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Summary 

The data on the physical properties of steels which depend on temperature are needed 
for the calculation and simulation of heating and cooling processes. A method for predicting 
thermal conductivity of steels at elevated temperatures (up to 700 °C) from the known steel 
chemical composition has been developed, and the results obtained by the simulation are 
given. A static multi-layer feed-forward artificial neural network with the back propagation 
training function and Levenberg-Marquardt optimization was used to predict the coefficient of 
thermal conductivity of steels. In order to prevent the over fitting the early stopping method 
was applied. The following groups of steel were included in the model: structural steels, hot-
work tool steels, high-speed steels, stainless steels, heat resistant steels austenitic steels for 
elevated temperatures, and cobalt alloyed steels and alloys for elevated temperatures. The 
mean absolute error in predicting thermal conductivity and the standard deviation were found 
to be very acceptable. 
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1. Introduction 

Physical property data on materials are needed for different calculations: mass and heat 
transfer, electrical properties, thermal distortion of parts etc. 

For the analysis, modelling and simulations of structural elements, tools, heat treatment 
and manufacturing processes, it is necessary to have temperature dependent values of these 
properties for the type of material in question at one’s disposal. 

Thermal diffusivity, thermal conductivity, specific heat at constant pressure, density, and the 
coefficient of thermal expansion are the most important properties for the modelling and 
simulation of heating and cooling processes in heat treatment. 

A restricted amount of data can be found in literature for most of steel grades having a 
defined steel chemical composition and temperature. Statistical methods and/or the methods 
of artificial intelligence for predicting properties are applicable for the estimation of relevant 
data for the steels in question. 

This paper presents the results of determining the coefficient of thermal conductivity for 
different steels at elevated temperatures using artificial neural networks (ANNs). ANNs 
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approximate non-linear problems very successfully [1] and were used earlier in various 
applications of heat transfer problems and modelling of steel properties [2-5]. Measured data 
on physical properties of different steel chemical compositions used in the analysis in this 
investigation were found in literature [6-8]. 

2. Temperature dependence of thermal properties of steels 

Temperature changes in thermal properties are important data for modelling and 
simulation of different heat treatment processes. This is important in particular for the 
simulation of induction quenching and surface heat treatment, when internal stresses or 
quenching depth are to be calculated [9-11]. Since induction heating involves short heating 
times, a higher value of the coefficient of thermal conductivity will enable thicker heated 
zones, and thus thicker quenched zones. Tempering steels, which most often are of quenched 
steel type, have a high value of the coefficient of thermal conductivity at elevated 
temperatures and are also sensitive to rapid temperature changes. Therefore, these steels must 
be preheated in two or three cycles. 

Thermal diffusivity (a) is an essential variable which determines velocity of 
temperature change in a heat transfer process. Consequently, this property is a measure for the 
heat inertia. 

In the known relation (1), thermal diffusivity is directly proportional to thermal 
conductivity () and inversely proportional to specific heat (cp) and density () of material. 

p

a
c







   , m2·s-1 (1) 

In the calculation of heating and cooling dynamics of a heat-treated workpiece, the 
temperature dependence of a is needed. 

Density () of metallic materials is a function of contents of the elements which 
constitute their chemical composition. Elements with higher density (W, Ni, Mo, Cu, Co and 
Zr) increase the density of steels and vice versa: lighter elements (C, Si, Cr, Mn, P, S, and Al) 
decrease the steel density. Values of steel densities change slightly (about  13 %) in the 
temperature range from 20 to 1100 C [7]. 

According to the literature [7], the density of steels could be estimated using the 
following linear relations: 

a) for unalloyed and low alloyed steels:  

x = 20  – 0,36Tx,   kg·m-3 (2) 

b) for austenitic Cr-Ni steels and for other high alloyed steels only approximately: 

x = 20  – 0,45Tx,   kg·m-3 (3) 

where: Tx - defined temperature, C; x - density at Tx, kg·m-3; 20 - density at 20 C, 
kg·m-3. 

The values for specific heat (cp) of unalloyed and low-alloyed steels do not depend very 
strongly on variations in the chemical composition (Fig. 1) and they rise faster with 
temperature increase than in the case of austenitic. For low-alloyed steels the temperature 
dependence of specific heat seems to be the same as for high-speed steels or for grey cast 
iron, but with higher values. 
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Fig. 1  The mean specific heat vs. temperature of steels and grey cast iron [7] 

When quenching, all the steels maintain the austenitic structure until cooled from the 
austenitizing temperature to the martensite start temperature, Ms. Therefore, in this 
temperature range, the values of the specific heat for the austenitic type of steels are relevant 
for all quenched steels, even the non-alloyed ones. 
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Fig. 2  Comparison of thermal diffusivity vs. temperature of three steel grades [12] 
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As an example, Figure 2 illustrates the differences in values of thermal diffusivities 
between three steel grades (hot-work tool steel, high-speed steel, and austenitic corrosion-
resistant steel) in the temperature range from 20 to 700 C. Derived from the temperature 
dependence of , cp, and  for different steels [7], thermal diffusivity has qualitatively similar 
curves to the ones for thermal conductivity. Therefore, it could be assumed that the value of 
thermal conductivity at a defined temperature has the strongest influence on heat transfer 
dynamics. 

