Ó Indian Academy of Sciences

Sådhanå (2021)46:139
https://doi.org/10.1007/s12046-021-01660-x

Sadhana(0123456789().,-volV)FT3](012345
6789().,-volV)

Prediction of mechanical properties of Al-Si-Mg alloy using artiﬁcial
neural network
SRIMANT KUMAR MISHRA1,*, ANITARANI BRAHMA2 and KRISHNA DUTTA3
1

Department of Mechanical Engineering, GIET University, Gunupur, Odisha, India
Department of Computer Science and Engineering & IT, VSSUT, Burla, India
3
Department of Metallurgical and Materials Engineering, National Institute of Technology Rourkela,
Rourkela, India
e-mail: srimantnitrkl@gmail.com; brahmaanita00@gmail.com; duttak@nitrkl.ac.in
2

MS received 30 July 2019; revised 12 July 2020; accepted 4 June 2021
Abstract. The aim of this investigation is to develop a model to predict some most important mechanical
properties of Al-Si-Mg alloy and establish a correlation between different processing parameters and the
mechanical properties of the investigated alloy. A most popular computational modelling tool which works
based on a statistical approach known as artiﬁcial neural network (ANN) model is used in this investigation to
predict various mechanical properties of the material. The model is based on multilayer feed-forward neural
network. Alloy chemical compositions, modiﬁer used, fabrication techniques and heat treatment parameters are
chosen as the input for the network. The outputs of the network are some important mechanical properties
namely tensile strength, yield strength, elongation and hardness of the material. A large dataset was created by
collecting the input-output pairs from existing literature for efﬁcient prediction of the model. Finally, the effect
of all the processing parameters on the mechanical properties are predicted using the created network and the
results are explained based on metallurgical point of view.
Keywords.
(ANN).
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1. Introduction
Aluminum alloys consist of silicon as one of the major
alloying elements constitute a class of material, which
provides the most signiﬁcant part of various shaped castings manufactured, having a wide range of applications in
the automotive as well as in aerospace industries [1]. This is
mainly because of the exceptional effect of silicon, which
not only improves casting characteristics but also affect
other properties such as mechanical properties and corrosion resistance. Mechanical properties of Al-Si alloys are
related to the morphology of silicon particles (size, shape
and distribution), Al grain size, shape, and dendrite
parameters [2]. The effect of microstructure on the properties of metallic alloys has been highlighted in various
studies, particularly the inﬂuence of dendrite arm spacing
on mechanical properties and corrosion behavior relationships [3–6]. The quality of the microstructure of aluminum
parts depends on chemical composition, melting process,
casting process and solidiﬁcation rate [1].
Properties of cast alloys are in general, strongly inﬂuenced by the presence of casting defects, and the
*For correspondence

microstructural characteristics of the casting [7]. The processing parameters inﬂuence microstructural features such
as secondary dendrite arm spacing, interdendritic porosities, silicon particle size and the size of other intermetallic
inclusions [8]. Hence, it has become very much important
to understand the correlation between ‘‘processing parameter-microstructure-properties’’, which would allow to
optimise the processing parameters to obtain desired
properties for any particular application. The study of the
correlation between the processing parameters and the
mechanical properties are generally experimental, which is
both costly and time consuming. However, use of computational modelling for such study in the case of Al-Si-Mg
alloy is very rare.
A most popular computational modelling tool is Artiﬁcial Neural Network (ANN) which works based on a statistical approach. Statistical methods have commonly been
used for analysis, prediction and/or optimization of some
engineering processes. Such methods enable the user to
deﬁne and study the effect of every single condition possible in an experiment where numerous factors are
involved. Neural network modelling is suitable for simulation of correlation which is hard to describe by physical
models [9]. An important aspect of ANN is that, for a better
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predicting network, a signiﬁcant amount of data set is
required. A large amount of data set on the mechanical
properties of Al-Si-Mg alloys at different test conditions is
currently available in the literature.
The aim of this present work is to design an ANN model
to predict the mechanical properties of Al-Si-Mg alloy as a
function of different processing parameters. A large amount
of data set was created by considering input-output experimental pairs from existing literature.

