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Abstract: The maintenance of gas turbines relies a lot on gas path diagnostics (GPD), which
includes two approaches. The first approach employs a physics-based model (thermody-
namic model) to convert measurement shifts (deviations) induced by deterioration into
fault parameters, which drastically simplify diagnostics. The second approach relies on
data-driven models, makes diagnosis in the space of measurement deviations, and involves
pattern recognition techniques. Although a thermodynamic model is an essential element
of GPD, it has limitations. This model is a complex software critical to computer resources,
and the computation sometimes does not converge. Therefore, it is difficult to use the model
in online applications. Since the 1990s, we have developed many thermodynamic models
for different engines. Since the 2000s, simplified data-driven models were investigated.
This paper proposes to substitute a thermodynamic model for novel simplified data-driven
models that have the same functionality, i.e., take into consideration the influence of both
operating conditions and engine faults. The proposed models are formed and compared
with the underlying thermodynamic model. To obtain a solid conclusion about these
models, they are verified in twelve test cases formed by three test-case engines, two model
types, and two approximation functions. Although the accuracy of the simplified models
varies from 1.15% to 0.0082%, it was found acceptable even for the worst case. Thus, these
simple-but-accurate models with the functionality of a physics-based model represent a
good replacement for the latter. It is expected that the models will stimulate the further
development of advanced diagnostic systems.

Keywords: gas turbine; fault diagnosis; thermodynamic model; simplified data-driven models

1. Introduction
Gas Path Diagnostics

Despite the development of renewable energy industries and electrical vehicles, gas
turbines remain the principal energy source on earth and the main propulsion system for
aviation. In addition to lower operating costs, their continuous monitoring and proper
maintenance according to the concept of Engine Health Management (EHM) provide the
reduction in fossil fuel consumption and emissions into the atmosphere. As engines evolve
in complexity, the need for advanced monitoring systems becomes more urgent.

One of the principal subsystems of a monitoring system carries out diagnosis by
using existing gas path measurements (temperatures, pressures, rotation speeds, fuel
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flow, etc.) and the gas turbine theory (see, for example, [1,2]). Within this paper, such a
parametric analysis is called gas path diagnostics (GPD). The area of GPD is well developed
and embraces thousands of publications that are thoroughly analyzed, for example, in
reviews [3–5]. Most of them discuss diagnostic analysis performed using steady-state
data [6,7] and static engine models. The totality of these works can be conditionally divided
into two main approaches. The first is known as Gas Path Analysis (GPA) and is well
described in the works of Volponi [7,8], and the second relies on Artificial Intelligence (AI)
methods [9–11]. The approaches differ significantly in the use of gas turbine mathematical
models. The challenge of GPD is explained by two reasons. First, gas path variables mainly
depend on engine operating conditions (power level, ambient conditions, and some others),
and the influence of the faults is by far smaller. Second, each fault changes all the variables,
and it is a challenge to find the fault on the basis of these changes.

To cope with this problem, GPA transforms these measurement changes (shifts) into
shifts of engine component performances (mainly, efficiency, pressure ratio, and flow ca-
pacity) using a physics-based gas turbine model. These shifts (fault parameters) determine
a fault place, type, and severity, drastically simplifying a final diagnostic statement. Thus,
fault parameters form a diagnostic space within the GPA approach. The concept of GPA
was introduced by Urban [12] in the early 1970s. He employed a linear diagnostic model
that relates measurement changes and fault parameters by an influence coefficient matrix.
Since then, to estimate fault parameters many simple analytical solutions within a linear
GPA have been provided by using, e.g., matrix inversion, least squares, weighted least
squares, and max a-posteriori [8,13]. Unfortunately, as shown in [14,15], the use of the
linear model can cause significant additional errors in the estimates. To avoid linearization-
induced errors, a nonlinear physics-based model (well known as a thermodynamic model)
has been applied since the late 1970s. It was initially employed to compute the matrices
for a linear model and for the nonlinear simulation of the impact of different faults on
gas path measurements [16,17]. Since the early 1990s, the thermodynamic model and its
identification (adaptation) procedure have been an intrinsic part of a nonlinear GPA. One
of the first adaptation procedures was proposed in [18]. Then, study [19] performed more
complex adaptive modeling with a genetic algorithm, a multi-criteria identification scheme
was proposed in [20], and paper [21] introduced an identification concept allowing for
sensor faults.

The second approach does not require a complex space transformation. A diagnostic
analysis takes place directly in the space of measurement shifts, which is a diagnostic
space. Thus, a physics-based model required for the mentioned transformation can be
omitted. Data-driven (black-box) models play two roles in the approach. The first role is to
provide a reference (performance of a new engine) to compute fault-caused measurement
shifts (diagnostic features). Reference models mostly employ Artificial Neural Networks
(ANNs) [22,23] or polynomials [23,24] as approximation functions. The second role is to
detect and identify engine faults in the space of measurement shifts. Pattern recognition
techniques are applied to address this complex issue. The applications of these techniques
include, among others, ANNs [25–27], Support Vector Machines [26], Principal Component
Analysis, the Bayesian approach [28], and Fuzzy Logic [29]. Multilayer Perceptron (MLP)
is the most widely applied artificial network for gas turbine fault recognition [6], followed
by a radial basis network and a probabilistic neural network [26,28].

Test-bed and field measurements are employed as input data to determine the above-
mentioned data-driven models. They are often insufficient, and a thermodynamic model
is still involved to help with missing information. For instance, in the benchmarking
platform described in [30], a thermodynamic model simulates healthy and faulty engine
measurements, which can be used to create reference and fault recognition data-driven
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models. This nonlinear physics-based model, described, e.g., in [31], utilizes component
performance maps, thermodynamic relations in a gas path, and the laws of mass and energy
conservation. It allows for computing gas path variables (measured and unmeasured) as
a function of operating conditions and fault parameters. Moreover, this physics-based
model permits deriving many simplified models. Thus, the thermodynamic model plays a
central role in GPD. Many papers are known that report the development and use of the
software for gas turbine nonlinear first-principle modeling. Engine manufacturers develop
and employ such software for their engines, considering it their proprietary. Similar
models were also developed for genetic engines, e.g., a high-bypass two-spool turbofan, for
academia and other third parties [30,32]. The GasTurb program developed by Kurzke [33]
offers ready-to-use models for many predefined gas turbine configurations. The gas turbine
simulation program (GSP) [34] presents a modeling environment for developing new
models of different gas turbines. Despite its importance and wide use, a thermodynamic
model has some limitations in certain applications. Mathematically, this model presents a
high-order system of nonlinear equations numerically solved by an iterative procedure. A
nonlinear model identification (adaptation, initialization) procedure for computing fault
parameters is organized as an additional external iterative loop. This procedure presents an
inverse model, which is characterized by a multiple increase in computing time. Moreover,
the iterative loops of the direct and inverse models do not always converge. In addition, the
development and use of this complex software with dozens of program modules requires
skilled programmers and engine performance engineers. Another difficulty is that the
model needs complete information about the performance of all engine components, which
is the property of engine manufacturers and is often not available to other parties. The
limitations listed above restrict the direct use of thermodynamic models in online and on-
board systems, as well as during research, since high-fidelity statistical testing of diagnostic
applications sometimes requires millions of model calls.

