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Abstract: The workpieces of A357 alloy were routinely heat treated to the T6 state in order to gain an adequate mechanical property.
The mechanical properties of these workpieces depend mainly on solid-solution temperature, solid-solution time, artificial aging
temperature and artificial aging time. An artificial neural network (ANN) model with a back-propagation (BP) algorithm was used to
predict mechanical properties of A357 alloy, and the effects of heat treatment processes on mechanical behavior of this alloy were
studied. The results show that this BP model is able to predict the mechanical properties with a high accuracy. This model was used
to reflect the influence of heat treatments on the mechanical properties of A357 alloy. Isograms of ultimate tensile strength and
elongation were drawn in the same picture, which are very helpful to understand the relationship among aging parameters, ultimate

tensile strength and elongation.
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1 Introduction

A357 (Al-7Si—0.6Mg) alloy has been widely used
in aerospace, automotive industries and other aspects due
to its excellent castability, good corrosion resistance and
high specific strength in heat treated conditions [1,2].
The workpieces are routinely heat treated to the T6 state
in order to develop an adequate mechanical property. T6
heat treatment includes solution heat treatment, quench
and age hardening. In the past few decades, the
mechanical properties of A357 alloy treated under
different conditions have been extensively studied [3—5].
CESCHINI et al [3] studied the relationship among the
microstructural features, the hardness and the ultimate
tensile strength of A357 alloy. Sixteen heat treatments of
A357 alloy were designed to study the effect of various
heat treatment parameters on the mechanical properties.
The results showed that quenching rate plays a crucial
role in determining the mechanical properties [4].
ROMETSCH and SCHAFFER [5] had modeled the yield
strength aging curves for A356 and A357 aluminum

alloys below the solvus temperature of the main
hardening precipitation. Therefore, it is too difficult to
use a single mathematical model to describe the
relationship between heat treatment parameters and
mechanical properties of A357 alloy.

Recently, artificial neural network has been widely
used in describing the mechanical properties of metals
and alloys [6—8]. The artificial neural network (ANN)
method is capable of treating the non-linear problems
and complex relationships. @FOROUZAN and
AKBARZADEH [6] have developed an artificial neural
network (ANN) model with a back-propagation learning
algorithm to predict the yield strength, elongation and
ultimate tensile strength during hot rolling, cold rolling
and annealing of AA3004 aluminum alloy. The results
showed that this approach can be well used to predict the
mechanical properties of AA3004 alloy sheets. An ANN
model is used for the analysis and prediction of the
correlation between heat treatment parameters and
mechanical properties in titanium alloys [7], and a very
good performance of the network has been achieved.
YU et al [8] established a neural network to acquire the
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relationships between the mechanical properties and the
processing parameters of forged Ti—6Al-4V alloy.

The ANN approach in the prediction of the heat
treatment parameters and mechanical properties has not
yet been widely used for cast aluminum alloy. In this
work, a series of tensile tests were carried out on
heat-treated A357 alloy samples to establish the network
database used in the artificial neural network. The ANN
model was constructed to predict the mechanical
properties of A357 alloy by using the heat treatment
parameters as the input variables, while the ultimate
tensile strength and elongation as the output. Finally, the
isograms of ultimate tensile strength and elongation were
applied to understanding the relationship among artificial
aging process parameters, ultimate tensile strength and
elongation.

2 Experimental

The main chemical composition (mass fraction, %)
of commercial A357 aluminum alloy used in the present
investigation is as follows: 6.83Si, 0.51Mg, 0.18Ti,
0.04Cu, 0.03Fe, 0.04Be and Al balance. The blanks of
cylindrical tensile bar of A357 alloy were obtained by
using permanent mold casting, and then these bars were
subjected to different heat treatments. The heat treatment
parameters (T6 conditions) used in this work are as
follows: solid-solution temperature (535 °C and 545 °C),
solid-solution time (8 h and 12 h), quenching
temperature (60 °C), artificial aging temperature range
(155-175) °C and artificial aging time range (5—15) h.
After heat treatments, the tensile specimens were
machined according to ASTM E8M standard
specification [9] with 45.0 mm in gauge length and 9 mm
in diameter. Tensile tests were carried out using an
Instron tensile tester at room temperature. Ultimate
tensile strength and elongation to failure were measured.

