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Abstract: This article presents an intelligent self-validated sensor system developed for dynamic
objects and based on the intelligent sensor concept, which ensures autonomous data collection and
real-time analysis while adapting to changing conditions and compensating for errors. The research’s
scientific merit is that an intelligent self-validated sensor for dynamic objects has been developed
that integrates adaptive correction algorithms, fuzzy logic, and neural networks to improve the
sensors’ accuracy and reliability under changing operating conditions. The proposed intelligent
self-validated sensor system provides real-time error compensation, long-term stability, and effective
fault diagnostics. Analytical equations are described, considering corrections related to influencing
factors, temporal drift, and calibration characteristics, significantly enhancing measurement accuracy
and reliability. The fuzzy logic application allows for refining the scaling coefficient that adjusts
the relationship between the measured parameter and influencing factors, utilizing fuzzy inference
algorithms. Additionally, monitoring and diagnostics implementation for sensor states through
LSTM networks enable effective fault detection. Computational experiments on the TV3-117 engine
demonstrated high data-restoring accuracy during forced interruptions, reaching 99.5%. A compara-
tive analysis with alternative approaches confirmed the advantages of using LSTM (Long Short-Term
Memory) neural networks in improving measurement quality.

Keywords: intelligent self-validated sensor system; neural network; LSTM (Long Short-Term
Memory) neural network; fuzzy logic; scale coefficient; intelligent sensor

1. Introduction
1.1. Relevance of the Research

Modern requirements for automated control and monitoring systems for complex equip-
ment [1–3], particularly helicopter turboshaft engines (TE) [4,5], demand high measurement
accuracy and operational speed. The increasing amount of sensor data and the complexity
involved in real-time processing require innovative solutions to enhance measurement sys-
tems’ effectiveness [6]. Neural network technologies [7,8] and fuzzy logic [9,10], when applied
to intelligent systems, improve prediction accuracy and decision-making, especially under
real-world operational conditions where uncertainty is often present.

Developing intelligent systems incorporating neural networks allows for self-tuning
and adaptation to changes in the operation process. Fuzzy logic, in turn, enables imprecise
and uncertain data handling, which is crucial for improving such systems’ reliability in
challenging operational environments. This approach’s relevance lies in its ability to
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significantly enhance measurement systems’ precision and resilience, ensuring their stable
performance even under unpredictable and rapidly changing conditions.

1.2. State of the Art

Recent research on intelligent systems using neural networks [7,8,11,12] and fuzzy
logic [9,10,13,14] has shown significant advancements. A key focus is the integration of neu-
ral networks into monitoring and control systems for complex equipment. Studies [15,16]
have demonstrated that recurrent neural networks improve prediction accuracy in changing
operational conditions, helping systems adapt and reduce measurement errors.

Fuzzy logic is widely applied to handle sensor data with inaccuracies and uncertainties.
It allows systems to operate effectively in uncertain environments, such as fluctuating
external conditions or unstable equipment performance [17]. This approach is used in
diagnostic and control systems where quick decisions are needed with ambiguous data.

The combination of neural networks and fuzzy logic [18,19] has become increasingly
popular due to their complementary strengths. This integration not only boosts accuracy
but also enhances system resilience. Research continues to focus on optimizing algorithms
and improving computational efficiency, enabling these systems to handle noise, errors,
and sudden changes in real-world conditions.

Despite significant advancements in intelligent systems development using neural
networks and fuzzy logic [18,19], gaps remain in ensuring high accuracy under uncer-
tainty and noise interference. Existing research often lacks a focus on creating systems
that can effectively compensate for errors caused by external factors or real-time sensor
parameter fluctuations.

There is a need for an information system based on intelligent sensors, utilizing
fuzzy logic for adaptive error compensation. This approach would enhance measure-
ment accuracy and improve system resilience to external influences. Further investi-
gation into mechanisms capable of real-time data correction from sensors, considering
influencing factors, is essential to ensure more precise and reliable operation in complex
operational environments.

1.3. Main Research Attributes

The research object is the dynamic-object intelligent system.
The research subject includes the tools and methods of processing dynamic objects

from intelligent systems.
The research aims are to develop an intelligent system for complex dynamic objects

based on fuzzy logic and neural networks, enabling sensor monitoring and the adaptive
adjustment of measurements in real time to enhance accuracy and reliability in changing
external conditions.

The following practical and scientific tasks were solved to achieve this aim:

1. The development of an intelligent self-validated sensor system is based on the intelli-
gent sensor concept.

2. The intelligent self-validated sensor system controls method development.
3. An intelligent sensor is implemented in a neural network module form.
4. We conduct a computational experiment to evaluate the effectiveness of the proposed

intelligent self-validated sensor control system.
5. We conduct a comparative analysis of the results with alternative approaches. Evalu-

ating the results obtained effectiveness.

This research’s main contribution is developing an intelligent self-validated sensor
system for complex dynamic objects, integrating neural networks and fuzzy logic to enable
real-time sensor monitoring and adaptive measurement adjustment.
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2. Materials and Methods
2.1. Development of an Intelligent Self-Validated Sensor Based on the Intelligent Sensor Concept

The intelligent sensor concept involves the creation of sensor devices with built-
in computing capabilities for processing and analyzing data in real-time [20,21]. Such
sensors can collect information about the physical or chemical state of the environment and
independently interpret these data, identify patterns, and adapt to changing conditions.
The intelligent sensor concept considers the external environment factors influencing the
intelligent sensor accuracy measurement. An intelligent self-validated sensor requires
functional blocks, a minimum set for measuring and control systems, as shown in Figure 1.
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dynamic stack memory.