Because of this, the coefficient of thermal conductivity of different steel grades will be 
analysed in detail. 

The coefficient of thermal conductivity () is a very important physical property of 
material. Its value is influenced by material structure, density, humidity, temperature, and 
pressure [13]. 

The crystal type and its structure, its homogeneity (interstitial and substitutional atoms) 
as well as free electrons determine largely the thermal conductivity of metals. With an 
increase in temperature, higher oscillation of atoms occurs, which brings about a change in 
heat transport. Therefore, the greatest influence on the values of this property is exerted by 
alloyed elements and temperature. 

Generally, the value of the coefficient of thermal conductivity is determined 
experimentally by using different methods based on measuring the thermal flux density and 
the temperature gradient of a studied material. The ratio of the thermal flux density to the 
temperature gradient represents the coefficient of thermal conductivity. 

Fig. 3 shows the influence of temperature on the ratio of the coefficients of thermal 
conductivity () at different elevated temperatures (T) and at 0 °C for some pure metals [13]. 
When alloying metals, thermal conductivity decreases at room temperature rapidly because of 
the increasing number of structural non-homogeneous places. Fig. 4 shows the influence of 
the elevated temperature on the coefficient of thermal conductivity for pure iron, non-alloyed 
steels, low-alloyed steels, and high-alloyed steels [13]. High-alloyed steels show a slow 
increase in thermal conductivity with temperature increase. 

The chemical composition of steels does not affect the thermal conductivity values 
above the - transformation temperature (about 800 ºC) anymore. 

 

Fig. 3  Coefficient of thermal conductivity of pure 
metals at elevated temperatures [13] 

Fig. 4  Coefficient of thermal conductivity of steels at 
elevated temperatures [13] 
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In this paper, the results of determining the coefficient of thermal conductivity for 
different steels at elevated temperatures using artificial neural networks (ANNs) are given. 
ANNs very successfully approximate non-linear problems [1] and have been used earlier in 
various applications of heat transfer problems and modelling of steel properties [2-5]. 

3. Data for learning and testing of the artificial neural network 

The possibility for an artificial neural network to predict the coefficient of thermal 
conductivity at different elevated temperatures for steels with different chemical compositions 
was studied. Measured data on the chemical composition and the coefficients of thermal 
conductivity for different steels at elevated temperatures were collected from literature [6, 7]. 
These data involved different standard types of steel from the following groups: pure iron, 
structural steels, hot work tool steels, high-speed steels, stainless steels, heat-resistant steels, 
austenitic steels for elevated temperatures, and cobalt-steels and alloys for elevated 
temperatures. 

Structural steels included these standard steel types: non-alloyed structural steel, 
24CrMoV5-5, 21CrMoV5-11, and X2NiCoMo18-8-5; Hot work tool steels: 56NiCrMoV7, 
48CrMoV6-7, 45CrVMoW5-8, X32CrMoV3-3, X30WCr4-1, X37CrMoV5-1, and 
X50NiCrWV13-13; High-speed steels: HS6-5-2, HS12-1-4-5, and HS18-1-2-5; Stainless 
steels: X8Cr 17, X12CrMoS17, X8Cr28, X7CrNiMoAl15-7, X12CrNi18-8, X8CrMnNi18-9, 
X2CrNiMo18-10, and X5CrNiMoTi25-25; Heat resistant steels: X10CrAl7, X10CrAl13, 
X10CrAl24, X20CrNiSi25-4, X12CrNiTi18-9, X12CrNiSi20-12, X15CrNiSi25-20, and 
X12NiCrSi36-16; Austenitic steels for elevated temperatures: X8CrNiNb16-13, 
X8CrNiMoNb16-16, X6CrNiWNb16-16, and X5NiCrTi26-15; Cobalt steels and alloys for 
elevated temperatures: X40CrNiCoNb17-13, X40CoCrNi20-20, and X12CrCoNi21-20. These 
38 different steel types were used to train the neural network. This is a relatively small data 
set of steel types, with steels having a considerably different chemical composition, and hence 
quite different thermal properties. Therefore, the steels chosen for neural network testing were 
the ones which had the chemical composition similar to the steels used in learning. In such a 
way the network will not be forced to extrapolate far from the training data, which, 
considering the size and type of the learning data set, can be unjustified and dangerous. The 
steels used to test the artificial neural network were: X7CrNiAl17-7, X10CrAl18, and 
X8CrNiMoBNb16-16. 