3 Overview of ANN and establishment of
ANN model

3.1 Overview of ANN

An artificial neural network (ANN) is a
computational model which has been applied extensively
in many professions such as statistics, cognitive
psychology, image processing, manufacturing and
communications [10,11]. It is made up of a number of
interconnected groups of nodes and the model is
composed of three layers: an input layer, a hidden layer
or a few hidden layers and an output layer [12]. Each
layer has a certain number of neurons that operate in
parallel and communicate with each other through
linking weights. The input layer consists of all the input
factors. The data from the input layer are calculated

through the hidden layer, following output vector is
processed in the output layer.

The most basically and commonly used ANN is
multilayer feed forward network with back propagation
(BP) learning algorithm. It is a supervised learning
method. The value of predefined error function is
calculated by comparing the actual output values with
the desired data, the error is then feed back through the
network, and the learning algorithm adjusts the weights
of each connection in order to reduce the error. After
adequate circulation in this process, the error will reach
the predefined value. In this situation, the network is
considered learning a certain target function [13,14].

3.2 Establishment of ANN model

In the present study, the artificial neural network
(ANN) with a back-propagation (BP) learning algorithm
was established to predict the mechanical properties of
the heat-treated A357 alloy. Solid-solution temperature,
solid-solution time, artificial aging temperature and
artificial aging time were used as the input variables,
while ultimate tensile strength and elongation were taken
as the output data. In this investigation, the quenching
temperature was not served as input data of neural
network due to it was defined as a constant for heat
treatment process of A357 alloy. Table 1 shows an
overview of the input variables used to predict
mechanical properties of A357 alloy.

Table 1 Input variables used to predict mechanical properties
of A357 alloy

Input variable Range Mean  Number
Solution temperature/°C 535, 545 - 2

Solution time/h 8, 12 - 2
Aging temperature/°C 155-175 165 3

Aging time/h 5-15 10 6

The data from tensile tests were divided into two
sub-sets: a training set and a testing set. The training set
accounts for five-sixths of the original dataset; the
remaining dataset was left for testing set. To speed up the
convergence of the training network it is necessary to
normalize the original data. The transformation equation
is given by

X — X (min)

X(norm) = X (max) — X (min)

x0.8+0.1 (1)

where X is the primary datum from tensile tests; X (norm),
X (max) and X (min) are the normalized value, the
maximum value and the minimum value of X,
respectively. From Eq. (1), we know that X (norm) value
is in the range of [0.1, 0.9].

In the output layer of the BP model, a linear
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function was taken as the transfer function. The transfer
functions in the hidden layers were sigmoid functions
(tan-sigmoid and log-sigmoid), which are given using the
following equations:

. 2
f (X) = tansig(x) = m—l 2)
f(X)ZlgSig(X)Zm—l (3)

In this work, using mean square error (MSE) as
the evaluation criterion, performance of network training
based on BP artificial neural network was evaluated. It
tries to minimize the average squared error between the
desired and actual output values over all the example
pairs, and the function of MSE can be defined as

MSE:ﬁie(i)z =ﬁ§:(d(i)—a(i))2 S
i=1 i=1

where d(i) is the desired data from tensile tests; a(i) is the
actual value from the ANN; N is the number of desired
data in this study.

It is very important for an ANN to decide how to
train the network. In this section, we concerned two
different types of training [15]: incremental training and
batch training. In incremental training, the weights and
biases of the network are updated each time after an
input is presented to the network. In batch training, the
weights and biases are only updated after all the inputs
and targets are presented to the network. The order of the
input vectors appearing is important for incremental
training, but for batch training, it is not important.
According to the above description of the two basic types
of network training, we have used batch training in this
work.

There is no theoretical method to determine the
values of parameters of the ANN model because each
problem with an ANN has different features. According
to traditional research, the values of these parameters
were selected by trail-and-error, which was used in this
work. In the traditional ANN literatures [16—19], the
learning rate and the momentum constants are usually set
to be 0—1. It is very important for an ANN to select an
appropriate learning rate. The value of the learning rate
controls the size of the adjustments made during the
training process. If the learning rate is too high, the
algorithm learns quickly but it will result in an unstable
state. If the value of learning rate is too low, the
algorithm will take a long time to learn. Therefore, an
appropriate learning rate not only ensures the stability of
the network but also guarantees an acceptable training
time of the network. In our case, we choose the value of
0.1 as the learning rate. A momentum factor is used to
speed up the convergence of network training. When the
momentum constant is equal to 0, a weight change is

obtained solely by the gradient descent approach. When
the momentum constant is equal to 1, change in weights
is set to equal the last weight change, and the part of the
change generated by the gradient is simply ignored. A
higher value of momentum factor is helpful to attain the
best performance of the network. Here, we choose the
value of 0.6 for the momentum factor.