2. Microstructure, precipitation and alloying
element’s effect on various properties of Al-Si-Mg
alloys
The microstructure of Al-Si-Mg alloys is distinctive of a
hypoeutectic Al-Si alloy, with primary a-Al dendrites and
eutectic Si particles dispersed around the Al dendrites to
form a cell pattern regularly repeated across the metallographic surface. The SDAS ranged between 25 lm and 70
lm depending on the local solidiﬁcation rate. Morri [10]
reported that in case of A356 alloy, the elongation to failure
of the alloy was found to depend on SDAS, defects content,
hardness and eutectic silicon size. Mostly in Al–Si–Mg
alloys, the precipitation of b00 and/or b0 phases (precursor of
Mg2Si phases) rooted owing to the age hardening [11, 12]
and the behaviours of precipitation are rather complicated
and several phases such as Mg2Si, CuAl2, CuMgAl2 or
Cu2Mg8Si6Al5 in metastable conditions may exist [13–15].
Additionally, modiﬁer such as Sr and Na changes the
morphology of eutectic silicon into ﬁne ﬁbrous forms,
whereas Sb causes a reﬁnement in the plate-like silicon
structure. Microstructure of hypoeutectic AlSi9Cu3 cast
alloy consists of dendrites a-phase, eutectic and intermetallic Fe- and Cu-rich phases. Solution heat treatment at
525°C can end in melting process of Al-Al2Cu-Si particles
and ﬁnally caused showing the presence of cavities and
structureless phase particles. ‘‘Skeleton-like Al15(FeMn)3Si2 phases are fragmented and spheroidized’’ reported by
Tillova et al [16]. Also they found that in case of recycled
AlSi9Cu3 cast alloy, superior mechanical properties are
accomplished due to the presence of spheroidization of
eutectic Si, fragmentation of Al-Al2Cu-Si and Al15(FeMn)3Si2 phases. Osório et al [17] found in case of as-cast
Al-9wt%Si alloy that the microstructure considered by an
Al-rich dendritic matrix (a-Al phase) and a eutectic blend
in the inter-dendritic region formed by silicon particles,
which are coarse and distributed in a plate-like morphology, set in an Al-rich phase. Davisdson [18] studied the
effect of different casting techniques on microstructural
variation in Al-Si-Mg alloy. During squeeze castings,
macrosegregation and the dendritic structures are observed.
In Semisolid cast plates, the microstructure consisted of
coarse primary Al-phase globules (nondendritic) surrounded by eutectic and other minor phases. A typical
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dendritic microstructure with a modiﬁed eutectic is reported
during gravity diecasting.
Presence of silicon in casting alloys mostly to assist high
ﬂuidity in the molten state, to form a eutectic, and to
endorse the development of strengthening precipitates
through the expected reaction of Si and Mg present in solid
solution. Silicon also forms intermetallic sludge particles
with Fe and Mn in the melt (e.g. ‘-AlFeSi5). As the Al-Si
binary system exhibits an uncharacteristic eutectic, solidiﬁcation involves the development of Si particles in the
solidiﬁed melt. When Mg present in blend with Cu and/or
Si, Mg is also a incredibly proﬁcient alloying addition for
strengthening aluminium alloys. In general, the utmost
advantage to tensile properties arises when the levels of Cu
and Mg are raised together although increases in Mg above
0.3% appear to have little effect on tensile properties when
Cu level is high.
The occurrence of Cu in Al-Si-Cu alloys may also help
ﬂuidity by discouraging the solidus temperature of the
alloy. Copper also permits as-cast alloys to expand sensible
strengths owing to the restricted precipitation that takes
place during cooling from the casting temperature. During
solution treatment, Cu is critical in helping age hardening,
particularly when Mg and Si are also present. The
strengthening that Cu add-ons offer to the Al matrix is
originated by precipitation of solute clusters and ﬁne Guinier-Preston (GP) zones in the T4 condition, or as other
phases such as Al2Cu or Al5Cu2Mg8Si6 that appeared in the
T6 condition.
With addition of Zinc to aluminium alloys usually
enhance castability, machinability, and corrosion resistance
[19] and up to 3% is permitted in some compositions.
Whereas Zn and Mg jointly can originate signiﬁcant age
hardening through the precipitation of MgZn2 in numerous
aluminium alloys for example in case of 7000 series
wrought alloys. The presence of Tin in alloys may be due to
residual fault arising from the exploit of secondary metal.
Generally, Sn may boost ﬂuidity through casting and
enhance machinability. In case of high pressure die casting
(HPDC), the allowable compositions Sn worldwide usually
up to 0.35%; however during diecasting Sn may display
deleterious effects.
Hossain et al [20] observed that in Al-6Si-0.5Mg alloys
containing 2 wt.% Cu addition and aged at 225°C for
1 hour show excellent tensile properties. Heat treated
samples with composition of Mg from 0.1 to 1.5% have
shown an improvement on mechanical properties as compared to as-cast alloys. Tillova et al [16] studied the
behaviour AlSi9Cu3 alloy subjected to solution treatment
condition. They observed that due to such treatment the ascast structure subjected to homogenization; certain intermetallic phases such as Al2Cu get dissolution; morphological changes occur in eutectic Si phase by fragmentation,
spheroidization and coarsening, thus getting better
mechanical properties, mainly ductility. They also observed
that at 525°C, decrease in strength recorded during the
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Figure 1. Schematic artiﬁcial neural network model for mechanical properties prediction.
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Figure 2. Line diagram of artiﬁcial neural network structure used.

