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Abstract: This article discusses the development of an enhanced monitoring and control system for
helicopter turboshaft engines during flight operations, leveraging advanced neural network tech-
niques. The research involves a comprehensive mathematical model that effectively simulates various
failure scenarios, including single and cascading failure, such as disconnections of gas-generator
rotor sensors. The model employs differential equations to incorporate time-varying coefficients and
account for external disturbances, ensuring accurate representation of engine behavior under different
operational conditions. This study validates the NARX neural network architecture with a backprop-
agation training algorithm, achieving 99.3% accuracy in fault detection. A comparative analysis of
the genetic algorithms indicates that the proposed algorithm outperforms others by 4.19% in accuracy
and exhibits superior performance metrics, including a lower loss. Hardware-in-the-loop simulations
in Matlab Simulink confirm the effectiveness of the model, showing average errors of 1.04% and
2.58% at 15 ◦C and 24 ◦C, respectively, with high precision (0.987), recall (1.0), F1-score (0.993), and an
AUC of 0.874. However, the model’s accuracy is sensitive to environmental conditions, and further
optimization is needed to improve computational efficiency and generalizability. Future research
should focus on enhancing model adaptability and validating performance in real-world scenarios.

Keywords: sensor; network; failure; model; NARX; neural network; helicopters turboshaft engines

1. Introduction
1.1. Relevance of the Research

In modern helicopter operations equipped with turboshaft engines (TEs), ensuring the
reliable performance engines under sensor failure conditions is of paramount importance.
Sensor failure can significantly impact flight stability and safety, as sensor data is crucial
for engine control and condition monitoring [1]. Traditional data processing methods often
fall short in detecting anomalies and recovering accurate information, necessitating the
use more advanced technologies [2,3]. A promising approach involves neural network
modeling of the performance helicopter TE capable of handling sensor signals and restoring
lost information [4].

The relevance of developing neural network-based models for helicopter TEs, partic-
ularly under sensor failure conditions, lies in the need for enhanced reliability and safe
helicopter operations [5]. Neural networks, with their ability to train and adapt, can ef-
fectively model complex dynamic processes and provide high accuracy in prediction and
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anomaly detection [6]. This is especially crucial in scenarios where sensor failure could
lead to critical situations, requiring prompt data recovery for real-time decision-making.
Thus, the development and implementation of neural network models for processing and
recovering data under sensor failure is not only a timely task but essential for ensuring
flight safety and extending the operational life of aviation engines.

1.2. State-of-the-Art

Contemporary research on the helicopter TE modeling using neural networks is
actively advancing and encompasses a broad range of tasks aimed at improving the aviation
systems reliability and safety [7]. A key focus is the development of a model that can
predict engine behavior under sensor failure and restore missing data [4]. Machine learning
methods, such as recurrent neural networks (RNN) [8,9] and long short-term memory
(LSTM) [10,11], have demonstrated high effectiveness in processing time series data and
detecting anomalies in engine performance. Currently, research is centered on integrating
neural networks with traditional diagnostic and predicting methods [12,13], enabling
the creation of hybrid systems that combine the physically strengths-based models and
adaptive training algorithms.

Of particular interest is developing autonomous diagnostic and control systems capa-
ble of operating under sensor failure without human intervention [14,15]. These systems
utilize neural networks trained on extensive datasets and can adapt to changes in engine
behavior while responding promptly to emerging issues. Integrating these systems into
onboard helicopter control systems requires high reliability and fault tolerance [16]. Ad-
ditionally, research includes creating models that account for various types of failure and
their impact on engine operation, as well as employing generative models and probabilistic
graphical approaches to predict rare but critical events [17–19].

Recent research also focus on the Internet of Things (IoT) technologies [20] and cloud
computing [21] implementation to enhance real-time data collection and analysis about
engine conditions. This approach significantly extends the capabilities of neural networks
by leveraging distributed computing resources and processing data on remote servers.
Such methods make monitoring and control systems more scalable and flexible, which
is crucial for large aviation fleets. Thus, contemporary research aims to develop reliable,
adaptive, and autonomous systems that not only improve flight safety but extend the
operational life of aviation equipment, reducing maintenance and operational costs.

Existing research on modeling helicopter TEs often faces challenges related to accurate
prediction of the engine behavior under varying operational conditions and sensor failure.
Traditional models [12,13] may struggle with capturing the engines complex, non-linear
dynamics, especially when dealing with multivariate time series data and non-stationary
environments. These limitations result in the diagnostic and prognostic systems reduced
accuracy and reliability. The necessity for employing a neural network autoregressive
with exogenous inputs (NARX) model [22–24] arises from its capability to handle such
complexities by effectively modeling the temporal dependencies and incorporating exter-
nal influences.

Based on the above, the research aims to develop a helicopter TE neural network
model to simulate its parameters in its sensor network for a sensor failure event. The object
of the research is the helicopter TE sensor network. The subject of the research includes
the helicopter TE sensor network diagnostic methods and means. To achieve this aim, the
following scientific and practical tasks were solved:

1. Development of a mathematical model to determine the helicopter TE sensor network
output signal in a sensor failure case.

2. Development of a neural network and its training algorithm to model helicopter TE
parameters in a sensor network failure event.

3. Development of a test bench for the helicopter TE parameters in a sensor network for
the semi-naturalistic modeling implementation of a sensor failure event.
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4. Conduct a computational experiment consisting of model helicopter TE parame-
ters during a gas-generator rotor speed sensor failure under various temperature
conditions.

