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1. Introduction

In modern industry, regarding conventional engineering (mechanical, civil ctc.), steel still
represents the most applied material, One of the reasons for that is significantly lower steel
price compared to other metal materials (e.g. Al and Ti). However, one of the greatest
setbacks is proneness Lo corrosion on parts’ surfaces. That setback was eliminated by
introduction of the stainless steels, which are resistant to corrosion (minimum of 12 % of
Crdissolved in solid steel solution). Industry nowadays has at its disposal several thousands
of stainless stecls, each carefully engineered to meet specific requirements. Besides Cr, the
addition of other chemical elements, like Ni, Mo, V efc., is present in those steels. Stainless
steels with adequate addition of Ni in literature are often referred as austenitic stainless
steels. They keep the austenitic structure al room temperatures since Ni expands the region
of stable austenite in the Fe-FesC diagram, [1).

The Artificial Neural Networks (ANN) are created from Artificial Neural Cells (Artificial
neuron), whose model was created looking upon the biological neural cells {bio-neurons).
The working principle of bio-neurons is that all the signals received on dendrites arc
summed in neurons’ body. 1f'a sum of all signal values exceeds the critical value, the signal
is sent through axon to further layers and cells, The working principle of artificial neurons
is quite similar. The difference between the wo is that in the case of artificial cells,
numbers’ values are used instead of signals. The working principle is that if the value of a
number received from ather cells, multiplicd by the value of weight coefficient, and added
to a bias value, exceeds some critical value, the ransfer function (c.g., sigmoidal, or linear)
1s activated and it sends the obtained value to the next layer, [2].

The neural network's ability to predict some value is based on its training, which means
that an adequate set of data is supplied (0 the network. Each data set has two parts, input,
und output. For each input there is 2 known output. Based on that, the ANN arranges weight
and bias values so that the input data, after summing and multiplying through ANN, gives
alrcady known output, The ANN is considered as the better if the error between the known
and calculated output is lower, [3].

The ANNs were applied in solving different problems, ¢.2., to recognize steel type based
on its chemical composition [4], to model structure and properties of new steel grades [5)
or to predict steels hardenability [6].
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In this paper are presented the results of predicting the two mechanical properties of
austenitic stainless steels, XSCrNi18-10 (AISI 304), X5CrNiMo17-12-2 (AISI 316). using
the Artificial Neural Networks and they are compared to already known values. Input and
output data for training artificial ncurons were created using Cambridge Education
Software Edu Pack 2010 (CES EDU PACK 2010). For the two considered steels’
properties, the twa input and two output data sets were needed. In both cases, propertics
were predicted based on chemical composition of steels, so the input set in both cases was
common. Each output set consisted of values of investigated property for other stainless
steels. In this case, mentioned properties of 57 other stainless stecls were at disposal in the
used software, 5o the output data sets were created using those. Separate networks with
different parameters were used for the two properties. The complete properties prediction
process was conducted in Mathworks Matlab software, using its neural network module.

2. Predicting the yield stress values of austenitic stainless steels

A special neural network was created in Mathworks Matlab software, with the input data
set based on chemical composition of 57 other stainless steels found in CES Edu Pack 2010,
The output data set was based on the yield stress values of those steels, the chemical
composition of which formed the input data,

The first (input) layer consisted of 18 neurons, each representing onc clement from
chemical composition. The second layer had 10 ncurons. This value is software default
number of neurons for the second layer, and it could be changed, but for this purpose it
provided the adequate precision, 5o it was not changed. The number of neurons in the third
(output) layer is cqual to the number of properties predicted by the neural network. In this
case that number is one, as only the yield stress value is predicted. The chosen activation
function between the layers was sigmoidal tan function. The Bayesian Regularization
algorithm was chosen as the training algorithm. The structure of described network is
presented in Fig. I, and the training parameters are given in Tab. 1.