whole period owing to gradual coarsening of eutectic Si,
enlarge of inter particle spacing and dissolution of the
Al2Cu phase. These alteration also results a continuous
decrement the HB values after 8 hours of solution treatment. They observed strongly decrease in HB values
probably due to melting of the Al-Al2Cu-Si phase after
prolonged solution treatment time up to 16 h at 525°C.
Lumley et al [21] found that a signiﬁcant morphological
change occurs in Si throughout solution treatment very
rapidly. Additionally, the changes to the silicon morphology come into view, in part, to be accountable for the

enhanced strength/ductility relationships in the heat treated
conditions. Spheroidized Si particles offer signiﬁcant scattering strengthening to HPDC aluminium alloys. Cu is one
of the primary elements for endorsing a strong response to
heat treatment in HPDC aluminium alloys. Magnesium
shows a strong effect in improving the tensile properties of
heat treated HPDC Al-Si-Cu alloys. Addition of Zinc to
aged HPDC aluminium alloys shows little effect on
increasing the tensile properties, providing only minor
increases in strength via solution strengthening, because the
Mg content is low. The element has the disadvantage of
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Figure 3. Algorithm for creation of neural network model [9].

Table 1. Major chemical composition analysis of alloys for training and testing of network.
Elements
Number of data pair containing this elements
Maximum (wt%)
Minimum (wt%)
Mean
S.D.

Al
112
98.519
83.64
89.413
3.755

Si

Mg

Mn

Zn

Fe

Ti

Cu

112
13
1
7.692
2.354

112
0.82
0
0.349
0.156

90
1.03
0
0.105
0.172

90
2.9
0
0.303
0.581

103
1.3
0
0.424
0.432

80
0.36
0
0.076
0.101

81
4.9
0
1.592
1.841

accelerating softening and over-ageing at elevated temperatures. Tin having a harmful effect because it causes die
soldering, ﬂashing and hot tearing in HPDC aluminium
alloys, as well as encouraging the formation of large, Fe
bearing sludge particles in the microstructure.
Tsai [22] observed that in case of A356 alloys, the
eutectic silicon is remained unreﬁned until the rare earth

material La concentration reached up to 1.0 wt.%, and the
microstructure shows a ﬁbrous silicon structure which is
almost equal to the Sr-modiﬁed A356 alloy. It was also
observed that the ultimate tensile strength remains
unchanged with increasing the concentration of La element.
The addition of La decreases the eutectic nucleation and
growth temperatures.

Table 2. Fabrication techniques chosen for dataset with their
digitization.

3. Artiﬁcial neural network model

Fabrication technique
Stir casting
Die casting
Low pressure die casting (LPDC)
High pressure die casting (HPDC)
Squeeze casting
Reo pressure die casting (RPDC)

Digitization
0
1
2
3
4
5

A neural network model was developed as per the aim of
this study. The schematic representation of the designed
model is shown in ﬁgure 1. The inputs of this network
are all the process parameters viz. alloy chemical composition, fabrication techniques, modiﬁers added and the
heat treatment parameters. The output of the network has
four important mechanical properties namely ultimate
tensile strength (UTS), yield strength (YS), elongation

Sådhanå (2021)46:139

Page 5 of 16

139

Table 3. Range of heat treatment parameters for training, testing and validation of network.
Parameters

S. T. temp. (°C)

Range

S. T. time (h)

550-490

N. A. temp. (°C)

12-0.25

25

N. A. time (h)

A. A. temp. (°C)

336-0

A. A. time (h)

225-0

24-0

*S.T. = solution treatment, N.A. = natural aging, A.A. = artiﬁcial aging.

Table 4. Range of output parameters for training, testing and validation of network.
Parameters
Number of data
Maximum (MPa)
Minimum (MPa)
Mean
S.D.

Tensile strength (MPa)

Yield strength (Mpa)

86
490
129
307.586
93.656

71
440
62
217.028
88.848

and hardness. It was observed that the properties of any
material are greatly inﬂuenced by its microstructure.
However, the variation in microstructure may occur
depending on the presence of various alloying elements,
modiﬁer added as well as on the parameters of heat
treatments and fabrication techniques. During selection of
input parameter, it was quite difﬁcult to consider
microstructural data as digital input parameter. In order
to resolve such difﬁculties, parameters on which dependency of microstructure of any material takes place are

Elongation (%)
79
28.5
1.4
5.633
4.428

Hardness (BHN)
37
128
53.5
94.375
22.469

selected as the input parameters in this study. It is a
common practice to consider only the independent
variables as the input parameter for dataset creation in
ANN.