5. Assess the results obtained for quality using traditional metrics.

This research main contribution is the development of a helicopter TE sophisticated
monitoring and control system using a detailed mathematical model and NARX neural
network, achieving a high accuracy in detecting sensor disconnections and effectively
simulating various failure scenarios, including single and cascading failure.

1.3. Paper Organization

This paper consists of an introduction, “Materials and Methods”, “Case Study”, and
“Discussion” sections, a conclusion, and references. The introduction justifies the relevance
behind the research, reviews existing studies, highlights unresolved research issues, and
defines the aim, object, and subject behind this study. In the “Materials and Methods”
section, a mathematical model was developed for helicopter TE dynamics in a sensor
failure event, along with a neural network model that implements this dynamic. The
“Case Study” section presents results from the research on the developed neural network
model, simulating various types of sensor failure in helicopter TEs. The research included
generating a training dataset, preprocessing it, and validating the neural network model
on a developed semi-real simulation test bench. The “Discussion” section provides a
comparative analysis of the proposed neural network model training algorithm with three
types of genetic algorithms, as the closest analogous approach to training such neural
networks. The section also outlines the achievements, the results limitations, and the
prospects for further research. The conclusion summarize the key research findings.

2. Materials and Methods

The helicopter TE complex model as a control object based on a fundamental model is
a component-based nonlinear thermogas-dynamic model [25] which simulates the engine
operation in steady-state conditions within the applicable range as follows:

X = f
(
X, V, U

)
,Y = φ

(
X, V, U

)
, (1)

where X =
[
nTC, nFT , T∗

G
]T is the state variables vector; f and φ are nonlinear operators.

The helicopter TE complex model, regarded as a control object, is based on a nonlinear
thermogas-dynamic framework that simulates engine performance under steady-state
conditions across a range of operational modes. The model is defined by two key nonlinear
relations (1): the state equation X = f

(
X, V, U

)
and the output equation Y = φ

(
X, V, U

)
,

where X represents the state variables, including gas-generator rotor r.p.m., free turbine
rotor speed, and gas temperature before the compressor turbine. The dynamic variables
V capture internal processes such as fuel dynamics and thermal inertia, while the control
inputs U include variables like fuel flow rate. These nonlinear operators f and φ describe
how the system state and its outputs evolve in response to internal dynamics and control
inputs. This model serves as the foundation for understanding engine behavior, facilitating
the advanced control and monitoring systems development that account for the helicopter
TE nonlinear and time-varying characteristics.

The helicopter TE piecewise-linear model is derived from a fundamental model using
a standard method [26]. This model includes the engine starting process, including igni-
tion [27]. The helicopter TE fault scenarios are modeled to address phenomena such as
compressor surge, failure to ignite, and flameout [28]. The helicopter TE systems encom-
pass various subsystems, including fuel (pumps, metering units, drives, injector manifolds,
and filters), starting (starter, fuel supply system, ignition, gas-generator mechanization,
and electrical power), lubrication, bleed air, air, and drainage systems [29]. The references
analysis [26–28] shows that in-flight monitoring and control models and algorithms involve
continuous parameter and signal monitoring, checking allowable limits, engine mode
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identification, data preparation for ground control and predicting, engine operating time
monitoring, diagnostic information processing, and starting control, shutdown, and com-
bustion chamber processes, as well as fault signal generation. These models are designed to
handle sensor failure by incorporating fault detection and recovery mechanisms, ensuring
that characteristics are aligned across different levels, and maintain operational control
even when sensor data is incomplete or unreliable. Representing these characteristics in
a criterion-normalized form ensures that engine component models remain accurate and
effective within comprehensive monitoring and operational control, including identifica-
tion based on experimental data [30]. Moreover, the models include specialized algorithms
to detect and compensate for sensor failure (Table 1), thereby mitigating their impact
on critical flight parameters and maintain the reliability of in-flight engine performance
monitoring [31].

Table 1. Failure and corresponding time-varying changes in system matrices [31].

Failure
Type\Impact

Aspect

Measurement
Accuracy

System
Reliability

Operation
under Extreme

Conditions
Response Time Economic

Impact Safety

Instantaneous
failure High Reduced Not relevant Immediate

disruption High costs High risk

Intermittent
failure Medium Unstable May be

hindered Delays Potential
additional costs Medium risk

Partial failure Accuracy
degradation Partial Depends on the

situation Possible delays
Additional

costs for
correction

Medium risk

Multiple failure Very high error Critical Critical Significant
delays

Significant
economic losses Critical risk

Drift failure Gradual
degradation

Gradual
degradation

May be
problematic Delays Gradual

additional costs Medium risk

Systematic failure Constant
degradation

Constant
degradation

May be
hindered

Stable
slowdown

High economic
losses Medium risk

Random failure Unpredictable
impact

Unpredictable
impact

May be
problematic Uncertain Unpredictable

costs Medium risk

Material
degradation

failure

Gradual
degradation

Gradual
degradation

May be
problematic Delays Gradual

additional costs Medium risk

Thermal failure Accuracy
degradation

Temporary or
permanent Critical Slowdown

High
replacement

costs
High risk

Vibration failure Unpredictable
impact Unpredictable Critical Possible delays Potential

additional costs High risk

Moisture failure Gradual
degradation

Gradual
degradation Critical Slowdown High repair

costs Medium risk

Electromagnetic
interference

failure

Accuracy
degradation Possible issues May be

hindered Possible delays Additional
shielding costs Medium risk

Software failure Unpredictable
impact Unpredictable May be

problematic Slowdown High software
correction costs Medium risk

Leakage current
failure

Accuracy
degradation

Temporary or
permanent Not relevant Slowdown

High
replacement

costs
High risk

The rows in the matrix denote failure modes, while the columns reflect various aspects
of the system’s impact potential. The cells in the matrix show the extent or nature of each
type of failure and its influence on the system specific aspects [31].

