Journal of Casting & Materials Engineering Vol. 7 No. 2 (2023) 15-21

https://doi.org/10.7494 /jcme.2023.7.2.15

Artificial Neural Networks as a Tool for Supporting
a Moulding Sand Control System Based on the Dependency
between Selected Moulding Sand Properties

Barbara Mrzyglod?(, Jarostaw Jakubski® (), Andrzej Opalinski®(, Krzysztof Regulski?

2AGH University of Krakow, Faculty of Metals Engineering and Industrial Computer Science, 30-059 Krakow, Mickiewicza 30 Ave, Poland
PAGH University of Krakow, Faculty of Foundry Engineering, 30-059 Krakow, Mickiewicza 30 Ave, Poland

*e-mail: jakubski@agh.edu.pl

© 2023 Authors. This is an open access publication, which can be used, distributed and reproduced in any medium
according to the Creative Commons CC-BY 4.0 License requiring that the original work has been properly cited.

Received: 4 October 2022 /Accepted: 24 April 2023 /Published online: 22 May 2023.
This article is published with open access at AGH University of Science and Technology Journals.

Abstract

The article presents the potential for using artificial neural networks to support decisions related to the rebonding of green mould-
ing sand. The basic properties of the moulding sand tested in foundries are discussed, especially compactibility as it gives the most
information about the quality of green moulding sand. First, the data that can predict the compactibility value without the need for
testing are defined. Next, a method for constructing an artificial neural network is presented and the network model which pro-
duced the best results is analysed. Additionally, two applications were designed to allow the investigation results to be searchable
by determining the range of values of the moulding sand parameters.
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1. INTRODUCTION

Moulding is a complex technological process characterized by
numerous process parameters. Currently, the control of the
moulding sand condition is performed by measuring prop-
erties such as compressive strength or permeability. These
properties are important in terms of information about the
suitability of the moulding sand for moulding and, because
of the relatively short time which is needed to carry out these
tests, they are the main source of information on the proper
conduct of the rebonding of the moulding sand process. In
order to obtain complete information about the moulds, ad-
ditional tests of other properties, such as friability or fluidity,
should also be performed.

From the perspective of the optimal properties of moulding
sands, and in reference to their suitability for forming, there
is parameter known as the moldability index which allows
their usefulness to be determined [1, 2]. The compactibility
of the sand is also measured. This parameter is very sensitive
to changes in the composition of the moulding sand and its
moisture content, and in terms of its physical properties it
is similar to the moldability index. Compactibility also gives
a good assessment in the case of the rebonding of moulding
sands and can be a guideline for carrying out the rebonding
process, also as a parameter used in controlling the systems
of the rebonding of the moulding sand process.

It is possible to directly measure the values of the mold-
ability index and compactibility, but not all foundries have

facilities for the automatic and rapid measurement of these
parameters. Most foundries evaluate them on selected prop-
erties of moulding sand, such as:

e compressive strength,
¢ permeability,
¢ apparent density.

These properties depend on the moisture of the moulding
sand, which is regulated in the various stages of the circula-
tion of sand in the foundry. Additionally, in order to obtain
complete information on the amount of fresh ingredients
needed to supplement the moulding sand used, the amount
of active bentonite should be determined [3, 4].

As part of previous works in this field, attempts have
already been made to implement systems based on artificial
intelligence mechanisms supporting the determination of the
parameters of this process [5, 6]. One solution was a system for
determining sand core parameters based on the 3-point bend-
ing test, but it was not a solution that could be used in real-time
production processes [7]. This disadvantage is also character-
istic of other artificial intelligence approaches, such as those
based on artificial neural network mechanisms implemented
in a Matlab environment [8] or using genetic algorithm and
particle swarm optimization [9]. Artificial intelligence meth-
ods such as the adaptive neuro-fuzzy interference system
(ANFIS) have also been used to estimate the influence of chem-
ical composition on the parameters of moulding sand [10, 11].
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Due to the complexity of this process and its dependencies,
a predictive model has been developed as a part of presented
work which, on the basis of the artificial neural network and
properties mentioned above, will determine sand quality con-
trol parameters, i.e. compactibility. A schematic diagram of the
proposed model is shown in Figure 1.

\

STURE « [%]

Fig. 1. Data schema

Despite the dependence of the moulding sand properties
on moisture, it is important to introduce moisture as an input
parameter in the model because it is not a linear dependence.
Additionally, the values of this property depend on the con-
tent of other moulding sand components, such as the amount
of bentonite or other additives (carbon forming additives).
Constructing the model in such a way as to include moulding
sand moisture will increase the quality of the model.