Unlike intelligent sensors [20,21], the proposed intelligent self-validated sensor in-
cludes several key functional modules that ensure its operation autonomy. The Self-
Diagnostic Module continuously monitors the health and accuracy of all sensor compo-
nents, identifying deviations in their operation. The Reference Module provides basic
reference values with which the current measured data are compared to assess the mea-
surements’ accuracy. When errors are detected, the Error Correction Module automatically
corrects them, minimizing the failures’ impact on the output signals. The Logging Mod-
ule is used to store the history of all diagnostic activities, including data on errors and
their elimination processes, which also simplifies the devices’ analysis and quality con-
trol. The Calibration Management Unit automatically calibrates the sensor, ensuring the
measurements’ accuracy under changing operating conditions.

A distinctive feature of the functional block diagram of the intelligent self-validated
sensor (Figure 1) compared to that of the traditional one [20,21] is the dynamic stack
memory introduction in the authors’ interpretation [22], proposed in the neural network
model for solving the identifying complex dynamic objects problem in unsteady modes.
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The dynamic stack memory mathematical model developed by these authors’ group in [22]
considers memory segmentation, which allows optimizing its use by creating new segments
when overflowing and merging them when the data amount decreases.

Dynamic stack memory efficiently controls temporarily required data, allowing the
memory amount to be adapted to current computing tasks in real time. Unlike static
memory, dynamic stack memory optimizes resource use, minimizing the cost of unused
memory, which is especially important for systems with limited resources. Compared to
random access memory (RAM), it has an advantage in data localization since the stack
structure simplifies access to the last written elements, which improves performance in
sequential signal processing tasks. Unlike register memory, stack memory can process
significantly more temporary data without overloading the processor.

The sensor’s main characteristic is a function of the following form [20,21]:

x = F(U, I), (1)

where x is the value measured by the sensor, F is the measured value characteristic, and U
and I are the electrical values associated with its calculated value at the sensor output.

Taking into account the factor influencing the measured value s and the factor de-
termined by the specific sensor characteristic (calibration characteristic) z, Equation (1) is
rewritten as follows:

x = F(U, I) + s + z. (2)

The influencing factor is generally represented as follows:

s = F(f (Pk)), (3)

where Pk is the influencing variable; f (Pk) is the influencing variable transfer function;
F(f (Pk)) is the transformation function. In this case, the influencing factor can be either
one-dimensional or two-dimensional and is represented as follows:

s =
si

∑
j=1

pj·φj(u), (4)

s =
si

∑
j=1

pj·φj(u, P), (5)

s =


s1
∑

j=1
pj,1·φj,1(u), B = b1

s2
∑

j=1
pj,2·φj,2(u, P), B = b2

(6)

The calibration characteristic factor taken into account in (2) is represented as follows:

z = z(U, I) =
N

∑
i=0

zi·xi, (7)

where z represents the coefficients, and x represents the values at the calibration points.
The time drift effect on the sensor readings does not depend on the measured value

and is represented as follows:
x = F(u) + Ft(t). (8)

Using Equations (3), (7) and (8), the general Equation (2) is represented as follows:

x = F(u) + Fk(Pk) + Ft(t) + z, (9)
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where F(u) is the main characteristic of the measured value; Fk(Pk) is the correction taking
into account the influencing value; Ft(t) is the correction taking into account the time drift
(zero correction depending on the duration of sensor operation); z is the correction taking
into account the calibration characteristic (taking into account the zero shift for a specific
sensor after testing).

The intelligent self-validated sensor’s resulting equation is a conversion equation that
considers the converter calibration data, time drift, and the magnitude of the influencing
factors. The external environment influencing factors cause an increase in measurement
error. Therefore, a search for optimal solutions is carried out to compensate for these
errors [23]. The necessary data for compensating influencing factors are generated on stands
in the static test mode and recorded in memory as tabular data. Algorithmic compensation
for calculating output information from a sensor, taking into account correction factors,
consists of the following [23]:

• The parameter value is read from the information from the sensor.
• A refined factor is taken from the correction values table for a given parameter.
• The correction factor (tabular) value for a given parameter is multiplied by the

output signal.

The use of fuzzy logic is proposed to consider uncertainties and complex nonlinear
dependencies caused by time influence, calibration characteristics, and external factors that
affect the accuracy of the measurement [1,3,12]. Fuzzy logic allows describing nonlinear
dependencies and uncertainties [5,10,13,14,18], which are difficult to formalize using tradi-
tional neural network methods [4,7,8,11,12], providing adaptive error compensation. The
fuzzy rules and membership functions used for correcting the sensor output data allow
for effectively considering influencing parameters in real time, minimizing measurement
errors, and increasing sensor reliability in difficult operating conditions [10,14,18]. For each
input parameter xi(t), fuzzification is performed, which transforms it into the fuzzy value
set µj(xi(t)):

µj(xi(t)) =
1

1 +
( xi(t)−cj

σj

)2 , (10)

where µj(xi(t)) is the xi(t) membership degree to the j-th fuzzy variable with center cj and
width σj.

The fuzzy rule set has the following form:

if x1(t) is Ak
1 and x2(t) is Ak

2 and . . . and xn(t) is Ak
n, y(t) is Bk, (11)

where Ak
i is a fuzzy set for input parameters, and Bk is the output fuzzy set.

In the developed intelligent self-validated sensor system, a refinement for the scaling
coefficient is proposed to compensate for a particular dependency by utilizing fuzzy rule
inference algorithms through the redundancy present in term sets. The correction coefficient
value is “blurred” across the entire range of the influencing variable, while the scaling
correction is computed using fuzzy inference algorithms and fuzzy rule bases.