The task for the computer modeling system to address the helicopter TE and system
failure is to simulate both single and “cascading” failure. This includes the automatic
activation of failure in the engine, its systems, sensors, and actuators in a specified sequence.
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The dynamics for the helicopter TE and its systems, when simulating the i-th failure, are
modeled using the differential equation:

x = (A + ∆iA) · x(t) + (B + ∆iB) · u(t). (2)

The output signal is defined as follows:

x(t) =
t∫

0

((A + ∆i A) · x(t) + (B + ∆iB) · u(t))dt. (3)

The helicopter TE and system failure are simulated by modifying the coefficients in
dynamic models. For sudden failure, this involves an abrupt change in coefficient A by
∆A and in coefficient B by ∆B. The magnitude of these changes is predetermined based
on the engine and system model for each specific failure. For instance, if a compressor
blade breaks, compressor efficiency decreases, which is reflected in corresponding changes
to coefficients ∆A and ∆B in the dynamic model. Other types of engine failure, such as
combustion chamber burnout or compressor turbine blade destruction, result in different
changes to ∆A and ∆B. Failure in the helicopter TE systems is determined similarly within
their respective models.

To expand the model significantly, the computer simulation system for the helicopter
TE and system failure not only addresses single and “cascading” failure but incorporates
time-varying failure, sensor noise, and system interactions, thereby enhancing the accuracy
and robustness of the simulation. This model includes the automatic activation of failure in
the engine, its systems, sensors, and actuators in a specified sequence, with failure reflecting
in both an immediate and delayed effect.

The dynamics for the helicopter TE and its systems, when simulating the i-th failure,
are described by the differential equation:

dx(t)
dt

= ((A + ∆i A) · x(t) + (B + ∆iB) · u(t)) + ϵi(t). (4)

Here, ∆iA(t) and ∆iB(t) are time-dependent changes in the system matrices due to the
i-th failure, and ϵi(t) represents external disturbances or sensor noise, which is modeled as
a stochastic process.

The output signal is then defined by:

y(t) = C ·
t∫

0

((A + ∆i A) · x(τ) + (B + ∆iB) · u(τ))dτ + D · u(t), (5)

where C and D are output matrices that may also change with the failure:

C = C0 + ∆iC(t), D = D0 + ∆iD(t). (6)

The helicopter TE and system failure are thus simulated by modifying these coefficients
in the dynamic models. For sudden failure, this involves an abrupt change in coefficients
A, B, C, and D by their respective ∆ values. These changes for magnitude and time course
are predetermined based on the detailed engine models and the systems for each specific
failure scenario.

For example, in the event of compressor blade breakage, the efficiency decreases,
which is expressed in corresponding changes to the coefficients ∆iA(t) and ∆iB(t) in the
dynamic model. Additionally, a gradual failure, such as the slow degradation of a fuel
pump, are modeled with time-varying coefficients:

∆iA(t) = ∆iA0 · e–λ · t, ∆iB(t) = ∆iB0 · e–λ · t, (7)
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where λ is a failure rate parameter that controls the degradation time scale.
Other types of engine failure, such as combustion chamber burnout or compressor

turbine blade destruction, lead to different time-varying changes in ∆iA(t) and ∆iB(t).
Failure in the helicopter TE systems, such as those in lubrication or fuel systems, are
determined similarly within their respective models, allowing the simulation to capture
the failure immediate and assess the long-term effect on overall engine performance.

The expanded model, which simulates helicopter TE and system failure by modifying
time-dependent coefficients in dynamic equations, is well-suited for implementation using
a neural network autoregressive with exogenous inputs (NARX) architecture. The NARX
network excels at capturing the complex temporal dependencies and nonlinear relation-
ships inherent in the dynamic system, allowing for accurate modeling of both sudden and
gradual failure. By adjusting its internal weights based on time-series data, the NARX
network can seamlessly integrate the time-varying changes in system coefficients, such as
∆iA(t) and ∆iB(t), and effectively simulate the impact of failure across various subsystems.
This approach ensures that the model not only captures immediate effects but adapts to
long-term degradation processes, making it a robust and easily implementable solution for
real-time failure prediction and system monitoring.

The helicopter TE neural network model formation, assumed to be non-linear, is fur-
ther interpreted as obtaining the helicopter movement original mathematical model neural
network approximation, specified in one form or another, most often in the differential
equations system form. The error signal ε, which guides the neural network model training,
is the difference square between the control object yp and the neural network model ym
output, which are under the control signal u influence. The trained neural network model
implements a recurrent-type calculation scheme, in which the u values at time ti are used to
calculate the output value for time ti+1. As the helicopter TE model is a dynamic object, the
nonlinear autoregressive network (NARX type with external inputs) was chosen (Figure 1)
as it corresponds to the nature of the engine control task under consideration [22–24].
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Figure 1. The proposed nonlinear autoregression neural network with exogenous inputs (NARX). Figure 1. The proposed nonlinear autoregression neural network with exogenous inputs (NARX).

The NARX model is a recurrent dynamic layered neural network model with delay
elements at the network inputs and with feedback between layers [32,33]. The NARX model
implements a dynamic mapping described by the following form difference equation:

ŷ(t) = ψ
(
ŷ(t − 1), ŷ(t − 2), . . . , ŷ

(
t − Ny

)
, u(t − 1), u(t − 2), . . . , u(t − Nu)

)
, (8)
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where the output signal value ŷ(t) for a given time t is calculated based on the values
ŷ(t − 1), ŷ(t − 2), . . . , ŷ

(
t − Ny

)
of this signal for the previous time points sequence, as well

as the input (control) signal values u(t − 1), u(t − 2), . . . , u(t − Nu) external to the NARX
model. In the general case, the history length for outputs and controls may not coincide,
that is, Ny ̸= Nu.

