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Abstract

Purpose: In the following paper there have been presented the optimisation of heat treatment condition and 
structure of the MCMgAl12Zn1, MCMgAl9Zn1, MCMgAl6Zn1, MCMgAl3Zn1 magnesium cast alloy as-cast 
state and after a heat treatment.
Design/methodology/approach: Working out of a neural network model for simulation of influence of 
temperature, solution heat treatment and ageing time and aluminium content on hardness of the analyzed 
magnesium cast alloys.
Findings: The different heat treatment kinds employed contributed to the improvement of mechanical properties 
of the alloy with the slight reduction of its plastic properties.
Research limitations/implications: According to the alloys characteristic, the applied cooling rate and alloy 
additions seems to be a good compromise for mechanical properties and microstructures, nevertheless further 
tests should be carried out in order to examine different cooling rates and parameters of solution treatment 
process and aging process.
Practical implications: For comparison of the achieved results on the basis of the performed investigations a 
computer neural network model was used for analysis of the aluminium content and heat treatment parameters 
influence on the properties of the worked out cast magnesium alloys.
Originality/value: The advantage of the neural networks is their capability to learn and adapt to the changing 
condition, as well as their capability to generalise the acquired knowledge.
Keywords: Heat treatment; Mechanical properties; Artificial neural networks; Magnesium alloys

1. Introduction 

The development of modern computer tools including methods 
of artificial intelligence (neural networks) and computer-aided 
examinations of materials are the reasons they are more and more 

widely used in different domains of science and technology, both in 
terms of their classification and calculations, as well as the 
prediction of the assumed values. Also, in the materials technology 
domain these trends are often noticeable thanks to their 
application possibilities which allow to solve new questions as 
well as those perceived as classical ones [1-7]. 

1.	�Introduction
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The artificial neural networks are used more and more widely 
to carry out many tasks. The advantage of the neural networks is 
their capability to learn and adapt to the changing condition, as 
well as their capability to generalise the acquired knowledge. 
Thanks to these properties they can be used in all cases in which 
employment of the traditional methods is confronted with big 
difficulties, analytical solutions are impossible or hard to attain, in 
problems calling for associating and processing the incomplete or 
inaccurate information [1-7].  

Scope of utilisation of foundry magnesium alloys is 
continuously being extended, so if we want to operate as 
competitive producers, it is necessary to investigate very actively 
properties of individual alloys, optimise their chemical 
composition, study issues of their metallurgical preparation, 
including heat treatment. Recently, however, increases also 
utilisation of formed magnesium [8-15]. 

Magnesium alloys are subjected to heat treatment mostly for 
the purpose of improvement of their mechanical properties or as 
an intermediary operation, to prepare the alloy to other specific 
treatment processes. A change of the heat treatment basic 
parameters has an influence on a change of the properties. 
Annealing significantly decreases the mechanical properties and 
causes improvement of plastic properties, thus facilitating further 
treatment. Complex evaluation of magnesium alloys requires very 
often knowledge of elastic-plastic properties at elevated 
temperatures [8-11].  

The rising tendencies of magnesium alloy production, show 
increased need of their application in world industry and what  
follows the magnesium alloys become one of the most often apply 
construction material our century. Therefore it is extremely 
important to keep a high investigation development of a light 
alloy issue, furthermore performing in Institute of Material 
Processes and Computer Technology, Institute of Engineering 
Materials and Biomaterials, Silesian University of Technology. 

The aim of research is to work out the model of neural 
networks that enables the simulation of the influence of 
temperature and time of solution heat treatment and ageing, as 
well as the aluminum concentration onto the hardness of the 
analyzed magnesium cast alloys. 

2. Experimental procedure 
The investigations were performed on experimental 

magnesium alloys MCMgA112Zn1,MCMgAL9z1, 
MCMgAl6Zn1, MCMgAl3Zn1 in stable state and after heat 
treatment (table 2). Chemical composition of this materials was 
conditioned by changeable concentration range of aluminium in 
accordance with different types of alloy, which changes in range 
from 3-12% (table 1).  
 As the basic indicators for evaluation of the model quality 
following values were used:

average network forecast error, 
ratio of standard deviations of errors and data, 
Pearson’s correlation coefficient. 

