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Featured Application: The results of the research presented in the proposed article in terms of
a novel quick and precise methodology for temperature prediction using numerical methods
can be applied to research, development and monitoring engine parts. The methodology can be
applied in aviation to increase the reliability and lifetime of turbines and hot parts of any jet
engine and to reduce not only maintenance but also research and development costs due to the
significantly lower computational time demands. The advantage of this methodology is also that
it can be applied to any engine parts without the need for artificial neural network modification;
the optimization process must only be performed on the CFD model.

Abstract: Nowadays, material science and stress characteristics are crucial in the field of jet engines.
There are methods for fatigue life, stress, and temperature prediction; however, the conventional
methods are ineffective and time-consuming. The article is devoted to the research in the field
of application of the numerical methods in order to develop an innovative methodology for the
temperature fields prediction based on the integration of the finite element methods and artificial
neural networks, which leads to the creation of the novel methodology for the temperature field
prediction. The proposed methodology was applied to the temperature field prediction on the surface
blades of the experimental iSTC-21v jet engine turbine. The results confirmed the correctness of the
new methodology, which is able to predict temperatures at the specific points on the surface of a
turbine blade immediately. Moreover, the proposed methodology is able to predict temperatures at
specific points on the turbine blade during the engine runs, even for the multiple operational regimes
of the jet engine. Thanks to this new unique methodology, it is possible to increase the reliability
and lifetime of turbines and hot parts of any jet engine and to reduce not only the maintenance but
also the research and development costs due to the significantly lower time demands. The main
advantage is to predict temperature fields much faster in comparison to the methods available today
(computational fluid dynamics (CFD), etc.), and the major aim of the proposed article is to predict
temperatures using a neural network. Apart from the above-mentioned advantages, the article’s
main purpose is devoted to the artificial neural networks, which have been until now used for many
applications, but in our case, the neural network was for the first time applied for the temperature
field prediction on the turbine blade.

Keywords: temperature field; turbine blade; jet engine; artificial neural network; numerical analysis;
prediction model

1. Introduction

A pressure turbine of the jet engine is the part where the thermal energy is transformed
into mechanical work [1]. The energy transformation is ensured by increasing the hot
gas’s speed between the turbine blades and by their impact on the airfoils of the turbine
blades. Hot gases emit significantly high-temperature, which has an impact on the turbine
blades. In order to predict this impact, a number of analyses for particular engine parts
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must be carried out [2]. Numerical simulations of the temperature fields of the turbine
blades are required for every element of a gas turbine during the design process of the
engine. However, as it is reviewed below, there are also many other cases that require the
determination of the temperature fields of the turbine blades. Increasing the turbine inlet
temperature leads to the improvement of the efficiency, but the temperature cannot exceed
the melting point of the material. Therefore, blade metal temperature distribution and
temperature gradients are the most important parameters when determining the blade
life. The temperature of the blade has a significant impact on the jet engine lifetime. It
also must be considered that during the jet engine operation, there are multiple phases,
such, for example, nominal regime, idle run, maximal regime, etc. with are characterized
by completely different temperatures. Therefore, it is essential to know the temperature
fields on the surfaces of the turbine blade also for the specific regimes of the jet engine
operation. Mentioned facts are clearly proving the importance of the turbine temperature
field prediction.

There are multiple reasons why it is necessary to know the temperature fields of the
turbine blades. For example, in [1], the study of the temperature of the cooling turbine blade
is presented. In addition, for the Campbell diagram creation, the temperature fields of the
turbine blade are needed because, with the increase of the temperature, natural frequencies
are decreasing [3]. Another application area where the knowledge of temperatures of
the turbine blade is necessary [4] is the fatigue life analysis, particularly considering the
cyclic loading, as presented in [5–7]. The next example is the sensitivity study, where
the knowledge of the temperature fields must be included when the simulations of the
turbine blade application are performed [8]. For the sensitivity study presented in [4],
the temperature fields of the turbine blade must be available for the multiple regimes [9].
When simulating the models of internally cooled gas turbine blades [10], the temperature
characteristics also must be used. An example of the simulation of the cooled gas turbine
blades is shown in [10], where the impact of the internal cooling system is studied [11,12].
Another example, where the temperature fields are needed, is presented in [13], where the
effect of internal cracks on the surface profile change due to low loading of a turbine blade
using the finite element method is studied.

