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An artificial neural network (ANN) model has been developed to analyze and predict the correlation
between tensile property and hydrogenation temperature and hydrogen content of hydrogenated Ti600
titanium alloy. The input parameters of the neural network model are hydrogenation temperature and
hydrogen content. The output is ultimate tensile strength. The accuracy of ANN model was tested by the
testing data samples. The prediction capability of ANN model was compared with the multiple linear
regression approach and response surface method. The combined influence of inputs on the tensile property
is also simulated using ANN model. It is found that excellent performance of the ANN model was achieved,
and the results showed good agreement with experimental data. Moreover, the developed ANN model can

be used as a tool to control the tensile property of titanium alloys.

Keywords artificial neural network, hydrogenation, tensile
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1. Introduction

Thermohydrogen processing (THP) is an attractive approach
which correctly uses hydrogen as a temporary alloying element
to enhance working qualities and modify microstructure to
improve mechanical properties (Ref 1-3). After hydrogenation
of titanium alloy, the B transus temperature decreases and the
proportion of B phase increases. Because the [ phase with
body-centered cubic (BCC) structure can be easily deformed at
high temperature, the addition of hydrogen reduces the flow
stress of o and o + P titanium alloys in o single-phase
and o + B two-phase regions. There have been some reports
on hydrogenation of titanium alloys to improve the hot
workability. D. B. Shan (Ref 4) discussed the strengthening
effect of hydrogen on the § phase and the softening effect of
hydrogen on the o phase, and some optimizations of hydrogen
content and deformation temperature were developed. Y. Zhang
(Ref 5) found that the minimum of peak compression flow
stresses at 900-1000 °C was obtained when the 0.2 wt.%
hydrogen was added into the Ti-25Al-10Nb-3V-1Mo alloy,
which corresponds to decreasing the deformation temperature
by about 50 °C. Therefore, the use of hydrogen as a temporary
alloying element is always added into titanium alloys to
improve the workability during hot deformation processing.
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Ti600 alloy designed and developed by Northwest Institute
for Nonferrous Metal Research is a new type of near-a titanium
alloy. With the rapid development of aviation engines, higher
service temperature has been increasingly demanded (Ref 6).
Ti600 titanium alloy can be used for aviation engine serviced at
600 °C because of its excellent creep performance, good
ultimate strength, and superior fatigue resistance. Some
research groups have done a lot of helpful work about this
alloy with regard to the aspects of kinetics of hydrogen
absorption (Ref 7) and hot deformation behavior at elevated
temperature (Ref 8). However, due to the narrow processing
window and poor workability, it is difficult to control the
deformation processing of Ti600 alloy, thus how to improve
the hot deformation workability of this alloy has become an
international scholars’ research focus. It is generally found that
the addition of hydrogen can remarkably decrease the flow
stress of the alloy, which implies that the deformation
temperature can be decreased. As the THP greatly depends
on the hydrogenation temperature and hydrogen content, it is
very important to understand the influence of these two factors
on the tensile property of alloys.

Recently, the artificial neural network (ANN) technique has
been developed to become one of the fundamentally powerful
modeling tools in comparison to the statistical or numerical
methods. Based on a nonlinear statistical approach, it is suitable
for simulations of correlations which are hard to describe by
conventional methods. It has been applied successfully in
many areas of engineering and has produced promising
preliminary results in the fields of material modeling and
processing (Ref 9-13). Hence, in this study, the prediction of
tensile property of hydrogenated Ti600 alloy has been modeled
using ANN, in which network training was accomplished with
the neural network toolbox written in MATLAB environment.
The back-propagation (BP) learning algorithm was used in the
training stage. Details of ANN used to study the influence of
hydrogenation temperature and hydrogen content on the tensile
property of hydrogenated Ti600 alloy are presented in the
following sections.
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2. Experimental Procedures

The received Ti600 alloy provided by Northwest Institute
for Nonferrous Metal Research is in form of sheet with a
thickness of 2 mm. The nominal composition is 6Al-2.8Sn-
47Zr-0.5M0-0.4Si-0.1Y (wt.%). The thermohydrogen treatment
was conducted in a stainless steel tube, mounted in a tube-
type furnace. All the specimens were hydrogenated at 600,
650, 700, and 750 °C for 1 h followed by air cooled to room
temperature. Specimens with various hydrogen contents were
obtained by controlling the varied charging time, while the
flow rate of hydrogen was fixed to 1 L min'. The actual
hydrogen content in specimen was determined by weighing
the specimens before and after hydrogenation using an
analytic balance providing an accuracy of 107> g. In this
study, specimens with hydrogen content of 0.081, 0.161,
0.319, 0.393, and 0.507 wt.% were obtained. Tensile test was
carried out on Zwick/Z150 universal testing machine in the
temperature range from 600 to 750 °C with 50 °C interval at

. . —1
an initial strain rate of 2 s~ .

