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Abstract. The article examines modern approaches to machine diagnostics within mechatronic systems using signal processing
methods and intelligent machine learning technologies. The structure of mechatronic complexes is analyzed, and their specific
features that influence the development of diagnostic models are identified, including the high level of interdependence between
mechanical, electronic, and software components. The feasibility of applying hybrid diagnostic systems is substantiated, where
convolutional neural networks (CNN) are employed for automatic extraction of informative features from vibration and sensor
data, while recurrent networks such as LSTM provide analysis of the temporal dynamics of processes and prediction of
degradation states. A generalized theoretical diagnostic model is proposed, combining spectral methods of preliminary signal
processing, multisensor data integration, and modules for technical condition prediction. The obtained results demonstrate the
high effectiveness of intelligent algorithms in detecting early signs of faults, even under noise disturbances and varying
operating modes. The proposed approach can be applied in maintenance systems at industrial enterprises to enhance the
reliability and extend the service life of mechatronic systems.
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Introduction. highlights the relevance of applying intelligent
The modern development of mechanical technologies-artificial intelligence methods, machine

engineering is characterized by the rapid growth of
mechatronic systems, which integrate mechanical,
electronic, information, and control components. The
integration of sensor modules, microprocessor
controllers, electromechanical actuators, and software-
oriented control tools leads to increased structural
complexity, enhanced functionality, and higher levels
of automation. At the same time, this creates new
requirements for ensuring reliability, safety, and
operational efficiency, which directly depend on the
quality and completeness of technical condition
diagnostics.

Traditional methods of monitoring and assessing
machine performance, based mainly on mechanical or
vibration indicators, no longer provide sufficient
informativeness for complex mechatronic structures. In
such systems, the importance of sensor monitoring, the
analysis of electrical, electromagnetic, and digital
signals, as well as the processing of large volumes of
data in real time, is significantly increasing. This

learning, neural networks, digital models, and digital
twins-to improve the accuracy, speed, and predictive
capabilities of diagnostic procedures.

Effective  diagnostics of machines  within
mechatronic systems has become a key factor for
ensuring their long-term, safe, and economically
justified operation. Early fault detection, residual life
prediction, automation of technical control processes,
and the adaptation of diagnostic algorithms to varying
operating conditions help reduce the number of
unexpected failures, optimize maintenance processes,
and enhance the overall efficiency of industrial
operations.

Thus, research into analysis methods and intelligent
technologies for machine diagnostics in mechatronic
systems is of high scientific and practical relevance. It
aims to improve modern approaches to technical
monitoring, develop new tools for assessing technical
condition, and create adaptive diagnostic systems
capable of ensuring high levels of reliability and
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efficiency of technical objects under real operating
conditions.

Review of the research sources and publications.

Modern research in machine diagnostics within
mechatronic systems is characterized by the rapid
development of data-driven and intelligent approaches
that significantly extend traditional signal analysis
methods. A key contribution is made by studies
applying machine learning and deep learning for fault
diagnosis and condition monitoring.

Reviews by Lei et al. [1] and Khan and Yairi [2]
show that machine learning has become a core tool for
extracting informative features from complex system
data, enabling a transition from model-based to data-
driven approaches. Deep learning methods allow
automatic hierarchical feature extraction, reducing the
need for manual engineering in complex systems.

The use of convolutional neural networks for fault
detection is demonstrated by Janssens et al. [3], while
Zhao et al. [5] highlight the effectiveness of deep
learning architectures for machine health monitoring.
Recurrent neural networks, particularly in the work of
Guo et al. [6], are effective for modeling temporal
dependencies and predicting remaining useful life.

Predictive maintenance is another important
direction. Carvalho et al. [7] emphasize the advantages
of combining data analytics with intelligent algorithms
for early fault detection. These approaches are
supported by prognostic models reviewed by Si et al.
[14] and Jardine et al. [15], which underpin condition-
based maintenance strategies.

Multisensor diagnostics is gaining importance, as
shown by Barcelos and Cardoso [9], where current
signals combined with deep learning improve bearing
fault detection. This confirms the effectiveness of
integrating heterogeneous data sources into unified
diagnostic models.

Digital twin and smart manufacturing concepts are
explored in Tao et al. [10], Kritzinger et al. [11], and
Lu et al. [12], demonstrating their role in integrating
physical and virtual systems for real-time diagnostics
and prediction.

Finally, Yin et al. [13] summarize key data-driven
monitoring methods, while Widodo and Yang [4]
highlight the continued relevance of classical
approaches such as support vector machines.

Definition of unsolved aspects of the problem.