From this brief overview, it is obvious that the need for the temperature field predic-
tion of the turbine blade is indisputable because it serves as the input of many simulations
and analyses and can help to significantly improve the results of many types of analyses.
Nowadays the numerical methods based on the finite element method (FEM) or computa-
tional fluid dynamics (CFD) methods are used for this purpose [14–16]. The application of
the CFD [17] and FEM [18] methods for the surface temperature field of the turbine blades
is nowadays widespread; however, the calculation of the turbine blade surface temperature
during the multiple regimes can be time-consuming. The use of the CFD and FEM methods
for the temperature field prediction during the design phase can take significant time not
only due to the model creation and boundary condition application but also due to the
solution process itself, which can take for complex or detailed FEM models several hours
and in general, these calculations must be performed many times, particularly during
the optimization process. Therefore, the interesting solution how to eliminate the time
demands seems to be the application of the novel method, based on the integration of the
artificial neural networks (ANN), which would decrease the solution time significantly.

The ANNs are nowadays used mainly in electrical and electronic engineering; how-
ever, they can also be applied for the solution of mechanical engineering tasks. They can
be used, for example, for the prediction of the various physical and mechanical parameters
of the different technical systems or their elements in industrial applications. For example,
in the study [19], research is focused on the investigation of the mas detection and its
impact on the simple beam, which is possibly applicable on the turbine blade. In this case,
the ANN is used to predict mechanical parameters. The ANN can also be used for the
stress, fatigue lifetime, or creep prediction of the jet engine turbine parts [20,21]. There
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are some applications of the ANN for the temperature, fatigue life or other parameters
determination [22–25].

As it was already mentioned, calculation of the temperature fields for the turbine blade
using the CFD and FEM methods is not a trivial issue, mainly due to the jet engine operation
in multiple types of regimes. For instance, in the case of the one regime calculation, the
analysis would take, for example, an hour [26]. In the load case of 100 operations of the jet
engine, the analysis would take 100 h, and if there is a need to predict temperature fields of
the turbine blade in real time, completely different and more complex methods must be
selected [27,28].

Our research is originally applied for the temperature prediction of the turbine blade
using the integration of the ANN methodology and the data obtained from the CFD
analyses, utilizing the advantages of both methods. The originality of the paper lies
in the prediction of temperatures using ANN, which can, for some cases, replace the
CFD method. The developed method was consequently applied and verified on the
iSTC-21v small jet engine [29–31]. This jet engine with the designation iSTC-21v is the
experimental single shaft jet engine, which has been a part of the continuous ongoing
research performed in the Laboratory of Intelligent Control Systems of Aircraft Engines
in Faculty of Aeronautics of the Technical University of Kosice [32–34]. Thanks to the
long-term research performed in our laboratory on the iSTC-21v jet engine dealing mainly
with its control systems, for optimization, of which many additional characteristics such,
for example, magnetic, temperature, pressure, etc. had to be measured and studied, the
engine and its characteristics were analyzed in details. The article deals with the following
research based on the numerical approach followed by the whole series of simulations.
One part of this research presented in the article is focused on the integration of the existing
measured characteristics, which served as a basis for the numerical simulations. Moreover,
thanks to the knowledge and experience obtained during the design of control algorithms,
the cybernetic approach was implemented. In this way, it is possible to improve the
efficiency of the design or necessary modification of the component without the need for
time-consuming calculations because the methodology presented in the article based on
the artificial neural networks can be used almost in real time.

2. Materials and Methods

Research in the area of jet engines is extensive, especially in the field of the stress
and life prediction of the particular parts of the jet engines. The current trends involve
the extension of the lifetime and durability of the components and also the increasing the
performance of the jet engine by the increasing of the temperatures in the pressure turbines.
Considering the research of the aviation materials and their applications in the turbine
parts, it is essential not only to choose but also to monitor and predict the mechanical
parameters of the particular parts of the jet engine. The temperature prediction is essential
for the monitoring systems of the new jet engines. As it was overviewed, conventional
methods are time-consuming for the prediction of the temperature fields of the turbine
blades, especially if multiple operation regimes of the jet engine are considered. However,
the ANN seems to have a promising future in this area because it offers a convenient
solution how to considerably eliminate the calculational time demands.