The shortcomings of the thermodynamic model have stimulated the development of
simplified surrogates that do not have convergence issues and have less computer time
and memory needs. As mentioned above, the linear diagnostic model has been widely
used; however, the linearization causes additional errors. To avoid them, nonlinear data-
driven models built on the data generated by thermodynamic models have been proposed.
Paper [35] shows that a polynomial-based reference function determined on the data
generated by a thermodynamic model provides more accurate diagnostic features than
the same function constructed with real measurements. In the same manner, paper [36]
demonstrates that ANN-based reference functions determined with thermodynamic model
data and real measurements are equally accurate. For online condition monitoring, the
authors of paper [37] propose a hybrid reference function composed of ANNs determined
on first-principle model data and a Kernel regression-based corrector established with real
measurements. The authors validated that this hybrid function can even outperform the
underlying model.

The publications mentioned in the previous paragraph confirm the adequacy of sub-
stitute data-driven models. However, the research in this area has not been completed:
the influence of faults was still simulated by separate linear models. Although our previ-
ous conference papers [38,39] propose some data-driven nonlinear models that take into
consideration both faults and operating conditions, only particular models for particular
engines were studied.

To investigate the proposed class of models in a more general and systematic way,
additional model variations were developed for the present paper. This paper analyzes
three different engines, two model types (direct and inverse) for each engine, and two
approximation functions (polynomials and MLP) for each model type, resulting in twelve
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model variations. For each model variation, the calculations of errors relative to underlying
thermodynamic models were performed. Additionally, for one engine the possible decrease
in diagnostic reliability due to the use of the proposed models is estimated. Thus, the
present paper verifies the proposed models in a more general and systematic way to draw a
convincing conclusion about the applicability of these simple models with the functionality
of a complex thermodynamic model. The main motivation for this comprehensive study is
to provide advanced real-time diagnostic systems with simple models and in this way con-
tribute to the further development of these systems. We think that such a study completely
devoted to the applicability of simplified data-driven diagnostic models is novel: at least
reviews [3–5] do not mention similar works.

2. Typical Gas Turbine Models
2.1. Thermodynamic Model

Despite there being many known thermodynamic model programs, they all present
the same model type that can be characterized as nonlinear physics-based, first-principle-
driven, or aero-thermal. It also can be called a component-based model because it computes
gas path variables mainly at the input and output of each engine component, and the
components are presented by their performance maps. It is a unique model based on
physical laws that allows relating gas path variables with engine steady-state operating
conditions and the technical state of engine components. Since the model is well described
in many papers and is used in most studies on GPD [7], this section only includes a brief
model description that will be useful for a better understanding of the present paper. The
thermodynamic model can be written by the following structural expression:

→
Y = F

(→
U,

→
Θ
)

, (1)

where a vector
→
Y units gas path variables including measured ones, a vector

→
U consists of

operating conditions, and the elements of a vector
→
Θ are health parameters. The latter can

be expressed as
→
Θ =

→
Θ0 + δ

→
Θ, where a vector

→
Θ0 corresponds to an engine baseline, and a

vector δ
→
Θ of fault parameters presents the change in an engine technical state relative to

the baseline. To simulate multiple engine deterioration scenarios, these parameters slightly
shift each component map in the necessary direction. As mentioned in Section 1, expression
(1) is the result of the numerical solution of a model’s nonlinear system. Typically, the
Newton–Raphson method is employed.

To find unknown fault parameters within GPA and tune a thermodynamic model
to current engine health conditions, an iterative adaptative procedure is applied. This
procedure can also be called an adaptative simulation [18] or inverse thermodynamic

model. It determines the estimates
∧
→
δΘ of fault parameters by minimizing the distance

between a vector of measurements
→
Y∗ and a vector of model outputs

→
Y . Thus, the adaptative

simulation solves the following nonlinear minimization problem:

∧
→
δΘ = argmin

∥∥∥∥→
Y* −

→
Y(

→
U*,

→
Θ0 +

→
δΘ)

∥∥∥∥ (2)

The resulting dependencies
∧
→
δΘ = F(

→
U*,

→
Y*)
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and
→
Y = F(

→
U*,

→
Θ0 +

∧
→
δΘ) (3)

can be called an inverse thermodynamic model and an adapted direct model accordingly.
As mentioned before, apart from direct use in GPD, a thermodynamic model helps with
generating data for creating simplified data-driven models. The subsections below describe
two of them, which are the most widely used. The first model is known as an engine
baseline model.

2.2. Baseline Model

This model provides a reference for calculating measurement changes caused by
engine deterioration. Although a nonlinear physics-based model can serve as a baseline, it
is too complex for some diagnostic applications. The employed simplified baseline models
determine gas path variables of a healthy engine as a nonlinear function of operating

conditions and can be expressed by
→
Y0 = F(

→
U). This dependency can be built by the

approximation of multiple vectors
→
Y0 = F(

→
U,

→
Θ0) generated by the physics-based model.

Polynomials and MLP are the approximation functions typically employed.
A baseline expression constructed on the basis of second-order full polynomials for

one monitored variable and three arguments (operating condition variables) takes the
following form:

→
Y0i(

→
U) = a1 + a2u1 + a3u2 + a4u3 + a5u1u2

+a6u1u3 + a7u2u3 + a8u2
1 + a9u2

2 + a10u2
3,

(4)

where a1, . . ., a10 are determined, for example, by the least squares method.
As to MLP application, Figure 1 illustrates a one-hidden-layer perceptron for com-

puting an engine baseline. The necessary weight coefficients of matrixes W1 and W2 are
usually estimated by a backpropagation learning algorithm using as outputs physics-based

model-generated vectors
→
Y0.
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2.3. Linear Diagnostic Model

In contrast to a baseline model, which considers the change in operating conditions,
a linear diagnostic model takes into account engine health conditions and presents the

linearization of a dependency δ
→
Y = F(δ

→
Θ). This model calculates a [m × 1]-vector δ

→
Y of

the gas path variable changes (deviations) corresponding to a [r × 1]-vector δ
→
Θ of fault

parameters based on a [m × r]-matrix of influence coefficients H. Thus, the model presents
a system of linear equations:

δ
→
Y = Hδ

→
Θ. (5)
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The most typical way to generate the matrix H is to apply a perturbation method-
ology to the underlying physics-based model [7]. As the parameters δΘ induced by real
deterioration of engine components are not too great (less than 5–7%), the linear model is
accurate enough.