The selected parameters of compaction assessment are
those that are easy to determine from the point of view of the
foundries. The measurement of these parameters is based on
standard cylindrical fittings. The parameters can be meas-
ured with the use of basic laboratory equipment for deter-
mining the properties of moulding sand, which are already
basic equipment in foundry laboratories and, in most cases,
not time-consuming. The ability to measure these properties
in combination with the predictive model developed pro-
vides the opportunity to develop a control system for mould-
ing sand in real time, which is presented in this paper.

2. SOURCE DATA ANALYSIS

The results of research concerning the effect selected param-
eters of green moulding sands on compactability, collected
during many experiments, may constitute the basis for the
development of the prediction model.

The data were obtained for moulding sands with different
compositions by testing how changes in selected moulding
sand properties depend on the moisture content (1.5-4.5%)
and the amount of bentonite (4-12 parts by weight). The
research was carried out for Zebiec Specjal bentonite. The wide
range of applied moisture levels makes it possible to include
extreme cases of drying or over-moistening of the moulding
sand. These moulding sand properties can be used without
any restriction, because the neural network is resistant to
noise, i.e. values outside the accepted range. A fragment of the
developed database that was available during this research is
presented in Table 1. The global table contained 198 records.

The nature of the presented data are knowledge vectors
consisting of input-output pairs (x, Zj). The compaction
parameter (z,) was adopted as the dependent variable. The
following properties were input variables:

* moisture (x,),
 compressive strength (x,),
* permeability (x,),

* flowability (x,)

e and apparent density (x,).

The grain composition of the matrix, determined by the
grain size and homogeneity, which has a strong influence on
the individual properties of the moulds, especially permea-
bility, was omitted for the analysis.

In the system of dependencies of specific moulding sand
properties on selected factors analysed, using historical
data to create a model that allows the rapid verification of
the mould condition, together with the swift and more pre-
cise correction of changes in sand composition towards the
desired properties (in green moulding sands, this mainly
concerns controlling the moisture content).

Table 1
Part of the data table
Moisture Co;rtll]_)er:;tslilon Permeability Friability Density Compactibility

) ®) (x;) ) (x)) (z)
1.4 0.07 333 55.54 1.57 29
1.71 0.07 353 37.07 1.54 49
2.22 0.06 360 23.7 1.53 62
2.51 0.06 330 16.46 1.56 64
291 0.05 300 13.19 1.58 65
3.15 0.05 288 11.54 1.59 64
3.82 0.04 260 6.09 1.62 64
1.21 0.06 317 62.43 1.58 27
1.68 0.05 350 34.69 1.57 57
1.74 0.05 353 31.65 1.57 60
2.41 0.04 317 22.16 1.58 62

https://journals.agh.edu.pl/jcme


https://journals.agh.edu.pl/jcme

B. Mrzygtod, J. Jakubski, A. Opalinski, K. Regulski

3. ARTIFICAL NEURAL NETWORK PROJECT

When looking for appropriate forms for the design of the pre-
dictive model, due to the nature of the data and their quantity,
the authors decided to use artificial neural networks (ANNs),
which are perfect for situations where there is a need to mod-
el highly nonlinear phenomena and multidimensional func-
tional dependencies, as is the case with the analysed proc-
ess [12]. The presented knowledge vectors are a source of
learning examples for artificial neural networks. The task of the
network is to learn, as precisely as possible, a function that
approximates the association of input (x) with output (z,).
It is a classic example of supervised network learning, also
known as learning with a teacher.

The methods of teaching neural networks, widely
described in the literature [13-15] rely on the cyclical update
of network weights based on information about the target
function gradient and the minimization direction deter-
mined at each step. Properly designed neural networks are
able to independently formulate the dependencies between
the parameters of the phenomenon during the learning proc-
ess. The purpose of training a neural network is to select its
topology and parameters in such a way as to minimize errors
in determining the output value.

With the essence of the problem specified and the set of
data to be analysed, the design of the neural network was ini-
tiated. Building a predictive model with the use of artificial
neural networks based on the collected data was carried out
in the stages presented in Figure 2.