Kscal =



x1∀t3 ≤ t ≤ t1
x2∀t4 ≤ t ≤ t2
x3∀t5 ≤ t ≤ t3
x4∀t6 ≤ t ≤ t4

. . .
xn−1∀tn−1 ≤ t ≤ tn−3

xn∀tn ≤ t ≤ tn−2

(12)

To construct the fuzzy rule base for fuzzy inference systems, input and output variable
values are determined as fuzzy numbers. The measured parameter is used as the input
variable (Figure 2a). At the same time, the scaling coefficient Kscal serves as the output
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variable (scaling coefficient values depending on the measured parameter are obtained
from sensor calibration results during static tests) [24,25] (Figure 2b).
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With each set of measurements, the measured parameter membership to specific fuzzy
sets is determined. For example, if the measured parameter falls within the set G range, its
membership in other sets is checked. If it belongs only to set G, the scaling coefficient value
is selected from set K7. However, if it belongs to set F, the coefficient value is computed
based on the input sets’ intersection within the K7 and K6 ranges. The resulting scaling
coefficient is then added to the correction for sensor temporal instability ∆Kscal, measured
during the initial operational cycle, and the result Kscal is used in solving the onboard
navigation task. The scaling coefficient is refined on each subsequent algorithm cycle
according to the new measured parameter value.

The aggregation of all rules’ outputs is performed according to the following equation:

µB(y(t)) = max
k

min
(

µAk
1
(x1(t)), . . . , µAk

n
(xn(t))

)
. (13)

After aggregation, defuzzification is performed, for example, using the gravity method
center:

y(t) =
∫

y·µB(y)dy∫
µB(y)dy

. (14)

2.2. Development of the Intelligent Sensor Controlling Method

The implementation for monitoring and diagnosing the technical condition of sensors
within the measurement system is proposed using two LSTM (Long Short-Term Memory)
neural networks, where M1 and M2 represent control object models implemented as LSTM
networks (Figure 3) [26]. The addition of an intelligent classifier unit with a majority
element and a decision-making unit featuring an expert system in the fuzzy logic form
enables the monitoring of sensor output values as the control object and the identification
the failed element in the circuit. In Figure 3, the following are indicated: ∆1 = Ycont. obj. −
YM1, ∆2 = Ycont. obj. − YM2, and ∆3 = YM1 − YM2 are the mismatch vectors between the
signal vectors Ycont. obj., YM1, and YM2. It is assumed that the failure of two or more units at
any given time is unlikely. Therefore, the system may encounter the following events:

• “Sensor failure”;
• “Normal operation”;
• “M1 failure”, which is a malfunction of the M1 module or a hardware failure in the

neural network, leading to the incorrect computation of YM1 vector components;
• “M2 failure”, which is the YM2 vector components’ erroneous computation;
• “Decision-making unit output uncertainty”, which indicates a failure in the comparison unit.
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Figure 3. Schematic diagram of a fault-tolerant smart sensor with a majority element and a fuzzy
logic decision-making unit.

Table 1 shows the discrepancy in the influence of ∆1, ∆2, and ∆3 on the analyzed
events using the decision-making unit. The decision-making unit output reaction is F = 5.
The discrepancies in the component values of ∆1, ∆2, and ∆3 are presented as the linguistic
variable (term) values: “Small” or “Large”.

Table 1. The discrepancy ∆1, ∆2, ∆3 influence the analyzed events that occurred.

Event
Component Decision-Making

Unit Reaction∆1 ∆2 ∆3

Normal operation
condition ∆1 = “Small” ∆2 = “Small” ∆3 = “Small” F1 = 0

Failure
Sensor
M1
M2

∆1 = “Large”
∆1 = “Large”
∆1 = “Small”

∆2 = “Large”
∆2 = “Small”
∆2 = “Large”

∆3 = “Small”
∆3 = “Large”
∆3 = “Large”

F2 = 1
F3 = 1
F4 = 1

The decision-making
unit uncertainty

∆1 = “Small”
∆1 = “Small”
∆1 = “Large”
∆1 = “Large”

∆2 = “Small”
∆2 = “Large”
∆2 = “Small”
∆2 = “Large”

∆3 = “Large”
∆3 = “Small”
∆3 = “Small”
∆3 = “Large”

F5 = 1

The fuzzy set characteristic, in this case, is the membership function, which is selected
as a triangular function. The logical inference is performed step by step [27]:

• At the fuzzification stage, the membership functions defined on the input variables
are applied to their actual values to determine the truth degree for the corresponding
fuzzy rule of each premise.

• At the inference stage, the calculated truth value for each fuzzy rule premise is applied
to each rule conclusion.

The decision-making block performs fuzzy logical inference using a rule system that
links input vectors to the output responses F1, . . ., F5 of the decision-making block. As an
example, consider the formulation of such a rule for the event named “The sensor normal
operation condition”:

if (∆1 = “Small” and ∆2 = “Small” and ∆3 = “Small”) then (F1 = 0, F2 = 0, F3 = 0, F4 = 0, F5 = 0). (15)

For the event “Failure M1” (neural network model M1), there will be the following rule:

if (∆1 = “Large” and ∆2 = “Large” and ∆3 = “Small”) then (F1 = 1, F2 = 1, F3 = 1, F4 = 1, F5 = 1). (16)

For other events, the rules are constructed similarly. Let us consider possible solutions
(recommendations) when detecting a particular failure:
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• When the “Sensor failure” signal appears, you should use signals averaging from the
outputs M1 and M2, that is,

Y =
YM1 + YM2

2
, (17)

which allows for a higher accuracy of Y.

• When “Failure M1” or “Failure M2” occurs, the system remains operational, but
additional training of the failed neural network is required. The failed neural network
is excluded from the voting scheme if the additional training procedure is ineffective.
The system remains two-channel.