2.4. Linear Estimation of Fault Parameters

Once determined, the matrix H allows estimating fault parameters through different
methods. When m = r, the solution of system (5) is simple:

∧
→
δΘ = H−1δ

→
Y*, (6)

where a vector δ
→
Y∗ is composed of the engine measurement deviations from the engine

baseline induced by faults.
For the case m > r, the following analytical least squares solution provides the estimates

with lower errors [8]:
∧
→
δΘ =

(
HT H

)−1
HTδ

→
Y*. (7)

This solution is the result of the minimization of the distance between the model
outputs δ

→
Y and the measurement deviations δ

→
Y∗. The increase in the number of measure-

ments required for the least squares method (LSM) can be achieved by installing additional
sensors and, more feasible, employing a multipoint diagnostic option.

Estimates given by Equation (7) can be further improved by using a weighted least
squares solution [14]:

∧
→
δΘ =

(
HTWH

)−1
HTWδ

→
Y*, (8)

where W = R−1 is a weighting matrix, and R presents a measurement covariance matrix.
The W matrix allows us to better consider more precise measurements.

If random estimation errors are expected to be too high, the following regularized
solution [15] can be obtained:

∧
→
δΘ =

(
M + HTWH

)−1
HTWδ

→
Y*, (9)

where the matrix M represents a priori expected values for health parameter estimation
errors [15]. The estimates by Equation (9) proceed from the minimization of either the
distance between the model and the measurements or the norm of the fault parameter

vector δ
→
Θ. These estimates are biased but have reduced random errors. The linear solutions

given by Equations (6)–(9) can be presented in a general form:

∧
→
δΘ = Dδ

→
Y∗, (10)

where matrix D, called a diagnostic matrix, is specific for each estimation method. It does
not depend on actual measurements and can be determined beforehand. Since the linear
solutions do not need a complex nonlinear model and its iterative adaptation procedure,
they are still in use. However, the simplicity of the enlisted linear solutions has a cost:
the linearization causes additional estimation errors. Kamboukos and Mathioudakis [15]
investigated the influence of turbofan model linearization on the accuracy of fault parameter
estimation, and they concluded that a linear estimation method could not guarantee the
accuracy required.
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3. Methodological Considerations
The objective of the present paper is to create and validate simple data-driven models

of a new structure that have the accuracy and functionality of an underlying thermody-
namic model. It follows from the previous section that new models should be nonlinear
and, in contrast to the models given by Equations (4), (5), and (10), each model should be

general enough and relate all three groups of variables:
→
Y ,

→
U, and

→
Θ. Since our objective is

to investigate a particular diagnostic problem (thermodynamic model substitution by a
simplified model) rather than propose a whole diagnostic algorithm in which the models
are employed, this paper primarily studies the factors that can affect model accuracy. Since
these factors are not known beforehand, different options are considered for each factor,
such as the following:

• Engine type and application: three different engines;
• Model types: direct and inverse for each engine;
• Approximation functions: polynomials and MLP for each engine and model type;
• Fault classes: single and multiple for each engine;
• Number of fault classes: specific for each engine.

All possible combinations of these options yield 12 cases of comparison of a simplified
model with the underlying thermodynamic model. In every case, the loss of simulation
accuracy or diagnostic reliability due to the used simplified model is assessed. If a small loss
is observed, this model is considered adequate to the underlying model. The generalization
of results from all the comparison cases will allow us to draw sound conclusions about the
applicability of simplified models.

As will be shown below, each comparison case includes models with a great number
of unknown coefficients (about 200 for polynomials and 1000 for MLP), MLP models are
applied to up to 40,000 engine operating points at each learning iteration (epoch), MLP
learning lasts about 150 epochs, learning is repeated up to 100 times for a higher precision
of the results, and the above calculations should be repeated about 30 times to choose
the proper hyperparameters. As a result, the calculation with one hyperparameter value
can last up to 10 h (see Section 5.3, Engine 2). Hence, to complete the calculations for all
cases within a reasonable time, the following assumptions mainly related to a diagnostic
algorithm were made in the present paper:

• The simplified models are obtained at the standard ambient conditions of engine
operation. To extend the models to other ambient conditions, the known correction
equations can be easily employed [40].

• As engine gas path models are studied, gas path faults are only presented in a diag-
nostic algorithm. Faults of control and measurement systems are not considered.

• All fault parameters have the same interval of variation.
• Only one well-known pattern recognition technique is used in Section 7 for the analysis

of diagnostic reliability with different models employed. The problem of the best
technique is not investigated.

The first assumption can really affect the accuracy of the proposed data-driven models.
Since a thermodynamic model does not use simplified correction equations, their use for
the proposed models will introduce additional errors. However, this issue can be solved by
direct inclusion of ambient temperature and pressure in the list of input variables. Since
we already have experience of working with seven-to-nine input variables, adding two
variables should not present a serious problem. The next three assumptions are mostly
related to a diagnostic algorithm, rather than an engine model. They can change the level
of diagnostic reliability, but this change will be the same for proposed and thermodynamic
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models. In this way, the accuracy of the proposed models relative to the thermodynamic
model will not be affected.

4. Test-Case Engines
To form the list of test-case gas turbines, the following criteria were taken into consid-

eration: availability of a thermodynamic model, different model designers, and different
engine structures and applications. According to these criteria, three test-case engines
were chosen:

• Civil aircraft turbofan (Engine 1);
• Helicopter free-turbine engine (Engine 2);
• Industrial power plant (Engine 3).

These three test-case engines allow us to verify the applicability of the proposed
simplified data-driven models for different engines. For the first two engines, the necessary
data to build and test the simplified models have been obtained through the nonlinear
physics-based simulation provided by the software GasTurb 12. The use of this well-known
program helped us to have reliable data for building the simplified nonlinear models
mentioned, and this will also allow other researchers to repeat the present study. The
availability of a thermodynamic model and field recordings explains the choice of the third
engine. It is an aeroderivative free-turbine power plant for driving centrifugal natural
gas pipeline compressors. The power plant is presented by a thermodynamic model
program developed by the authors of the present study. A single run of the program
allows generating all necessary data for creating and validating simplified models under
different operating and faulty conditions. This reduces the risk of data corruption caused
by manually merging data from different sources.