3.1 Basic of artiﬁcial neural network
ANN is a technique encouraged by the biological neural
system and has already been used to solve a wide variety

Table 5. Correlation coefﬁcient for different properties at various dataset training options.
Training
Number of hidden layer
Number of neurons in the hidden layer
Training function used
Tensile strength
Training
Validation
Testing
Overall
Yield strength
Training
Validation
Testing
Overall
Elongation
Training
Validation
Testing
Overall
Hardness
Training
Validation
Testing
Overall

Variables of the network
One
9
tansig

One
9
logsig

One
10
tansig

One
10
logsig

One
11
tansig

One
11
logsig

One
13
tansig

One
13
logsig

0.9792
0.9707
0.9236
0.9713

0.9904
0.8277
0.9133
0.9580

0.9675
0.9947
0.9627
0.9717

0.9578
0.9552
0.9878
0.9617

0.9668
0.9579
0.9615
0.9633

0.9895
0.9650
0.9393
0.9649

0.9661
0.9947
0.9076
0.9595

0.9815
0.9155
0.8695
0.9623

0.9714
0.8217
0.9879
0.9606

0.9950
0.9799
0.8541
0.9761

0.9840
0.9987
0.9907
0.9874

0.9998
0.9807
0.5408
0.8924

0.9839
0.9496
0.9515
0.9695

0.9618
0.9918
0.9624
0.9695

0.9516
0.9659
0.9662
0.9504

0.9873
0.9944
0.9130
0.9804

0.8355
0.8856
0.9238
0.8118

0.8947
0.9159
0.5802
0.8542

0.8555
0.9984
0.9398
0.9339

0.8353
0.8462
0.7634
0.8312

0.9555
0.6583
0.7360
0.9191

0.6672
0.9873
0.9247
0.7121

0.8251
0.8857
0.7867
0.8259

0.9514
0.8947
0.6414
0.9134

0.9668
0.9187
0.9959
0.9397

0.9606
0.8114
0.6684
0.8691

0.9915
0.9082
0.9611
0.9681

0.8959
0.9197
0.7374
0.9008

0.9952
0.9925
0.8355
0.9379

0.9515
0.9395
0.8916
0.9263

0.9718
0.8555
0.9584
0.9215

0.8708
0.9915
0.6075
0.8439

139

Page 6 of 16

Sådhanå (2021)46:139

Figure 4. Performance plots for tensile strength prediction during training, validation, test and overall of the network.

of problems in different ﬁelds [23–25]. It was developed to
simulate the desired output by strong learning, clustering
and reasoning capacity of the biological neurons. With a
strong learning capability and use of parallel computation
and nonlinear mapping, neural networks can be successfully
applied for identifying several nonlinear systems and control problems. The multiple layered ANN is the most
extensively applied neural network for various engineering
materials. It is a technique in which input-output evolutions
is predicted by database training. As this technique is able to
imitate the learning capability of human beings, basically it
is suitable for some complex, non-linear and multi-dimensional problems. This means the network can learn directly
from the examples without any prior formulae about the
nature of the problem and generate by itself some knowledge, which could be applied for new cases.
A neural network is a system composed of many
cross-linked simple processing units called neurons.

The multi-layer network generally consists of three
parts: input layer, hidden layer and output layer. The
neurons or units of each layer in the network are
connected by a link called synapses associated with
weights. The coarse information is accepted by the
input layer and processed in the hidden layer. Finally,
the results are exported via the output layer [26].
Figure 2 gives a schematic description of an ANN
structure, as well as the network conﬁguration. The
number of neurons in input and output layers are
dependant on number of input and output parameters,
respectively. Commonly a neural network follows various steps such as database creation, pre-processing of
the data and database training. All this process followed by testing of the network and ﬁnally simulation
and prediction. A block diagram representation of
computer program for creation of neural network model
is given in ﬁgure 3.
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Figure 5. Performance plots for yield strength prediction during training, validation, test and overall of the network.

3.2 Dataset, input and output parameters
A neural network generally trains with input parameters
along with their corresponding output. This indicates that
for adequate training of the network a signiﬁcantly large
amount of the dataset (input-output pairs) is needed. In this
investigation, a large dataset was created from available
literature on mechanical properties of Al-Si-Mg alloy as a
function
of
various
processing
parameters
[1, 2, 10, 16–18, 20–22, 27–34]. A total 273 numbers of
input-output pairs are collected from the existing literature
on Al-Si-Mg alloy.
The selection of input parameter is very much important
in modelling using ANN. There are 19 input parameters
selected for this modelling consisting of composition, fabrication techniques, modiﬁer added and heat treatment
parameters. The composition includes all the commonly
found alloying elements in Al-Si-Mg alloy namely Si, Mg,
Mn, Ti, Zn, Fe and Cu. Analysis of the database base on the

alloy composition is given in table 1. As with different
fabrication techniques, microstructural variation obtained
resulting variation in the properties of a material; some
commonly used techniques to fabricate Al-Si-Mg alloy
namely stir casting, die casting, low pressure die casting
(LPDC), high pressure die casting (HPDC), squeeze casting
and rheo pressure die casting (RPDC) are also chosen as
input for the network. Since neural networks operate with
digits, the fabrication techniques were digitized by
attributing different digit to various techniques. The selected techniques along with corresponding assigned digits are
presented in table 2. Similarly by adding some modiﬁer
while casting one can also vary the properties of the
material by changing the microstructure. Hence some
generally used modiﬁer namely Sr, Sc, Re and La are
chosen as input parameter. Finally, various most common
heat treatment processes: (1) solution treatment (ST) followed by artiﬁcial ageing (AA), (2) ST followed by natural
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Figure 6. Performance plots for percentage elongation prediction during training, validation, test and overall of the network.