Despite the significant progress in the development
of machine diagnostic methods within mechatronic
systems, a number of key aspects remain insufficiently
explored or require further improvement. First of all,
the integration of heterogeneous signals obtained from
mechanical, electronic, sensor, and software-controlled
components remains an urgent issue. Most existing
systems rely only on a single type of signal-vibration,
electrical, or thermal-which reduces the accuracy of
comprehensive assessment of the technical condition of
complex mechatronic structures. The problems of
synchronization, scaling, and filtering of such signals
remain open, as modern models are not always capable
of correctly accounting for the mutual influence of
subsystems under real operating conditions.

The second unresolved aspect is the adaptability of
diagnostic models. Most machine learning and deep
neural network algorithms are trained on pre-defined
datasets that do not reflect the full variability of
mechatronic system operating modes. Under changing
load, temperature, rotational speed, and other
parameters, such models may lose accuracy, which is
especially critical for predictive diagnostics. Therefore,
there is a need to develop self-learning and context-
dependent models capable of adapting to new operating
conditions without complete retraining.

A third important issue is the limited consistency
between digital twins and real machines. Although

digital models demonstrate high potential for
degradation prediction and complex dynamics
simulation, practical applications often face

inaccuracies caused by imprecise parameterization,
incomplete sensor data, or the inability to account for
all nonlinear processes in the physical system. This
highlights the need for technologies that enable
automatic updating and real-time calibration of digital
twins.

Another  challenge is the insufficient
standardization of diagnostic approaches for
mechatronic systems. Differences in system design,
sensor configurations, communication protocols, and
signal processing algorithms complicate the creation of
unified methodologies for technical condition
assessment. There is also a lack of open
multidimensional datasets for training and testing
intelligent models, which limits the development of
universal diagnostic solutions.

Finally, cybersecurity issues in diagnostic systems
should be emphasized among the unresolved aspects.
Mechatronic complexes integrated into cyber-physical
production networks are potentially vulnerable to
unauthorized access, data manipulation, or interference
with diagnostic algorithms. In most modern studies,
this problem is considered superficially, although in
real industrial environments it may critically affect the
operational safety of machines.

Summarizing the above, it can be stated that modern
machine diagnostics in mechatronic systems requires
further development in the following areas:
improvement of multisensor analysis methods, creation
of adaptive intelligent models, enhancement of digital
twin accuracy, standardization of diagnostic
methodologies, and ensuring cyber resilience.
Addressing these aspects is essential for increasing the

reliability, safety, and efficiency of modern
mechatronic  systems in industrial mechanical
engineering.

Problem statement.

Modern mechatronic systems used in mechanical
engineering are characterized by a high level of
integration of mechanical, electromechanical, sensor,
and software-controlled components. The increasing
complexity of such systems is accompanied by growing
requirements for ensuring their reliability, safety, and
predictability of technical condition. Traditional
approaches to machine diagnostics, based mainly on
the analysis of vibration, acoustic, or electrical signals
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in isolation from one another, do not provide sufficient
completeness and accuracy of assessment under
conditions of multicomponent interaction among
mechatronic elements.

The problem is further complicated by the fact that
dynamic processes in mechatronic systems are
nonlinear, time-varying, and highly dependent on
operating modes, load parameters, and the condition of
control modules. In real operating environments, such
systems generate large volumes of heterogeneous data
that require the application of highly efficient methods
of processing, integration, and analysis. EXxisting
diagnostic approaches often fail to account for the
mutual influence of mechanical, electronic, and
software subsystems, which leads to errors in
determining the technical condition and complicates
early fault detection.

Despite significant advances in intelligent
technologies, their application in the diagnostics of
mechatronic systems faces several limitations. Most
machine learning and deep learning models
demonstrate high accuracy only when trained on
representative datasets, which are often unavailable,
incomplete, or fail to reflect all possible operating
modes of machines. Moreover, digital twins-
considered a foundation for predictive diagnostics-
require complex parameterization and continuous
synchronization with real data, which is not always
feasible in practice.

As a result, a complex scientific and technical
challenge arises: the need to develop effective methods
for machine diagnostics within mechatronic systems
that rely on multisensor analysis, integrated models,
and intelligent algorithms capable of providing high-
accuracy condition assessment and real-time fault
prediction.

Solving this challenge will ensure increased
reliability of technical systems, reduced maintenance
and repair costs, and improved efficiency of
mechanical engineering processes.

Basic material and results.

Mechatronic  systems combine  mechanical
assemblies, electromechanical actuators, sensor
modules, microprocessor controllers, and software
control algorithms. Such a combination forms a
complex multicomponent dynamic structure in which
changes in the state of one element lead to cascading
changes throughout the entire system. This determines
the need for a comprehensive approach to machine
diagnostics that takes into account the interaction
between physical and information subsystems.