For all the engines, the data were obtained at different operating modes set by the
rotation speed variable of a high-pressure turbine (HPT) and under the standard ambient
conditions. The rest of the gas path measurements, called monitored variables, are specified
in Table 1 separately for each engine. All the variables correspond to real gas turbine
measurement systems.

Table 1. Monitored variables.

No. Name Symbol Engine 1 Engine 2 Engine 3

1 Net thrust R x - -
2 Shaft power delivered NLPT - x -
3 Fuel consumption GF x x x
4 HPC pressure PC x x x
5 HPC temperature TC x x x
6 HPT pressure PHPT x x x
7 HPT temperature THPT - x x
8 LPT pressure PLPT x x -
9 LPT temperature TLPT x x x
10 LPT spool speed nLPT - - x

Total number of variables m 7 8 6–7 *
Notes: 1. For the turboshaft engines (Engine 2 and Engine 3), HPC means a compressor, and LPT means a
power turbine. 2. * Varying numbers m = 6–7 for Engine 3 are explained by the different engine control variables
established in the calculations. Symbol “x” means “measured”, symbol “-” means “unmeasured”.

The monitored variables of each engine are computed by the corresponding ther-
modynamic model with faults embedded. As the fault parameters are input variables
in the proposed direct models and output variables in the inverse models, an excessive
number of these quantities is required, which can be a challenge. For this reason, only
faults of the main engine components (compressors, combustion chamber, and turbines)
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were selected. The faults of each component are quantified by the parameters δG and
δη that shift component flow and efficiency maps. Table 2 enlists the parameters chosen
for each engine. The proportions m/r = 0.87, 1.33, and 0.75–1.17 between monitored and
fault quantities of the analyzed engines characterize their diagnosability. According to
these numbers, we can expect that Engine 2 has the highest level of diagnostic reliability,
followed by Engine 3 and Engine 1.

Table 2. Fault parameters.

No. Name Symbol Engine 1 Engine 2 Engine 3

1 Fan capacity parameter δGLPC x - -
2 Fan efficiency parameter δηLPC x - -
3 HPC capacity parameter δGHPC x x x
4 HPC efficiency parameter δηHPC x x x
5 HPT capacity parameter δAHPT x x x
6 HPT efficiency parameter δηHPT x x x
7 LPT capacity parameter δALPT x x x
8 LPT efficiency parameter δηLPT x x x

9 Combustion chamber total pressure
recovery coefficient δσCC - - (x)

10 Combustion chamber
efficiency parameter δηCC - - (x)

Total number of parameters r 8 6 8–6 *
Note: * Varying numbers r = 8–6 for Engine 3 are explained by the different fault structures chosen in the
calculations. Symbol “x” means “used”, symbol “-” means “not used”.

5. Development of Simplified Direct Models
5.1. Polynomial and MLP Model Variations

As mentioned in Section 3, the direct model of each test-case engine will be created by
both polynomials and MLP, resulting in six direct model variations in total for the three
engines. All of them follow a general expression:

→
Y = F

( →
δΘ,U

)
(11)

The expression is similar to Equation (1) of a thermodynamic model but has one

simplification: instead of a whole vector of operating conditions
→
U , only one variable U is

now included. It is a power set variable that changes an operating mode, while ambient
conditions remain fixed (standard). The same variable, high-pressure rotor speed n is

chosen as a power set variable U for all the engines. The structure of the vector
→
δΘ is

specific to each engine and determined by Table 2.
The polynomial and MLP-based model variations in each engine are included in a

specific testing MATLAB-2024 program and always use the same input data for each case
of comparison. This guarantees an accurate comparison of the polynomials and MLP.

Based on our previous experience [23,35,38,39], second- and third-order polynomial
functions were employed. As to MLP, its scheme is given in Figure 2a. The perceptron was
created, learned, and simulated using the MATLAB-2024 Neural Network Toolbox. For
all engines, the perceptron has one hidden layer, tansig and logsig transfer functions, and
trainrp or trainbr learning algorithms with the EarlyStopping option.
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direction of signals, and the circles are network’s neurons).

5.2. Polynomial Models
5.2.1. Engine 1

Since the model given by Equation (11) has nine independent variables for Engine 1
(eight fault parameters from Table 2 and a power set variable), the number of the polynomial
unknown coefficients for each dependent variable can be 50 and greater. To have sufficient
flexibility, MLP will have a great number of coefficients as well. Therefore, numerous input
data are required to estimate the coefficients of both approximation techniques.

To generate these data for Engine 1, seven variables typically used for monitoring (see
Table 1) were simulated by the GasTurb turbofan model at five operating modes given
by relative speeds of a high-pressure spool: n = 1.0, 0.9, 0.8, 0.7, and 0.6. At each mode,
719 operating points with different values of the eight fault parameters from Table 2 were
simulated. These values were randomly distributed within the interval (0.0, +0.05) for the
flow parameters δAHPT and δALPT and the interval (0.0, −0.05) for the others. The totality
of 3595 operating points was divided into a learning set (85%) and a validation set (15%).

To choose the best polynomial configuration, two structures of polynomial functions
and a normalization option were examined. The first structure includes a full second-order
polynomial for the eight δΘ-arguments and the following independent n-members: “n”,
“n2”, “n3”, and “n4”. This results in k = 49 unknown coefficients. This structure looks like
the following:

Y(δ
→
Θ, n) = a1 + a2δθ1 + a3δθ2 + · · ·+ a9δθ8

+a10δθ1δθ2 + · · ·+ a37δθ7δθ8 + a38δθ1
2 + · · ·

+a45δθ8
2 + a46n + a47n2 + a48n3 + a49n4

(12)

The n-members up to the fourth-order polynomial are necessary to accurately approx-
imate the influence of the rotating speed at five operating modes. The second polynomial
structure presents a full second-order polynomial of nine δΘ and n arguments. The follow-
ing expression with k = 57 members describes it:

Y(δ
→
Θ, n) = a1 + a2δθ1 + a3δθ2 + · · ·+ a9δθ8+

a10n + a11δθ1δθ2 + · · ·+ a46δθ8n + a47δθ1
2 + · · ·

+a55n2 + a56n3 + a57n4

(13)

As to the normalization, it was performed for each monitored variable Y by dividing
an actual value corresponding to an engine with introduced faults by the value of the same
variable at the same operating mode of a healthy engine.

