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The article is devoted to the methods of monitoring and control of vibration processes
occurring in the structure and units of complex and unique electromechanical equipment.
The monitoring object is considered as a dynamic multidimensional information object, for
the study of which analytical and numerical methods of modeling and simulation of
multidimensional chaotic systems are used in the context of the scientific direction of physics
of open systems. The structure of research of signals of vibration activity of equipment,
description of mathematical models and algorithms based on them are presented.
Demonstrative results of experiments carried out to analyze and evaluate the possibilities of
controlling the behavior of a complex system using methods of influencing signals of various
nature are presented. Using the methodology of Visual Thinking will improve the quality and
efficiency of monitoring the vibrational activity of a complex technical object. Such a
technique will make it possible to reasonably interpret the decision made to control the
vibration process. The calculated parameters and the constructed visual images of the
processed signals are proposed for use in the Input Layer of the Recurrent Neural Network

of the Deep Learning algorithm.

1. Introduction

The analysis of vibration processes occurring in the
interconnected nodes of complex power equipment is an urgent
task to ensure its trouble-free, long-term and efficient operation.
During operation, the equipment is exposed to -electrical,
mechanical, hydraulic, seismic and other forces and influences.
Examples of devices with complex vibrational media are a
hydraulic unit or a powerful pump design for pumping liquid. The
operation of such devices is often accompanied by vibration
processes with high intensity in a wide frequency range, the
sources of which can be turbulent fluid flows, cavitation processes,
friction in bearings of rotating assemblies, pressure pulsations on
blades, etc. In the vibration signal of such devices, you can find
information about the sources of vibration, beats, imbalances,
resonances caused by them, or, conversely, false damping of
intensity, in cases with antiphase influences from other sources of
vibration. The situation becomes much more complicated when
several such devices operate in parallel on the same platform,
foundation. In this case, it becomes an important task to identify
the cause-and-effect relationships of the true sources of vibration
[1-10].
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Traditionally, the process of operating complex electro-
mechanical equipment is accompanied by monitoring of the
vibrational environment and searching for vibration sources that
can be caused by design features, transients or scenarios of
technological processes. In addition, as you know, along with
internal processes, equipment is exposed to external influences in
the form of unpredictable changes in load, environmental impact,
etc. Thus, monitoring the main parameters of the equipment
allows you to identify problem areas or trends in their
development at an early stage.

Monitoring the analyzed object from the standpoint of the
information object will reveal previously unknown features of its
dynamics, which will increase the reliability, argumentation and
efficiency of the analysis. At the same time, its parameters can be
presented in the form of information flows. Typically, complex
dynamical systems exhibit non-linear behavior. Taking into
account the nonlinear nature of the dynamic vibration processes
occurring in the nodes and elements of complex technical means,
their analysis and assessment should be carried out from the
standpoint of the interaction of multidimensional chaotic systems
[1-5,8,9, 11-16]. The main idea of the work is to apply the theory
of chaotic systems, which connects mathematics and the studied
physical processes, while the use of nonlinear recurrent analysis
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makes it possible to simplify the study of objects presented in 2D
and 3D formats.

The use of analytical-numerical methods with computer
modeling and simulating of various operating modes will allow
you to safely test various control strategies.

An important role is played by the visualization of the studied
vibration processes, since along with the signals in the spectrum
of the observed data, the use of modern methods of analysis will
make it possible to reveal hidden oscillations, the effects of the
manifestation of the system's memory, external influences and
other information that is important for the development of a
control strategy.

For the studies of the vibration activity of the control object
carried out in the work, the time series obtained from the devices
for collecting measuring information, the processes and functions
modeled in MATLAB, as well as surrogate data were used. [2, 10,
11,14, 15,17, 18].

The issues of collecting measurement information and the
equipment used for this are not considered in the work.