Since the NARX network provides the greatest accuracy for solving identification
problems [34], this network is chosen to solve the problem posed in the research. According
to [35], the NARX model is presented in the form:

y(1)j (n) = f (1)

b(1)j +
M(0)

∑
i=1

w(1)
ij (n − (i − 1)) +

M(0)+M(1)

∑
i=M(0)+1

y(2)(n − i)

, j ∈ 1, N(1), (9)

y(2)(n) = f (2)

b(2) +
N(1)

∑
i=1

w(2)
i y(1)i (n)

, (10)

where N(k) is the neurons number in the k-th layer; M(k) is the delay in the k-th layer;
w(1)

ij (n) is the connection weight from a neuron at time n – (i – 1) to the j-th neuron in the

first layer at time n; w(2)
i (n) is the connection weight from the i-th neuron to the neuron

in the second layer at time n; y(1)j (n) is the output weight the j-th neuron in the first layer;

y(2)(n) is the neuron output in the second layer; f (k) is the neurons activation function of
the k-th layer (logistic or hyperbolic tangent).

In this research, to train the model, a model adequacy criterion was chosen, which
means choosing the parameters w(1)

ij (n) and w(2)
i (n) such values that provide the mean

square error minimum (the difference between the output according to the model and the
desired output):

F =
1
P

P

∑
p=1

(
yp − dp

)2 → min
w(1)

ij ,w(2)
i

, (11)

where P is the test implementations number; yp is the result obtained from the model; dp is
the desired result.

Training the neural network model (9)–(11) is subject to criterion (11), for which a
training algorithm based on the backpropagation algorithm is proposed [35]. Training
iteration number n = 1, y(1)(n − i) = 0, i ∈ 1, N(1), initialization of all biases (thresholds)
b(k)j (n) and network weights in layers w(1)

ij (n), i ∈ 1, M(0) + M(1), j ∈ 1, N(1), i ∈ 1, N(1),

where N(1) is the neuron number in the first layer, M(k) is the delay in the k-th layer. The
training set is specified

{
(x, d)|xµ ∈ R, dµ ∈ R

}
, µ ∈ 1, P, where xµ is the µ-th factors

vector, dµ is the desired responses µ-th vector, P is the training set power. The current
pair number from the training set is µ = 1. Calculate the output signal for each layer
(forward stroke):

y(0)(n − (i − 1)) = xµ−(i−1), i ∈ 1, M(0), y(1)j (n) = f (1)
(

s(1)j (n)
)

, j ∈ 1, N(1),

s(1)j (n) =
M(0)

∑
i=0

w(1)
ij (n)y(0)(n − (i − 1)) +

M(0)+M(1)

∑
i=M(0)+1

w(1)
ij (n)y(2)(n − i),

y(2)(n) = f (2)
(

s(2)(n)
)

,s(2)(n) =
N(1)

∑
i=0

w(2)
i (n)y(1)i (n).

(12)

It is believed that

w(1)
0j (n) = b(1)j (n),w(2)

0 (n) = b(1)(n),y(0)(n) = y(1)0 (n) = 1 (13)

.
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The neural network results mean square error calculation:

E(n) =
1
2

e2(n),e(n) = y(2)(n)− dµ. (14)

Setting up synaptic weights (reverse). To adjust the weighting coefficients, a recursive
algorithm is used, which is first applied to the neural network output neurons, and then
traverses the network in the opposite direction to the first layer. Synaptic weights are
adjusted according to the expression:

w(1)
ij (n + 1) = w(1)

ij (n)− η · ∂E(n)

∂w(1)
ij (n)

, w(2)
ij (n + 1) = w(2)

ij (n)− η · ∂E(n)

∂w(2)
i (n)

, (15)

where η is the parameter that determines the training rate (with large η, training occurs
faster, but the danger of obtaining an incorrect solution increases), 0 < η < 1. Then:

∂E(n)

∂w(2)
i (n)

= y(1)i (n)g(2)(n),

∂E(n)

∂w(1)
ij (n)

=

 y(2)(n − i)g(1)j (n), if i > M(0)

y(2)(n − (i − 1))g(1)j (n), if i ≤ M(0)

g(2)(n) = f ′(2)
(

s(2)(n)
)(

y(2)(n)− dµ

)
,

g(1)j (n) = f ′(1)
(

s(1)j (n)
)

w(2)
j (n)g(2)(n).

c (16)

Checking the termination condition. If the next training epoch is not completed,
increase the iteration counter by 1 and move on to the next training example. If the next
training epoch is completed and the average training error exceeds the specified threshold,
then a new training epoch begins. And finally, if the next training epoch is completed and
the average training error is less than a specified threshold, then training is completed.

An alternative to the backpropagation algorithm is the genetic algorithm. The weight
vector is used as an individual in the genetic algorithm, and criterion (11) is used as the
fitness function.

To enhance the NARX neural network robustness to sensor failure, several corrective
mechanisms were integrated into the training algorithm.

When a sensor fails, omitting the data instead, interpolation or extrapolation methods
can be used to restore missing values. Let x(t) represent the input data vector at time t, and
xi(t) denote data from sensor i (where i is the failed sensor index). The following expression
can be used for interpolation:

x̂i(t) =
1
n
·

n

∑
j=1

xi
(
t − ∆tj

)
, (17)

where ∆tj represents the time intervals over which data from other sensors were collected.
If the output data from a sensor are incomplete or erroneous, weights in the neural

network can be adjusted to reduce the impact of this data on training. The weight update
expression is:

wnew = wold − η · δ · x(t), (18)

where η represents the training rate, δ is the error (difference between predicted and actual
values), and x(t) represents the input data.