ageing (NA) and (3) ST followed by NA and AA respectively. Here all the treatment temperature and holding time
are chosen as input parameter. The detailed analysis of the
heat treatment process parameters are shown in table 3. For
the experimental data without heat treatment, those process
parameters are taken as 0 (Zero). The output parameters of
the network are chosen as some most important mechanical
properties of the alloy namely ultimate tensile strength
(UTS), yield strength (YS), elongation and hardness. The
detailed analysis of all the output parameters used in this
study was presented in table 4.

3.3 Neural network training
Training of the network is nothing but giving it a chance to
understand the input-output correlations. Training is
exclusively used to adjust the network weights associated

with each connection or synapse between neurons. Each
input neuron of the input layer receives input signal Xi and
broadcasts this signal to all neurons in the hidden layer by
multiplying the signals with the weight of corresponding
synapses. Each hidden neuron Yj sums its weighted input
signal and applies its transfer function to compute output
signal.
!
n
X
ð1Þ
Wij Xi þ B
Yj ¼ f
i¼1

where Wij is the weight of the synapse between the input
neuron Xi and the hidden neuron Yj and B is the bias.
The output signal of the hidden neuron Yj is sent to all
neurons in the output layer. Each output neuron Ok sums its
weighted input signal and applies its transfer function to
compute its output signal.

Sådhanå (2021)46:139
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Figure 7. Performance plots for hardness prediction during training, validation, test and overall of the network.

Ok ¼ f

n
X

!
Wjk Yj

þB

ð2Þ

j¼1

where Wjk is the weight of the synapse between the
hidden neuron Yj and the output neuron Ok and B represents bias.
The transfer functions are generally either linear or Sshaped (sigmodal) curves, with the output value conﬁned
within limits such as (0,1) or (-1/2,1/2) [4]. Some of the
most popular transfer functions are pure linear (purelin),
Hyperbolic tangent sigmodal (tansig) and Log sigmodal
(logsig). The choice of the transfer function depends on the
user to get minimal error between the predicted and
experimentally obtained results. Backpropagation (BP),
which is one of the most famous training algorithms for
multilayer perceptions, is a gradient descent technique to
minimize the error for particular training pattern [35]. This
consist of adjustment of the randomly assigned initial set of
weights of the synapses, one set at a time, until a low value

of the sum of square error (E) was achieved. The sum of
square error that is averaged all patterns is calculated as
follows:
p
1X
E¼
pi  a i
ð3Þ
2 i¼1
where pi the predicted output value, ai is the actual output
value for the ith pattern.
In the minimization process, the weights of all the
connecting nodes are adjusted until the desired error level
is achieved or the maximum cycle is reached. The error
is minimized by adjustments of the weights according to
the following mathematical equation:

ð4Þ
DWji ¼ boE oWji
where b is learning rate.
In this work, the neural network models was created and
trained by using a tool called ‘‘nntool’’ under MATLAB 8.4
(R2014b) package. Separate networks were created to
predict different mechanical properties. A back propagation
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Figure 8. Relative error plot: (a) tensile strength, (b) yield strength, (c) % elongation and (d) hardness.
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Figure 10. Experimental and predicted yield strength for different alloys, heat treatments, fabrication techniques and modiﬁer
used.
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where xn is the normalised value of a certain parameter, x is
the measured value of this parameter, xmax and xmin are the
maximum and minimum values of the dataset for this
parameter respectively.
In all created networks one input layer, one hidden
layer and one output layer is chosen. The number of
neurons in input and output layer is ﬁxed as 19 and 1
respectively for all created networks; however the
number of neurons is varied for minimum error by hit
and trail method. Also, different transfer functions are
also taken into consideration for optimum results. In
all the cases the output layer consists of pure linear
‘‘purelin’’ transfer function, where as in case of hidden
layer both tangent sigmodal ‘‘transig’’ and log sigmodal ‘‘logsig’’ transfer functions are attempted.
Before training, the dataset was randomly divided into
three parts. First part with 70% of the data are chosen
for training purpose, second part with 15% of the data
are choose validation and third part with 15% of the
data are chosen for testing of the network. The algorithm is designed in such a manner that it divides the
dataset randomly for training, testing and validation by
itself.

