENG et al [23] constructed a
modified Arrhenius model to predict the flow
behaviors of Ti—6Al1-4V—0.1Ru and as-cast Ti60
alloys. However, this modified model also has some
disadvantages such as low prediction accuracy and

poor generalization ability to new experimental data.

In addition, it is quite cumbersome to modify the
Arrhenius constitutive equation [24]. Artificial
neural network (ANN) as an artificial intelligence
method is very suitable for mapping complex and
nonlinear relations [25]. According to the
experimental data, back-propagation artificial
neural network (BPANN) can effectively train the
model to predict the flow stress of titanium alloys
under other deformation conditions. GAN and
ZHAO [26], CHEN et al [27] and QUAN et al [28]
conducted BPANN models to accurately predict the
flow behaviors of Ti—5Al-5Mo—5V—3Cr—1Zr,

Ti—6Al-3Nb—2Zr—1Mo and Ti—6Al-4V alloys,
respectively.

In this study, the strain compensated Arrhenius
(SCA) model and the BPANN model were
comparatively  investigated to predict the
deformation behaviors of Ti-55511 alloy at high
temperature. Firstly, a series of true stress—strain
data were obtained by isothermal compression tests
in the temperature range of 973—1123 K and the
strain rate range of 0.01-10s', and the
characteristics of hot deformation behaviors were
analyzed according to strain—stress curves.
Secondly, SCA model and BPANN model were
established by using the experimental data,
respectively. The correlation coefficient (R),
average absolute relative error (AARE) and relative
error (0) were used to further evaluate these two
models. Finally, the stress—strain data extended by
two models were implanted into the FE to verify the
validity and reliability of models.

2 Experimental

The as-forged Ti-55511 alloy bar with a
diameter of 300 mm in this investigation was
received from Hunan Gold Sky Titanium Industry
Technology Co. Ltd. (China). The chemical
compositions (wt.%) were 5.20 Al, 4.92 Mo,
496 V, 1.05 Cr, 0.96 Fe and balance Ti. The f
transus temperature was about (1148+5) K. The
compression samples of 410 mm x 15 mm were
machined from the forged bar and mechanically
polished. Before the hot compression tests, the
argon was used to protect the specimens from
oxidation, and the thin graphite sheets and tantalum
sheets were placed between the specimens and
anvils to minimize the friction. The experimental
route is shown in Fig. 1. Firstly, the specimens were

973-1123 K, strain of 0.7

Temperature

0.01-10 s

10 K/s Quenching

Time

Fig. 1 Experimental route for hot compression
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heated to the selected test temperature at a rate of
10 K/s and held for 3 min in order to ensure a
homogeneous temperature distribution. Then, the
hot compression tests were conducted on a
Gleeble—3500 thermal simulator at different
temperatures (973, 1023, 1073 and 1123 K) and
different strain rates (0.01, 0.1, 1 and 10s™). All
specimens were compressed to a deformation
degree of 50% and water quenched immediately.
The true stress—strain curves recorded
automatically.

WeEre

3 Results

3.1 True stress—strain curves

The true stress—strain curves of Ti-55511 alloy
at different temperatures and strain rates
(temperatures of 973, 1023, 1073 and 1123 K, and
strain rates of 0.01, 0.1, 1 and 10 s™") are shown in
Fig. 2. The flow stress is sensitive to deformation
temperature and strain rate, and increases with
increasing strain rate and decreasing deformation
temperature. At high strain rate, the dislocation
accumulation rate is high and the flow softening
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time is limited, which results in the increase of
critical shear stress. High deformation temperature
can accelerate dislocation slipping and climbing,
and then slow down the work hardening. At the
same time, it can reduce the bonding force among
atoms and the critical shear stress of the material. In
addition, the stress—strain curves under different
deformation conditions have similar characteristics.
In the early stage of deformation, the rapid growth
of dislocation density leads to work hardening, and
the stress increases rapidly to the peak stress (o;) in
a very small strain range. With further increasing
the strain, the flow stress curves enter the
continuous softening stage following the peak
stress. Previous researches show that the softening
mechanisms include deformation thermal effect,
DRV, DRX and rheological instability, etc [29].
Subsequently, work hardening and dynamic
softening reach a balance, and the curves enter the
steady state.