2.1. Methodology

To predict the thermal fields on the surface of the turbine blade, the new methodology
involving the creation of the geometrical model of the engine part with the correspond-
ing CFD analysis with the defined boundary conditions, followed by the utilization of
the artificial neural network utilization for the prediction of the temperature fields was
developed. In Figure 1, the proposed methodology applied to the iSTC-21v jet engine can
be seen. However, the proposed methodology can be analogically applied to any jet engine
or its parts.
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Figure 1. Methodology for the prediction of the turbine blade surface temperature fields.

According to the methodology presented in Figure 1, first, the 3D model of the investi-
gated object must be created. The model must be prepared according to the geometry in
accordance with the technical documentation of the product. In our case, the methodology
was applied to the turbine parts of the iSTC-21v jet engine (Figure 2), which is described
in the right part of Figure 1. The main goal of the methodology described in the previous
figure is to create a method, which is able to predict temperature fields on the turbine blade
surface much faster than the CFD method.

Figure 2. 3D model of the geometry of the turbine and nozzle section of the iSTC-21v jet engine.

The 3D model of the turbine and nozzle section is shown in Figure 2. The turbine
section consists of the stator hub and stator shroud with 19 stator vanes. The pressure
turbine consists of the rotor hub, rotor shroud and 27 turbine blades. According to the
geometry, the finite element model was created. In our case, the model was prepared
and meshed in the ANSYS software. The boundary conditions for 10 operational regimes
were defined in the ANSYS CFX software. Inputs for the 10 performed CFD analyses are
summarized in Table 1. The boundary conditions were defined by the temperature and
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pressure in front of the turbine and by the speed. All of these parameters were measured
experimentally in laboratory conditions [35,36]. These data were experimentally measured
on the iSTC-21v jet engine specifically for the purpose of the application of the proposed
methodology in our Laboratory of Intelligent Control Systems of Aircraft Engines.

Table 1. Overview of boundary conditions for the computational fluid dynamics (CFD) analyses.

Regime Temperature-T3t (◦C) Pressure-P3t (Pa) Speed (rpm)

1 824.0 197,700 36,079
2 851.0 197,900 36,110
3 862.6 211,300 37,920
4 891.3 229,000 39,960
5 914.3 264,400 41,660
6 942.9 268,200 44,080
7 977.9 288,100 46,020
8 1007.0 307,300 47,860
9 1067.0 339,100 50,120
10 1127.0 361,300 51,990

The third step shown in Figure 1 represents the utilization of the CFD analysis results
as the inputs for the ANN. These coefficients are used for the ANN training in order to
predict the thermal fields in the specific nodes with the positions defined in the chosen
coordinate system. The last step shown in Figure 1 is linked up to the previous one, and it
means the ANN is used during the life phase for the prediction of the temperature fields
according to the measured data. In our case, as the input data, the experimental results
presented in Table 1 were applied.

2.2. Theory and Application of the CFD Method

In the presented research, two conventionally used methods of physics and mathe-
matics are integrated. The first one is the numerical CFD method, which is well-known,
and the second one is the method based on the ANNs. The theory of the CFD and ANN
is extensive, but in the following chapters, only substantial facts necessary for the novel
methodology for the temperature fields prediction explanation are described [37].

The CFD method is known for a few decades, but its application for complex problems
is still time-consuming. The CFD stands for computational fluid dynamics, which is a
branch of fluid mechanics. The method uses numerical analysis and data structures to
analyze and solve the problems involving fluid flows.

For a better understanding, the methodology is directly explained on the example of
the iSTC-21v jet engine. The 3D model, in our case the 3D models shown in Figure 2, is
imported into the ANSYS software, and the mesh for the particular parts is created. In our
case, at first, the stator section of the turbine is meshed [38,39]. The 3D mesh is created by
mapping the 2D mesh of the particular parts of the stator section. The mesh of the turbine
stator section is shown in Figure 3a. In Figure 3b, the 3D mesh created on the basis of
the geometry can be seen. It is the rotor section of the turbine of the iSTC-21v jet engine.
Finally, the meshed nozzle, as can be seen in Figure 3c, is created. All three parts in our
case consist of the hexa elements [40,41].
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Figure 3. (a) Meshed stator blade of the iSTC-21v jet engine; (b) meshed turbine blade of the iSTC-21v
jet engine; (c) meshed nozzle of the iSTC-21v jet engine; (d) computational CFD domain of the turbine
section and nozzle.