111 111.00

95.8 90.25

3.4 Neural network performance validation
and testing

80
60

139

53.5 53.50

40

Al-6.8Si-0.33Mg-0.01Sr
-RPDC-ST 540,6NA 25,20-AA 170,6

Al-10.7Si-0.27Mg-Die
cast-ST 525,8-NA 25,24
(without modifier)

Al-7Si-0.25Mg-0.05Sr
-Die cast (without heat
treatment)

Al-6.1Si-0.425Mg-Stir
cast (without modifier
and heat treatment)

0

Al-5.7Si-0.93Mg-Stir cast
-ST 500,10-NA 25,12-AA
150,6 (without modifier)

20

Figure 12. Experimental and predicted hardness for different
alloys, heat treatments, fabrication techniques and modiﬁer used.

with Livenburg-Marquardt algorithm is used in this study
to reduce the required number of training iterations compared with Backpropagation, and its use is highly reliable.
Livenburg-Marquardt algorithm updates weight and bias
values according to Levenberg-Marquardt optimization.
The optimised values of the learing rate and momentum
paramaters are selected by the tool automatically. Normalization of both the input and output parameters are done
before subjected to training of the network as follows [9]:
xn ¼ 2

x  xmin
1
xmax  xmin

ð5Þ

After the every training of the network, its performance was
validated. The correlation coefﬁcient (R) values (which is
the statistical measure of the strength of relationship
between experimental value and predicted value) for
training, validation, testing and overall created networks
with different combinations are represented in table 5.
From this it is clear that network with one hidden layer with
10 neurons in hidden layer and ‘‘tansig’’ transfer function
shows a better R value as compared to others. Hence, in this
investigation ‘‘10 tansig’’ is chosen for further analysis. The
best performance plot of the neural network for prediction
of tensile strength, yield strength, elongation and hardness
values are shown in ﬁgures 4, 5, 6 and 7 respectively. These
ﬁgures show the linear regression analysis between the
predicted result (network output) and the experimental
result (target) as a network response. Additionally for statistical analysis of the performance of the network, relative
error (Er) graph of predicted results for tensile strength is
shown in ﬁgure 8 which is calculated by using the relation
as follows:
Er ð%Þ ¼

Rexp t:  Rpredicted
 100
Rexp t:

ð6Þ

where Rexpt. is the experimental result, and Rpredicted is the
predicted neural result.
From this graph it was clear that about 85% of the predicted results lie in a range of ±5% and a total of 90% of
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Figure 13. ANN predicted results on effect of Si and Mg: (a) tensile strength, (b) yield strength, (c) % elongation and (d) hardness.

the results are in between the range of ±10% for tensile
strength. In yield strength, about 81% lies between ±5%
and a total of 87% between ±10%; for percentage elongation, about 71% lies between ±5% and a total of 79%
between ±10%. In case of hardness, about 86% lies
between ±5% and a total of 97% between ±10% which
show a high acceptability of the developed networks to
predict mechanical properties of the Al-Si-Mg alloys.

4. Predicted results and discussion
Different network models based on the artiﬁcial neural
network was created in order to predict some most
common mechanical properties of various Al-Si-Mg
alloys. Due to its high correlation coefﬁcient and a
less relative error value, it gives a high conﬁdence of
predicted result within the range of the dataset. As
this designed network is a statistical model, some
results are explained based on metallurgical point of
view.
After the successful completion of training and
testing of the developed network, the mechanical
properties of Al-Si-Mg aluminium alloy at different
heat treatment conditions and at different fabrication

methods are predicted using this model. Some predicted results are compared with the results obtained
from existing literature. The comparison graph of
experimental and predicted tensile strength, yield
strength, percentage elongation and hardness of some
common Al-Si-Mg alloy for different fabrication process and heat treatment conditions are presented in
ﬁgures 9, 10, 11 and 12 respectively. From all these
graphs, it is clear that all the developed models are
quite capable of predicting the output within an
acceptable range.

4.1 Effect of Si and Mg on mechanical properties
As Si and Mg are two major elements present in Al-Si-Mg
alloy, the variation in the composition of these two elements can affect the mechanical properties to a large extent.
Hence in order to understand the effect of these two
alloying elements, mechanical properties of the material
was predicted by keeping other processing parameters
constant. The predicted mechanical properties of Al-Si-Mg
alloy with different Si and Mg content is shown in ﬁgure 13. As Si is the main alloying element which improves
the castability and weldability of the alloy, it does not have
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Figure 14. ANN predicted results on effect of Sr modiﬁer and
fabrication technique: (a) tensile strength and (b) yield strength.
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Figure 16. ANN predicted results on effect of heat treatment
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signiﬁcant effect on the tensile and yield strength of the
alloy. However, the hardness of the alloy increases with
increase in the Si content. As Si is harder than Al matrix,
more the amount of Si present higher will be the hardness.
On the other hand, the tensile and yield strength increases
with increase in Mg content as Mg is usually added to Al–
Si casting alloys to enhance the mechanical properties.
Salleh et al reported that Mg in the presence of Si forms
Mg2Si inter-metallic and small amounts of this intermetallic precipitates alongside of Si particles which gets
uniformly dispersed throughout the alloy, thereby improves
mechanical properties [36]. However, with increase in the
amount of Mg content, the elongation to fracture of the
alloys decreases. This may be due to the formation of brittle
inter-metallic phases like Mg2Si, p-Al9FeMg3Si5 and
Q-Al5Cu2Mg3Si5 [36].