An anomaly detector is introduced to predict faults based on changes in the out-
put signal relative to expected values. The dissonance metric D(t) is used based on the
Euclidean norm:

D(t) = ∥y(t)− ŷ(t)∥2, (18)

and if D(t) exceeds the threshold δ, the system detects an anomaly and generates an alert.
Figure 4 presents a structural diagram for the developed intelligent self-validated

sensor system within the measurement system, in which the primary transducer consists of
a device that converts a non-electrical signal into an electrical one and a computational block,
which includes the following components: an input signal converter, scaling (considering
the influencing variable, calibration characteristics, and temporal drift), self-diagnosis
(based on a neural network with a decision-making block), and the restoration of lost
measurement data in cases of malfunctions or failures.
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2.3. An Intelligent Self-Validated Sensor System Implementation in a Neural Network
Module Form

To address the task of monitoring intelligent self-validated sensor system failures, the
LSTM network undergoes modifications to include mechanisms for handling anomalies
in data. Such anomalies may arise from sensor malfunctions. The modification involves
introducing an anomaly detection input module at, which influences the state updates
within the LSTM network:

at = σ(Wa · x(t) + b(a)), (19)

where Wa represents the weight matrix for anomaly detection, x(t) denotes the input signal
(sensor data), and at indicates the signal indicating whether an anomaly exists (values close
to 0 indicate an anomaly, while values close to 1 indicate standard signals).

The state update equations in the LSTM are modified as follows to account for anomalies:

ft = σ(Wf · [ht−1, x(t)] + bf) · at, (20)

it = σ(Wi · [ht−1, x(t)] + bi) · at, (21)
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∼
Ct = tanh(WC·[ht−1, x(t)] + bc), (22)

Ct = ft ⊙ Ct−1 + it ⊙
∼
Ct, (23)

ot = σ(Wo · [ht−1, x(t)] + bo) · at, (24)

ht = ot ⊙ tanh(Ct). (25)

In this formulation, when an anomaly is detected (at is close to 0), the current input
contribution to the state change becomes minimal, effectively allowing the LSTM to ignore
faulty data. To detect anomalies in sensor data, one can use deviations from expected ranges
or statistical methods (e.g., predictions based on previous values). Anomaly detection can
be calculated based on current deviations from predicted values:

ϵt = |x(t)− x̂(t)|, (26)

where x̂(t) indicates the predicted value from the model. If ϵt exceeds a specified threshold
ϵt, then at approaches 0, indicating an anomaly:

at =

{
0, if ϵt > ϵthreshold
1, if ϵt ≤ ϵthreshold

(27)

The training algorithm requires adaptation to handle missing data due to sensor
failures. The modified LSTM cell is utilized for predicting sensor values, where training
occurs on temporal data x(t), and predictions x̂(t) are computed at each time step:

x̂(t) = Wout·ht + bout. (28)

For training, a modified loss function that accounts for anomalies is applied. The error
is ignored if data are identified as anomalous (at = 0). The primary loss function is the mean
squared error (MSE), taking into account L2-regularization:

Lt = at·
1
2
·(x̂(t)− x(t))2 + λ·∥Wi∥2

2, (29)

where λ is the regularization coefficient, and Wi denotes the network weights. When at = 0,
the loss function at this step equals 0, preventing the influence of faulty data during training.
To prevent overfitting, Dropout is used as one of the most popular regularization methods,
which turns off random neurons during training:

h(drop)
t = ht ⊙mt, (30)

where mt is a randomly generated mask vector of zeros and ones.
The Adam optimizer is utilized to update weights:

mt = β1 · mt−1 + (1 − β1) · ∇W · Lt, (31)

vt = β2 · vt−1 + (1 − β2) · (∇W · Lt)2, (32)

m̂t =
mt

1− βt
1

, v̂t =
vt

1− βt
2

, (33)

W ←W − η· m̂t√
v̂t + ϵ

. (34)

After each training cycle, the data are checked for anomalies. If at = 0 persists for
multiple consecutive data points, this indicates a potential continuous sensor failure. In
such cases, the system may restore data or notify the operator. Data reconstruction can be
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performed based on previously predicted values in the persistent sensor failure event. An
additional module is introduced for data reconstruction:

xreconstructed(t) = x̂(t), (35)

where x̂(t) represents the model’s prediction for the current time based on the prior state
ht−1.

To improve network stability in dynamically changing data conditions, batch normal-
ization is used:

ŷt = γ· yt − µB√
σ2

B + ϵ
+ β, (36)

where µB and σ2
B are, respectively, the output data mean value and variance for the batch,

while γ and β are the trained parameters.
The proposed approach’s scientific novelty lies in the modification of the LSTM net-

work architecture by integrating an anomaly detection module that dynamically adjusts
state transitions based on sensor data reliability, significantly enhancing the model’s robust-
ness in real-time fault detection scenarios. Unlike traditional methods that discard faulty
data or rely on external preprocessing for anomaly detection, this method embeds anomaly
handling directly within the LSTM network, allowing the network to adaptively ignore
erroneous data and maintain accurate predictions. Furthermore, introducing specialized
loss functions that discount anomalies during training and a reconstruction mechanism for
sensor failure recovery distinguishes this approach from existing methods, which typically
lack integrated fault-tolerant mechanisms and require post hoc data correction.

3. Results

A computational experiment evaluated the proposed intelligent self-validated sensor
system’s effectiveness for sensor monitoring. The research object chosen for this purpose
was the TV3-117 engine [28,29], which belongs to the helicopter TE class and is part
of the Mi-8MTV helicopter’s powerplant. This research object was selected due to its
widespread use in helicopters, long operational history, and rich dataset availability for
analysis, allowing for a more precise evaluation of the system’s performance in real-world
conditions. Additionally, the TV3-117 engine is known for its complex dynamics and
high-reliability requirements, making it an ideal platform for testing the intelligent self-
validated sensor system effectiveness, which can detect and predict sensor failures during
challenging operational modes. This engine selection provides sufficient data variability
and the opportunity to test the system across different engine operation modes, including
standard and abnormal situations.

A virtual instrument [30] (Figure 5) developed by the authors was employed for the
computational experiment. This virtual instrument simulates the helicopter TE sensor
system, which comprises three primary sensors that record dynamic thermogas parameters
onboard the helicopter [31]:

• The D-2M sensor, which records the gas generator rotor r.p.m. (nTC);
• A sensor comprising 14 paired T-101 thermocouples, which records the gas tempera-

ture in the front of the compressor turbine (T∗G);
• The D-1M sensor records the free turbine rotor speed (nFT).