Definition of independent and dependent variables

Selection of the type and determination of the structure
of the neural network

-

Neural network learning

Analysis and evaluation of the network model

Fig. 2. Stages of neural network designing

3.1. Determination of independent
and dependent variables

The neural network is meant to indicate the influence of indi-
vidual factors on one of the parameters that controls the qual-
ity of the moulding sand, i.e. compactibility. Table 2 presents
the independent variables (inputs of the neural network) and
explained variables (output of the neural network) adopted
in the model. Column (2) presents the adopted names of vari-
ables, column (3) presents units in which the variables are
provided. Column (4) shows the ranges of the variability of
the tested parameters. It should be noted that all of the oper-
ating variables in the model are numerical in nature.
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Table 2
Characteristics of system variables
1) (2) (3) 4) (5)
No. Variable name unit Range Type
INPUT (independent variables)
Compression MPa 0.04-020  real
strength
2 Permeability [m?/Pa's x 10%]  127-560 real
3 Friability [%] 1.41-93.21 real
4. Density [g/cm?] 1.47-1.65  real
5 Moisture [%] 1.21-4.53  real
OUTPUT (dependent variables)
6. Compactibility [%] 10-73 real

3.2. Selection of the type and determination
of the structure of the neural network

To determine the optimal network architecture, the
STATISTICA program and its Automatic Neural Network
module were used. The set of data describing the modelled
phenomenon (approx. 200 vectors of knowledge) was split
into three sets:

e training set (70%) - these data include examples of inputs
(x) and the corresponding output values (Zj), which are
the basis for determining the connection weights between
individual neurons of the network; the modification of the
weight values continues until the approximation criterion
is achieved in the training set (minimization of the approx-
imation error) or the error in the validation set begins to
grow;

¢ test (15%) - the validation set is used to control the course
of the learning process by checking the degree of the train-
ing of neurons; in practice, learning involves two phases:
selecting weights for the training set and testing weights
on samples from the validation set;

e validation (15%) - data that has not been used in the learn-
ing process, on the basis of which the accuracy of learning
the network is checked.

The artificial neural network was determined by defining:

e an artificial neuron model,
¢ network topology,
¢ and network learning rules.

In this work, several hundred network architectures with
different numbers of hidden neurons and different activation
functions in the hidden and output layers (linear, sigmoid,
tangesoid and exponential) were tested with the use of the
Automatic Neural Network module.

From among all networks generated by the program,
the network with the lowest validation error was finally
selected and given the name MLP 5-8-1. This error for the
COMPACTIBILITY output variable was calculated at the level
of 2.93%. The measure of the error was the mean squared
error (MSE) of the predicted (by the model) and the real
(observed) values, expressed by the Formula (1).
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The structure of the selected network is shown in Figure 3.
The network is an MLP (Multi-Layer-Perceptron) network
consisting of one input layer (5 neurons), one hidden layer
(8 neurons) and an output layer (1 neuron). The logistic (sig-
moid) function was assumed as the activation functions in
the hidden layer of neurons, while the exponential function
was adopted for the layer of output neurons..

layer layer layer
of intput of hidden of output
neurons neurcns neurons

COMPRESSION STRENGTH @

PERMEABILITY @

FRIABILITY ®

DENSITY @

Fig. 3. Developed neural network architecture

A summary of the learning process of the selected neural
networks for each output variables and their specific charac-
teristics is given in Table 3.

_“Jl— COMPACTIBILITY

Table 3
MLP 5-8-1 neural network parameters
Name of network MLP 5-8-1
Error (training) 3.503
Error (validation) 1.760
Error (testing) 2.931
Quality (training) 0.985
Quality (validation) 0.992
Quality (testing) 0.993
Training algorithm BFGS 57
Activation (hidden) Logistic
Activation (output) Exponential

In this network, the BFGS (Broyden-Fletcher-Goldfarb-
Shanno) method was used for training. In the case of the
selected MLP 5-8-1 network, the assumed minimal approx-
imation error was not achieved; the training process was
terminated in 57 epochs, when the validation error started
to grow.

3.3. Analysis and evaluation of the network model

An additional measure of the quality of the network model
was the Pearson’s linear correlation coefficient (R), calcu-
lated in individual types of sets (training, validation and test
sets) for the network response and set values. This coefficient
is one of the basic measures of the quality of the model fitting.

This coefficient is determined from Formula (2).

R=tfl (2)

where:

Y, - actual value of the variable y coming from the obser-
vation;

y. - theoretical value of the dependent variable deter-
mined on the basis of the model;

y - arithmetic mean of empirical values of the dependent
variable.

The correlation coefficient for the training sample was 0.98,
for the validation sample 0.99, and for the test sample 0.99.