3. Development of ANN Model

3.1 The Principle of the ANN Model

An ANN attempts to simulate the biological structure of the
human brain and nervous system. It gathers information
through a learning process from the outside environment. The
inter-neuron connection strengths known as synaptic weights
are used to store knowledge (Ref 14). This adaptive learning
ability of neural networks gives an advantage in solving
complex problems whose analytic or numerical solutions are
difficult to obtain.

A typical neural network consists of a sequence of layers
with full connections between successive layers. There are
usually two layers: an input layer and an output layer. In the
input layer, data are presented to the neural network, while
the output layer holds the response of the network to the input.
The layer between the input and the output layers is the hidden
layer, which enable these networks to represent and compute
complicated associations between inputs and outputs. The three

layers consist of a number of small individual interconnected
processing units, usually called as neurons. Theses neurons
interact with each other via weighted connections.

Recently, the most popular and effective supervised learning
algorithm known in the field of neural networks is the BP
neural network (Ref 15, 16). Figure 1 shows an example of the
structure of a BP neural network with one input, one hidden
and one output layer. It can be seen from Fig. 1 that the input
patterns of each node are provided from input layer first. Then
this signal is converted at each node and transferred to the
hidden layer. Finally, the signal generates outputs in the output
layer. The output values are compared to the target values, if
there is a difference, the connection weights are adjusted in
such a direction that the error is decreased. This adjustment is
back propagated from the upper layers to the lower layers,
which results in the adjustment of the connection weights in the
lower layers (Ref 17). In the hidden layers and output layer,
each node first acts as a summing junction which combines and
modifies the inputs from the previous layer using Eq 1. The
each node transfers the summation to the output of the node
through a sigmoid function (Eq 2).

,Vi:ijWij+bi (Eq 1)
J

1
1+ exp(—y)

where y; is the total inputs of the ith node in the layer, w;; is
the weight from the jth to the ith neuron, b; is the threshold
of the ith neuron, and x; is one of the inputs of the ith
neuron, z; is the output of the ith neuron. The equation to
update the weights in momentum learning is (Ref 18):

(Eq 2)

Zj

wii(n + 1) = wi(n) + ndx; + aAwy(n) (Eq 3)

where w;; is the weight between nodes i and j at iteration » is
discrete time, m is the learning rate, J; is the difference
between actual and predicted values, o is momentum value
and is set to a value between 0.1 to 0.9.

3.2 Modeling and Training by BP Neural Network

The procedure of ANN modeling is usually within the
following contexts: (a) collection and pre-processing of data,

Tnput Hidden Output

layer layer layer

Fig. 1 The model of processing unit and architecture of neural network
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(b) training of neural networks, (c) testing of the trained neural
networks, and (d) using the trained neural networks for
simulation and prediction (Ref 19). These steps were used in
the developing of the model presented in this article.

The experimental data set was divided into the training data
at 600, 650 and 700 °C, and the testing data at 750 °C. Before
training the network, all the data sets must be normalized for
the ANN learning to prevent a specific factor from dominating
the learning. In general, normalization gives a value between 0
and 1. However, in this study, it is recommended that the data
be normalized between slightly offset values such as 0.1 and
0.9 to prevent the generation of 0 and 1 as (Ref 20):

X — Xmin

X' =08—""7"+0.1

Eq 4
Xmax _Xmin ( q )

where X’ is the normalized value of X, and X,,,, and X,,;, are
the maximum and minimum values of X, respectively. After
the neural network was trained, tested, and simulated, it is
necessary for the simulating data to be unnormalized corre-
sponded with normalization. The unnormalized method is as:

(X, — 0~1)(Xmax _Xmin)
0.8

The number of neurons in the input and output layers are
usually determined based on the number of parameters
affecting the process and the complexity of the relationships
existing between them. In this study, the input parameters
consist of two input nodes representing the hydrogenation
temperature and hydrogen content, while the output parameters
are ultimate tensile strength.