The simulation model was developed in the LabVIEW software (version 7.1) [31]
as a virtual instrument simulating the operation of a helicopter engine gas temperature
sensor system. The model reproduces the operation of three main sensors, including the
D-2M sensor (gas generator rotor speed), the D-1M sensor (free turbine speed), and the
T-101 thermocouple (gas temperature in front of the compressor turbine). The model
considers the probability of T-101 sensor failure due to difficult operating conditions,
making it an essential element for testing the ability of the neural network system to
detect and compensate for faults. A generated training dataset, including 256 temperature
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measurements in the range of 30 s, was used to train the neural network, ensuring its
adaptation to real operating conditions.
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The diagrams presented in Figure 5 show a fragment of the changes in the TV3-117
engine nTC, T∗G, and nFT values in the nominal operating mode under normal operating
conditions [31]. The data were obtained by an official authors’ request of the authors’ team
to the Ministry of Internal Affairs of Ukraine. They were received within the implemen-
tation framework of the project “Theoretical and applied aspects of the aviation sphere
development” (registered under number 0123U104884).

It is assumed that the D-2M and D-1M sensors function correctly, while the 14-paired-
thermocouple T-101 sensor carries a failure probability. This sensor, responsible for measur-
ing gas temperatures in the front of the compressor turbine, is susceptible to malfunction
due to the harsh operating environment, potentially leading to inaccurate data or a com-
plete signal loss. The failure probability is critical in evaluating the system’s ability to detect
and manage sensor faults in real time. Thus, the diagram of the gas temperature signal in
the front of the compressor turbine is taken as a training sample (Figure 6). To form the
training dataset in Figure 6, 256 values of gas temperature in the front of the compressor
turbine were selected in the time interval from 0 to 30 s with a 0.117 s step (Table 2).
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Table 2. Parameter values of the gas temperature in the front of the compressor turbine T∗G: training
dataset fragment (authors’ research).

Number 1 . . . 38 . . . 84 . . . 122 . . . 179 . . . 214 . . . 256

Value 1105 . . . 1116 . . . 1130 . . . 1131 . . . 1123 . . . 1104 . . . 1104

The normalization of the training dataset parameter values was carried out as follows:

∼
x i =

xi − xi min

xi max − xi min
. (37)

Here,
∼
x i represents a dimensionless quantity within the interval [0; 1], while xi min and

xi max correspond to the minimum and maximum values of the variable xi. The normalized
training dataset is subsequently presented in Table 3.

Table 3. Normalized values for the gas temperature parameter in the front of the compressor turbine
T∗G used as a training dataset fragment (authors’ research).

Number 1 . . . 38 . . . 84 . . . 122 . . . 179 . . . 214 . . . 256

Value 0.971 . . . 0.981 . . . 0.993 . . . 0.994 . . . 0.987 . . . 0.970 . . . 0.970

The homogeneity of the training dataset (Table 2) was evaluated using the Fisher–
Pearson [32] and Fisher–Snedecor [33] tests, as described in [34,35]. According to these tests,
the gas temperature in the compressor turbine front dataset of the TV3-117 engine is homo-
geneous, as the calculated values for the Fisher–Pearson and Fisher–Snedecor criteria fall be-
low their critical thresholds: χ2

T∗G
= 4.643 < χ2

critical = 6.6 and FT∗G
= 2.116 < Fcritical = 2.58.

To evaluate the dataset’s representativeness, cluster analysis (k-means [36,37]) was em-
ployed in [34,35]. Random sampling split the dataset into training and test subsets in
a 2:1 ratio (67 and 33%, corresponding to 172 and 84 elements, respectively). The clus-
ter analysis results (Table 3) identified eight distinct groups (classes I. . .VIII), confirming
the clusters’ presence and demonstrating the similarity between the testing and training
datasets (Figure 7). Based on these findings, the optimal dataset sizes for gas tempera-
ture in the compressor turbine front of the TV3-117 engine were determined as follows:
256 elements (100%) for the full (training) dataset, 172 elements (67%) for the control dataset,
and 84 elements (33%) for the test dataset.
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Figure 7. Cluster analysis results: (a) is the training dataset of the parameter T∗G, and (b) is the
parameter test dataset T∗G.

At the initial computational experiment stage, error compensation for the influencing
variable is performed. In this study, as an example, the case is considered where the current
temperature equals 1130 K (Figure 8). In this instance, the input variable corresponds
to a truth degree of 0.4 for set G and 0.6 for set F. The corresponding sub-conditions are
applied in K6 and K7, leading to two fuzzy sets. The output variable “scaling coefficient”,
determined by the center-of-area method for the membership function values, results in
Kscal = 0.083 (Figure 9).
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At a temperature value of 1130 K, the tabular value for the correction scale factor will
be 0.081, and that using the fuzzy logic device was 0.0832. The systematic error for the
current moment of the sensor operation time was 0.0022.
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At the same time, for the gas temperature in the front of the compressor turbine in
the intelligent self-validated sensor system, operating under conditions of influencing
environmental factors, it is necessary to restore missing measurements during an operation-
forced interruption period caused by failures and malfunctions. This study explores the
potential use of neural networks (two LSTM networks) for restoring lost measurement
data during periods of forced interruption caused by malfunctions or failures (Figure 10).
Recording current measurement data on a unique storage device is assumed to be possible.
The task is to reconstruct the time series sequence during the interruption, considering the
available history of measured values. The first increments after the interruption period are
utilized for more accurate data restoration.
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The diagram presents an approach for restoring sensor readings during a forced
interruption period, where the LSTM network is trained under normal operating conditions
of the intelligent self-validated sensor system using the error signal ei. To restore 102 missing
values from the 128th to the 230th time step, the input to the neural network included
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128 historical values from the time series before the interruption and 3 values following the
interruption. Figure 11 illustrates how the LSTM network with feedforward propagation
accurately approximates the apparent acceleration. Additionally, in the outliers or noise
presence in the time series, the LSTM network smooths the input values, allowing for
precise data restoration.
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In Figure 11, the blue curve shows the change dynamics in the gas temperature in
front of the compressor turbine value under the serviceable sensor condition. The red
curve means the data reconstructed by the LSTM neural network in the short-term sensor
failure case (point “A” is the sensor failure moment, and point “B” is the sensor’s return-to-
serviceability moment). In Figure 11, the LSTM neural network successfully reconstructs
the gas temperature in front of the compressor turbine data during the short-term sensor
failure period (from point “A” to point “B”). As can be seen, the reconstructed data
are smoothed by averaging, eliminating sharp jumps or noise. At the same time, the
discrepancies between the reconstructed and original data are minimal and do not exceed
5%, which indicates the neural network model’s high accuracy (to be studied later in
the article).