Input data for the artificial neural network were weight contents of the following 
elements: C, Si, Mn, Al, Co, Cr, Mo, Ni, V, W, Ti, and Ta/Nb. One more input parameter was 
added to the input data set: the sum of weight contents of alloying elements, which 
represented a variable called the alloying level (L) for the specific steel. 

Data that were used as output data for the learning of the artificial neural network were 
the coefficients of thermal conductivity at different elevated temperatures: 20 °C, 100 °C, 200 
°C, 300 °C, 400 °C, 500 °C, 600 °C, and 700 °C. 

In order to get an insight into how the network inputs and outputs varied, Table 1 and 
Table  present the ranges, averages and standard deviations of each input and output variable, 
which were used in modelling with the neural network. As in [7], there is no significant 
dependence between thermal conductivity and chemical composition of the steel above 800 
°C. Above 800 °C, the thermal conductivity of all steels starts to increase with temperature. 
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Table 1 Input variables and their statistics 

Input variables: 
Chemical elements 

Data range, 
wt. % 

Mean  s.d., 
wt. % 

Carbon (C) 0.02-1.41 0.23  0.28 

Silicon (Si) 0-2.18 0.690.52 

Manganese (Mn) 0-8.6 0.921.3 

Aluminum (Al) 0-1.34 0.170.4 

Cobalt (Co) 0-20.82 1.674.81 

Chromium (Cr) 0-28.67 12.568.54 

Molybdenum (Mo) 0-5.04 1.001.35 

Nickel (Ni) 0-35.6 7.839.32 

Vanadium (V) 0-3.68 0.320.71 

Tungsten (W) 0-18.11 1.273.49 

Titanium (Ti) 0-2.1 0.090.35 

Tantalum/Niobium (Ta/Nb) 0-4.03 0.280.80 

Sum of alloying elements (L) 0.045-73.01 27.0218.08 

Table 2 Output variables and their statistics 

Output variables: 
Coefficient of thermal 
conductivity at T, °C 

Data range, 
W·m-1·K-1 

Mean  s.d., 
W·m-1·K-1 

20 °C 12.6-80 22.113.3 

100 °C 13.8-72.9 23.112.1 

200 °C  15.5-64.1 24.310.8 

300 °C  16.3-55.7 24.89.2 

400 °C  16.3-47.7 25.07.7 

500 °C  16.7-42.3 25.36.4 

600 °C  17.2-38.9 25.75.4 

700 °C  17.2-36.4 26.14.7 

4. Characteristics of the applied neural network model 

This work involved the use of a discrete static artificial neural network with the error-
back propagation algorithm. Neural Network Toolbox for Matlab 7.6.0.324 was used. 

The most adequate number of hidden neurons was determined by the lowest error in the 
testing data set, Fig. 5. The presented artificial neural network model had 8 hidden neurons, 
all set in one hidden layer. The number of neurons in input and output layers is determined by 
the problem to be solved with the artificial neural network. So, in this investigation, there 
were 13 neurons in the input layer for 13 input parameters: 12 weight contents of alloying 
elements and the sum of these contents (L). In the output layer there was only 1 neuron, since 
heat conductivity has been predicted at each elevated temperature. In this way, the network 
was kept at its minimum size. A short way of writing this artificial neural network 
configuration is 13-8-1. Fig. 6 shows the model of the used artificial neural network. IW1,1 
is the designation for the input layer weight matrix, having a source 1 (second index) and a 
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destination 1 (first index). Similarly, LW2,1 is the designation for the second or output 
layer weight matrix, since this layer produces the network output. Biases of layer one, b1, 
and layer two, b2, have indexes one and two to say that they are associated with the first 
and second network layer. Activation functions in the neurons in the hidden layer were non-
linear hyperbolic tangent sigmoid transfer functions, while in the output layer there were 
linear transfer functions. Initial weights of neurons in both the hidden and the output layer 
were set according to the Nguyen and Widrow’s method. 

 

Fig. 5  Determining the most adequate number of hidden neurons 
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Fig. 6  Model of the used neural network 

In order to prevent overfitting, i.e. to improve generalization, the early stopping method 
was applied. The testing data set was used to stop the training early. When the testing error 
increased for five iterations, the training was stopped and the weights and biases at the 
minimum of the testing error were returned. The back propagation network training function 
updated the weight and bias values according to the Levenberg-Marquardt optimization. This 
optimization is often the fastest back propagation algorithm and is usually highly 
recommended as a first-choice supervised algorithm, although it requires more memory than 
other algorithms [14]. It was also found that in many cases the Marquardt algorithm 
converged when the conjugate gradient and variable learning rate algorithms failed to 
converge [15]. The initial value of the µ parameter used by this algorithm was 0.001, the µ 
decrease factor 0.1, the µ increase factor 10, the µ maximum 1010. 