Correlation graphs for individual sets are shown in Figure 4.

a) Quality (training)

COMPACTIBILITY (MLP 5-8-1)
8
o

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80
COMPACTIBILITY (data)

b) Quality (validation)

COMPACTIBILITY (MLP 5-8-1)
o

20 25 30 35 40 45 50 55 60 65 70 75 80
COMPACTIBILITY (data)

C) Quality (testing)

COMPACTIBILITY (MLP 5-8-1)
&
N

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80
COMPACTIBILITY (data)

Fig. 4. Comparison of the distribution of data generated by the MLP
5-8-1 network with the experimental data for the sets: a) training;
b) validation; c) testing
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4. RESULTS AND DISCUSSION
4.1. ANN sensitivity analysis

The sensitivity analysis allowed us to distinguish important
variables from those that are not important to the network
result, and provided insight into the usefulness of the individ-
ual input variables. This analysis indicates variables that can
be rejected without losing network quality and key variables
that must never be rejected. The sensitivity analysis shows
the loss incurred by rejecting a particular variable.

Ifa certain amount of data is rejected, an increase in the net-
work error should be expected, therefore the basic measure
of network sensitivity is the quotient of the error W (Eq. (3))
obtained at network start up for a data set without one vari-
able and the error obtained with a set of variables.

Error,
w = Error;

= (3)

Error

The greater error after rejecting the variable is, in relation

to the original error, the more sensitive the network is to the

lack of this variable. If the error quotient is 1 or even lower,

removing the variable has no effect on the network quality

and even improves it. After performing a sensitivity analy-

sis for all variables, the variables can be ranked in order of
importance (Tab. 4).

Table 4
Sensitivity analysis
I . Compression . -
Friability Moisture Strength Density Permeability
26.44 8.20 7.32 1.22 1.04

The obtained results of the global sensitivity analysis
for the MLP 5-8-1 network, in the context of connections
between moulding sand various properties and the sensitiv-
ity to changes in the moulding sand composition, from the
point of view of an expert in the field of the subject, indicate
the general correctness and validity of the adopted model
(solution). Since the friability is close to linear in the range
of applied moisture, its value can be clearly determined for
the selected composition of the moulding sand. Moisture
is important because its value determines the values of the
moulding sand properties [16-18].

Figure 5 shows a graphic representation of selected anal-
yses, developed on the basis of the results generated by the
MLP-5-8-1 neural network. The charts show the influence of
selected parameters of the moulding sand on compactibility.
They confirm the general correctness of the adopted solution.

The first chart shows that moisture has a significant impact
on compactibility, with a significant increase in compactibil-
ity occurring with greater moisture levels. Meanwhile, the
compactibility value decreases with increasing density but at
a much lower speed. The confirmation of the results of the
sensitivity analysis can be seen here (Tab. 4), with the densi-
ty parameter in fourth place in terms of significance. In this
analysis, friability has the greatest impact on compactibility,
while permeability has the lowest. These tendencies are con-
firmed by the second graph in Figure 5, which shows a very

clear decrease in compactibility with increasing friability.
There is also a noticeable increase in compactibility with
increasing permeability, albeit with much less intensity.

a)

(S ) B ALNIBLIYANOD

b)

Wersard B AR SHOD

Fig. 5. Compactibility dependencies as a function of: a) density and
moisture inputs; b) permeability and friability inputs

4.2. Network implementation
An application was created which allows the use of the devel-

oped network model to calculate the parameters of the cast-
ing process. The application is presented in Figure 6.

= Neural Networks Casting \?”ﬁ”?\

| Panel1

INPUTS
Compresion Strength 1000 z
Permeability 400 =
Friability 400 z
Density |1 =
Moisture |1 =

Compute-C ] [ W-related ] [ C-related

0 =

Lubrication

Fig. 6. Entering the values of the ranges of moulding sand properties
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The main functionalities of the application are as follows:

¢ Adjustment of the dependent parameter ranges to the value
of the moisture parameter. Due to the fact that the density,
friability, permeability, compression strength parameters
are directly dependent on the moisture parameter, the
application at first stage of determining the parameters of
the foundry process affords the opportunity to specify their
ranges. The user selects the value of the moisture parameter,
and the application narrows the selection of the values of the
remaining input parameters of the process to those values
that appear in relations with the given moisture value.

¢ The calculation of the initial value of the compactibility
parameter. Based on process input parameters selected
by the user (moisture, density, friability, permeability,
compression strength) and the developed neural network
model, the application calculates the value of the output
parameter, namely compactibility.