2. Research Methods Used for Analysis and Control

The research structure presented in Figure 1 3, 19, 20, 21],
covers a variety of iterative algorithms for the analysis,
assessment and control of the dynamics of a complex system, the
development of which takes place within the framework of an
open system.
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Figure 1: Structure of the study of dynamical systems

Legend:

fBm — fractional Brownian motion; fLevy — fractional Levy motion; Imp —
impulsive function; fCN — fractional Colored noise; P-W — piecewise function;
fGn — fractional Gaussian noise; q — p — quasi-periodic; ch — q-p — chaos — quasi-
periodic; ch-stoch — chaos — stochastic; ch — hyp-ch — chaos — hyper-chaos; hyp —
ch—hyp - hyper-chaos - chaos - hyper-chaos; bifur — bifurcation; F T E — fractional
time evolution.
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It is known that the evolution of a dynamic chaotic system is
sensitive to initial conditions, the influence of system memory, as
well as to minor disturbing influences.

In this work, we propose to use, for example, functions such
as Brownian motion, fractional Levy motion, fractional color
noise, fractional Gaussian noise, anti-synchronization, and others,
as acting to correct or control the behavior of the simulated
process [6, 17, 21-24]. In this case, the spectrum of changes in the
nature of dynamic processes can vary from quasiperiodic to hyper
chaotic processes. The choice of a particular type depends on the
goals and objectives of the research.

The analysis and study of the dynamics of vibration processes
was carried out according to the algorithms described below. The
analysis results are visualized in the form of recurrent plots,
Finite-time Lyapunov Exponent (FTLE), dependences of the
Poincare return times, Lyapunov exponents, Tsallis entropy, etc.
[2, 11, 12,25-29].

The proposed mathematical model covers the most significant
components affecting processes of interconnections and
interactions of information flows circulating in the investigated
dynamic system [10]:

def

0 =S8,(GM d,,7.6.T,.q—exp) o

where T ;‘ - thermodynamically spectrum of the dimensions of

the Poincare’s return time in an open space; S ; - entropy of

Tsallis; GM — generalized memory; d ¢ - fractal dimensions in

the function of entropy of Tsallis; 7 - mean return time for

Poincare; & - stability of Tsallis entropy; 7., - stability of

st

thermodynamics; ¢ -exp - exponential of Tsallis. [6, 8, 18, 19,
30-32].

The idea of modeling dynamic processes evolving within the
framework of an open system is based on the thermodynamic-
informational paradigm, which made it possible to connect the
informative and operational components of data and knowledge.

3. Research Algorithm

Let's imagine a complex technical system as a set of
interconnected pieces of equipment that demonstrate the
nonlinear nature of dynamics. The structure of the research
algorithm is shown in Figure 2.

Each of the components of the system is influenced as well as
influenced by others. To study the behavior of such a system, it is
necessary to carry out a set of measurements and calculations of
informative parameters, on the basis of which it will be possible
to make a decision on the continuation of monitoring or the choice
of control actions for correction.

The list of measured, calculated and graphically presented
data can be expanded, which will increase their overall
information content. The figure 2 also shows a library of
influencing functions designed to correct and control the
dynamics of the observed processes. This list can also be
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supplemented in the process of analyzing the response of the
system in order to obtain satisfactory characteristics.

Controlled system
Th v

SIa‘EJ,
‘\A

Sat.

Library of impacting
functions

Levy, Chimera, Jerk,
Color noise, Anti-sync.

Figure 2: The structure of the research algorithm.
3.1. Interaction of System Components

Numerical modeling of the processes under study begins with
the presentation of fragments of the observed time series and the
selection of areas of interest. The generalized structure of the
algorithm for studying the interrelationships and mutual influence
of the system components, assessing the situation that has arisen
and choosing the control actions [3, 11, 15, 33, 34].

Recurrent diagrams obtained as a result of non-linear recurrent
analysis of observables of a connected controlled system can be
used to visually assess the current situation and its dynamics:

PO =0~ x|/ X €R™. 1.4 <IN

~

where N is the number of states under consideration; X i & -

the size of the neighborhood of the point X at the moment i ;
HH - norm; 0() - Heaviside function [11, 29, 35].