During the study, a structural and functional
analysis  of  typical  mechatronic  modules
(electromechanical actuator, sensor loop, actuating
mechanisms, and control unit) was carried out. It was
found that the most informative signals for diagnostics
are vibration, current, temperature, acoustic signals,
and internal telemetry data of control modules.
Together they form a comprehensive picture of the
technical condition, but require:

- harmonization of frequency and

characteristics of signals;

time

- noise filtering;

- normalization of amplitude values;

- synchronization of time labels.

The developed methodology
interconnected stages:

Signal preprocessing. Filtering was performed
using adaptive filters and the wavelet transform to
localize defects at different scales. At this stage, an
increase in the signal-to-noise ratio by an average of
15-25% was achieved.

Data integration. For synchronization and merging
of heterogeneous sensor data, a data fusion algorithm
was applied, based on:

- signal normalization;

- use of vector state profiles;

- analysis of correlation dependencies between

channels.

This made it possible to form a single informative
feature space.

A CNN-LSTM neural network was used to identify
defects, combining the capabilities of deep feature
extraction and analysis of temporal dependencies.
Operational data of the mechatronic actuator were used
to train the model.

Mechatronic systems represent complex multilevel
structures in which mechanical, electromechanical,
sensor, and software-controlled components interact
with each other. Diagnostics of such systems requires a
comprehensive analysis of dynamics, which is
described by a system of equations:

M (g)§+C(a,6)4+K, =F(t)+F(t), @)

where q - is the vector of generalized coordinates,

M, C, K - are the mass, damping, and stiffness

matrices,

F(t) - are useful (external) forces,

Fd(t) - are disturbances or defect-related influences.

The merging of mechanical and electrical processes
creates a multidimensional diagnostic space, which is
represented in the form of a vector (2):

X ={xv (t),% (), % (1), %, (t)} )
where:
X, - vibration signal,

includes three

X; - current signal,
X; - temperature signal,

X, - acoustic signal.

For integrated diagnostics, the state function (3) is
applied:

y=f(X)=fxxmx), @

which is further processed by the intelligent model.
The mathematical model of the dynamics of the
mechatronic system of the actuator mechatronic unit
can be described by the system of Lagrange equations
of the second kind (4):

M (a)d+C(a,6)d+K(a)a=F(t)+F(t), 4)
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where:
M (q) - mass matrix;

C(q,d) - damping terms;
K(q) - stiffness;

Fq(t) - defect influence that we are trying to

detect.
At the same time, the electromechanical actuator is
described by equations (5, 6):

M =k k@, (5)

U:RI+L3—1+K99, ©6)

where M- torque,
I- current as an informative diagnostic parameter,

k,, K, - motor coefficients.

Intelligent classification. The architecture that takes
into account both local patterns and temporal
dependencies is shown in Figure 1.

The multisensor analysis methodology of the
technical condition is based on the preliminary
processing of signals. To increase informativeness,
adaptive filtering (7) was applied:

x¢ (1) =x(t)*h(t) 7
where h(t)- is the adaptive  filter.
Wavelet analysis was performed for defect localization

(8):
W(ab)= Ix(t)gp(%)dt @

‘ INPUT (X) |

IMPORTANT PATTERNS

AUTOMATIC SEARCH FOR ‘

ANALYSIS OF SIGNAL DYNAMICS
OVER TIME

|

| STATE CLASSIFICATION ‘

Figure 1. — Architecture model of the mechatronic system
Feature extraction from the time and frequency
domains included:

RMS : /%Zx(t)z

X
Crest factor; K = &
o

Energy invariants of wavelet levels

Extraction of diagnostic features. A set of features
was formed (9-13):

RMS =\/%ix2(i), ©)

i=1

il

kurt = n , (10)
o
el
skew = ————— (11)
o
finax 2
£ =[x (F) of 12)
where X(f) - Fourier transform
X (f)=[x(t)e 2 " at (13)

A digital twin of the mechatronic drive was created,
built on the basis of:
the electromechanical torque model (14):

M =k -k6 (14)
the thermal heating model (15):
aT
G =P-a(T-To) (15)

The model showed the results presented in Table 1.

Table 1. Result of theoretical studies.

State Accuracy
Normal 97,4%
Imbalance 95,2%
Bearing defect 92,8%
Control anomalies 94,6%
Average accuracy 95%

The obtained results also indicate the stability of the
model when working with mixed types of signals,
which confirms its universality for different types of
mechatronic drives. In addition, the use of the digital
twin made it possible to replicate real physical
processes and detect hidden defects that are difficult to
identify using traditional monitoring methods.

Conclusions

A comprehensive analysis of the structure and
functions of mechatronic systems was carried out,
which showed that the interaction of mechanical,
electromechanical, and information components
creates a multidimensional diagnostic space. It was
found that traditional single-channel monitoring
methods are not capable of providing a complete
assessment of the technical condition of complex
mechatronic units.