3.2 Strain compensated Arrhenius model
SELLARS and MCTEGART [30] proposed a
Arrhenius constitutive equation for high-temperature

500 "(b)

400 _
s 10s7!
% 300
g
; 200
e

0.1s!

<
<

0.01s7!

0 01 02 03 04 05 06 07
True strain
300 Hd)
10s7!
<
[a
=200t
=100}

S 015!

AN V1) &
0.1 02 03 04 05 06 0.7
True strain

Fig. 2 True stress—strain curves of Ti-55511 under different deformation conditions: (a) 973 K; (b) 1023 K; (c) 1073 K;

d) 1123 K
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thermal deformation of alloys, which can describe
the relationship among flow stress, deformation
temperature and strain rate under constant strain.
Furthermore, the effects of temperature and strain
rate on the deformation behaviors are described by
Zener—Hollomon (Z) parameter. The Arrhenius
model can be denoted as [31,32]

Z =¢exp[Q/(RT)] = Af (o)
o™ (ao <0.8)

f(O') =<exp(fo) (oo >1.2)
[sinh(ao)]" (for all o)

(1

where ¢ is the strain rate (s '), T is the absolute
temperature (K), R is the universal gas constant
(8.314 J'mol K™, O is the activation energy
(kJ/mol), o is the flow stress (MPa), 4, n, f and n,
are material constants, and a is the stress exponent
which can be identified as a=p/n;. Equation (1) is
suitable for different stress levels, including low
stress level (00<0.8), high stress level (ao>1.2) and
all stress level.

The flow stress of Ti-55511 alloy under

different hot deformation conditions can be
calculated by
. 1/n
o=l [M} .
a A
. /RT 2/n V2
U: geXp[AQ( )]:| +1:| (2)

To calculate the values of material constants
(n, a, O, A) in the model, natural logarithm is
taken for both sides of Eq. (1). It can be derived that
m=aln é/aln o, f=sln é/a0, and n=sln é/sIn[sinh(ac)].
In addition, the values of QO and InA can be
calculated from Eq. (3) and (4), respectively:

0-R élng dln[sinh(ao)] RS
8ln[s1nh(aa)] ; o(1/T)

(3)

InZ=InA+nln [sinh(aa)] 4)
The relationships of Iné-In o and In é—¢ are
plotted in Figs. 3(a) and 3(b) by substituting the

experimental data at the strain of 0.4. The values of
n; and f can be obtained from the slope of the lines

plotted in Figs. 3(a) and 3(b) to be n,=5.6534 and
$=0.03009 MPa', respectively. The value of a is
identified to be 0.005322. The value of constant n
can be calculated according to the mean slope of the
lines in Fig. 3(c), and n=4.1412. The value of S can
be obtained from the slope of the lines on
In[sinh(ao)]-T"" plots (Fig. 3(d)). The value of Q is
calculated to be 345.7423 kJ/mol. Q is an important
parameter to characterize the difficulty of hot
deformation. According to Eq. (4), the value of In 4
can be calculated as 37.4827 by intercept of the line
plotted in Fig. 3(e).

However, the parameters
estimated by regression method can only reflect the
constitutive relationship under certain strain. The
influence of strain on the flow stress is not

above model

considered in Arrhenius model. In fact, the flow
stress usually varies with strain, especially when
DRX occurs. Therefore, in order to establish the
Arrhenius model with strain compensation, the
model parameters in the strain range of 0.05-0.6
(interval 0.05) can be obtained by the same method.
The values of the model parameters under various
strain conditions are given in Table 1.