In order to decide the optimum structure of neural network,
the trial and error method was used to obtain the number of
neurons in the hidden layer so that the error between the desired
and the estimated outputs was minimized. The minimum mean
square errors (MSEs) of computations were used as the
performance criteria. MSE was computed according to the
following equation:

N 2
1 N
MSE = (JV § |t; —t,-|)

i=1

X =

+ Xmin (Eq 5)

(Eq 6)

where ¢ is the measured value, y is the predicted value, and
N is the number of the sample. If the MSE reaches 0, the
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Fig. 2 Influence of hidden nodes on the network performance
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performance of model is regarded as the excellent. The effect
of the number of neurons in the hidden layer on the network
performance is shown in Fig. 2. It can be observed that the
MSE reaches minimum with 10 neurons in the hidden layer,
indicating the performance of network is best when the num-
ber of hidden layer neurons is 10.

The training process was carried out with the training data
set, in which the corresponding outputs are known, the weight
connections were adjusted until the predicted output agrees
with the experimental values, then the connection weights
are stored in form of text file to further be used for testing the
developed neural network. After several adjustments to the
network parameters, a three-layer BP neural network with
the structure of 2-10-1 shows the best performance. To ensure
that a network is not over-fitted, training should be stopped as
soon as the MSE with respect to the test set reaches a minimum.
The simulation results can be obtained by testing the network
after the training completed.

4. Results and Discussions

4.1 Experimental Results

Ultimate tensile property data of hydrogenated Ti600 alloy
listed in Table 1 were obtained from testing machine after high-
temperature tensile tests. In order to present the relationship
between hydrogen content and tensile property more obviously,
the relation curves for specimens with various hydrogen
contents in the temperature range of 600 to 750 °C were
plotted in the Fig. 3. As can be seen from Fig. 3, the ultimate
tensile strength decreased with the increasing hydrogen content,
which is consistent with literature (Ref 21). Although much

Table 1 Experimental data of high temperature tensile
test of hydrogenated Ti600 alloy

Ultimate tensile
strength, MPa

Hydrogenation
temperature, °C

Hydrogen
content, wt.%

600 0 640.0
0.081 605.0
0.161 595.0
0.319 550.0
0.393 520.0
0.507 485.0
650 0 585.0
0.081 555.0
0.161 515.0
0.319 440.0
0.393 415.0
0.507 395.0
700 0 495.0
0.081 455.0
0.161 450.0
0.319 350.0
0.393 335.0
0.507 295.0
750 0 420.0
0.081 365.0
0.161 285.0
0.319 290.0
0.393 210.0
0.507 200.0
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Fig. 3 Relationship between hydrogen content and tensile property
of hydrogenated Ti600 alloy

attention with regard to the effect of hydrogen on the
deformation mechanism of high-temperature titanium alloys
has been drawn (Ref 22-24), the accordant conclusion is still
lack of in deep study. Currently, it has been generally suggested
that the decrease of ultimate tensile strength is related to the
increase of 3 phase. Because hydrogen is B-stabilizing element,
it destabilizes the hexagonal close packed (hcp) o phase and
stabilize the softer BCC [ phase in titanium alloys, the volume
fraction of P phase increases with the addition of hydrogen
(Ref 25).

4.2 The Prediction of ANN

Having trained the network successfully with data at 600,
650, and 700 °C, the next procedure is to test the network
model for the purpose to check its performance and to
determine whether the predicted results agree with the actual
results. To test the generalization performance of the trained
network model in testing and validating processes, the pre-
dicted values resulted from ANN were compared to the
experimental values (Fig. 4). The performance of the network
model for tensile property prediction was evaluated in the form
of correlation coefficient between the experimental data and the
corresponding predicted result. In Fig. 4(a), the corresponding
correlation coefficient (R) is 0.998, which means that the
performance of trained network model is very good. Subse-
quently, the ultimate tensile strength values predicted by ANN
using validating dataset (at 750 °C) were compared with
experimental values. As shown in Fig. 4(b), the correlation
coefficient is 0.974, indicating that the network can predict the
ultimate tensile strength of hydrogenated Ti600 alloy with high
accuracy and reliability. Furthermore, on the basis of the
training and testing data sets, the results obtained by network
model and the absolute/relative error of predicted data com-
pared to the experimental values are calculated, and the relative
error results are presented graphically as error bars in Fig. 5. It
can be observed that the average of absolute error is
—1.87 MPa and the maximum value of absolute error is
12.7 MPa. The relative error demonstrates that for more than
90% testing and validating dataset, the relative error does not
exceed 5%. This signifies that main source of prediction error is
the noise in the experimental data and cannot be wholly
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Fig. 5 Experimental results vs. ANN results of tensile property for
hydrogenated Ti600 alloy