The overall approach for the solution of the presented problem starts with the defini-
tion of the CFD simulation. In order to define and set the above-mentioned simulation, the
Turbomachinery wizard was used. The mesh of the stator, rotor and nozzle was imported
and combined, as it is shown in Figure 3d. The Frozen Rotor simulation was performed and
then modified to define the Transient Rotor-Stator simulation. The Transient Rotor-Stator
simulation was performed using the steady-state Frozen Rotor for the initial guess. Finally,
the results of this analysis are used for further processing. The final model prepared for the
CFD simulation is presented in Figure 3d, where the boundary conditions are applied for
one regime. Subsequently, boundary conditions were applied for other regimes. For the
particular regimes, the rotor speeds, temperatures and pressures were applied according to
the obtained results from the experimental measurements performed on the iSTC-21v jet
engine (summarized in Table 1). The axis of the rotation for the simulation is the Z-axis, as
shown in Figure 3d.

The CFD model consists of 2,756,789 elements, the element size for the blade is
0.0035 mm, y+ value is 0.9565, the 2D mesh of the blade is shown in Figure 4. The general
information of the turbine vane and blade is listed below. The chord of the turbine blade
is 25 mm, the span of the turbine blade is 26 mm, the pitch has a value of 17.5 mm for
the blade. The Inlet angle is 20.5 degrees, and the outlet angle is 58 degrees. The distance
between the stator vane and rotor blade of the turbine is 12 mm. Chord line of the stator
vane is 40 mm, the span of the vane is 25 mm, and the pitch is 22 mm. The turbulent model
for the simulation is chosen, the shear stress transport model, which is one of the most
accurate models. This model of turbulence, with the help of the transmission of turbulent
shear stresses, provides a highly accurate prediction of the onset flow separation under an
adverse pressure gradient. It is essential to emphasize the main goal of the article, which
is the application of the novel methodology; therefore, there it is not essential to dedicate
more attention to the CFD computations.
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Figure 4. Turbine blade mesh topology of the iSTC-21v jet engine.

2.3. Theory and Application of the Method Based on the ANN

Generally, ANNs try to approximate or simulate the neurophysiological structure of
the human brain. The large complex of the network consists of interconnected neural cells,
also called neurons. Each neuron receives signals from the neurons connected to it through
the dendrites and conveys a signal using the axon. A simple mathematical model for this
process considers the output of a unit as a function. The function is called the activation
function, which is usually nonlinear. The coefficients of the transformation (connections
between the neurons) are called biases; the other coefficients called weights determine the
response and can be adapted depending on how the connection is activated during the
training [42–45].

There are many types of ANN with different architectures, activation functions, train-
ing functions, etc. In the proposed methodology, the feed-forward back propagation neural
network was applied [46]. The ANN architecture is shown in Figure 5. For the ANN, the
sigmoid function S(x) can be used:

S(x) =
1

1 + e−x (1)

In our case, the symmetrical sigmoid as an alternative to the sigmoid function was
used, according to the formula:

S(x) = 2s(x)− 1 =
1− e−x

1 + e−x (2)

As the training algorithm scaled, conjugate gradient (SCG) for the supervised learning
was used. The SCG updates weight and bias values according to the scaled conjugate
gradient method [47,48]. The SCG can train any ANN as long as its weight, net-input,
and transfer functions have derivative functions. In order to calculate derivatives of
the performance with respect to the weight and bias variables x, backpropagation was
used [26].

The architecture of the ANN used for the temperature prediction is in Figure 5. The
ANN for the prediction of the temperature fields consists of the input layer with three
neurons, three hidden layers and of the output layer [20].
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Figure 5. Architecture of the proposed artificial neural networks (ANN) for the temperature field prediction of the
turbine blade.