The strain-compensated Arrhenius (SCA)
model is established to extend its application
under different strain conditions. The functional
relationship between model parameters and strain is
described by n-order regression polynomial. In
order to determine the fitting order, the goodness of
fit measured by Adj. R-square is used to evaluate
the fitting performance of 1-8 order polynomials.
The effects of polynomial order on the model fitting
performance are shown in Fig. 4. Obviously, the
SCA model fitted by quintic polynomial has high
goodness of fit and few constants. As shown in
Fig. 5, the relationships between model parameters
(n, a, O, InA4) and strain are fitted by quintic
polynomials, and expressed by Eq. (5). In addition,
the coefficients of the quintic polynomials are listed
in Table 2.

1
Q BO Bl BZ B3 B4 BS &
a||lC, C C C C Cl¢
n | |D, D D, D, D, Dl & ®
mA4| |E, E E, E, E, E | g
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3.3 Back-propagation artificial neural network

(BPANN) model

BPANN, a typical black box method, can
accurately map the nonlinear relationship between
input and output data without establishing a specific
mathematical model. It is a multilateral feedforward
neural network, which uses forward propagation
algorithm to calculate the output of neural network.
The minimum error between network output and

target output is taken as the criterion. The
back-propagation algorithm can dynamically adjust
the weights and thresholds to make the error
function decrease along the negative gradient. If the
error meets the requirement, the calculation will be
terminated. BPANN is often used to solve complex
nonlinear problems in engineering. The well-trained
BPANN model can effectively predict and evaluate
the flow stress of alloys [33,34].
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Table 1 Values of model parameters under various strain

conditions
Strain ~ Q/(kJ'mol™")  a/MPa’’ n In(4/s™")
0.05 429.4892 0.004940 4.6995 46.6339
0.10 426.9418 0.004670 4.4027 46.5943
0.15 416.7003 0.004712 4.3423 45.4689
0.20 406.1277 0.004804 4.2979 44.2742
0.25 395.4076 0.004910 4.2464 43.0736
0.30 383.1379 0.005055 4.2073 41.6904
0.35 363.2999 0.005178 4.1583 39.4745
0.40 345.7423 0.005322 4.1412 37.4827
0.45 333.1846 0.005476 4.1461 36.0404
0.50 321.0191 0.005647 4.1452 34.6422
0.55 308.4154 0.005815 4.1241 33.2064
0.60 296.5843 0.005955 4.1261 31.8654

In this work, a BPANN model is established to
predict the flow stress of Ti-55511 alloy. A single
hidden layer network with sufficient neuron nodes
can approximate any nonlinear relationship. In
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addition, increasing the number of hidden layers
can improve the accuracy of network training, but it
will reduce the speed of network operations and
lead to over-fitting. Therefore, the network structure
of single hidden layer is selected in this work. The
input layer has three nodes, corresponding to
deformation temperature, strain rate and strain. The
output layer has only one node, the flow stress. The

structure of BPANN is shown in Fig. 6.
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Fig. 5 Fitted curves of O (a), a (b), n (c) and In 4 (d) vs true strain by quintic polymomials
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Table 2 Coefficients of quintic polynomials
B O/(kJ-mol ") Cc a/MPa™! D n E In(4/s ™)
By 436.99945 Co 0.0056 Dy 5.2418 E, 46.95447
B —179.17049 C —0.01922 D, —15.19636 E, —5.07043
B, 1213.34725 G 0.13841 D, 97.71835 E, 31.56219
B; —7876.83426 G —0.42139 D; —312.40147 E; —546.3899
B, 15258.77946 Cy 0.61417 D, 472.26244 E, 1200.55152
Bs —9590.68625 Cs —0.34102 Ds —268.92237 E;s —784.01026

Error signal back propagation

Temperature
———

Strain rate ~— Flow stress
‘ > .