Generally, one hidden layer suffices to meet the
requirements of prediction accuracy [18]. In this
investigation, the average absolute relative error was
used to assess performance of the training and testing
network. In order to determine the optimal architecture,
several neural networks were trained with different
number of neurons in one hidden layer, as shown in
Fig. 1. In Fig. 1, 8 neurons, 11 neurons and 15 neurons in
one hidden layer all have significantly lower error of
elongation than other number of neurons. 8 neurons and
11 neurons in one hidden layer are both significantly
lower error of ultimate tensile strength than other number
of neurons. And it also can be seen from Fig. 1, the ANN
with 8 neurons in one hidden layer can meet the
requirements of the minimum error for both the ultimate
tensile strength and the elongation at the same time.

3.5

4 Ultimate tensile strength
300 « Elongation

25F . .

20f . .

Average absolute relative error/%

-

0.5 1 1 1 1 1
4 6 8 10 12 14 16
Number of hidden neurons

Fig. 1 Average absolute relative error for different hidden
neurons

After training, it was found that the network with
these features proved a better network precision: a
momentum rate of 0.6, a learning rate of 0.1, a MSE of
10~ and the epochs of 10000. In addition, 8 neurons
in one hidden layer. A schematic
representation of the ANN model is shown in Fig. 2.

were used

4 Results and discussion

In this investigation, an artificial neural network
(ANN) model with a back-propagation (BP) learning
algorithm was developed to predict ultimate tensile
strength and elongation of A357 alloy. Figure 3 presents
the result of mean square error (MSE) of training. It can
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be seen that the training process lasted until the error
goal was met and the training terminated at 200 epochs.
Each epoch is a step that passes through inputs, hiddens
and outputs in the training process of an artificial neural
network. Here, the value of goal error was set as 10> and
the value of MSE for network training reached 9.89x10°
at epoch 200.

Figures 4 and 5 show comparisons of predicted
results by BP network with experimental data gained

Solid-solution

temperature
Solid-solution Ultimate tensile
time strength
Aging ]
temperature Elongation

Aging time

Hidden
layer

4 x 8 x 2

Fig. 2 Schematic representation of BP artificial neural network
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from tensile tests. The two figures show that the
predicted values are in good agreement with the
experimental data of ultimate tensile strength and
elongation. The maximum relative errors(MRE) of
ultimate tensile strength and elongation between the
measured results of testing data and the predicted values
of BP network are 2.25% and 4.15%, respectively. The
average absolute relative errors (AARE) of ultimate
tensile strength and elongation between the measured
results of testing data and the predicted values of BP
network are 0.70% and 1.85%, respectively. This level of
error shows a satisfactory result and is smaller than the
error of experimental variations and accuracy of
instrumentation.

As demonstrated from the above results, the BP
model can give a good prediction of the mechanical
properties of heat-treated A357 alloy. On the basis of this
BP model, all the data in the solid-solution temperature
range of 535545 °C, solid-solution time range of 8§—12
h, artificial aging temperature range of 155—175 °C and
artificial aging time range of 5—15 h were estimated.
Effects of the heat treatment processes on the mechanical
properties of the heat-treated A357 alloy were studied.
The effects of aging temperature and aging time on
ultimate tensile strength of the as-cast A357 alloy with
different solid-solution conditions are shown in Fig. 6.
The dependency of the elongation values of the as-cast
A357 alloy on the aging time in the investigated
temperature range is presented in Fig. 7.