 For data analysis four neural networks models were used:  
multilayer perceptron MLP, 
linear neural networks, 
radial basis functions neural network RBF, 
generalized regression neural networks GRNN, 

also the following learning methods: 
back propagation method, 
conjugate gradient, 
quasi-Newtona method, 
fast propagation. 

 The applied neural networks allow to work out of a 
interdependence model for: 

aluminium content, temperature and solution treatment time, 
cooling medium, and hardness, 
aluminium content, temperature and ageing time, cooling 
medium, and hardness. 

3. Discussion of experimental results 
The data set has been obtained from the examinations of the 

hardness of magnesium cast alloys after solution heat treatment 
(water, air) and annealing in 400, 415 and 430 ºC temperatures in 
the time of 10, 20 and 30 hours, and also after ageing with air-
cooling in temperatures between 150 and 210 ºC and in the time 
of 5, 10 and 15 hrs. 

The data for the solution heat treatment and ageing has been 
divided randomly into three subsets: learning, validating and 
testing ones. In case of the network calculating the hardness after 
solutioning, the number of cases was adequately 68, 20 and 20, 
whereas for the network calculating the hardness after ageing was 
231, 100 and 101. The data from the learning set has been used 
for the modification of the network weights, the data from the 
validating set, to evaluate the network during the learning process, 
while the remaining part of the values (the testing set) has been 
used for determining the network efficiency after ending 
completely the procedure of its creating. 

The results used in the learning process and the network 
testing have been put to standardization. Scaling has been used in 
relation to the deviation from the minimal value, according to the 
mini-max function. The mini-max function transforms the 
variable domain to the range (0,1). The type of the network, the 
number of neurons in the hidden layer (layers), the method and 
learning parameters have been determined observing the influence 
of these quantities onto the assumed network quality coefficients.  

The quotient of standard deviations for errors and the data has 
been accepted, as the vital indicator of the model quality, made 
with the use of the neural network. The correctness of the network 
model may only be considered in case when the presented by 
networks forecasts are burdened with a smaller error than the 
simple estimation of the unknown output value.  

For both, the networks calculating the hardening after the 
solution heat treatment as well as after ageing, as the optimal has 
been recognized the MLP unidirectional network (multilayer 
perceptron) with one hidden layer and 5 neurons in the layer. The 
error function in the form of the sum square has been accepted 
together with the logistic activation function. The learning method 
based on the conjugate gradient algorithm has been applied, 
representing the examples from the learning set for 101 training 
patterns for the network calculating the hardness after solution 
heat treatment, and 195 patterns for the network calculating the 
hardness after ageing. 

On the basis of the worked out models of neural networks, the 
diagrams of the influence of the temperature and solutioning and 
ageing times have been done, as well as the aluminum content 
onto the hardness of the analyzed magnesium cast alloys (Fig.1). 

Table 1. 
Chemical composition of investigated alloys 

The mass concentration of main elements, % 
Al Zn Mn Si Fe Mg Rest 

12.1 0.617 0.174 0.0468 0.0130 86.9507 0.0985 
9.09 0.77 0.21 0.037 0.011 89.7905 0.0915 
5.92 0.49 0.15 0.037 0.007 93.3347 0.0613 
2.96 0.23 0.09 0.029 0.006 96.6489 0.0361 

Table 2. 
Parameters of heat treatment of investigated alloys 

Solution treatment  Aging treatment Sing the state of 
heat treatment Temperature Time  Cooling Temperature Time Cooling 

0 As-cast 
1 430 10 air - - - 
2 430 10 water - - - 
3 430 10 furnace - - - 
4 430 10 water 190 15 air 

a)

b)

c)

d)

Fig. 1. Simulation of the temperature and ageing time influence on hardness of the cast magnesium alloys a) MCMgAl12Zn1,  
b) MCMgAl9Zn1, c) MCMgAl6Zn1, d) MCMgAl3Zn1 by selected solution treatment temperature and time - 430°C and 10 hour
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4. Summary 
The obtained results explicitly indicate that the most favorable 

type of the heat treatment in terms of the optimal working 
conditions and the energy used and the time needed for carrying 
out the solution heat treatment and ageing, and also in terms of 
the obtaining the best possible mechanical properties, is the 
solutioning in the temperature of 430ºC for 10 hours and ageing in 
the temperature of 190ºC for 15 hours (Fig. 1). 