For all four polynomial model variations, the coefficients were estimated by the least
squares method. Table 3 contains the accuracy performances (mean values of the RMSE
of all variables). In the upper part of the table, the Engine 1 model variations are given.
As can be seen in the table, the polynomial structure with 57 coefficients applied to the
normalized variables is the most accurate. It will be used in further comparisons.
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Table 3. Polynomial structures and errors (direct models).

Engine 1

Polynomial Second order, k = 49 Second order, k = 57
Errors (without normalization) 0.142018 0.027771

Errors (with normalization) 0.030626 0.011448

Engine 2

Polynomial Second order, k = 38 Third order, k = 100
Errors 0.004601 0.004406

Engine 3

Polynomial Second order, k = 37 Third order, k = 99
Errors 0.000817 0.000715

5.2.2. Engine 2

As with the Engine 1 models, the data necessary for creating polynomial and MLP-
based models of Engine 2 were simulated by the GasTurb turboshaft model at five operating
modes determined by high-pressure spool speeds: n = 1.0, 0.9, 0.8, 0.7, and 0.6. For each
mode, eight monitored variables (see Table 1) were computed at 1458 operating points
corresponding to different fault parameters (see Table 2) distributed like the Engine 1
parameters. As before, 85% of the total 1458 × 5 = 7290 points constitute a learning set, and
15% of the points form a validation set.

Before the comparison with MLP, three polynomial structures were verified. Since the
number of independent variables of Engine 2 models is significantly lower than that of

Engine 1 models (seven against nine), a full third-order polynomial function f p3(δ
→
Θ, n)

with 99 unknown coefficients is now considered in addition to the full second-order function
and f p2(δ

→
Θ, n) (36 coefficients) applied to the Engine 1 models. Considering n-members,

two corresponding model structures look like

Y(δ
→
Θ, n) = f p2(δ

→
Θ, n) + a37n3 + a38n4 (14)

and
Y(δ

→
Θ, n) = f p3(δ

→
Θ, n) + a100n4. (15)

As with Engine 1, the variables Y from all operating points were normalized and used
by the least squares method for estimating coefficients of the compared models. Since
the number of independent variables is smaller, and the volume of input data is greater
than those of Engine 1, we can hope that the Engine 2 models will be more accurate.
Indeed, in Table 3, which presents the accuracy performances of these models, one can see
that the Engine 2 models are more accurate than the Engine 1 models. We also can state
that the model with the third-order polynomial function (Equation (15)) exposes the best
performance. It has been selected for further comparison.

5.2.3. Engine 3

The input data for determining Engine 3 polynomial and MLP-based models were
generated by a thermodynamic model developed by the authors.

Since the simulated power plant with a free turbine was simulated with its mechanical
load, the centrifugal compressor, the plant has one degree of freedom and needs one
variable to set its regime. The high-pressure spool speed variable was chosen, and four
regimes were set by its values 10,900, 10,702, 10,500, and 10,200 r/min. At each regime,
10,000 operating points with six randomly distributed fault parameters (see Table 2) were
simulated, resulting in 40,000 total points (5.5-times greater than for Engine 2) divided
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into learning and validation sets in the same proportion of 85% to 15%. All the data were
generated automatically, thus excluding manual data processing errors. Additionally,
the convergence of a model system solution was controlled, and only correct data were
recorded. The above measures promise a higher approximation accuracy for polynomial
and MLP-based Engine 3 models.

Since the number of seven independent variables did not change compared with En-
gine 2, the second- and third-order full polynomials are used. As the input data correspond
to four operating models, the n4-member is excessive now. Thus, the Engine 3 polynomial
structures can be written by

Y(δ
→
Θ, n) = f p2(δ

→
Θ, n) + a37n3 (16)

and
Y(δ

→
Θ, n) = f p3(δ

→
Θ, n) (17)

and have 37 and 99 unknown coefficients accordingly. The bottom part of Table 3 contains
the performances of these structures. As can be seen, the third-order polynomials have
lower errors, and therefore they have been chosen for further comparison with MLP.

5.3. MLP-Based Models
5.3.1. Engine 1 MLP Model

All MATLAB–2024 training functions in the application to diagnostic tasks were
verified in our previous study [41], and rainrp (resilient backpropagation) was found the
most accurate. Nevertheless, for inverse engine models [42] the trainbr function (Levenberg–
Marquardt optimization with Bayesian regularization) was better. Since the choice of the
best learning algorithm varies depending on the problem to solve, the experiments with
rainrp and trainbr were repeated. Figure 3 illustrates a typical learning process by each
algorithm. We can see that the trainbr algorithm yields a by-far-higher accuracy since it
does not stay too long in local minimums (as exposed in Figure 3b). Thus, further learning
of direct models of all the engines uses the trainbr algorithm.
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When a learning algorithm is chosen, the next step is to determine the criterion to
stop the algorithm. There are three options: to set a maximum number of epochs, to
set a minimum network error, or EarlyStopping, which optimally stops the algorithm



Machines 2025, 13, 344 13 of 25

to avoid an overfitting effect. Since EarlyStopping allows a reduction in the number of
hyperparameters and it operated correctly in our previous experiments, the present study
also employs this option.

As the number of input and output nodes is determined by the given structure of

the vectors
→
Y and

→
δΘ, the number of hidden-layer nodes is the unique hyperparameter.

To choose its optimal value, the computations of the Engine 1 MLP-based direct model
were performed with different values. Since the computation is affected by random factors
(random distribution between learning and validation data and random initial values of
network coefficients), the model errors also have random uncertainty. To reduce it, the
calculation for each number of nodes was repeated kiter = 10 times, and the average error
was estimated. Appendix A Figure A1a plots these average accuracy parameters, which
help to find the optimal node number 54 corresponding to the highest MLP accuracy.

Table 4 helps to compare the accuracy of the best polynomial and MLP-based Engine
1 direct models. The table contains the Root Mean Square Errors (RMSEs) of all moni-
tored variables and their mean value. This information allows us to make the following
statements:

− The accuracy of the variables differs a lot. However, for all computational cases (learning
and validation of both approximation techniques), the accuracy rank is conserved as the
same from the most accurate compressor temperature TC to the least accurate thrust R.
− The validation errors are larger, but very close to the learning errors for each case and
variable. This is the confirmation of the correctness of a whole learning process. For all the
cases and variables, MLP has a by-far-higher accuracy.

Table 4. Polynomial and MLP errors (direct models).