To validate the model, several metrics were utilized, including accuracy, precision, re-
call, F1-score, and AUC-ROC (area under the ROC curve) [38–41]. The accuracy metric is ap-
plied (refer to Figure 12) and is computed at a training epoch t using the following equation:

Accuracy =
1
N
·

N

∑
i=1

1(yi = ŷi), (38)

where yi indicates the valid label for the i-th example, ŷi signifies the model’s predicted
label for that example, N denotes the dataset examples’ total number (either training or
validation), and 1(yi = ŷi) is the indicator function that returns 1 if yi = ŷi and 0 otherwise.

Restoring sensor accuracy readings during forced interruption periods is achieved
at the 99.5% rate through LSTM network application. This high accuracy level indicates
the model’s effectiveness in capturing temporal dependencies and reconstructing missing
data accurately. The results demonstrate LSTM networks’ potential for reliable information
recovery in dynamic measurement systems.

During sensor reading restoration in forced interruption periods, losses (Figure 13)
are reduced from 2.5 to 0.5% after 100 training epochs with the LSTM network. This
significant decrease in losses highlights the model’s ability to train effectively from the
training data, leading to improved accuracy in information recovery. The results underscore
the extended training efficacy in enhancing LSTM networks’ performance for critical
measurement applications.
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The metrics precision, recall, and F1-score are essential for evaluating information
restoration performance during the forced interruption of sensor readings. Precision mea-
sures the accurate proportion of restored readings among all predicted readings, indicating
the model’s ability to avoid false positives. Recall assesses the precise proportion of restored
readings among all actual readings, reflecting the model’s capability to recover valid values.
The F1-score, as the harmonic mean of recall and precision, provides a balanced measure of
the model’s overall effectiveness in accurately restoring sensor data. Precision, recall, and
F1-score are defined as follows:

Precision = TP
TP+FP ,

Recall = TP
TP+FN ,

F1− score = 2·Precision·Recall
Precision+Recall .

(39)

In this context, the terms TP, TN, FP, and FN represent the following: TP (true
positives) is the restored sensor readings’ correct number that was missing during the
interruption; TN (true negatives) is the correct number of identified readings that were not
missing, indicating accurate predictions for non-interrupted periods; FP (false positives) is
the incorrect number restored readings that were predicted as missing but were present,
indicating false alarms in the restoration process; FN (false negatives) is the number of
actual missing readings that were not restored, reflecting missed opportunities to recover
essential data during the interruption.

The obtained values of precision = 0.983, recall = 1.0, and F1-score = 0.991 indicate
a highly effective restoration of sensor readings during forced interruption periods. The
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precision value reflects the model’s ability to accurately predict missing readings with
minimal false positives. At the same time, the perfect recall demonstrates its capability
to restore all missing data without omissions. The high F1-score further underscores
the balanced model performance, confirming its reliability in restoring critical sensor
information in dynamic conditions.

The results were compared (Table 4) with two alternative approaches: (1) an identical
proposed intelligent self-validated sensor system in which the LSTM network is replaced
by a GRU (gated recurrent unit) neural network and (2) an approach based on linear neural
networks (for example, a multilayer perceptron) [42,43].

Table 4. Comparative analysis results.

Metric Proposed Approach Alternative Approach 1 Alternative Approach 2

Accuracy 0.995 0.958 0.724
Precision 0.983 0.951 0.716

Recall 1.0 1.0 0.873
F1-score 0.991 0.975 0.901

As shown in Table 4, replacing the LSTM network with a GRU network results in
minor declines in quality metrics, ranging from 3.75 to 4.85%. In contrast, using linear
neural networks (multilayer perceptron) is not feasible for restoring sensor task readings
during forced interruption periods, as the quality metric values decrease significantly—by
up to 27.3%.

This study conducts ROC analysis [44,45] to assess the model’s capability in accurately
differentiating between classes (such as regular helicopter TE operation and sensor fail-
ure), enabling a balance between sensitivity analysis (true positive rate) and specificity
(1—false positive rate) at various classification thresholds. The ROC curve is constructed
by adjusting the model’s classification threshold and evaluating its ability to discriminate
between classes. It is a diagram representing the relationship between the false positive
rate (FPR) and the true positive rate (TPR). The TPR represents the proportion of correctly
identified positive instances among the total positive cases. The FPR refers to the ratio of
incorrectly classified negative instances to the total number of actual negative cases. The
FPR and TPR are defined as follows:

TPR =
TP

TP + FN
, FPR =

FP
FP + TN

. (40)

The AUC-ROC is a quantitative measure indicating the likelihood that the model
assigns a higher score to a randomly chosen positive instance than a randomly chosen
negative one. The area beneath the ROC curve is expressed as follows:

AUC− ROC =

1∫
0

TPR·
(

FPR−1(t)
)

dt, (41)

where TPR (true positive rate) is sensitivity, FPR−1 is the false positive rate (1 is specificity)
inverse function, and t is the classification threshold value, varying from 0 to 1.