To improve robustness to sensor failure, regularization techniques can be employed to
penalize large weights. The regularization equation can be expressed as:

L(w) =
1
2
· ∑

i
λi · w2

i , (19)
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where λi represents the regularization coefficient for weight wi. This regularization helps
the erroneous data influence to diminish by encouraging reliance on more reliable features.

During prediction, if data from some sensors is missing, a model can estimate probable
values. The expression for estimating missing data is:

x̂i(t) = ϕ(xavailable(t)), (20)

where ϕ is a function based on available data that predicts values for the missing input data
xavailable(t). The pseudocode of the NARX neural network (Figure 1) training is presented in
Algorithm 1.

Algorithm 1: The pseudocode of the NARX neural network training (author’s research).

initialize_weights();
learning_rate = 0.01;
epochs = 1000;
N = length_of_training_data;
d_in = input_delay;
d_out = output_delay;
for epoch in range(epochs):

total_error = 0;
for i in range(d_in, N):
x = get_input_sequence(i, d_in);
y_true = get_true_output(i);
y_pred = forward_pass(x);
error = y_true − y_pred;
total_error += error ** 2;
gradients = backward_pass(error, x);
update_weights(gradients, learning_rate);

print(f“Epoch {epoch + 1}, Total Error: {total_error}”);
if total_error < threshold:

break.

3. Case Study

The research object in this work is the TV3-117 turboshaft engine, which serves as
the powerplant for the Mi-8MTV helicopter and its various modifications. This engine is
extensively utilized in both civil and military aviation [36–38]. Parameters recorded on
board the helicopter are: T∗

G(t) is the gas temperature in front of the compressor turbine (a
sensor consisting of 14 T-101 thermocouples is used), nTC(t) is the gas-generator rotor r.p.m.
(a D-2M sensor is used), and nFT(t) is the free turbine rotor speed (a D-1M sensor is used).
During the NARX neural network training, output data were recorded during the TV3-117
TE flight tests aboard the Mi-8MTV helicopter using the onboard control system. Data were
collected was over a 320-s interval of an actual flight with a sampling period of 1 s.

Figure 2 illustrates an increase in the parameter values from 20 to 65 s by approximately
1.5 to 1.8 times, attributed to the engine’s transient operating mode. As noted in the
introduction, the engine operates in steady state conditions about 85% of the time, while
approximately 15% is spent in transient conditions. The values for nTC, nFT, T∗

G 256 were
selected according to Figure 2 (Table 2). This dataset amount is justified by its ability
to cover sufficient variations in the helicopter TE parameters, enabling the NARX neural
network to effectively train and accurately identify the engine’s dynamic model under flight
conditions. Additionally, a sample size of 256 is adequate to ensure normal distribution,
which is essential for the statistical significance and reliability of the training set in the
neural network for identifying the dynamic model of the helicopter TE.
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Table 2. The training dataset fragment (author’s research).

Value 1 . . . 43 . . . 96 . . . 160 . . . 211 . . . 235 . . . 256

nTC 0.686 . . . 0.972 . . . 0.903 . . . 0.904 . . . 0.912 . . . 0.741 . . . 0.824
nFT 0.532 . . . 0.987 . . . 0.746 . . . 0.753 . . . 0.762 . . . 0.455 . . . 0.506
T*

G 0.488 . . . 0.980 . . . 0.712 . . . 0.722 . . . 0.724 . . . 0.519 . . . 0.522

To effectively construct the training dataset for the NARX neural network, a systematic
approach is required to extract the relevant parameter values from the recorded data. This
involves selecting 256 data points, which correspond to specific timestamps during the flight
tests, ensuring a comprehensive representation of the engine’s operational characteristics.
The following pseudocode (Algorithm 2) outlines the process for obtaining this training
sample from the gathered parameter values.

Algorithm 2: The pseudocode describing how the sample sizes for the training and test datasets
were obtained (author’s research).

sensor_data = get_sensor_data();
length = len(sensor_data);
sample_size = 256;
def get_training_sample(sensor_data, sample_size):

if length < sample_size:
raise ValueError(“Data are insufficient to obtain a dataset”);

training_sample = [];
for i in range(sample_size):

index = select_index(length);
training_sample.append(sensor_data[index]);

return training_sample;
training_sample = get_training_sample(sensor_data, sample_size);
normalized_sample = normalize(training_sample);
train_model(normalized_sample).

To assess the training dataset homogeneity, the value χ2 = 24.918 is calculated accord-
ing to [39], which is below the critical value χ2

critical = 27.683 for df = 13 degrees of freedom
at a significance level of α = 0.01. This indicates homogeneity based on the Fisher–Pearson
criterion. To confirm this further, the N = 256 training sample is split into two equal subsam-
ples of n1 = n2 = 128 elements each. According to [40], the value F = 5.573 is obtained, which
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is below the critical value Fcritical = 5.74. This confirms the homogeneity of the training set
based on the Fisher–Snedecor criterion.