Acknowledgments 
This scientific work is fragmentary financed within the 

framework of scientific financial resources in the period 2007-
2008 as a research and development project R15 0702 headed by 
Prof. L.A. Dobrza ski and by Project MSM 6198910015. 

References 
[1] A. Necat, K. Rasit, Use of artificial neural network for 

prediction of physical properties and tensile strengths in 
particle reinforced alüminum matrix composites, Journal of 
Materials Science 40 (2005) 1767-1770. 

[2] S. Malinov, W. Sha, The neural network modeling of 
titanium alloy phase transformation and mechanical 
properties, Jom 57 (2005) 54-57. 

[3] V.V. Kurban, N.L. Yatsenko, V.I. Belyakova: Feasibility of 
using neural networks for real-time prediction of the 
mechanical properties of finished rolled products, 
Metallurgist 51 (2007) 3-6. 

[4] S. Juan-hua, L. He-jun, D. Qi-ming, L. Ping, K. Bu-xi: 
Prediction and analysis of the aging properties of rapidly 
solidified Cu-Cr-Sn-Zn alloy through neural network, 
Journal of Materials Engineering and Performance, 14 
(2005) 363-366 

[5] L.A. Dobrza ski, J. Trzaska: Application of neural networks 
for prediction of critical values of temperatures and time of 
the supercooled austenite transformations, Journal of 
Materials Processing Technology 155-156 (2004) 1950-1955.  

[6] M. Krupinski, L.A. Dobrza ski, J. Sokolowski, W. 
Kasprzak, G. Byczynski: Methodology for automatic control 
of automotive Al-Si cast components, Materials Science 
Forum 539-543 (2007) 339-344. 

[7] J. Trzaska, L.A. Dobrza ski: Application of neural networks 
for designing the chemical composition of steel with the 
assumed hardness after cooling from the austenitising 
temperature, Journal of Materials Processing Technology 
164-165 (2005) 1637-1643. 

[8] L.A. Dobrza ski, T. Ta ski, L. ížek, Z. Brytan: Structure 
and properties of the magnesium casting alloys, Journal of 
Materials Processing Technology 192-193 (2007) 567-574. 

[9] A. Fajkiel, P. Dudek, G. S k-Sas: Foundry engineering XXI 
c. Directions of metallurgy development and Light alloys 
casting, Publishers Institute of Foundry engineering, 
Cracow, 2002 (in Polish).

[10] M. Greger, R. Kocich, L. ížek, L.A. Dobrza ski, I. Ju i ka:
Possibilities of mechanical properties and microstructure 
improvement of magnesium alloys, Archives of Materials 
Science and Engineering 28/2 (2007) 83-90. 

[11] K.U. Kainer: Magnesium – Alloys and Technology, Wiley-
VH, Weinheim, Germany, 2003. 

[12] A. Kie bus: Structure and mechanical properties of casting 
MSR-B magnesium alloy, Journal of Achievements in 
Materials and Manufacturing Engineering 18 (2006) 131-134. 

[13] T. Rzycho , A. Kie bus: Microstructure of WE43 casting 
magnesium alloys, Journal of Achievements in Materials 
and Manufacturing Engineering 21 (2007) 31-34. 

[14] T. Rzycho , A. Kie bus: The influence of wall thickness in 
the microstructure of HPDC AE44 alloys, Archives of 
Materials Science and Engineering 28/8 (2007) 471-474. 

[15] M. Yong, A. Clegg: Process optimization for a squeeze cast 
magnesium alloy, Journal of Materials Processing 
Technology 145 (2004) 134-141. 

4.	�Summary

Acknowledgments

References