During the training process, the measured data summarized in Table 1 were used. The
detailed results obtained from the CFD analyses, according to the methodology presented
in Figure 1, that were used as the inputs for the ANN to predict the temperatures are
described in Section 3, Results. The input layer consists of the input temperature T3t,
pressure P3t and rotor speed. The output layer is created by the predicted temperatures,
in our case calculated for 24 points selected as the specific nodes on the surface of the
turbine blade of the iSTC-21v jet engine. In the output layers, there are also temperatures
T3t, estimated using new technology, which is quicker than conventional methods as CFD
and other methods.

3. Results

Results consist of two parts. The first part is created by the results from the CFD
analyses, which are subsequently used as the inputs for the ANN. The second part involves
results with the predicted temperatures as the results from the ANN.

In Figure 6, the temperature fields on the surface of the turbine blade estimated in
the ANSYS CFX software are shown. The visualized results correspond to the first regime
summarized in Table 1. Temperatures on the surface of the turbine blades are in the Kelvin
units. The analysis was performed for 10 specified regimes, and the temperatures were
recorded for the specific nodes with the corresponding x, y, and z coordinates. These
coordinates also correspond to the points shown on the surface blade in Figure 6. The ex-
ample from this record from the CFD analyses only for five chosen coordinates is shown in
Table 2. The temperatures were calculated in 24 nodes for the purposes of the methodology
verification. However, it is possible to perform temperature analyses for so many nodes as
necessary [49]. Elapsed time for temperature fields prediction using CFD for one regime is
1 h, 42 min and 44.7 s.
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Figure 6. Temperature fields of the turbine blade of the iSTC-1v jet engine computed using ANSYS CFX software.

Table 2. Estimated temperatures using ANSYS CFX software for the chosen nodes of the blade.

Coordinate X Coordinate Y Coordinate Z Temperature (◦C)

80.062 6.408 3.538 1044.510
55.084 2.013 14.732 955.635
60.602 2.115 13.566 964.962
65.514 1.040 13.765 977.080
72.748 −0.077 13.519 998.633

Temperatures at the specific nodes and corresponding coordinates were used for the
ANN training. In our case, temperatures in 24 nodes with corresponding coordinates for
each of the 10 runs representing 10 operational regimes (Table 1) were determined. It means
that 240 temperatures for the training process of the ANN were used.

In Figure 7, the data distribution and the corresponding linear approximation for the
ANN training, validation and test process are shown. The data are divided for training
70% (blue line in Figure 7), 15% for validation (green) and 15% for the test (red part line in
Figure 7). All values from the training, validation and testing process are shown in Figure 6
(black line).

The results determined by the neural network are presented in Figure 8, where two
types of data are shown. There are ten operation regimes of the iSTC-21v jet engine and the
temperatures on the blade surface in the specific nodes. It means that each line corresponds
to one operation regime of the jet engine, and each dot corresponds to a specific node.

In Figure 8, results from the research based on the methodology described in Chapter 2.1
are presented. From the figure, the comparison between calculated temperatures in the
specific nodes on the surface of the turbine blade is shown. The red lines correspond to the
temperatures computed by the ANN, and the black lines are the temperatures calculated
using the CFD method, whereby one pair of the black and red lines corresponds to one
particular operation regime (according to Table 1) of the jet engine. Elapsed time for
temperature fields prediction using ANN for one regime is 0.0027645 s. As it can be seen,
the prediction time using ANN is almost immediate; thus, the methodology (Figure 1)
applied in the iSTC-1v jet engine is really prompt. The peak in Figure 9 could be caused
due to the mesh character in the trailing edge are (Figure 4), but there could be more
reasons that have an impact on the results (Figure 9). The airfoil in the tail section of the
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turbine blade is the narrowest part, and in this area, the mesh could be finer; another
reason can be nonuniform flow in this area, turbulence or geometrical phenomena. It is
essential to point out that the ANN is working properly; thus, the proposed methodology
is correct. However, for application on the specific parts of the jet engine, the CFD model
must be optimized, not only from the aerodynamic and numerical simulation point of view.
Furthermore, the preliminary results obtained by the ANN can serve for the specification
of the parts of the model that must be optimized. Based on the presented results, it is
possible to decide if the mesh size is suitable for the integration of the CFD model into the
ANN calculations.

Figure 7. Statistical data for the training process of the ANN for temperature field prediction at specific nodes.
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Figure 8. Predicted temperatures in specific nodes representing the chosen positions on the surface of the turbine blade.