A multisensor analysis methodology was proposed,
which includes adaptive filtering, wavelet transform,
and the formation of an extended set of features. The
methodology makes it possible to effectively combine
vibration, current, temperature, and other signals into a
unified diagnostic space.
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An intelligent model based on CNN-LSTM was
developed, which demonstrated high classification
accuracy of technical states (on average 95%). It was
shown that the combination of convolutional and
recurrent layers makes it possible to simultaneously
analyze local and temporal characteristics of signals.

The feasibility of using a comprehensive intelligent
approach that combines multisensor analysis, artificial
intelligence, and digital twins has been proven. Such an
approach makes it possible to timely detect early stages
of degradation, assess defect development trends, and
form a prediction of the remaining useful life.

The obtained results can be recommended for
implementation in maintenance systems of industrial

mechatronic complexes, drive systems, technological

and transport equipment. This will ensure increased

reliability, reduced failure rates, and optimization of

repair costs.
Promising directions for further research include:

— expansion of the set of sensor data (EMI signals,
magnetic fields, machining parameters);

— implementation of federated learning for working
with distributed objects;

— improvement of digital twins with self-correction of
model parameters;

— development of adaptive maintenance systems
based on the obtained diagnostic models.
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JliarHocT1Ka MaLLMH y MEXaATPOHHMX CUCTEMAX: MeTOAM aHani3y Ta IHTeNeKTyaslbHi
TexHonoril

AHHoTaUif. V cTaTTi po3MIISTHYTO CyYacHi MiIXO 0 JIarHOCTHKU MAIllMH y CKJIaJli MEXaTPOHHUX CHCTEM i3 BUKOPHUCTAHHSIM
MeTOJiB OOpOOKM CHTHANIB Ta IHTENEKTyaJbHUX TEXHOJIOTIH MAaIIMHHOTO HaBYaHHS. [IpoaHali30BaHO CTPYKTYpY
MEXaTPOHHHX KOMIUIEKCIB Ta BH3HAueHO 1X cheuudidHi ocoOIMBOCTI, IO BIUIMBAIOTH Ha (OPMYBaHHS AiarHOCTUYHHX
MoJeneii, 30KpeMa BUCOKHH PiBEHb B3a€MO3aIEKHOCTI MK MEXaHIYHUMH, €JIEKTPOHHUMHM Ta MPOTPaMHHMHU KOMITOHEHTaMH.
OOTpyHTOBaHO MOUUIBHICTD 3aCTOCYBaHHS TiOPHIHHUX NIaTHOCTHYHHUX CHUCTEM, Y SIKUX 3TOPTKOBI HeipoHHI Mepexi (CNN)
BUKOPHUCTOBYIOTHCS IJIsl aBTOMATHYHOTO BUITyYeHHS iHPOPMATHBHUX O3HAK 13 BIOpaIiifHAX Ta CCHCOPHUX JIAaHUX, & PEKyPEHTHI
Mepexxi tumy LSTM 3abe3neuyroTe aHami3 dYacoBOi JWHAMIKM TPOILECIB Ta INPOTHO3YBAaHHSA NETPafallifHAX CTaHiB.
3ammponoHOBaHO y3arajlbHEHY TEOPETUYHY MOETb AiarHOCTYBaHHS, IO MOEAHYE CIIEKTPAIbHI METOM TONepeTHbOT 00POOKH
CHTHAJIiB, 0araTOCEHCOPHY iHTErpalilo Ta MOIYJIi IPOTHO3yBaHHS TEXHIYHOTrO cTany. OTpUMaHi pe3yabTaTu AEMOHCTPYIOTh
BUCOKY €()eKTHUBHICTH IHTENIEKTyaJIbHUX ITOPUTMIB y BHUSBICHHI PaHHIX O3HaK HECHPABHOCTEH, HAaBiTh 32 YMOB LIYMOBHX
3aBajl 1 3MiHM pexuMiB poOotu MamvH. Po3poOieHMil miaxing Moke OyTH BHKOPHCTaHMH Yy CHCTEMaxX TEXHIYHOTO
00CITyroByBaHHs Ha IPOMHUCIIOBUX IMiANPUEMCTBAX JUIS IiJBUIIEHHS HAIIHOCTI Ta IPOIOBKEHHS PECYpPCY CUCTEM.

KntoyoBi cnoBa: miarHOCTHKa MAIIMH, MeXaTpoHHI cucremu, MamuaHe HaBuadusi, CNN, LSTM, o0pobka curxamis,

MPOTHO3YBaHHs CTaHy, IM(POBI IBIHHUKHM, BiOpaLiiiHui aHamis.

*Anpeca s muctyBants E-mail: Oryschenko.sv@knuba.edu.ua
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