e(

hr

Mechanical properties of Al-Si-Mg alloys are related to the
morphology of the primary Al phase and the eutectic Si
phase. Such morphology can be modiﬁed by adding various
chemical modiﬁers as well as by varying rate of solidiﬁcation. Sr is one of the commonly used chemical modiﬁers,
and the addition of a very small amount of this element in
the melt can change the microstructure to a large extent [2].
With the addition of Sr, the coarse continuous network of
thin platelets of Si (stress risers) changes into a ﬁne and
rounded shape to improve the strength of the material. The
variation in the tensile strength and yield strength of the
alloy by keeping other parameters constant are shown in
ﬁgure 14(a) and (b) respectively. It was observed that both
the properties increase with increase in the Sr content for
stir cast and die cast techniques; however, in pressurised
casting (squeeze cast, LPDC, HPDC and RPDC) these
properties remain constant with increased Sr content. Also
in both the cases, the alloys fabricated by RPDC techniques
show better properties followed by squeeze cast, HPDC,
LPDC, die cast and stir cast in decreasing order. In pressurised casting shape of both primary a-Al phase and
eutectic Si phase get modiﬁed into spherodised equiaxed
shape that improves the properties of the material [37].
Further, with the application of the pressure the chance of
porosity formation in the cast is reduced causing
improvement in mechanical properties.

s)

Figure 17. ANN predicted results on effect of artiﬁcial aging
temperature and holding time: (a) tensile strength, (b) yield
strength and (c) % elongation.

4.3 Effect of heat treatment on mechanical
properties
Heat treatment plays an important role in determining the
properties of materials. A comparative assessment between
the heat treated and untreated Al-Si-Mg aluminium alloy
shows that with the implementation of the heat treatment,

Sådhanå (2021)46:139
the properties of the material enhance to a large extent
(ﬁgure 15). This is due to the microstructural alterations
such as formation of equiaxed shape of both primary Al
phase and eutectic Si phase, during heat treatment [37].
Further, with heat treatment of the alloy, the formation of
more Mg2Si precipitates take place that make the dislocation movement more difﬁcult [36], and as a result of which
the tensile properties of the alloys increase.
Effect of different heat treatment processes commonly
used in Al-Si-Mg alloys on mechanical properties is shown
in ﬁgure 16. Tensile strength of the samples subjected to
solution treatment followed by artiﬁcial aging (ST?AA)
shows better results compared to the samples subjected to
solution treatment followed by natural aging (ST?NA) and
solution treatment followed by natural aging and artiﬁcial
aging (ST?NA?AA). One can also conclude that the effect
of solution treatment temperature and time on the tensile
property is not much. It is also evident from ﬁgure 17 that
artiﬁcial aging at a temperature of 120°C and a holding
time of 24 h shows better mechanical properties (tensile
strength, yield strength and percentage elongation) as those
compared to other artiﬁcial aging conditions.

5. Conclusions
An artiﬁcial neural network model was developed to predict
some mechanical properties of Al-Si-Mg alloy as a function
of various processing parameters like alloy composition,
microstructural modiﬁer used, fabrication techniques and
heat treatment conditions. The predicted results of the
network assist to infer the following conclusions:
1. The relative error value of the predicted results lie within a
range of ±10%; hence the model gives a conﬁdence on
accuracy.
2. ANN predicted results leads to conclude that the amount
of Si content does not affect much in the tensile strength,
yield strength and elongation of the alloy; however the
hardness increases with increased Si content. On the
other hand, with increased Mg content, the tensile
strength, yield strength and hardness increase with
decrease in elongation. This fact occurs due to the
formation Mg2Si inter-metallic phase [36].
3. The tensile and yield strength increase when the wt% of
microstructural modiﬁer (Sr) increases in case of stir and
die cast techniques; whereas these remain constant in case
of pressurised die cast techniques. This is because, in
pressurised die cast, the applied pressure plays a major role
in a microstructural modiﬁcation rather than the Sr content.
4. RPDC techniques show better properties followed by
squeeze cast, HPDC, LPDC, die cast and stir cast in
decreasing order. This is because, in pressurised casting,
shape of both primary a-Al phase and eutectic Si phase
gets modiﬁed into spherodised equiaxed shape that
improves the mechanical properties of the material [37].
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5. Heat treatment enhances the properties of the material
considerably. This is due to the microstructural modiﬁcation and precipitation of Mg2Si, which makes the
dislocation movement more difﬁcult [36].