Output layer

Input layer
Hidden layer
Function signal forward feed

>

Fig. 6 Structure of BPANN model

The input—output pairs corresponding to the
strain range of 0.05—0.6 (interval of 0.05) are
extracted from 16 stress—strain curves and used as a
training dataset (192 pairs). The input—output pairs
corresponding to the strain range of 0.125-0.525
(interval of 0.1) are used as validation dataset (80
pairs). The input—output pairs corresponding to the
strain range of 0.175—0.575 (interval of 0.1) are
used as test dataset (80 pairs). The deformation
temperatures vary from 973 to 1123 K, the strain
rates vary from 0.01 to 10 s', the strain vary from
0.05 to 0.6, and the flow stresses vary from 42.4942
to 526.1982 MPa. These mean that the range of
input and output data varies greatly, the scale of the
data is inconsistent, and the measurement unit is not
uniform. Therefore, it is necessary to standardize
the original experimental data, so that all variables
with the same scale are suitable for comprehensive
comparison and evaluation to speed up the
convergence of the training network. The input and
output data are widely normalized to [—1, 1] using
the following formula:

x=p| A Xmin | (6)
Xmax_Xmin

where X is the original data; X, and X.x are the
minimum and maximum values of X, respectively;

X'is the normalized data corresponding to X.

The number of hidden layer neurons is the key
to determine the structure of the BPANN and is
closely related to the accuracy of the model. The
influence of hidden layer neurons on network
performance is complex. On one hand, if the
number of hidden layer neurons is too small, the
trained neural network may not have the full
learning ability to get the perfect mapping between
input and output signals. On the other hand, too
many neurons will slow down the training speed
and even lead to over fitting. It is difficult to
accurately determine the number of hidden layer
nodes by mathematical optimization method.
Therefore, some network structures with different
neuron nodes are tested by trial and error method.
The mean square error (MSE) is used to evaluate
the performance of a specific network structure,
which can be presented as
MSE=L3(E,~P)’

1
m i

@)

where E; and P; are the experimental values and
predicted values, respectively; m is the total number
of training samples.

Figure 7 shows the influence of neuron
numbers on MSE. The BPANN model with 12
neurons in hidden layer has the minimum MSE,
which means that the model fitting performance of
this network structure is the best. The initial
weights are generated randomly in the training
process. The “tansig” function and “purelin”
function are the transfer functions in the hidden
layer and the output layer, respectively. In the
meantime, the “trainlm” function is used as training
function. The target error is set to be 0.00001, and
the number of iterations is 10000. After many
attempts, the BPANN constitutive model of
Ti-55511 alloy with 3x12x1 structure is developed.
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Three statistical indicators, namely correlation
coefficient (), relative error (J) and average
absolute relative error (AARE), were quantified to
evaluate the accuracy of the two models. These
three statistical indicators are expressed by
Egs. (8)—(10), respectively:
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where o.; and o, are the experimental and the fitted
values, respectively; o, and &, are the average
values of experimental and fitted stresses,
respectively; m is the total number of samples.

The comparison between the experimental
flow stresses and the fitted flow stresses is shown in
Fig. 8. As can be seen from Fig. 8(a), almost all
fitted stresses are well overlapped with
experimental stresses, which directly shows that
the BPANN model has good fitting and prediction
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Fig. 8 Comparison between fitted stress from BPANN model and experimental stress: (a) All dataset; (b) Training

dataset; (c) Validation dataset; (d) Test dataset
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accuracy. Figures 8(b—d) present another form of
comparative plots to further understand the
generalization capability of the BPANN model,
which contains different dataset used in BPANN
model. For a perfect prediction, the experimental
values and the fitted values should be equal to each
other, and all the data sets should lie on the best
fitting line. As shown in Figs. 8(b—d), it can be seen
that most of the data points are very close to the
best fitting line. The R-values corresponding to
training dataset, validation dataset and test dataset
are 0.99972, 0.99974 and 0.99987, respectively.
The fitted and predicted values of the BPANN
model are highly correlated with the experimental
values. The AARE-values corresponding to training
dataset, validation dataset and test dataset are
0.8384%, 0.8639% and 0.8442%, respectively. The
errors of fitting and predicting are small and stable.
Therefore, the BPANN model is well trained and
has strong generalization ability.