The representativeness of the training and test datasets were evaluated using cluster
analysis, aimed at partitioning the input dataset x = (nTC, nFT, T∗

G) (Table 2) into k distinct
clusters, where k is predefined. Each cluster groups objects that are more similar to one
another than to those in other clusters. The k-means method was employed, which min-
imizes the squared distances between objects and cluster centroids sum. Each object xi

is assigned to the nearest centroid based on Ci = argmin
j

∥∥xi − µj
∥∥2, where µj represents

initial centroids and
∥∥xi − µj

∥∥2 is the Euclidean distance between xi and µj. Centroids are
then recalculated as the average of objects within each cluster using µj =

1
|Cj| · ∑

xi∈Cj

xi,

where |Cj| denotes the object number in the j-th cluster. This process is repeated until
centroid changes are minimal, or a specified number of iterations is reached [41,42]. The
training data (Table 2) cluster analysis identified eight clusters (I–VIII). Following random
selection, training and test samples were created in a 2:1 ratio (67 and 33%, respectively).
Analysis of both datasets showed the presence of eight clusters in each, indicating a sim-
ilar composition. The distances between clusters were nearly identical in both samples,
confirming their similarity (Figure 3). Thus, the optimal sample sizes were determined as
follows: training dataset is 256 elements (100%), control dataset is 172 elements (67% of the
training dataset), and test dataset is 84 elements (33% of the training dataset).
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This study involved a computational experiment utilizing a developed semi-physical
modeling (SPM) stand. The SPM stand is designed for the helicopter TE parameters real-
time simulation, modeling the helicopter TE operating modes across various flight altitudes
and speeds, interacting with higher-level systems through communication channels, and
verifying the automatic control, monitoring, and diagnostic systems (ACMDS), among
other tasks [43,44]. Figure 4 illustrates the interaction scheme between the helicopter TE
neural network model and the SPM stand. The neural network model is divided into
two-time cycles, each executed on the personal computer’s central processor separate core.
The primary cycle, with the highest priority, handles data reception from the SPM stand
and neural network operations. The secondary cycle, with lower priority, controls the
transfer of computed model data to the SPM stand. This division into two-time cycles with
different priorities is essential for ensuring real-time operation of the model. The SPM stand
operates within the Matlab Simulink graphical simulation environment, which includes
communication channels, a fuel injector emulator, visualization systems, recording, and
other components (Figure 5). Integration of the trained helicopter TE neural network model
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into the Simulink format is achieved using built-in tools, which makes this procedure
straightforward, justifying the choice of this package for model implementation.
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Figure 4. Scheme of the helicopter turboshaft engine model with the semi-physical modeling stand 
interaction (author’s research). 
Figure 4. Scheme of the helicopter turboshaft engine model with the semi-physical modeling stand
interaction (author’s research).
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To verify the model physically is simulated in the sensor simulator output electrical
circuit executive system, break, and short circuit. The logic for switching keys to simulate
sensor failure, actuators and the engine is set by the operator using k(n + 6) signs in a
software-controlled dial field [43,45–47]. When the gas-generator rotor r.p.m. nTC control
circuit was operating, and the nTC sensor open circuit was simulated at time t1. The regula-
tor detected a built-in control system break and issued a discrete signal “sensor break” SF.
Next, the “measuring channel failure” signal MF was generated. In the failure countering
process, the neural network model was reconfigured with a transition to regulating the
pressure degree increase. At time t3, the failed sensor electrical circuit was restored. The
restoration was detected by the built-in monitoring system, but the neural network model
structure sensor did not change (in accordance with this model logic). In the process of
fending off the failure, the gas-generator rotor r.p.m. nTC value from the failed sensor was
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“fixed” at the last reliable measurement nTC level for the failure period T = t1. . .t2. Examples
of experimental data results from these tests on the helicopter TE neural network model
are shown in Figure 6.
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During the reconfiguration process, a transition process is observed in fuel consump-
tion GT and gas-generator rotor r.p.m. nTC in Figure 6. The reason is the discrepancy in
the different control channels “setters” settings, identification of which is the helicopter TE
neural network model control and monitoring algorithms joint development additional
result [48–52].
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It is noted that the first engine start was carried out at an ambient temperature of 15 ◦C
(288 K), and the second engine start was carried out at an ambient temperature of 24 ◦C
(297 K). Figure 7 shows the model error value by time. The obtained model average error
by simulation time at the first start was 1.035% (see Figure 7a), and at the second start was
2.576% (see Figure 7b).
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run (author’s research).

At temperatures close to normal (288 K), the model demonstrated more accurate
results compared to a temperature of 297 K. This discrepancy arises because the model was
developed based on data obtained at 288 K. Additionally, adjusting parameters to standard
conditions yields precise results only within a narrow range around normal conditions;
greater deviations lead to increased computational errors. The adjusted parameters used in
this case were justified as the tests were conducted with zero airflow velocity, at normal
pressure, and within a small temperature range, resulting in minimal environmental impact
on the simulation results. Model accuracy could be enhanced by conducting engine tests to
generate additional curves for the gas-generator rotor acceleration. Further refinement may
include expanding the temperature range and incorporating more detailed operational data.

To validate the model, the following metrics were used: Accuracy, Precision, Recall,
F1-measure, AUC-ROC [53–57]. The Accuracy metric is employed (see Figure 8) and is
calculated at training epoch t using the following expression:

Accuracyt =
1
N

·
N

∑
i=1

1
(
ŷt

i = yt
)
, (21)

where yi represents the i-th example true label, ŷt
i denotes the label predicted by the

model for the i-th example, N signifies the examples total number in the dataset (whether
training or validation), and 1