Monitored
Variables

Polynomials MLP

Learning Validation Learning Validation

Engine 1 (polynomial: k = 57, MLP: k = 925)
R 0.04099 0.04287 0.00200 0.00244

GF 0.01148 0.01184 0.00098 0.00110
PC 0.00911 0.00929 0.00070 0.00077
TC 0.00121 0.00125 0.00019 0.00020

PHPT 0.01008 0.01033 0.00074 0.00084
PLPT 0.00539 0.00550 0.00035 0.00039
TLPT 0.00550 0.00556 0.00060 0.00069
Mean 0.011083 0.011448 0.000759 0.000874

Engine 2 (polynomial: k = 100, MLP: k = 1080)
NLPT1 0.01607 0.01631 0.00096 0.00096

GF 0.00536 0.00549 0.00046 0.00049
PC 0.00322 0.00334 0.00019 0.00020
TC 0.00051 0.00051 0.00009 0.00009

PHPT 0.00440 0.00452 0.00021 0.00022
THPT 0.00259 0.00263 0.00029 0.00031
PLPT 0.00044 0.00044 0.00003 0.00003
TLPT 0.00257 0.00259 0.00029 0.00029
Mean 0.004400 0.004482 0.000319 0.000329

Engine 3 (polynomial: k = 99, MLP: k = 1267)
GF 0.00140 0.00140 0.00020 0.00022
PC 0.00029 0.00029 0.00010 0.00010
TC 0.00020 0.00020 0.00005 0.00005

PHPT 0.00085 0.00084 0.00013 0.00013
THPT 0.00060 0.00060 0.00013 0.00014
TLPT 0.00057 0.00058 0.00012 0.00012
nLPT 0.00027 0.00027 0.00008 0.00008

Mean 0.000713 0.000715 0.000132 0.000134
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The MLP superiority is mainly explained by a 2.26-times-higher number of unknown
coefficients: 122 per variable Y, against only 57 polynomial coefficients. In general, the
Table 4 data confirm that the MLP-based direct model of Engine 1 has acceptable accuracy
because its approximation errors are considerably smaller than typical measurement errors
of the corresponding variables. Theoretically, the performance of polynomials can be
enhanced by selecting a full third-order structure. However, such a function of nine
arguments will be complex and, so far, it is not considered for Engine 1.

The calculation of each case was repeated 10 times, and the error in Table 4 presents
an average value with a lower uncertainty. The level of this uncertainty is generally
proportional to the error itself. The ratio of a 3σ-uncertainty amplitude to the error itself
varies from 6% to 37% for polynomials and from 23% to 50% for MLP. That is, all Table 4
numbers are statistically significant. As a result, mean validation errors can be presented
with 3σ-confidence as 0.011448 ± 0.00192 for polynomials and 0.000874 ± 0.00027 for MLP.

5.3.2. Engine 2 MLP Model

As the origin of input data for Engine 2 and Engine 1 simplified models is the same,
the volume of data for Engine 2 does not differ a lot from the Engine 1 data. Since the
number of input variables does not vary significantly, the Engine 2 network is similar to
the Engine 1 network. That is, MLP has one hidden layer and is learned by the trainbr
algorithm with the EarlyStopping option.

To determine the optimal number of hidden-layer nodes, numeric experiments with
different numbers have been performed. As before, to enhance the precision the calculation
with each number of nodes has been repeated 10 times and average mean errors were
determined. Figure A1b plots these errors as a function of the number of nodes. The figure
clearly shows that the learning and validation errors drop with each increment in the nodes,
and the smallest error corresponds to the largest number of 67 nodes. In this way, MLP with
67 hidden nodes is considered the best and will be considered for the next comparisons.
The behavior of the plots supposes further error reduction for the numbers greater than
67. However, so far these numbers are not considered given that the calculation with the
number 67 already lasts 10 h (Dell desktop with CORE i7 ninth-generation processor).

For the best configurations of the polynomial and MLP models of Engine 2, the
intermediate part of Table 4 includes the RMSEs of the monitored variables estimated on
learning and validation operating points and the mean value of these RMSEs. The absolute
uncertainty of the presented polynomial and MLP were found to be comparable. In a
relative form, 3σ-amplitudes vary for different variables, from 5% to 11% for polynomials
and from 40% to 90% for MLP (validation results). As a result, mean validation errors
with 3σ-confidence scatter can be presented as 0.004482 ± 0.000214 for polynomials and
0.000329 ± 0.000206 for MLP. Since uncertainty does not exceed 100%, the Table 4 numbers
are statistically significant.

The table data help to draw the following statements, which are similar to the state-
ments made for Engine 1 models:

• The accuracy rank of variable Y is conserved as the same in the four computational
cases presented.

• The closeness of the validation and learning errors confirms the correctness of a whole
learning process.

• For all the cases and variables, MLP has a by-far-higher accuracy, and the mean errors
are about 13-times smaller.

Although the polynomial model now uses the third-order functions, and the number
of coefficients for one variable Y has increased to 100, the polynomial accuracy is still by far
lower than the MLP accuracy. The MLP dominance cannot now be completely explained
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by a greater number of MLP coefficients because the relation between MLP and polynomial
coefficients has now reduced to 1.49 against 2.26 for Engine 1 models. Thus, we can suppose
that the MLP approximation functions will be more flexible and accurate, although with a
similar number of unknown coefficients as in polynomials.

5.3.3. Engine 3 MLP Model

The general MLP structure and options used for Engine 1 and Engine 2 models are
conserved for Engine 3: one hidden layer, the trainbr learning algorithm, and EarlyStopping.

As before, experiments with different numbers of nodes were carried out. The plots
of Figure A2c illustrate the resulting learning and validation mean errors. As the volume
of input data has drastically increased, and the calculation with each node number was
repeated 10 times for estimating average values of mean errors, the learning and validation
curves are without random perturbations and practically coincide. Therefore, it is clearly
seen that the best result corresponds to the maximum number 84, and MLP with this
number of nodes is accepted as the best. The plots also show that a better result is possible
with a greater number of nodes. However, such a possibility has not been considered so far
because each increment in node number causes a significantly larger computation time,
and for the number 84 the time already makes up 36 h.

Table 4 shows that the Engine 2 MLP-based model is approximately 2.7-times more
accurate compared with the Engine 1 model. In turn, the Engine 3 model outperforms
the Engine 2 model by 2.5 times. As before, MLP is by far more accurate than polyno-
mials. However, even the polynomial errors are already significantly smaller than the
measurement errors.

The MLP-based model now has very small errors, and the polynomial model approxi-
mation errors are already smaller than the measurement errors.

As to the precision of the Engine 3 model data, the absolute uncertainty intervals have
reduced proportionally to approximation errors themselves in comparison with the Engine
2 model data, and the relative uncertainty has not changed. The mean validation errors can
now be written with a 3σ-confidence probability as 0.000715 ± 0.000015 for polynomials
and 0.000134 ± 0.000048 for MLP. Thus, the Engine 3 results are statistically significant.