4 Discussion
4.1 Comparison of precision between SCA model

and BPANN model
After the constitutive models of Ti-55511
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alloy considering strain compensation and based
on BPANN are established, respectively, the fitted
stresses corresponding to the strain range of
0.05—0.6 are calculated according to two models.
The fitting results of SCA model and BPNN model
are compared in detail, as shown in Fig. 9. It can be
displayed that the fitted results of SCA and BPANN
model are in good agreement with the experimental
results. Meanwhile, the well-trained BPANN model
has a better precision than the SCA model in fitting
the flow stress.

Figure 10 shows another form of comparison
between the experimental results and the fitted
results. For two models, most of the data points are
located close to the best fitting line. The R-value
and AARE-value of the SCA model are 0.98102
and 6.8158%, respectively. The R-value and
AARE-value of the BPANN model are 0.99973 and
0.8455%, respectively. Therefore, the fitting results
of the BPANN model have better correlation and
accuracy than those of SCA model.

In addition, the performances of the two
developed models are evaluated by relative errors.
The results are described in the form of frequency
histogram, as shown in Figs. 11(a, b). The results
show a typical normal distribution. This indicates
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Fig. 9 Comparisons between experimental stress and fitted stress models by SCA and BPANN: (a) 973 K; (b) 1023 K;
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that the relative errors calculated by the SCA model
vary between —17.9% and 31.4%, while those
change from —4.3% to 5.3% by the BPANN model.
Meanwhile, the relative errors calculated by the
SCA model are within £10% for 82.7% data pionts;
while the relative errors calculated by the BPANN
model is within +2% for 89.8% data points. The
results mean that the BPANN model is more
accurate than the SCA model in fitting the flow
stress of Ti-55511 alloy, which is in agreement with
the previous results.

4.2 Cross-validation of SCA and BPANN models

Although the fitting ability of the developed
BPANN and SCA models have been verified in
Section 4.1, the superiority and applicability of
these two methods in describing hot deformation
behaviors have not been fully demonstrated.
Therefore, it is necessary to further evaluate the
performance of the models. Generalization ability is
generally regarded as one of the important attributes
related to the applicability and reliability of
modeling methods. It mainly reflects the prediction

ability under non training conditions [35].

In order to evaluate the previously-developed
model which can accurately predict the hot
deformation  behaviors,
validation processes are performed. The cross-
validation method is described in detail [36—39].
The models are verified by extracting the stress—
strain experimental curves one by one and 16 trial
datasets are constructed, as listed in Table 3. The
models are subsequently established by the
excluded conditions for each extracted curve, and
the excluded conditions are predicted and verified
with the test results. Finally, cross-validations are
performed 16 times. The comparisons between the
predicted and experimental values in trials 1—4 are
shown in Fig. 12(a). The AARE-values of the two
models in 16 cross-validation trials are compared,
as shown in Fig. 12(b). The cross-validation results
confirm that the two models have low errors. The
errors of the BPANN model are lower than those of
SCA, which shows that the BPANN model is
better than the SCA model in predicting the flow
behaviors of Ti-55511 alloy.

leave-one-out  cross-
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Table 3 Excluded conditions in trail datasets

Excluded condition

Trial No. -
T/K Els
1 973 0.01
2 973 0.1
3 973 1
4 973 10
5 1023 0.01
6 1023 0.1
7 1023 1
8 1023 10
9 1073 0.01
10 1073 0.1
11 1073 1
12 1073 10
13 1123 0.01
14 1123 0.1
15 1123 1
16 1123 10

4.3 Model application and validation based on

FE simulation

The rationality of the constitutive model
can be further evaluated by FE simulation. The
stress—strain data obtained from hot compression
tests are limited, and the accuracy of FE simulation
mainly depends on the number of input stress—
strain data. Here, the SCA model and BPNN model
are applied to enriching the stress—strain data of
Ti-55511 alloy. Two stress—strain data schemes are
set up in the simulation process. In Scheme-A, the
true stress—strain data are calculated by SCA model
at the strain rate of 0.1-10 s and the temperatures
of 973—1123 K with an interval of 25 K. The true
stress—strain data under the same conditions
calculated by BPANN model are applied to
Scheme-B. These data are implanted in FE
simulation software DEFORM-3D for the hot
compression simulation, and the validity of
the developed constitutive models is further
investigated [40].