Considering that the time of the First Poincare recurrence
times (FPRs) corresponds to a Recurrence Plot (RP) of a certain
process, that is, FPRs or [8, 16]:

(FRPs)~(RPs) (3)

Next, the most informative parameters of the system behavior
are calculated, such as the Lyapunov characteristic exponents,
fractional dimension, Tsallis entropy, stability indicator, etc.
According to the results of the analysis of the constructed RP-s,
we search for areas that meet the objectives of the research by the
criterion:

Al ()?,y,Z)d; ngmiﬁfl /a3 “4)

where Al (---) is the area of interest, formed on the thesis of

the selection of information in such a way that it is the most
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meaningful from the semantic point of view SUpP and the
sem

minimum inf in terms of the amount of information; as -
"4

adequately Al taking into account reflexivity, while taking into
account that the measure of recurrence [8, 16]:

I J&pem

ij=I

represents the probability of repeating trajectories when
implementing a mapping

[(-+)=C,4(1) ©6)

The next stage is associated with the calculation of informative
parameters and making a decision on the relevance of the
application of impacts and, accordingly, the choice of their type.
The structure shown in Figure 1 shows examples of influencing
functions [3, 19, 20]. As is known, in the practice of using
algorithms for controlling the behavior of chaotic systems, they
are guided by the principles of actions based on the extreme
sensitivity of chaotic dynamical systems to small disturbances, the
effectiveness of which depends on falling into the required area.
The work also used the principles of selecting areas of interest (Al)
and types of impacts. In our case, the following functions were
used as impacting functions: Levy flight, Chimera states, Color
noise, Jerk, Anti-synchronization and others [3, 17, 22, 23].

3.2. Algorithm “Measurement — Recognition — Decision
Making”

An important part of the study of the dynamics of a chaotic
system are the stages: “measurement - recognition - decision
making” [18, 19, 33]. Nonlinear recurrent analysis can serve as a
catalyst for the implementation of the control task due to its visual
images in the form of RP and their characteristic features in the
form of topology, texture, color palette. The use of the Visual
Thinking methodology will allow you to quickly comprehend the
current situation, increase the reliability of the analysis and justify
the decision on the impact on the controlled system.

The structure of the adaptive system for analyzing and
controlling the behavior of fractional-order chaotic systems is
shown in Figure 3.

I_n_:'SChMH F H RFS H RP

RQA |—-| Chv |>

C(e)

DKY
yes

yes AChV Out
no no
L=
Figure 3: The structure of the adaptive system.
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This structure demonstrates the application of the adaptive
algorithm to the processes observed in the nodes of the power
equipment of hydroelectric power plants [3, 19]. The operation of
the algorithm is based on the principles of synergetic, Poincare’s
return time theorem, covers the stages of analysis of measurement
information, nonlinear recurrent analysis with the construction of
RP, calculations of informative parameters of the system under
study.

Legend:

. SChM - stochastic and chaotic mappings;
F — filter;
RFS — phase space reconstruction;
RP — recurrent diagramming;
RQA - recurrent quantitative analysis;
ChV — characteristic vector generation;
ARP — analysis of recurrent diagrams;
AChV - analysis of characteristic vector;

N —norm setting (L1, Ly, L)

. C — calculation of: correlation integral C (8 ) , new fractional dimension

of Kaplan-Yorke D xy and chaotic
information, recurrent analysis of controlled processes.

3.3. Thermodynamic Information Paradigm

implementation filtering

It is known that in an open system the issues of energy and
matter transformation are considered from the standpoint of
thermodynamics. The formation of an information-theoretical
approach to modeling processes in open systems contributes to
the combination of dynamic and informational components, as a
result of which the development of complex systems begins to be
determined by its information properties as well as their
relationship to the external environment [3, 10, 18, 20, 36].

The theory of dissipative structures that determine
physicochemical processes was developed as an “exchange of
information”, which made it possible to universalize
thermodynamic categories [10, 36].

It is pertinent to note that the dynamics of nonlinear processes
of dissipative systems is also described by Poincare’s theory,
although they were developed for Hamiltonian systems. Also
noteworthy is the relationship between metric entropy and
Poincare recurrence.

3.4. Nonlinear Recurrence Analysis, Recurrence Plots

Visualization of nonlinear recurrent analysis with the
representation of RP allows you to visually assess the dynamics
of the system under study by its texture, topology and color scale,
to study the Al allocated to test the hypothesis about the use of a
control or corrective action [3, 11, 37-41]. As an example, in
Figure 4 shows the operation of the algorithm for searching for
the Area of Interest and extracting it on the sections of the time
series of the chaotic process signal that are of interest to the
researcher (color noise affects the Chen fractional system). The
corresponding recurrent diagrams and distance matrices of the
nonlinear recurrent analysis are constructed for the Areas of
Interest highlighted on the time series chart. [37-39].
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Figure 4: Interaction systems fractional Chen and Color noise:
a —time series; b, ¢, d, e — distance matrix; f, g, h, i —recurrence plots.