6. Inverse Models for the First Approach
6.1. Polynomial Models
6.1.1. Engine 1 Inverse Model

During the experiments with polynomials, it was found that the use of absolute values
of the monitored variables as arguments of the polynomial functions causes even more
serious numerical problems than in the direct models where these variables were resulting
functions. They are related to the great difference between the levels of polynomial mem-
bers, especially when the members have the second- and third-order of the variables. When
trying different modes to normalize the arguments, the normalization relatively the values
at the highest regime of the healthy engine was found the most accurate. Table 5 in its upper
part contains the mean accuracy parameters of the polynomials after such normalization.
As with the direct models, these data were obtained by repeating the calculation process
10 times with different random learning and validation sets and subsequently averaging
the errors. As a result, the computational uncertainty in error estimations is significantly
lower than the errors themselves: 3σ-intervals make up on average 0.00035. The accept-
able precision of the table data allows us to draw the following conclusions. First, as the
differences between learning and validation accuracy are small, the corresponding input
data always have the same distributions, i.e., there are no perturbations in data generation.
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Second, the accuracy of the third-order polynomials is considerably better. Therefore, they
are chosen for the next comparison with neural networks.

Table 5. Polynomial structures and errors (inverse models).

Engine 1

Polynomial Second order, k = 57 Third order, k = 169
Learning Errors 0.004306 0.003555

Validation Errors 0.004368 0.00377

Engine 2

Polynomial Second order, k = 57 Third order, k = 169
Learning Errors 0.001049 0.0002250

Validation Errors 0.001058 0.0002332

Engine 3

Polynomial Second order, k = 46 Third order, k = 136
Learning Errors 0.000272 0.000158

Validation Errors 0.000271 0.000159

6.1.2. Engine 2 Inverse Model

As for Engine 1, normalization was applied to the arguments of Engine 2 polynomials,
and the calculations were repeated 10 times. Table 5 contains the mean accuracy parame-
ters of the polynomials after such normalization. These results have low computational
uncertainty: 3σ-intervals make up on average 0.00010. Comparing the Engine 2 and Engine
1 data in Table 5, one can state that both second-order and third-order Engine 2 polynomials
are significantly more accurate than Engine 1 ones. It is also observable that the superi-
ority of the third-order polynomials over second-order polynomials is now more visible:
4.54 times against 1.16 for Engine 1. Thus, these higher-order polynomials will be used for
a subsequent comparison with the perceptron.

6.1.3. Engine 3 Inverse Model

The normalization was conserved for the Engine 3 inverse polynomial model. How-
ever, the calculation repetitions and averaging over the results were not realized, because
of the too-long computation time (about 70 h for 10 repetitions) due to the huge volume of
the input data (40,000 operating points). Therefore, the Engine 3 data in Table 5 correspond
to one calculation. However, the resulting precision is as high as for Engine 1 and Engine 2
because of the same reason: a significantly greater number of operating points.

For Engine 3, further accuracy enhancement is observed in Table 5: the third-order
polynomials are now almost 50% more accurate. As before, they will be compared
with MLP.

6.2. MLP-Based Models
6.2.1. Engine 1 Inverse MLP Model

The dependence of the accuracy of the Engine 1 MLP from the hidden nodes number
is shown in Figure A2a. It helps to choose 51 as the optimal number of nodes, and the
corresponding perceptron is below compared with the polynomials.

The upper part of Table 6 helps to compare these approximation techniques by provid-
ing their detailed accuracy performances. One can see that the errors of both techniques are
similar for all estimated fault parameters, but the polynomials are slightly more accurate.
The precision (3σ-uncertainty intervals) of the presented parameter errors makes up an
average of 0.00090. Since a typical range of the parameters in modeling and diagnostic
tasks is about 0.0–0.05, the errors themselves presented in the table and their precision can
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be considered as acceptable for all parameters, except the estimate δΘ1 (as can be seen in
Table 2, it is a fan capacity parameter). Its abnormally high errors are explained below.

Table 6. Polynomial and MLP errors (inverse models).

Fault
Parameters

Third-Order Polynomials MLP

Learning Validation Learning Validation

Engine 1 (polynomial: k = 169, MLP: k = 875)
δGLPC 0.01209 0.01274 0.01222 0.01254
δηLPC 0.00516 0.00555 0.00537 0.00548
δGHPC 0.00135 0.00149 0.00193 0.00198
δηHPC 0.00208 0.00289 0.00236 0.00239
δAHPT 0.00013 0.00015 0.00126 0.00129
δηHPT 0.00111 0.00122 0.00162 0.001644
δALPT 0.00376 0.00385 0.00387 0.00388
δηLPT 0.00274 0.00287 0.00284 0.00293
Mean 0.003554 0.003769 0.003936 0.004018

Engine 2 (polynomial: k = 169, MLP: k = 1158)
δGHPC 0.000221 0.000227 0.000091 0.000095
δηHPC 0.000173 0.000177 0.000065 0.000068
δAHPT 0.000119 0.000123 0.000078 0.000081
δηHPT 0.000119 0.000121 0.000049 0.000051
δALPT 0.000261 0.000272 0.000094 0.000098
δηLPT 0.000457 0.000479 0.000097 0.000102
Mean 0.0002250 0.0002332 0.0000790 0.0000824

Engine 3 (polynomial: k = 136, MLP: k = 1260)
δGHPC 0.000136 0.000137 0.000088 0.000090
δηHPC 0.000212 0.000213 0.000105 0.000106
δAHPT 0.000016 0.000016 0.000108 0.000127
δηHPT 0.000010 0.000010 0.000078 0.000076
δALPT 0.000236 0.000237 0.000107 0.000109
δηLPT 0.000175 0.000177 0.000098 0.000098
Mean 0.000158 0.000159 0.000098 0.000099

Figures 4 and 5 shed some light on the problem of the estimation of parameter δΘ1.
Operating points 1 through 3595 are here presented subsequently for operating modes 1-to
5. Figure 4a shows that the general behavior of the estimates of δΘ1 is abnormal for modes
2-to 4 (operating points 720-to-2876). Figure 4b more clearly illustrates this phenomenon:
in the left side of the plot corresponding to mode 1, the estimates follow well to the true
values, but from point 720 (mode 2) they change a little around a mean value of 0.025 and
do not react on the true values. In contrast, as can be seen in Figure 5, the estimates of the
other fault parameters conserve adequate behavior for all operating points. We see two
possible explanations for this phenomenon. First, the influence of δΘ1 on the monitored
variables significantly changes at different operating modes. Second and more probable,
there is a shift in the input data between the parameter δΘ1 and monitored variables at
modes 2-to-4. This shift can be caused by a manual manner of forming input data. Anyway,
the problem is not critical given that fan blades are well observable, and any damage will
be discovered without calculating fault parameters. Thus, the problematic parameter δΘ1

can be excluded from the list of estimated items, and both polynomial and MLP-based
models can be successfully used in diagnostic tasks.