(
ŷt

i = yt
)

is the indicator function that equals 1 if ŷt
i = yt and

0 otherwise.
The achieved accuracy of 99.3% in neural network modeling for sensor failure detec-

tion in helicopter TE systems indicates a high level of performance and reliability. This
result reflects the model’s effectiveness in correctly identifying sensor failure and nor-
mal conditions, demonstrating its potential for accurate fault diagnosis and operational
safety. The high accuracy underscores the robustness of the neural network in handling the
complex patterns associated with sensor data.
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Precision measures the correctly identified failure among all cases in proportion where
the model predicted a failure. High precision means that the model rarely makes a mistake
when predicting a failure. Recall measures the actual failure correctly detected by the
model. High recall means that the model effectively finds most instances of real failure,
although there may be false alarms. The F1-score is the precision and recall harmonic mean
and provides a single metric for assessing both precision and recall. It is useful when it is
important to account for both false alarms and missed instances of failure. Precision, Recall,
and F1-measure are defined as:

Precision =
TP

TP + FP
, Recall =

TP
TP + FN

, F1 = 2 · Precision · Recall
Precision + Recall

, (22)

where TP (True Positives) is the correctly classified failure number, FP (False Positives) is
the number of false alarms where the model incorrectly classified a normal condition as a
failure, FN (False Negatives) is the instances of failure that were not detected by the model
(Table 3) [58,59].

Table 3. The error matrix (author’s research).

Actual\Predicted Failure Normal Description

Failure TP FN

TP (True Positives) is the cases number where
the model correctly predicted a failure

FP (False Positives) is the cases number where
the model incorrectly predicted a failure,

although no failure was present
TN (True Negatives) is the cases number where

the model correctly predicted no failure
FN (False Negatives) is the cases number where

the model failed to detect a real failure

Normal FP TN

The metrics Precision = 0.987, Recall = 1.0, and F1-score = 0.993 in neural network mod-
eling for sensor failure detection in helicopter TE systems indicate exceptional performance.
A Precision = 0.987 signifies that the model maintains a high level of accuracy in predicting
failure, while a Recall = 1.0 demonstrates complete sensitivity in identifying all actual
instances of failure. The F1-score = 0.993 reflects a well-balanced performance, integrating
both high precision and recall, which underscores the model’s robustness and reliability in
fault detection.

A receiver operating characteristic (ROC) analysis is a crucial tool for evaluating the
performance of a neural network model in detecting sensor failure in helicopter gas turbine
engine systems. The ROC curve plots the true positive rate (TPR) against the false positive
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rate (FPR) at various threshold settings, providing a graphical representation of the model’s
diagnostic ability across different decision thresholds. The TPR measures the proportion
of actual failure correctly identified by the model. A high TPR indicates that the model
effectively detects most instances of true failure. The FPR measures the proportion of
normal conditions incorrectly classified as failure. A low FPR indicates that the model
infrequently generates false alarms. TPR and FPR are defined as:

TPR =
TP

TP + FN
, FPR =

FP
FP + TN

. (23)

The AUC-ROC is a quantitative metric (see Figure 9) that signifies the likelihood that
the model accurately identifies a randomly chosen positive instance as being more likely to
be positive than a randomly chosen negative instance. The area under the ROC curve is
expressed as:

AUC − ROC =

1∫
0

TPR · FPR−1(t)dt, (24)

where TPR represents sensitivity, and FPR−1 is the false positive rate inverse (where 1
denotes specificity), with t denoting the classification threshold value ranging from 0 to 1.
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The area under the ROC curve (AUC) of 0.874 in neural network modeling for sensor
failure detection in helicopter TE systems indicates a strong performance in distinguishing
between failure and normal conditions. An AUC = 0.874 suggests that the model demon-
strates a correctly classifying high probability of a randomly selected failure as more likely
to be a failure than a randomly selected normal condition. This value reflects the model’s
effective discriminative ability and overall reliability in detecting sensor anomalies.

4. Discussion

The research focuses on advanced research in the helicopter TE neural network moni-
toring and control during flight operations. A method for the helicopter TE parameters
neural network modeling during the gas-generator rotor r.p.m. failure (sensor disconnec-
tion) under various scenarios is proposed. A mathematical model (1)–(7) is developed to
simulate TE failure in helicopters, encompassing both single and cascading failure. Model
(1)–(7) employs differential equations to describe system dynamics, considering coefficient
changes occurring during failure, such as compressor blade breakage or combustion cham-
ber burnout. Additionally, model (1)–(7) incorporates time-varying coefficient changes and
external disturbances, allowing for more accurate representation of both the immediate
and long-term effects of failure.

The NARX neural network architecture choice is justified, and its training algorithm,
based on the backpropagation algorithm, is developed. This NARX training algorithm
application has achieved 99.3% accuracy (see Figure 8) in modeling the neural network for
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detecting failure (sensor disconnection) in the helicopter TE systems gas-generator rotor
speed, demonstrating a high level of performance and reliability.

In research similar to the current study [60–65], three types of genetic algorithms were
researched (Table 4). The first type explores the entire search space and is not directed, for
which the best solutions may be lost and require significant search time. The second type is
directional, for which it is possible to reach a local optimum. The third type is combined,
that is, it combines the search focus with the entire search space research. To select the
most effective training algorithm, numerical research was carried out, which results are
presented in Table 5. To evaluate the effectiveness, criteria such as the number of iterations
and identification accuracy number were chosen.

Table 4. Three types of genetic algorithm structures used in this research [60,62].

Genetic Algorithm
Operators

Genetic Algorithm Types
Type 1 Type 2 Type 3

Reproduction Equiprobable selection Linearly ordered selection The equiprobable and linearly
combination ordered selection

Crossing over
Equally probable, individuals’

selection is the best individuals
with the worst crossing

Equally probable, individuals’
selection is the best individuals

with the best crossing

Equally probable, selection of
individuals is the crossing the

best individuals with the worst
and the best individuals with

the best combination

Mutation Homogeneous with
high probability

Homogeneous with
low probability Heterogeneous

Reduction Equiprobable scheme Selection scheme The equiprobability and
selection scheme combination

Table 5. Comparative analysis results [61,63,65–67].