The resulting error level was primarily determined by the normalized root mean square 
error, NRMS, equation (4). The advantage of this error is that it is non-dimensional, which 
allows its independency over the dimensions of the learning data, providing also the 
comparability between different algorithms [16]. 
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5. Analysis of the results in predicting the coefficient of thermal conductivity  
using ANN 

Table  presents the statistical analysis of errors in predicting the coefficient of thermal 
conductivity for the steels at different elevated temperatures from the learning and testing data 
sets. The values of NRMS in the learning and testing data sets were 0.154 and 0.975, 
respectively. Figs. 7-9 compare the values of the coefficients of thermal conductivity 
predicted by the ANN, and the measured values. All three figures show data for the steels 
from the testing data set, i.e. X7CrNiAl17-7, X10CrAl18, and X8CrNiMoBNb16-16. 

Table 3 Errors in predicting thermal conductivity at different elevated temperatures 

Temperature, °C 20 100 200 300 400 500 600 700 

E
rr

or
s,

 W
·m

-1
·K

-1
 

L
ea

rn
in

g 

Min. 0.01 0.01 0.03 0.01 0.02 0.04 0.00 0.03 

Average 1.10 0.82 0.97 1.26 0.24 1.10 3.17 1.70 

Max. 5.00 5.05 7.54 3.70 0.98 2.90 12.53 8.22 

St. dev. 1.14 1.03 1.64 1.07 0.26 0.85 3.00 1.91 

R 0.9932 0.9973 0.9880 0.9905 0.9991 0.9803 0.6327 0.8587

R2 0.9864 0.9946 0.9762 0.9811 0.9982 0.9611 0.4003 0.7373

T
es

ti
ng

 Min. 0.04 0.09 0.57 0.52 0.39 0.15 0.51 0.37 

Average 0.42 0.29 0.93 0.71 1.13 1.06 0.79 0.56 

Max. 0.76 0.42 1.39 1.02 1.76 1.69 1.31 0.91 

St. dev. 0.36 0.18 0.42 0.27 0.69 0.80 0.45 0.30 
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Fig. 7  ANN predicted and measured [6], [7] coefficients 
of thermal conductivity for X7CrNiAl17-7 from the 

testing data set 

Fig. 8  ANN predicted and measured [6], [7] 
coefficients of thermal conductivity for X10CrAl18 

from the testing data set 
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Steel X8CrNiMoBNb16-16
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Fig. 9  ANN predicted and measured [6], [7] coefficients of thermal conductivity  
for X8CrNiMoBNb16-16 from the testing data set 

The results of this investigation proved that it is possible to use artificial neural 
networks for predicting the coefficient of thermal conductivity for pure iron, structural steels, 
hot-work tool steels, high-speed steels, stainless steel, heat resistant steels, austenitic steels for 
elevated temperatures, cobalt steels and cobalt alloys for elevated temperatures. The average 
absolute errors and their standard deviations were low both in the learning data set and the 
testing data set for all tested steel types. The preset level of learning accuracy produced very 
high values of the correlation coefficient and determination coefficient in the learning data 
set, whereas in the testing data set they were high. 

The average absolute error in predicting the coefficient of thermal conductivity for 
steels increased with increasing temperature, both in the learning and testing data set of the 
artificial neural network. This complies with the investigation presented in the first part of the 
study [12], when regression models were applied for determining the coefficient of thermal 
conductivity and where correlation coefficients also declined with an increase in temperature 
for which the regression equation was given. In this way, both the regression method and the 
artificial neural network method have shown that some independent variables that were not 
included in the model also have influence on the coefficient of thermal conductivity at 
elevated temperatures. 

6. Conclusion 

Artificial neural networks with error-back propagation can predict the coefficient of thermal 
conductivity of steels very successfully. The coefficient can be determined at different 
elevated temperatures from the known chemical composition of steel. The average absolute 
error in predicting the coefficient of thermal conductivity for steels increased with increasing 
temperature, both in the learning and testing data set of the artificial neural network (Table 3). 

The advantage of the artificial neural network over regression models is its ability to 
learn, which enables the artificial neural network to approximate the coefficient of thermal 
conductivity in much wider ranges of independent variables than the regression models. The 
approximation accuracy of the artificial neural network can be increased by higher data 
homogeneity in both the learning and testing data sets as well as by a wider data range in the 
learning data set. 
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