6.2.2. Engine 2 Inverse MLP Model

The best number nn = 72 of the hidden-layer nodes has been chosen in accordance
with Figure A2b. In Table 6 (intermediate section) the corresponding MLP is compared
with the Engine 2 polynomials. Everyone can see here that the validation errors are slightly
higher than the learning ones for both techniques. This is an indication of correct learning.
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The data in the table also show that the level of accuracy is such that both techniques can
be used in practical problems, but the MLP model exposes a significantly higher accuracy
for each variable and on average.
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6.2.3. Engine 3 Inverse MLP Model

Figure A2c points out the best number nn = 84 of the hidden nodes. The results of
the corresponding perceptron are given in the bottom part of Table 6. One can see that the
MLP validation accuracy is higher than that for the polynomials, but both techniques are
accurate enough to be used in practical tasks.
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7. Diagnostic Reliability of the Second Approach with Simplified Models

Within the first diagnostic approach (GPA), the estimations of fault parameters are
the final diagnostic results, and the diagnostic reliability is associated with the accuracy
of inverse models. In contrast, in the second approach (AI-based approach), reliability is
determined not by the accuracy of the model, but by probabilistic criteria of correct fault
recognition. Therefore, it is of practical interest to estimate the possible probability shift
due to the replacement of a thermodynamic model by a simplified data-driven model. To
solve this issue, numerical simulation of the second approach using the mentioned models
by turn was implemented. It is briefly described below. A full description can be found
in [39].

The approach includes the following steps. First, the deviations induced by faults are
determined like a relative change in a monitored variable:

δYi =
Yi(

→
Θj)− Yi(

→
Θ0)

Yi(
→
Θ0)

. (18)

Second, to make the simulated deviations more realistic, the vector
→
ε of errors is then

added to a deviation vector
→
δY: →

δY
∗
=

→
δY +

→
ε . (19)
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Third, deviation with normalized errors

Z*
i =

δY*
i

aδYi

, (20)

are calculated, where aδYi is the maximum amplitude of random errors of the corresponding
deviation δYi.

Fourth, numerous gas turbine malfunctions are divided into a limited quantity of
fault classes:

D1, D2, . . ., Dq. (21)

They correspond to typical engine faults. Each item is presented by numerous patterns

(vectors
→
Z∗ of simulated normalized deviations). Two classification variations were pre-

pared. In a classification of single faults, each class corresponds to the changes in one fault

parameter, while in a classification of multiple faults each item is formed by the vectors
→
Z∗,

caused by independently changing two fault parameters of the same engine component.
Fifth, each classification variation is presented in calculations in the form of two sets:

a learning set ZL and a validation set ZV. The former is used for training the recognition
technique, and the latter allows verifying it.

Sixth, on the data of the set ZV data, a probability vector
→
Pv is estimated. Its elements

are probabilities of correct classification of the patterns of each fault class. The mean value P
of the elements characterizes engine diagnosability and is used in this paper as an indicator
of diagnostic reliability.

The above approach was realized for Engine 3, and its thermodynamic model and
direct polynomial model were employed as alternative options for fault simulation. MLP
with two layers was used as a pattern recognition technique (not to be confused with the
models’ MLP, described in Section 5.3).

The dependence of probability P from the number of hidden nodes is shown in
Figure A3, which helps to choose the optimal numbers nn = 29 for the single faults and
nn = 81 for the multiple classes. Table 7 contains the indicators of diagnostic reliability
obtained by the perceptrons with these numbers separately for the thermodynamic and
polynomial models. These indicators show that the use of the simplified polynomial model
instead of the thermodynamic model does not practically change the level of diagnostic
reliability. Thus, simplified data-driven models of gas turbines can be successfully applied
in theoretical and practical diagnostics.

Table 7. Mean probabilities of correct recognition computed with thermodynamic and polyno-
mial models.

Fault Type Model ¯
P

Single Thermodynamic 0.82901 ± 0.0012
Polynomial 0.82910 ± 0.0012

Multiple Thermodynamic 0.87678 ± 0.0015
Polynomial 0.87826 ± 0.0015

8. Discussion
Table 8, containing general accuracy parameters of all the models considered, helps to

compare the model types of one engine and the models of different engines. We can see
that the models of Engine 1 have the lowest accuracy. Section 6.2 shows that it is related to
elevated errors in the parameter δΘ1. Moreover, Engine 1 differs from the other engines in
the behavior of the plots in Figures A1 and A2 and in the relations between the accuracy of
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model types. All abnormalities mentioned are evidence of the inconsistency in the data
used to create the models, although thorough verification of the data did not reveal any
errors. Despite this issue, the Engine 1 models manifest an acceptable accuracy, especially
without the parameter δΘ1, which is not important for practical diagnostics.

Table 8. Mean validation errors of direct and inverse models.

Fault
Parameters

Direct Models Inverse Models

Polynomials MLP Polynomials MLP

Engine 1 0.011448 0.000874 0.003769 0.004018
Engine 2 0.004482 0.000329 0.0002332 0.000082
Engine 3 0.000715 0.000134 0.000159 0.000099

As to Engine 2 and Engine 3, the data of Table 8 allow us to make the following
statements:

• The models of Engine 2 and Engine 3 are much more accurate than Engine 1 models
and can be excellent surrogates to original thermodynamic models;

• Engine 3 models are generally the most accurate except in the case of inverse MLP-
based models;

• In all comparison cases, the MLP-based models are superior to the corresponding poly-
nomials models; thus, MLP is recommended for creating simplified data-driven models.

9. Conclusions
Thus, simplified data-driven models of a novel structure have been proposed and

validated in the present study. To draw sound conclusions, for two main diagnostic
approaches direct and inverse models of three different gas turbine engines were created
using polynomials and MLP as approximation functions, resulting in the analysis of
12 model variations.

Since (a) the models of Engine 2 and Engine 3 showed an excellent accuracy of
0.45–0.0088% (especially MLP-based models with an accuracy of 0.033–0.0088%), (b) the
accuracy of the Engine 1 models is acceptable, and (c) these novel simplified models can
perform all the tasks of thermodynamic models in both diagnostic approaches, they present
effective simulation techniques for theoretical and practical gas turbine diagnostics.
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