Figure 13 show the FE simulation model of
hot compression, in which the the cylindrical
workpiece is defined as a plastic body and the two
anvils are defined as rigid bodies. The initial
workpiece with d10 mm x 15 mm is consistent with
the hot compression specimen. Only one-sixth of
the workpiece is used in the FE simulation due to
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Fig. 12 Cross-validation of models: (a) Comparison
between predicted and experimental values; (b) AARE
between predicted and experimental values

Top anvil

Bottom anvil
Fig. 13 Three-dimensional finite element model

axial symmetry. The shear friction coefficient
between anvils and workpiece is 0.3, and the
thermal radiation and thermal conduction between
objects are considered to simulate the real
experimental conditions. The simulation is carried
out at 1048 K and 0.5s”', and the workpiece is
compressed to 50% height. Besides, the bottom
anvil is fixed, and the movement of the top anvil is
set by displacement control mode. The movement
speed of top anvil is calculated as follows:

v=hyéexp(—ét) (11)
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strain for Scheme-A; (b) Effective strain rate for Scheme-A; (c) Effective strain for Scheme-B; (d) Effective strain rate

for Scheme-B

where v stands for the movement speed of anvil, /g
stands for the initial height of specimen, and ¢
stands for the motion time of top anvil.

Figure 14 describes the effective strain field
and the effective strain rate field of the hot
deformed workpiece. The strain field can be
roughly  divided three regions: large
deformation, small deformation and difficult
deformation. The average strains of Scheme-A
and Scheme-B are 0.693 and 0.699, respectively.
The average strain rates of Scheme-A and
Scheme-B are 0.512 and 0.506 s, respectively. In
addition, typical bulging phenomenon appears in
the workpiece for each scheme. In summary, the
simulated physical quantities show a good
agreement with the experimental conditions.

The comparison between the simulated and
measured load—stroke curves is described in
Fig. 15. The mechanical response trend of each
scheme is basically consistent with the test result.
Moreover, the results illustrate that the developed
BPANN model is valid and feasible to simulate the
hot compression process of Ti-55511 alloy. The
simulation accuracy of BPANN model is higher
than that of SCA model. It is consistent with the
fact that the accuracy of BPANN model in
predicting flow stress is higher than that of SCA
model. The BPANN model is used to expand the

into

stress—strain data, so that the simulation accuracy
can be improved by reducing the interpolation
interval.

(9%
o

[\
(9]

()]

Top anvil load/kN
=

10 Experimental
Scheme-A

St Scheme-B

0 1 2 3 4 5 6 71 38

Top anvil stroke/mm

Fig. 15 Comparison between simulated and measured
load—stroke curves at 1048 K and 0.5 ™'

5 Conclusions

(1) The flow stress of Ti-55511 alloy is
sensitive to deformation temperature and strain rate,
and increases with increasing strain rate and
decreasing deformation temperature.

(2) The model material parameters (i.e. a, n, Q
and A) fitted by quintic polynomial of strain are
very appropriate, and the SCA model has a certain
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fitting accuracy. The R-value and AARE-value of
SCA model are 0.98102 and 6.8158%, respectively.

(3) The BPANN model with 12 neurons
demonstrates strong ability to predict the flow stress
during hot compression. The fitted and predicted
values of BPANN model have a high correlation
with the experimental values, up to 0.9997. The
errors of fitting and predicting are small and stable.
The AARE-values are in the range of 0.8%—0.9%.

(4) BPANN model has higher accuracy and
generalization ability than SCA model in fitting
flow stress by statistical analysis and cross-
validation. The correlation coefficient of BPANN
model is higher than that of SCA model; the AARE
of BPANN is 0.8455%, which is far less than
6.8158% of SCA model; the standard deviation of
BPANN model is 1.2128, which is only 13.1% of
SCA model. The developed BPANN model is valid
and feasible in simulation. The simulation accuracy
of BPANN model is higher than that of SCA
model.
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