For ROC analysis within three approaches (the developed intelligent self-validated sen-
sor system based on an LSTM network, alternative approach 1 (replacing the LSTM network
with a GRU network), and alternative approach 2 using linear neural networks [42,43]),
true positive and false positive rates were calculated for each category and method, fol-
lowed by the creation of corresponding ROC curves. This procedure involved defining
binary classification for each category and isolating it from the others. The ROC analysis
results are presented in Table 5. Figure 14 clearly illustrates the variation in the areas
beneath the AUC curve.
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Table 5. The comparative analysis results (authors’ research).

Metric
The Developed Intelligent

Self-Validated Sensor System
Based on an LSTM Network

Alternative Approach 1
(Replacing the LSTM Network

with a GRU Network)

Alternative Approach 2
(Using Linear Neural

Networks [42,43])

True Positives 95 90 3
True Negatives 5 10 8
False Positives 280 273 298

False Negatives 21 27 112
True Positive Rate 0.836 0.824 0.573
False Positive Rate 0.0125 0.0132 0.0369

False Negative Rate 0.0113 0.0126 0.0405
AUC-ROC 0.890 0.883 0.502
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Based on the obtained AUC-ROC metric values, it was noted that the intelligent self-
validated sensor system using an LSTM network and alternative approach 1 (replacing the
LSTM network with a GRU network) provide high accuracy with minimal false alarms.
The application of alternative approach 2, utilizing linear neural networks [42,43], results
in reduced accuracy and the highest number of false alarms.

4. Discussion

This article presents an intelligent self-validated sensor system for dynamic objects
based on the intelligent sensor concept (see Figure 1), which involves the autonomous
collection, processing, and analysis of data in real time with the ability to adapt to changes
in environmental conditions and compensate for measurement errors to enhance system
accuracy and reliability.

Unlike conventional intelligent sensors [20,21], the proposed intelligent self-validated
sensor integrates advanced functional modules to ensure autonomous operation and en-
hanced reliability. The Self-Diagnostic Module performs continuous health monitoring
and the accuracy verification of all sensor components, promptly identifying operational
deviations. The Reference Module supplies baseline values for comparison with real-time
measurements, enabling the precise assessment of measurement accuracy. Upon detecting
errors, the Error Correction Module intervenes automatically, mitigating their impact on
output signals. The Logging Module archives the diagnostic activity history, including
error occurrences and resolution processes, facilitating streamlined device analysis and
quality assurance. The Calibration Management Unit ensures the sensor’ automatic re-
calibration to maintain measurement precision under fluctuating operating conditions.
A key innovation in the proposed sensor architecture is the incorporation of Dynamic Stack
Memory [22], adapted from neural network models designed to address complex dynamic
object identification in unsteady regimes. This memory model introduces segmentation to
optimize memory allocation by dynamically creating new segments during overflow and
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merging them when data demands decrease. Unlike static memory, dynamic stack memory
adapts resource utilization in real time, reducing overhead from unused memory, which
is critical for resource-constrained systems. It also outperforms random access memory
(RAM) in sequential data processing tasks by simplifying access to recently stored ele-
ments, enhancing performance. Furthermore, in contrast to register memory, stack memory
manages larger amounts of temporary data without imposing an excessive load on the
processor, making it indispensable for real-time signal processing applications.

An analytical Equation (9) is obtained, describing the main characteristic of the intelli-
gent self-validated sensor, which incorporates correction accounting for the influencing
quantity, correction accounting for temporal drift (zero correction depending on sensor
operating time), and correction based on calibration characteristics (considering zero offsets
for a specific sensor after testing). It significantly improves measurement accuracy, reduces
the impact of external factors on results, and ensures the long-term stability of sensor
operation by adapting its characteristics to operational conditions and individual features
of each device post calibration.

This article applies fuzzy logic algorithms to compensate for errors due to the influ-
encing quantity to refine the scaling factor that corrects the dependence of the measured
parameter. It is implemented using fuzzy inference algorithms based on the redundant
information contained in the fuzzy sets (see Figure 2). The correction factor value is dis-
tributed across the entire range of the influencing quantity, and the scaling factor adjustment
is calculated using fuzzy inference algorithms and a set of fuzzy rules as in (10) and (11).

This article proposes implementing the monitoring and diagnosis of the technical
condition of sensors in the intelligent self-validated sensor system using two LSTM (Long
Short-Term Memory) neural networks (see Figure 3). Introducing an intelligent classifier
with a majority element and a decision-making block based on an expert system utilizing
fuzzy logic enables the monitoring of the output sensor parameters as an observed object
and identifying faulty components in the system.

A computational experiment assessed the effectiveness of the proposed intelligent
self-validated sensor system. The TV3-117 engine, widely used in Mi-8MT helicopters due
to its extensive operational history and abundant data availability, was the research object,
allowing for an accurate evaluation of the system’s performance under real conditions.

A virtual instrument (see Figure 5), developed by this team, was employed for the
computational experiment. It stimulates the helicopter TE sensor system, including three
key sensors that register dynamic thermogas parameters: the D-2M sensor for measuring
the gas generator rotor r.p.m., the T-101 sensor with 14 paired thermocouples for registering
gas temperatures in the compressor turbine front, and the D-1M sensor for measuring
the free turbine rotor speed. It was assumed that the D-2M and D-1M sensors operated
correctly, while the T-101 sensor was likely to fail. The training sample (see Tables 2 and 3)
was based on the gas temperature in the compressor turbine front signal data (see Figure 6).

Compensation for the error due to the influencing quantity was performed in the
first phase of the computational experiment. For example, the case where the current
temperature is 1130 K was considered (Figure 8). Here, the input variable leads to a truth
degree of 0.4 for set G and 0.6 for set F. These sub-conditions are used in K6 and K7, forming
two fuzzy sets. The output variable “scaling coefficient”, calculated using the gravity
method center for membership functions, yields a value of Kscal = 0.0832 (see Figure 9).