Figure 9. Computed absolute errors of the temperatures determined for each node for the specified operational regimes.

The nodes in Figure 8 corresponds to the coordinates specified, where these specific
points are directly shown on the surface of the turbine blade of the iSTC-21v jet engine.
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Qualitative coefficients of the performed analyses in the form of the estimated errors are
summarized in Table 3. It is essential to emphasize that the trained neural network can
now be used for other regimes to predict temperatures.

Table 3. Estimated errors of the predicted temperatures.

MAE (◦C) MAPE (%) Max. Difference (◦C)

5.59 0.5 44.7

In Table 3, mean absolute error (MAE) [47] was calculated based on the predicted
temperatures according to Equation (3):

MAE =
1
n

1

∑
n
|yi − ŷi| (3)

The mean absolute percentage error (MAPE) was calculated according to the relationship:

MAPE =
100
n

1

∑
n

|yi − ŷi|
yi

(4)

The computed error for each point is shown in Figure 9, where the development of the
error for the chosen nodes can be clearly seen. The maximal absolute error reached the value
of 44.7 ◦C. For the comparison, in Figure 9 also the visualization of the absolute percentage
error with the mean value of 0.5% can be seen. Estimated errors in Table 3 were computed
in the Matlab software. The maximum difference is the maximal difference between the
temperature predicted by the CFD methodology and the temperature estimated using the
methodology based on the ANN. In Figure 9, each line corresponds to the errors calculated
for the particular regimes. There are 10 lines, each for one regime, and dots correspond to
the specific node on the surface of the turbine blade of the iSTC-21v experimental jet engine.

As it was already mentioned, ANN is trained on 10 operation regimes; furthermore,
trained ANN is used for predicting temperatures for more regimes. Thus, in Figure 10,
the overview of predicted temperatures for 1800 boundary conditions (engine operation
conditions) for the chosen 24 nodes representing the points at the turbine blade of the
iSTC-21v jet engine can be seen. It is necessary to emphasize that only data from operation
regimes 400 to 1400 are relevant due to the training process of ANN.

A created ANN is used for the prediction of other regimes apart from ten trained
regimes, and the results are in Figure 10; in the figure, it can be seen that data from 0
to 400 and from 1400 to 1800 regimes cannot be included for the result evaluation. The
reason for the exclusion of these regimes is that during the training process, there were not
included data for lower regimes, so, for example, there are not computed temperatures
for the ambient conditions, etc. It is essential to emphasize that the main purpose of the
proposed article is to demonstrate methodology and other regimes that can be included in
the additional research; nevertheless, the results have shown a high level of accuracy and
proved the fact that it is possible to predict temperatures using ANN.
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Figure 10. Estimated temperatures for one whole engine run using the new methodology based on the ANN.

4. Discussion

The results of the proposed methodology presented in the article confirm the cor-
rectness of the methodology based on the ANN for prediction of the temperatures on
the surface of the turbine blades at specific nodes representing the points defined in the
coordinate system. The main goal of the article was to verify the proposed methodology in
real practice. Therefore, the ANN was at first used for the prediction of temperatures on
the surface of the turbine blade and consequently applied and verified on the experimental
iSTC-21v jet engine. In addition, the goal of the research was to develop the methodology
that is able to predict temperatures on the turbine blade immediately with significantly
eliminated computational and time demands and at the same time the methodology that
could be accordingly applied on any other engines or their parts.

The proposed article involves not only the description of the methodology but also its
direct practical application, also showing partial results that lead to the fulfillment of the
main goal of the research. For the purposes of the methodology verification, the 3D model
of the turbine and nozzle section for the CFD studies based on the iSTC-21v engine was
created. The CFD analysis results are presented in Figure 6 shows one of the 10 performed
CFD analyses. Using the CFD ANSYS software, the temperature fields were estimated for
the iSTC-21v jet engine, and subsequently, the analyses were performed for 10 specified
operation regimes of the engine in order to obtain inputs for the neural network.

The most valuable contribution of the proposed methodology is presented in Figure 9,
where the dependency between the data computed using the CFD and ANN method can
be clearly seen. The figure shows the temperatures predicted using the ANN for the chosen
10 operational regimes of the jet engine in the specific nodes representing the points on the
surface of the turbine blade.