Hidden Layer Output Layer

10 1

Fig. 1 Structure of the newral network for predicting the vield stress values

The created network was trained using parameters given in Tab. |. Application of given
parameters resulted in regression displayed in Fig. 2. Values of the vield stress, obtained
by entering the chemical composition values of steels XSCrNi18-10 and X5CeNil7-12-2,
are presented in Tab, 2,
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Fig. 2 Display of obtained regression values r = 0,933
Tab. 2 Values of obtained yield stress, [MPa |
Steel XSCrNiI&-10 | XSCrNiMol7-12-2
CES EDU PACK 2010 258 240
ANN 247.5739 2283207

Obtained results are displayed in Fig. 3
stress is 247.57 [MPa), which is 11 [M
As for the steel XSCrNiMo17-12-2.

[MPa] smaller.

AN 0
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Fig. 3 Graphic display of obtained yield stress values

Pa]smaller than the value found in the CES software,
the obtained value is 228.3207 [MPa], i.c., for 12
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The error for the first steel is 4,04 %, and for the second is a little bigger, 4.87 %. As crror
vialues for both steels are lower than 5 %, it could be concluded that results obtained by the
ANN are close to real values and that this ANN could be used when predicting yield stress
values of other austenitic stainless steels.

3. Predicting the tensile strength values of austenitic stainless steels

A special neural network was prepared for predicting the teasile strength values of the
considered steels. The input data set is the same as for the yield stress predicting. The output
data set is prepared from the tensile strength values for other stainless steels available in
the used software.

The neural network structure was built of three layers. As in the first case, the number of
neurons in the first layer is equal to wt % of elements in chemical composition, Different
activation functions between the layers were selected with respect to the first case. Between
the first and second layer, the tan sigmoidal function was chosen, and between the second
and third layer the linear function was used. The Levenberg-Marquardt algorithm was used
for this case. The described structure of neural network is presented in Fig. 4.

Hidden Layer OQutput Layer

10
Fig. 4 Structure of newral network for predicting the tensile sirength values

Created network was trained using parameters given in Tab. 3. Application of given
parameters resulted with regression displayed in Fig. 5. Entering the chemical composition
values for steels XSCrNil8-10 and XSCrNil7-12-2 values of tensile strength were
obtained, given in Tab. 4,

Tab. 3 Value of parameters used for network iraining

Parameter Value

Max. number of epochs 1000
Time Infinite
Goal 0
Min gradient 0.0000001
Max. number of fails 6
Initial momentum value 0.001
Incline momentum 0.1

| Decline momentum 10
Max. momentunt value 10000000000
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Fig. 3 Display of obtained regression values r = 0.815

Tab. 4 Values of obrained tensile strength, (MPa)

Steel XSCrNil8-10 | X5CrNiMol7-12-2
CES EDU PACK 2010 565 570
ANN 5497284 571.825

The tensile strength values from the CES software and values obtained by ANN are shown
in Fig. 6. For steel XSCrNil18-10 the tensile strength value is 5497284 [MPa), which is
almost 17 [MPa] less than the experimentally obtained one, while for the steel
X5CrNiMo17-12-2, the obtained valuc is almost 2 [MPa] bigger. The error value for the
first steel is 2.7 %, and for the second is approximately 0.32 %. In this case, the error values
are negligible, so this ANN is suitable for predicting the tensile strength values of other
austenitic stainless steels, as well,

Tensile strength, MPa
580
570
560
550
= '
530
K5CrNit8-10 XSCrNiMo17-12-2
WCES W ANN

Fig. 6 Graphic display of obtained tensile strength vaiues
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4. Conclusions

The subject of this research was to investigate if the ANN could predict the yield stress and
tensile strength valuves of austenitic stainless steels. Data sets for the ANNs were created
from the CES EDU PACK 2010 software. The input data consisted of chemical
composition of mentioned steels and the output data sets were created for their investigated
properties. After the data sets were prepared, the neural networks were created and trained.
Two steels XSCrNil18-10 and XSCrNiMo17-12-2 were used to validate results obtained
from the ANN,

The crror for the yield stress results for the first stec] was 4.04 %, and 4.87 % for the second.
As crror values for bath steels are lower than § %, it could be concluded that results
obtained by the ANN are close to real values, i.c.. the ANN is suitable for predicting values
of this mechanical property for the austenitic steels. The error value for the tensile strength
for the first steel was 2.7 %, and for the second 0.32 %, In this case, the error values were
negligible, so this ANN is suitable, s well.
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