¢ Determining the ranges of the input parameters for the
selected value of the compactibility output parameter.

¢ An additional functionality of the application, developed
using the experimental data on the basis of which the
model of neural networks was created, is the possibility of
returning the ranges of input parameters (moisture, densi-
ty, friability, permeability, compression strength) for which
the specific values of compactibility were obtained.

Based on the data used in the preparation of the system,
an additional application was developed that can be useful
during the process of the rebonding of moulding sand. This
application allows the user to view and filter data in relation
to individual process parameters (Fig. 7).

15 Casting Process Parameters Database =8| X

Moisture [%] [ Filter Data Compactibility [%] [ Filter Data

min: |10 5] max 40 min: 7 5 max 40 T

COMPRESSION A
STRENGTH PERMEABILITY DENSITY FRIABILITY =

o5 (m2/Pa’s 10-8) (glemd) (%)

» 10 0074 280 163 100

143 10 0,116 306 157 70
15 15 0,1 148 1,64 93.21
1,74 18 0,14 243 1,62 71,53
2,29 18 0,18 127 1,83 54,17
1,62 20 0,09 222 157 73,85
1,83 20 0.1 250 1,62 55

MOISTURE COMPACTIBILITY
(%)

Fig. 7. The application that provides the process data

The application user is able to view data concerning the
moulding sand preparation process. Additionally, it can sort
the results according to specific process parameters. A sepa-
rate functionality is the possibility of filtering data in terms
of the value of the moisture and compactibility parameters,
so that the application only returns data related to processes
within the ranges selected by the user. Such an application
could be used by technicians in mould production processes,
as the data collected in the system would be helpful in the
process of determining the moisture of the moulding sand in
order to obtain the requisite sand compactibility.

5. SUMMARY

The presented application based on the developed artificial
neural network allow us to view and filter data in relation

to individual process parameters, and can be also very use-
ful when choosing the correct technology and process pa-
rameters for moulding sand preparation. The presented tool
facilitates checking how our moulding sands will react after
changing their moisture in real-time, based on parameters
that can be tested quickly during the production process. The
system can also be used to predict how many fresh compo-
nents should be added to moulding sand. This seems to be
a crucial feature since the determination of the amount of ac-
tive bentonite in moulding sand is very time consuming and
rarely performed in foundries.

Acknowledgements

The study was financed under AGH Project No. 11.11.110.300.

REFERENCES

[1] Michta-Stawiarska T. (1998). Difficulties in stabilizing the prop-
erties of classical green sand. Solidification of Metals and Alloys,
35(1),9-13.

[2] Lewandowski J.L. (1997). Tworzywa na formy odlewnicze.
Krakéw: Wydawnictwo AKAPIT.

[3] Chang Y. & Hocheng H. (2001). The flowability of bentonite
bonded green molding sand. Journal of Materials Processing
Technology, 113(1-3), 238-244. Doi: https://doi.org/10.1016/
S0924-0136(01)00639-2.

[4] Moayyedian M., Abhary K. & Marian R. (2018). Optimization
of injection molding process based on fuzzy quality evaluation
and Taguchi experimental design. CIRP Journal of Manufactur-
ing Science and Technology, 21, 150-160. Doi: https://doi.org/
10.1016/j.cirpj.2017.12.001.

[5] Parappagoudar M.B., Pratihar D.K. & Datta G.L. (2007). Non-
-linear modelling using central composite design to predict green
sand mould properties. Proceedings of the Institution of Mechani-
cal Engineers, Part B: Journal of Engineering Manufacture, 221(5),
881-895. Doi: https://doi.org/10.1243/09544054JEM696.

[6] Thom A.P, Ogbodo J.N., Allen A.M., Nwonye E.I. & Ilochionwu C.
(2014). Analysis and prediction of green permeability values
in sand moulds using multiple linear regression model. African
Journal of Engineering Research, 2(1), 8-13.

[7] Stauder B.J. Kerber H. & Schumacher P. (2016). Foundry sand
core property assessment by 3-point bending test evaluation.
Journal of Materials Processing Technology, 237, 188-196. Doi:
https://doi.org/10.1016/j.jmatprotec.2016.06.010.

[8] Manickam R. (2016). Back propagation neural network for pre-
diction of some shell moulding parameters. Periodica Polytechni-
ca Mechanical Engineering, 60(4), 203-208. Doi: https://doi.org/
10.3311/PPme.8684.