The new methodology is applied to other regimes (Figure 10), where are predicted
temperatures for 1800 regimes. It is necessary to point out again that the relevant results
presented in Figure 10 are emphasized with the dashed black line due to the character
of the training data. This is caused due to the character of the training data obtained
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from the CFD analyses. The training inputs estimated by the CFD method involved just
10 operational regimes of the jet engine summarized in Table 1. However, there are not
regimes included for the initial state during the no run of the engine; thus, in order to create
a more accurate method, it is necessary to include some other regimes, for example, for
ambient temperature and some other lower regimes. These regimes will be included in the
future, and it will be the scope for further research.

5. Conclusions

Prediction of the temperature changes in the material of the jet engine turbine blades,
the impact of the temperatures on the stress, deformation and fatigue analyses is un-
doubtedly an especially important part of the engineering, which helps mainly during the
development and monitoring of the selected parts of the jet engine. For the jet engines and
also other parts of aircraft structures, monitoring and predictions are particularly crucial
because any structural damage can lead to aircraft accidents.

The main goal of the performed research was to develop a new faster method for
temperature prediction. The fact that the new methodology is faster in comparison with
methods like CFD is irrefutable. It can be proved by comparison times for prediction
temperature fields using CFD and ANN for one operation regime. In proposed research
methodology is applied on an iSTC-21v jet engine, and elapsed time using the CFD method
is one h, 42 min and 44.7 s, elapsed time using the new method is 0.0027645 s. From
the results presented in the article, it can be concluded that the proposed methodology
fulfilled this goal. The new methodology based on the ANN is able to predict temperatures
of the turbine blades in the specific point almost in real time; thus, the method can be
used for monitoring the temperatures also during the runs in the real operation of the
jet engine, forasmuch as the new methodology predicts the temperatures immediately.
The results presented in the article proved that the idea is correct. Furthermore, thanks to
this methodology, it is possible to predict temperatures for many operation regimes. The
novel method offers an incomparable faster prediction of temperatures even in real time,
in comparison with the conventionally used CFD method, which needs for the prediction
of temperatures for one regime several minutes or even hours according to the complexity
of the simulation model and hardware performance.

For a better explanation of the proposed methodology and also for the verification
purposed, the input data for the predictions, namely temperatures, pressures and rotor
speed, were measured in the laboratory condition on the iSTC-21v experimental engine. It
is essential to point out the originality of the article, which is the application of the ANN
for the temperature prediction and its application on the iSTC-21v jet engine.

The methodology was applied for the chosen 24 points at the surface of the turbine
blade; however, the proposed methodology can also be applied to other points of the turbine
blades. Further improvement of the methodology is also expected if more operational
regimes of the jet engine will be examined and added.

The performed analyses of statistical errors obtained as a result of the performed
calculations showed that the artificial neural network is able to reveal the problems that
can occur during the preparation of the CFD model. In our case, one of the chosen nodes
in Figure 9 exhibits a statistically significant error with the value of 4.121%, which is
probably a consequence of the meshing process, turbulent model or errors resulting from
the geometry in this narrow part of the turbine blade. However, the above-mentioned
issues do not influence the quality of the proposed methodology, the main goal of which
was to apply the neural network for the temperature field prediction. In our case, the
methodology was verified on the turbine blade surface, but one of the advantages of the
methodology is that it can be applied for the temperature prediction of any other jet engine
or its parts.

The result of the integration of the CFD model and the ANN approach is that the time
demands for the calculations of the temperature fields are significantly reduced, and thus
during the optimization process of the jet engines or of the components, it is not necessary
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to wait for the results of the time-consuming CFD simulations and therefore, the calculation
results can be applied in the real time also, for example, during the operation of the jet
engine. Thus, it is possible to predict life and other temperature-dependent parameters
mentioned in the background research described in detail in the introduction.

It can be concluded that the proposed methodology was confirmed and verified also
on the basis of experimental results, and the achieved results in this area will serve as a
basis for the further research, development and application of jet engines. Based on the
results presented in the article, it is clear that the methodology is convenient for predicting
the temperatures of a chosen engine part, further research will focus on the optimization of
the CFD model, involving its mesh and parameters. Because the more precisely processed
CFD model is used, the more precise results will be obtained from the calculations using
the neural networks.
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