As can be seen from Fig. 6 and Fig. 7, under the
same aging conditions, solution treatment parameters
(solid-solution temperature and solid-solution time) have
little influence on mechanical properties (ultimate tensile
strength and elongation) of as-cast A357 alloy. In this
investigation, since only two solid-solution temperatures
and two solid-solution times were chosen as the solution
treatment parameters, but the effects of solution
treatment parameters on mechanical properties of the
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Fig. 4 Comparison of predicted and measured ultimate tensile strength: (a) Training data; (b) Test data
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Fig. 5 Comparison of predicted and measured elongation: (a) Training data; (b) Test data
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Fig. 6 Effects of aging temperature and aging time on ultimate tensile strength of heat-treated A357 alloy with different solid solution
temperature and solid solution time: (a) Solution treatment at 535 °C for 8 h; (b) Solution treatment at 535 °C for 12 h; (c) Solution
treatment at 545 °C for 8 h; (d) Solution treatment at 545 °C for 12 h

heat-treated A357 alloy were not definitely ascertained. aging time the values of ultimate tensile strength increase
Under the same solid-solution conditions, for a given with rise in aging temperature (Fig. 6), which is also in
aging temperature the values of ultimate tensile strength agreement with result in Refs. [2,20]. The elongation

increase with the aging time increasing and for a certain value of heat-treated A357 alloy decreases with the aging
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temperature increasing as well as aging time increasing
(Fig. 7), which is also observed in Refs. [2,20].

The best comprehensive mechanical properties of
materials will need not only ideal ultimate tensile
strength but also good elongation. Based on data
collected from Fig. 6 and Fig. 7, the isograms of ultimate
tensile strength and elongation were drawn in the same
picture. Figure 8 shows the isograms of ultimate tensile
strength and elongation of heat-treated A357 alloy with
different solid solution temperatures and solid solution
time. As shown in Fig. 8, there is a phenomenon of the
higher ultimate tensile strength value corresponds to the
lower elongation value and vice versa. Therefore, values
of the ultimate tensile strength and the elongation must
be taken into account to attain good mechanical
properties of heat-treated A357 alloy. The heat treatment
parameters can be chosen based on the performance
requirements on the workpieces under specific
environmental conditions. Figure 8(a) shows that the
value of ultimate tensile strength of this alloy is about

Elongation/%
SE o S o

h

=

Elongation/%

=k o = o

wn

320 MPa and the elongation is about 8% after 8 h
solution treatment at 535 °C and 10 h to 12 h and aging
treatment at 165 °C. If the tensile strength must be
greater than 330 MPa and the elongation must be over
8.5%, the aging treatment parameters can be chosen as
follows: 10 h aging treatment at 170 °C or 11 h aging
treatment at 165 °C (see Fig. 8(b)). Similarly, we can
also obtain the specific mechanical properties from
Figs. 8(c) and (d). These isograms are very helpful for us
to choose proper heat treatment processes of A357 alloy
with various applications.

5 Conclusions

1) An artificial neural network (ANN) model with
the back-propagation learning algorithm was established
to predict the mechanical properties of cast A357 alloy in
T6 state. The results show that the average absolute
relative error of ultimate tensile strength between the
ANN prediction results and experimental data is 0.70%.
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Fig. 7 Effects of aging temperature and aging time on elongation of heat-treated A357 alloy with different solid-solution temperatures
and solid-solution time: (a) Solution treatment at 535 °C for 8 h; (b) Solution treatment at 535 °C for 12 h; (c) Solution treatment at

545 °C for 8 h; (d) Solution treatment at 545 °C for 12 h
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Fig. 8 Isograms of ultimate tensile strength and elongation of heat-treated A357 alloy with different solid-solution temperatures and
solid-solution time: (a) Solution treatment at 535 °C for 8 h; (b) Solution treatment at 535 °C for 12 h; (c) Solution treatment at 545

°C for 8 h; (d) Solution treatment at 545 °C for 12 h

While for the elongation, the average absolute relative
error is 1.85%. Therefore, the BP model proposed in this
article can be used as an accurate model for the
prediction of mechanical properties of A357 alloy.
Further, a large amount of manpower and time can be
saved by using this BP model.

2) Under the same aging conditions, solution
treatment parameters did not have a great influence on
mechanical properties of heat-treated A357 alloy. But
under the same solid-solution conditions, and at a given
aging temperature, the value of ultimate tensile strength
increases with the aging time increasing and for a certain
aging time the value of ultimate tensile strength increases
with rise in the aging temperature. The elongation value
decreases with the aging temperature increasing or the
aging time increasing.
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