This study examines the application of neural networks (two LSTM networks) for
restoring lost measurement information during forced interruptions caused by failures
or malfunctions (see Figure 10). To recover 40 missing values from the 55th to the 95th
cycle, 55 values from the time series history before the interruption and 3 values after it are
fed into the neural network. Figure 11 demonstrates that the feedforward LSTM network
accurately approximates the change in acceleration. The network smooths the input data in
terms of outliers or the presence of noise, aiding precise information restoration.

The sensor accuracy reading recovery during forced interruptions reaches 99.5% (see
Figure 12) due to the LSTM network application, indicating the model’s effectiveness in
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considering temporal dependencies and accurately restoring data. Losses during data
recovery (see Figure 13) decrease from 2.5% to 0.5% after 150 training epochs of the LSTM
network. This significant drop in losses confirms the model’s capability to learn effectively
and enhance data recovery accuracy, emphasizing the importance of prolonged training for
improving LSTM network performance in critical measurement systems.

A comparative analysis of the results was performed with two alternative approaches:
1—replacing the LSTM network with a GRU network in a similar intelligent system;
2—using linear neural networks (multilayer perceptron). The evaluation was based on
metrics such as accuracy, precision, recall, F1-score, and AUC-ROC (see Table 4). It was
established that replacing the LSTM with a GRU leads to a decrease in performance metrics
by 3.75–4.85%. Meanwhile, employing linear neural networks for sensor reading recovery
during interruptions proves ineffective, as quality metrics drop to 27.3%. According to
the obtained AUC-ROC metric values (see Figure 14), the intelligent self-validated sensor
system utilizing the LSTM network and alternative approach 1 (LSTM replacement with
GRU) demonstrates high accuracy and minimal false alarms. In contrast, using alternative
approach 2, based on linear neural networks, results in decreased accuracy and increased
false alarm rates.

A key advantage of the obtained results is the system’s adaptation to changing condi-
tions and compensation for measurement errors, enhancing accuracy and reliability. The
presented analytical Equation (9) describes the main characteristic of the intelligent sensor,
encompassing corrections based on the influencing quantity, temporal drift, and calibration
characteristics, significantly improving measurement quality and ensuring device stability
post calibration. The fuzzy logic used to compensate for errors due to the influencing quan-
tity allows for refining the scaling factor that corrects the measured parameter dependence.
Fuzzy inference algorithms based on redundant information in fuzzy sets contribute to
a more precise distribution of correction factor values. Additionally, monitoring and diag-
nosing the sensor conditions using two LSTM neural networks have been implemented,
enabling the effective control of output parameters and fault identification.

The practical significance of the developed intelligent self-validated sensor system lies
in enhancing the accuracy and reliability of measurements through intelligent self-validated
sensors that adapt to changes in external conditions and compensate for errors [46]. The
system ensures autonomous data collection and processing in real time, minimizing human
error and decreasing the response speed to changes in the objects’ state, which is critical for
dynamic systems such as aviation engines [47]. Using neural networks to monitor sensor
conditions allows for early fault detection, reducing maintenance costs and preventing
accidents [48]. Furthermore, the system can be adapted to various fields, including aviation,
automotive engineering, and energy, providing high-precision measurements and the
analysis of dynamic processes [49,50]. Implementing intelligent self-validated sensor
concepts, along with the use of neural networks and fuzzy logic, represents a step toward
modern technologies in measurement systems, opening new aspects for further research
and development [51,52].

Despite the results, the system has limitations, such as the necessity for high-quality
data for neural network training and sensitivity to noise in the data [53]. Future research
prospects include improving training algorithms, developing more robust models for
operation under external noise conditions, and exploring the possibility of integrating the
system into complex dynamic environments [54]. Additionally, it is advisable to consider
applying other types of neural networks and hybrid approaches to enhance the overall
system efficiency.

5. Conclusions

This article describes creating a smart system for monitoring dynamic objects, leverag-
ing an intelligent self-validated sensor system to autonomously gather, process, and analyze
data in real time while adapting to environmental changes and correcting measurement
inaccuracies. An analytical equation was used to describe the intelligent self-validated
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sensor system’s main characteristics, accounting for corrections related to the influencing
variable, time drift, and calibration characteristics. These approaches significantly enhance
measurement accuracy, minimize the impact of external factors, and ensure long-term
stability in sensor operation. Fuzzy logic technology addresses errors in the influencing
variable by refining the scaling factor that aligns the measured parameter with its fluctua-
tions. By employing fuzzy inference algorithms and utilizing redundant data from term
sets, the correction factor is effectively distributed across the full range of the influencing
variable, ensuring enhanced accuracy and stability in the measurement results—essential
for the intelligent self-validated system’s optimal performance.

This article also proposes the implementation of diagnostics and monitoring for the
sensors’ technical condition using LSTM neural networks. Integrating a majority-element
classifier and a decision-making block based on fuzzy logic allows for monitoring sensor
output parameters and identifying faulty system elements. A computational experiment
conducted on the TV3-117 engine, providing high accuracy in evaluating system perfor-
mance, confirms the proposed methods’ effectiveness in actual operational conditions.

The analysis of the results indicates that the accuracy in recovering sensor read-
ings during forced interruptions reaches 99.5%, thanks to LSTM networks. Long-term
training significantly reduces data recovery losses, demonstrating high model learnabil-
ity. A comparative analysis with alternative approaches, such as GRU and linear neural
networks, shows that the LSTM system delivers superior accuracy metrics and mini-
mal false alarm rates, highlighting its advantages in monitoring and diagnosing sensors’
technical condition.

The practical significance lies in the system’s applicability in the aviation, automotive
engineering, and energy sectors, opening new research avenues. This research establishes
a foundation for future studies to improve training algorithms and develop robust models
capable of operating in noisy environments, further advancing intelligent self-validated
sensor systems. The proposed methodologies also open opportunities for exploring their
integration in diverse applications, such as aviation, automotive engineering, and energy,
to enhance system reliability and performance.
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