Characteristic/Algorithm Proposed Algorithm Genetic Algorithms
Type 1 Type 2 Type 3

Iterations 140 130 120 120
Accuracy 0.9938 0.9258 0.9336 0.9522

Loss 0.0062 0.0742 0.0664 0.0478

According to the comparison results (see Table 5), the genetic algorithm of all three
types has the smallest number of iterations, however, the modeling for helicopter TE
parameters neural network during the gas-generator rotor failure (sensor disconnection)
solved by the task accuracy indicator when using the proposed algorithm is 4.19% higher
than when using the genetic algorithm of type 3 (what is critical at helicopter flight mode),
which gives the highest accuracy of all three types of genetic algorithms. A similar situation
arises when comparing the loss indicator. Thus, the proposed algorithm in the neural
network training task is most suitable for the network training procedure.

To validate a helicopter TE model based on a NARX neural network and mathematical
model (1)–(7) for simulating helicopter engine failure, a hardware-in-the-loop simulation
testbed (see Figure 4) was developed. This testbed operates within the Matlab Simulink
graphical environment, featuring data exchange channels, a fuel metering valve simulator,
a visualization and recording system, and other components (see Figure 5). For model
verification, a sensor failure was simulated in the sensor simulator’s output electrical circuit;
during the gas-generator rotor speed nTC control loop operation, an nTC sensor open circuit
was simulated, detected by the built-in control system, and signaled as a “sensor break”
(SB), followed by a “measuring channel failure” (MCF), which led to the neural network
reconfiguration to regulate a pressure increase while fixing the sensor value at the last
reliable level until the failure was resolved (see Figure 6). The first engine start at 15 ◦C
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(288 K) showed an average model error of 1.04% (see Figure 7a), and the second start at
24 ◦C (249 K) showed an error of 2.58% (see Figure 7), which is attributed to the model
being created based on 288 K data, where deviations from normal conditions increase
computational errors; however, in this case, parameter normalization was justified due to
minimal environmental impact, and model accuracy can be improved through additional
engine testing.

Computed metrics Precision = 0.987, Recall = 1.0, and F1-score = 0.993 demonstrate high
accuracy, complete sensitivity, and balanced model performance, confirming its reliability
in fault detection. Computed AUC = 0.874 (see Figure 9) shows strong model capability
to distinguish between failure and normal conditions, confirming its effectiveness and
reliability in anomaly detection.

The proposed helicopter TE neural network monitoring and control model, despite
demonstrating high accuracy and reliability in fault detection as indicated by metrics
such as Precision, Recall, F1-score, and AUC, is subject to several limitations. Firstly, the
model’s accuracy is highly dependent on the environmental conditions used during its
development, as evidenced by the increased error observed at temperatures deviating
from the baseline of 288 K. This suggests that the model’s generalizability across varying
operational environments may be limited. Additionally, the genetic algorithm comparison
revealed that, while the proposed training algorithm outperforms in accuracy, it may
require further optimization to reduce computational complexity and ensure robustness
across a wider range of failure scenarios. Furthermore, the hardware-in-the-loop simulation,
though effective for validation purposes, may not fully capture the intricacies of real-world
operations, necessitating further testing and refinement in actual flight conditions.

Future research should focus on enhancing the model’s adaptability to diverse environ-
mental conditions [68–71] and further optimizing the training algorithms to reduce compu-
tational complexity [72–75]. Additionally, validating the model in real-world flight scenar-
ios will be crucial to ensure its robustness and applicability in operational environments.

5. Conclusions

The research presents a sophisticated approach to monitoring and controlling heli-
copter turboshaft engines during flight operations by employing neural network models to
address gas-generator rotor failure, such as sensor disconnections. A detailed mathematical
model was developed to simulate various failure scenarios, including both single and
cascading failure. This model uses differential equations to represent system dynamics and
incorporates time-varying coefficients and external disturbances, allowing for a nuanced
depiction of failure effects like compressor blade breakage or combustion chamber burnout.

The NARX neural network architecture and its associated training algorithm choice,
based on backpropagation, has demonstrated a high level of accuracy, achieving 99.3% in
detecting sensor disconnections. This performance highlights the effectiveness of the NARX
model in accurately modeling the gas-generator rotor r.p.m., contributing significantly to
the reliability of fault detection systems in helicopter turboshaft engines.

In comparing different genetic algorithms for training the neural network, three types
were analyzed: non-directional, directional, and combined. Numerical research revealed
that the proposed algorithm surpasses the combined genetic algorithm type in accuracy
by 4.19%, despite both having a similar iteration count. This indicates that the proposed
training algorithm is more effective for the task, offering enhanced precision and reduced
computational complexity compared to other methods.

A hardware-in-the-loop simulation testbed was developed to validate the NARX
model and mathematical framework. The testbed, operating within the Matlab Simulink
environment, successfully simulated sensor failure and demonstrated high model accuracy
with an average error of 1.04% at 15 ◦C and 2.58% at 24 ◦C. Metrics such as Precision (0.987),
Recall (1.0), F1-score (0.993), and AUC (0.874) confirm the model’s effectiveness in detecting
failure and distinguishing between fault and normal conditions. However, limitations
include sensitivity to environmental conditions and the need for further optimization and



J. Sens. Actuator Netw. 2024, 13, 66 19 of 22

real-world validation to ensure robustness across various operational scenarios. Future
research should focus on enhancing the model’s adaptability and optimizing the training
algorithms to address these challenges.
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