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Abstract 

The work presents selected methods which augment designing 

the properties of surface layer, based on neural networks. A 

neural model has been presented for the quality of 

manufacturing processes based on direct and inverse 

modelling. Moreover, functionality of the MagmaSoft system 

in the process of designing during casting, has been 

characterised in the work.  
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INTRODUCTION 

The production of spheroidal graphite iron castings in the 

world is constantly increasing, and although in Western 

European countries the production volume is stable and 

constitutes 50÷60% of overall production of iron castings, still 

e.g. in Poland, remaining at much lower level, it was 9,6% in 

1993, 12% in 1999, and slightly over 14% in 2001 [1, 2].  

World industry manufactures c. 80% of iron castings. As a 

rule, they undergo mechanical treatment, and therefore the 

issue of process ability (machinability) of different kinds of 

cast iron is crucial for the manufacturing processes [1]. Many 

surfaces of the products are not processed at all, while others 

are processed very thoroughly. At present,  c. 15÷20% of the 

casting weight turns into chips (and becomes waste material) 

in the process of removing the allowance. Reducing the 

amount of machining allowance results in measurable material 

savings, reduces energy use and makes it less time-consuming 

[1, 2]. Cast iron is mainly used in automotive industry [3-5]. 

For instance, the share of spheroidal graphite iron castings in 

world production is c. 21% [6]. 

 

 

SURFACE LAYER 

While analysing the formation process of the surface layer of 

iron casting, it should be observed that as early as during 

volume contraction of the casting, a characteristic layer is 

formed under the geometric surface, possessing distinct 

physical properties from the casting core. This upper layer 

formed on the surface of the raw casting can be defined as 

follows: "the surface layer of a raw casting is a layer of the 

material limited by the actual surface of a raw object and 

incorporating the part of the material underneath the 

geometric surface area towards the centre which reveals 

altered physical properties, and sometimes chemical 

properties, compared to the properties of this material [7-9]. 

 

The surface layer of a raw casting is thus composed of two 

zones: 

 reaction zone, very thin - c. 0,01÷0,1mm of the surface 

layer, also called the casting skin, which is formed as a 

result of a reaction with moulding materials (e.g. oxygen) 

and has different chemical composition from the core 

(glass-like),  

 transition zone - found underneath the surface layer. Its 

formation depends on the conditions of solidification and 

cooling of the reaction zone. This zone has identical 

chemical composition as the casting, but a different 

structure.  

 

The range and form of the transition zone are influenced by 

factors such as: metallurgical process, type of moulding 

material and the thermo-physical conditions of the 

solidification and cooling process (depending on the kind and 

composition of liquid metal and thickness of the casting wall), 

thermo-physical properties of the moulding compound (e.g. 

b2-heat accumulation coefficient), the temperature of mould 

filling etc. [10]. 

 

 

METHODS AUGMENTING THE PROCESS OF 

SURFACE LAYER FORMATION 

Extreme working conditions (high temperature) make it 

impossible to control and regulate the course of the process by 

installing appropriate devices. The lack of possibility to 

control the foundry processes limits the opportunities of 

increasing productivity and of obtaining products whose 

properties would satisfy present-day needs. With the use of 

neural networks it is possible to predict the phenomena 
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occurring in the furnace, thanks to the analysis of the work of 

control-command systems operating on the basis of 

mathematical models, based on the obtained literature data. 

Also, applying computer simulations to control the foundry 

processes has substantially optimised them. 

 

 

MAGMASOFT SYSTEM APPLIED IN SIMULATION 

OF MOULDING THE IRON CASTINGS 

MAGMAiron module, which is a part (module) of the 

MAGMASOFT system, contains a kinetic model allowing to 

predict the progress of cast iron solidification in the micro-

scale and presenting the resultant structure and the properties 

of cast iron. This module takes account of, among others, the 

modification procedure, modification mode specific for the 

particular foundry, the composition of the alloy, the influence 

of the main alloy components on the solidification mode, the 

influence of silicon (Si) content on segregation (fig. 1), phase 

transitions in solid state. The MAGMAiron module also 

allows to obtain accurate data concerning casting conditions 

and information about the cast itself. This module enables to 

obtain data about the number of grains in the casting during 

solidification, the share of pearlite and ferrite in the structure, 

Brinell hardness (HBW), and the contraction of cast iron with 

spheroidal graphite in the macro-scale. Applying 

MAGMASoft system allows to reduce prime costs of the 

foundry and to bring forward the phase of implementing the 

production by predicting the quality of the castings 

(identification of occurring and distribution of casting defects: 

shrink holes, porosity, misruns, warping and others), 

predicting the structure and properties of the castings, 

predicting the results of applying different technologies, 

optimisation of gating systems, verification of the number, 

shape and distribution of risers and the increased metal yield 

related to it, the preview of the thermal balance of reusable 

permanent moulds, and documenting the manufacturing 

process [11-16]. 

Fig. 1 and Fig. 2 present examples of the results of 

simulations conducted with the use of MAGMASOFT system, 

whose object were wedge-shaped castings made of cast iron 

containing from 3,5% to 1,5% of silicon, and the comparison 

to the fractures of actual castings which proves good 

representation of reality. Fig. 2 presents the forecast of 

porosity and Rm for the casting from spheroidal graphite iron 

SGJ 500-7. White colour in the left picture (Fig. 2) signifies a 

casting without defects, while other colours denote porosity 

and contraction cavities. What needs to be underlined, is the 

fact that a simulation carried out in MAGMASOFT system 

lends the possibility to receive an exact representation of the 

casting shape, including their required properties of surface 

layer (as well as the core), and minimises the occurrence of 

casting defects (e.g. contraction cavities). 