3.5. Mixing Issues

Stirring is one of the key concepts in dynamical systems
theory. The analysis of mixing processes of phase trajectories is
an important part of studies of the behavior of chaotic systems.
Lyapunov exponents, FTLE, Lagrangian coherent structures
(LCS) are considered effective visual-informative indicators of
the dynamics of chaotic systems, visual images of which allow
one to assess the chaotic nature of the system, the presence of
features on the trajectories of the system in the phase space.

An example of the spatial structure of FTLE, presented below
(Figure 5), illustrates the features of phase trajectories and
transitions of various states of a chaotic process during mixing
and / or interaction of systems. [27, 28, 32].

1

0 0.2 0.4 0.6 0.8 1
FTLE of the Standard Map
k=0.971500, m=200

Figure 5: Visualization of characteristic parts of complex system behavior
using FTLE.
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4. Application of Artificial Intelligence Methodology for
Research of Complex Technical Systems

The examples of visual information presented above are
necessary for a comprehensive analysis and diagnostics of
ongoing processes and making, on their basis, an informed
decision to control or correct the behavior of a complex system.

Analysis, assessment of the situation and decision-making is
the final stage of research, and is mainly based on various
analytical and visual information (the value and information
content of which is known to everyone), which complements
knowledge based on Visual Thinking. All this predetermined
further steps in the need to use artificial intelligence to solve the
urgent problem of studying the behavior of complex technical
systems [11, 39, 41, 42].

The above was a reasoned prerequisite for the application of
the methodology Deep Learning methods based on Recurrence
NN in the study of vibration processes in complex mechanical
systems [11, 42-50].

The results of preliminary measurements, analyzes,
simulations and transformations are used as input information for
the Input Layer of Deep Learning architecture. The presented data
are generalized and used as new knowledge for further analysis
and evaluation using the Neural Network, which is part of the
Deep Learning algorithm. As showed in Figure 6, the middle -
Hidden Layer, is presented as a Recurrence NN algorithm, the
work of which is to assess the dynamics of vibration processes
taking into account the manifestations of system memory.

Input Layer Hidden Layers Output Layer

|

-

Fractional cimension
Tsalls entogy
Vaplar-Yarke dimension
Poincare retum time
Lyapunov exponent
Generalized, lnss memory

Figure 6: The structure of a recurrent neural network algorithm
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Legend:

Input Layer components - time series of observed vibration processes, Levy's
movements or other influences, recurrent plots of a fragment of the processes
under study, stability of selected Areas of Interest, FTLE-graph of the information
flow interaction area, calculated informative parameters and others; the Hidden
Layer is represented by a recurrent algorithm and system memory, on which the
dynamics and behavior of the system depend; the Output Layer - is the solution
generated by the algorithm.

In addition, the Recurrence Neural Network algorithm in its
work analyzes and uses the results of the calculated informative
system parameters and the choice of control or corrective forces,
taking into account the requirements of operating scenarios, etc.
These algorithms may include the above-described iterative and
evaluation algorithms for analyzing measurement information,
visual images, time series, RP and FTLE plots, Lyapunov
exponents, Tsallis entropy, fractal dimensions and other
information that complements and contributes to a better
understanding of the ongoing processes [27, 42, 44, 46, 48]. The
solution to the problem posed to ensure the reliable operation of
the monitored equipment can be represented as an output layer, in
the form of recommendations to a person who decides on further
actions to operate the equipment.

5. Conclusion

The article presents the main fragments of a large research
work devoted to the problems of analyzing the vibration activity
of complex power electromechanical equipment, presented in the
form of an information model of nonlinear multidimensional
chaotic processes. To generalize a large amount of parametric and
visual information, modern methods of analysis and decision-
making based on them were used. The structure of a deep learning
algorithm based on Recurrence NN and Memory of system is
substantiated and presented. Using DL to analyze and diagnose
the state of a complex electromechanical system subject to
vibration processes will increase the accuracy and speed of
drawing conclusions about its condition and will facilitate
informed decision-making based on all monitoring parameters.
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