[9] Surekha B., Kaushik L.K,, Panduy A.K., Vundavilli PR. & Parappa-
goudar M.B. (2012). Multi-objective optimization of green sand
mould system using evolutionary algorithms. The International
Journal of Advanced Manufacturing Technology, 58, 9-17. Doi:
https://doi.org/10.1007/s00170-011-3365-8.

[10] Sahoo PK., Pattnaik S. & Sutar M.K. (2020). Parametric Opti-
mization of Permeability of Green Sand Mould Using ANN and
ANFIS Methods. In: Li L., Pratihar D.K,, Chakrabarty S., Mishra
P.C. (Eds.), Advances in Materials and Manufacturing Engineer-
ing. Proceedings of ICAMME 2019. Springer, Singapore, 495-501.
Doi: https://doi.org/10.1007/978-981-15-1307-7_56.

[11] Chavan TK. & Nanjundaswamy H.M. (2013). Effect of variation
of different additives on green sand mold properties for oliv-
ine sand. International Journal of Research in Engineering & Ad-
vanced Technology, 1(4), 1-4.

[12] Tompos A., Margitfalvi ].L., Tfirst E. & Héberger K. (2007). Pre-
dictive performance of “highly complex” artificial neural net-
works. Applied Catalysis A: General, 324(1), 90-93. Doi: https://
doi.org/10.1016/j.apcata.2007.02.052.

https://journals.agh.edu.pl/jcme


https://journals.agh.edu.pl/jcme
https://doi.org/10.1016/S0924-0136(01)00639-2
https://doi.org/10.1016/S0924-0136(01)00639-2
https://doi.org/10.1016/j.cirpj.2017.12.001
https://doi.org/10.1016/j.cirpj.2017.12.001
https://doi.org/10.1243/09544054JEM696
https://doi.org/10.1016/j.jmatprotec.2016.06.010
https://doi.org/10.3311/PPme.8684
https://doi.org/10.3311/PPme.8684
https://doi.org/10.1007/s00170-011-3365-8
https://doi.org/10.1007/978-981-15-1307-7_56
https://doi.org/10.1016/j.apcata.2007.02.052
https://doi.org/10.1016/j.apcata.2007.02.052

B. Mrzygtéd, ]. Jakubski, A. Opalinski, K. Regulski

21

[13] Nielsen M.A. (2015). Neural networks and deep learning, vol. 25.
San Francisco, CA: Determination Press.

[14] Magalhaes B.R.C,, Sterling T, Hines M. & Schurmann F. (2019).
Fully-Asynchronous Cache-Efficient Simulation of Detailed Neu-
ral Networks. In: Rodrigues J., Cardoso J.S., Monteiro ., Lam R,
Krzhizhanovskaya V.V, Lees M.H., Dongarra].]., Sloot PM.A. (Eds.)
Computational Science - ICCS 2019. 19th International Con-
ference, Faro, Portugal, June 12-14, 2019, Proceedings, Part I,
vol. 11538. Springer, Cham. Doi: https://doi.org/10.1007 /978-
3-030-22744-9 33.

[15] Tadeusiewicz R. (2015). Neural networks in mining scienc-
es - general overview and some representative examples. Ar-
chives of Mining Sciences, 60(4), 971-984. Doi: https://doi.org/
10.1515/amsc-2015-0064.

[16] Jakubski ], Malinowski P, Dobosz S.M. & Major-Gabrys K.
(2013). ANN modelling for the analysis of the green moulding
sands properties. Archives of Metallurgy and Materials, 58(3),
961-963. Doi: https://doi.org/10.2478 /amm-2013-0110.

[17] Regulski K, Jakubski J., Opalinski A., Brzezinski M. & Gtowacki M.
(2010). The prediction of moulding sand moisture content
based on the knowledge acquired by data mining techniques.
Archives of Metallurgy and Materials, 61(3), 1709-1714. Doi:
https://doi.org/10.1515/amm-2016-0277.

[18] Jakubski J. & Dobosz S.M. (2010). The usage of data mining tools
for green moulding sands quality control. Archives of Metallurgy
and Materials, 55(3), 843-849.

https://journals.agh.edu.pl/jcme


https://journals.agh.edu.pl/jcme
https://doi.org/10.1007/978-3-030-22744-9
https://doi.org/10.1007/978-3-030-22744-9
https://doi.org/10.1515/amsc-2015-0064
https://doi.org/10.1515/amsc-2015-0064
https://doi.org/10.2478/amm-2013-0110
https://doi.org/10.1515/amm-2016-0277