 

 

 
 

Figure 1. The comparison of the results of a wedge test simulation with the experiment for different content of silicon 

 

 

 
 

Figure 2. The forecast of contraction defects (on the left) and the tensile strength (on the right) for spheroidal graphite iron casting 
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APPLICATION OF NEURAL NETWORKS 

Neural networks are applied to solve tasks such as: the 

analysis of data sets of large size, which can be analysed only 

automatically, work in the environment requiring the 

adaptation of the system to rapidly changing conditions, to 

tasks which are complex and difficult to describe with the use 

of other mathematical [17].  

Other frequently encountered applications of neural networks 

concern robotics, control engineering, and also control theory 

and optimisation issues, motion perception and its planning. 

The network also performs the function of a tracing and 

follow-up system, adapting to changing environmental 

conditions. The function of a classifier, used in decision-

making as to the further course of the process, plays a 

significant role, especially in controlling robots [18, 19]. 

Neural network systems also help in solving varied problems 

related to casting. Examples of such solutions is the 

application of fuzzy logic to determine the relation between 

temperature and the pace of filling the casting moulds, and 

sometimes the mechanical parameters of ADI (Austempered 

Ductile Iron) [20]. Moreover, it is possible to predict Vickers 

hardness and determine the amount of retained austenite, the 

latter of which influences e.g. the properties of ADI, in the 

function of chemical composition and the parameters of heat 

treatment. Developing a system of neural network for a 

casting process consists in establishing the list of parameters 

(signals) which can have a significant connection with the 

quality of the product. It is also important to create a model of 

quality (Fig. 3.1), meant as finding the relationship between 

the parameters of the process and the properties of all the 

materials used on one hand (the input data), and the quality 

parameters of the products on the other hand. It is also 

significant to establish the values which are a part of input 

signals and which are treated as output ones. Fig. 3 presents 

the phases of casting process and the parameters (the 

properties of the casting sand, the properties of input 

materials, the conditions of the surroundings, time etc.) which 

have influence on the course of this process and at the same 

time on the quality parameters of the casting (output).  

 

Moulding sand treatment

FORMING MELTING
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Figure 3: The models of quality for manufacturing processes in a typical foundry 
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Figure 4: Neural models of the quality of manufacturing processes, where: a) direct modelling, b) inverse modelling 

 

 

Another example of neural networks' applications is 

controlling the content of sulphur and silicon. For instance: 

low capacity of these elements considerably influences the 

success of the blast-furnace process. The basic model of 

neural network forecasts the values of the components of hot 

metal, silica, and the temperature values. This model is 

combined with the model calculating the cost of the input 

material and the group of rules for changing temperature of 

hot blast, its stream, pressure, the amount of coke and 

limestone. Due to operative control and regulation systems, 

considerable economic savings are gained, consisting in 

lowering the production costs, and achieving larger stability of 

aggregate work by better insight into the internal processes 

occurring in the furnace, and at the same time uniformize the 

parameters of crude iron and slag. These systems are not as 

well applicable in the situations when disturbances occur or 

the operating parameters change considerably. The accuracy 

of forecasting the parameters' values draw particular attention. 

In such case, statistical methods are usually applied, the most 

advanced of which are neural networks. On the basis of the 

presented models and the available data, it can be stated that: 

neural network has the capability to automatically determine 

the relationships between input and output data, and the more 

significant parameters of the process can be predicted in 

advance (2÷3 hours), which in the perspective of production 

time (1 cast) can have considerable importance for the 

process, also neural network enables to carry out the 

measurement of the composition and amount of hot metal and 

slag without the necessity to apply spectrographic technique, 

performed only offline. It appears that the share of the neural 

network models in control and command systems facilitating 

the work of blast furnaces is justified. These models can 

operate independently. They can also, in a way, duplicate the 

solutions based on the description of physical phenomena, and 

either corroborate or deny them. 

 

 

 

 

CONCLUSION 

The selected methods of designing (shaping) properties of the 

surface layer of iron castings, presented in the article, have 

considerable influence on improving the quality of 

manufactured castings. The application of these methods 

allows to obtain castings featuring the properties which fulfil 

the contemporary requirements concerning materials, without 

increasing the production costs substantially. And although 

implementing such a method in the foundry causes certain 

investment expenditures, yet the efficiency, economics of 

technological process and, above all, obtaining castings 

possessing comparable and sometimes even better properties 

than other materials used in various branches of industry, all 

allow to receive the returt on investment soon and achieve 

considerable profit. Manufacturing iron casts augmented in 

the designing phase by methods described above, generates 

benefits for the customers as well, who get the opportunity to 

acquire low-priced castings characterised by good mechanical 

and exploitative. The advantages of employing these methods 

have been corroborated in numerous scientific studies. The 

descriptions of some ways of application presented in the 

work allow to state that it is worth promoting the development 

of cast iron foundry industry. Two of the methods presented in 

the article (called augmentative methods here because of their 

indirect influence on the properties of surface layer) confirm 

the new directions of progress in industry: the computerisation 

of the manufacturing process by employing artificial 

intelligence and computer simulation systems. These methods 

significantly facilitate the casting process. The application of 

the described methods allowed to control the parameters of 

the process which so far could not be influenced in any other 

way due to difficult conditions. It allowed to gain a much 

better control over the casting process, increase efficiency and 

obtain castings featuring better properties. 
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