Appendix A
List of alloys taken into consideration for training and
testing of the network to predict the mechanical properties
of Al-Si-Mg aluminium alloy:
Al-6.104Si-0.425Mg-0.013Mn-0.063Zn-0.18Fe-0.009Ti,
Al-7.3Si-0.44Mg-0.055Mn-0.008Zn-0.361Fe-0.017Ti-0.2Cu,
Al-7.11Si-0.39Mg-0.051Mn-0.009Zn-0.357Fe-0.015Ti-0.7Cu,
Al-7.1Si-0.37Mg-0.056Mn-0.006Zn-0.359Fe-0.016Ti-1.51Cu,
Al-7.11Si-0.35Mg-0.054Mn-0.007Zn-0.358Fe-0.018Ti-2.5Cu,
Al-7.03Si-0.37Mg-0.08Fe-0.12Ti, Al-9Si-0.08Fe-0.08Cu, Al7Si-0.25Mg-0.36Ti, Al-6.21Si-0.26Mg-0.25Fe-0.11Ti-0.001
Cu, Al-7.3Si-0.43Mg-0.09Mn-0.02Zn-0.11Fe-0.11Ti-0.03Cu,
Al-6.85Si-0.37Mg-0.01Mn-0.03Zn-0.19Fe-0.23Ti-0.01Cu,
Al-1.1Si-0.58Mg-1.03Mn-0.22Zn-0.75Fe-0.12Ti-4.72Cu,
Al-9Si-0.1Mg-0.16Mn-0.53Zn-0.86Fe-3.1Cu, Al-9.1Si0.29Mg-0.14Mn-0.6Zn-0.86Fe-3.18Cu, Al-8.6Si-0.1Mg0.18Mn-0.53Zn-0.93Fe-3.6Cu, Al-86Si-0.3Mg-0.2Mn-0.53
Zn-1Fe-3.6Cu,
Al-8.5Si-0.1Mg-0.2Mn-0.51Zn-0.97Fe4.9Cu, Al-8.7Si-0.27Mg-0.21Mn-0.51Zn-1Fe-4.9Cu, Al8.8Si-0.7Mg-0.19Mn-0.56Zn-1.1Fe-4Cu, Al-9.1Si-0.26Mg0.36Mn-0.53Zn-0.79Fe-2.04Cu, Al-9.2Si- 0.09Mg-0.16Mn2.9Zn-0.9Fe-3.11Cu, Al-9.1Si-0.22Mg-0.2Mn-1.2Zn-1.3Fe4.2Cu, Al-7.3Si-0.44Mg-0.055Mn-0.008Zn-0.361Fe-0.017
Ti-0.2Cu, Al-7.11Si-0.39Mg-0.051Mn-0.009Zn-0.357Fe-0.015
Ti-0.7Cu, Al-7.1Si-0.37Mg-0.056Mn-0.006Zn-0.359Fe-0.016
Ti-1.51Cu,
Al-7.11Si-0.35Mg-0.054Mn-0.007Zn-0.358Fe0.018Ti-2.5Cu, Al-1Si-0.45Mg-0.002Mn, 0.002Zn-0.02Fe0.007Ti, Al-7Si-0.45Mg-.0002Zn-0.02Fe-0.04Ti, Al-13Si0.45Mg-0.002Mn-0.002Zn0.02Fe-0.28Ti, Al-6.8Si-0.36Mg0.08Fe-0.01Ti, Al-6.8Si-0.33Mg-0.1Fe, Al-7.2Si-0.3Mg0.15Fe-0.16Ti, Al-7.3Si-0.82Mg-0.15Fe-0.17Ti, Al-5.902Si0.461Mg-0.099Ti-0.007Cu, Al-6.033Si-0.517Mg-0.094Ti-0.558
Cu, Al-6.105Si-0.555Mg-0.088Ti-1.185Cu, Al-5.801Si-0.497
Mg-0.094Ti-1.98Cu, Al-5.884Si,0.532Mg-0.086Ti-3.8Cu, Al7Si-0.4Mg-0.1Mn-0.07Zn-0.15Fe-0.1Ti-0.03Cu, Al-7.24Si-0.42
Mg-0.007Mn-0.003Zn-0.138Fe-0.12Ti-0.001Cu, Al-10.7Si-0.27
Mg-0.22Mn-1.1Zn-0.9Fe-0.03Ti-2.4Cu, Al-5Si-0.1Mg-0.55Mn0.55Zn-0.9Fe-0.25Ti-3.8Cu, Al-5.7Si-0.93Mg-0.55Mn-0.55Zn0.8Fe-0.2Ti-4.1Cu.
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