attributed to the predict ability of the neural network model. In
order to verify the prediction capability of ANN model further,
the multiple linear regression (MLR) approach and response
surface method (RSM) were used to modeling the relationship
between ultimate tensile strength and hydrogen content as well
as hydrogenation temperature based on the data sets at 750 °C,
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Fig. 6 Comparison of error of predicted value from ANN to calcu-
lated value from MLR and RSM at 750 °C

respectively. The mathematical expressions are shown as
Eq 7 and 8.

Y = —1.8X; —379.5X, + 1742.8 (Eq 7)
Y = 945.89 + 0.49X; — 134.93X; — 0.00016X}
+253.92X7 — 0.56X,.X; (Eq 8)

where Y is ultimate tensile strength, X; is hydrogenation tem-
perature, and X, is hydrogen content. Figure 6 shows the
comparison of error of predicted value from ANN to calcu-
lated value from MLR and RSM at 750 °C. It can be obvi-
ously seen that the maximum errors from MLR and RSM are
46.7 and 45.6 MPa, respectively, while the maximum error
from ANN is only 4.8 MPa, which suggests the errors from
MLR and RSM are much higher than that from ANN. As a
result, it can be evidently concluded that the prediction of
present neural network model is in good agreement with the
experimental data, and all the errors are within acceptable
ranges which meet the integrity of the ANN learning and test-
ing stages.

Combined influence of hydrogenation temperature and
hydrogen content on tensile property of hydrogenated Ti600
alloy was plotted in the form of 3D, as shown in Fig. 7. It
reveals that the tensile strength decreases with the increasing
hydrogenation temperature and hydrogen content. From the
comparison and analysis above all, it indicates that the ANN
model can evaluate and predict the tensile properties of
hydrogenated Ti600 alloy with sufficient accuracy and reliabil-
ity, and the performing experiments according to the predicted
value can provide a satisfactory and promising result.

The ultimate tensile strength (UTS) is given in the Eq 9
using ANN approach. The equation does not need adding
experimental analysis and give a new formulation to determine
the ultimate tensile strength. The UTS is calculated as follows:

1
UTS

Fig. 7 Combined influence of hydrogenation temperature and
hydrogen content on ultimate tensile strength of hydrogenated Ti600
alloy

Table 2 Weights between input layer and hidden layer

X; = wiKy + wyK; + ws;

i Wii Wai w3i

1 —9.7395 —6.5323 11.9753
2 —11.82 0.0719 8.1646
3 —10.4089 —3.3748 9.3644
4 —9.9239 —7.8959 9.9232
5 10.0318 —5.457 —1.7852
6 4.4196 —11.2566 2.7629
7 1.4544 —12.0357 4.0038
8 —5.2332 —7.5236 4.3084
9 10.4723 —3.4098 —2.2347
10 3.4533 —10.0933 8.9903

X = wiiKy + waKy + ws; (Eq 10)

where the constants w;; are given in Table 2, K; and K, are
normalized values of hydrogenation temperature and hydro-
gen content, respectively.

5. Conclusions

A feed-forward BP neural network was established to
exhibit the complex relationships between the tensile property
and hydrogenation temperature and hydrogen content of
hydrogenated Ti600 alloy. Satisfactory agreement between the

where the transfer function used for this approach is given
Eq 2. The values of X; are given in Eq 10.
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1 o~ (109X, =042, —0.54X; +-0.76 X, —0.72Xs+ 1.6 L¥s — 1.71X7 + 1. 10X +0.37X+0.29;9—0.28)

(Eq9)

experiment and the ANN results was obtained using this type of
neural network, the maximum absolute error of predicted
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values is 4.8 MPa, and the relative error is within 5%. It shows
that the neural network method has the advantage to treat the
problem of multiple factors. A new equation of ultimate tensile
strength as function of hydrogenation temperature and hydro-
gen content for hydrogenated Ti600 titanium alloy has been
established. Compared with the conventional methods, it will
save much cost and testing time. Hence, it can be concluded
that ANN has great potential as novel prediction technique in
the area of multi-variable and nonlinear system.
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