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Abstract-

This article studies the development of a cyber-
physical system for diagnosing and forecasting the
technical condition of electric drives in robots used for
construction. The structure of the cyber-physical sys-
tem is described and the defect statistics for asynchro-
nous drives submitted. Additionally, a critical analy-
sis of existing diagnostic methods, the selection of the
optimal set of diagnostic parameters and existing
methods for measuring and analyzing the parameters
used for the drives adopted in construction robots for
is described. Herein, a method capable of distinguish-
ing a faulty state from a load change based on wavelet
transformation and neural networks (diagnosing the
technical condition of robot drives) is proposed. Fi-
nally, we provide the simulation and experimental re-
sults of the proposed method.
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1 Introduction

Increasing the requirements for reliability and efficiency
of construction robots entails the need for constant monitor-
ing of the technical condition of all actuators with further
optimization of the operating mode of individual compo-
nents and hence of all equipment as a whole. This can be
achieved by using a technical condition monitoring system
built into the robot's end-effectos, which continuously
measures parameters with sensor system, analyzing the in-
formation obtained and determining the current technical
condition, forecasting the development of defects, and opti-
mizing the parameters of the object's operation mode. Im-
plementation of this approach to improving the functioning
efficiency of the equipment assumes the integration of com-
puting resources into physical processes, i.e. application of

cyber-physical systems [1]. In such systems, sensors, me-
chanical equipment and information systems are connected
during all stages of the life cycle and interact with each other
using standard Internet protocols in order to predict and
adapt to changes in operating conditions and technical con-
dition of the equipment. The structural scheme of the cyber-
physical predicting diagnosing system of the construction
robot is shown in Figure 1.

The cyber-physical prediction diagnosis system has
five levels: connection, conversion, cloud, cognition and
configuration [2].

At the "Connection" level, sensors are selected and in-
stalled, which can be designed for self-connection and
self-monitoring of the state of the object.

At the "Conversion" level, data from devices with au-
tonomous connection and sensors measure the character-
istics of critical problems and methods for analyzing the
information that will be used to determine possible se-
lected malfunctions.

Storage and processing of large amounts of diagnostic
information is carried out in cloud servers. This will al-
low the information flow and communication between
the drives of various construction robots. Based on that,
the optimization of the technological process starts taking
into account the state of a separate actuating element.

At the "Cognition" level, the results of diagnosing and
forecasting are determined, which are presented to users
and transferred to the mathematical model of the object
for further optimization of the object mode operation.

The application of the cyber-physical approach is to
develop a diagnostic platform. The forecasting systems
will significantly improve the reliability of the construc-
tion robots. Information links between the robots at the
construction site through the Internet protocol will allow
optimizing the entire construction process, depending on
the technical condition of each drive of the executive
equipment. This will maximize performance and mini-
mize the likelihood of failure.
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Figure 1. Cyber-physical system of the technical condition prediction diagnosis for electrical equipment

2 "Connection level organization

The main component powering up the end-effectors
of the robots is the electric drives of direct and alternating
current (e.g. see Figure 2), which operate in a short-time

mode and must have a high overload capacity and dust
and waterproof design criteria known as IP standards.
The main type of drives used in construction robotics is a
medium power asynchronous drive with a squirrel-cage rotor.
The available statistics give the following data on the relative
damage of the nodes of such engines (e.g. see Table 1) [3, 4].

Figure 2. Electric drives in building robots

This figure shows that all engine failures of the aforemen-
tioned type are of mechanical or electrical origin. Thus, multi-
parameters diagnostics methods are used that assume control
of thermal, electrical and mechanical defects at the operating
voltage [5]. In this case, the following applies:

- direct electrical control methods with galvanic connec-tion
to the terminals of the motor leads (measurements or harmon-
ics, or pulsations, or pulses of the supply current and voltage);
- methods of monitoring with the installation of sensors on the
motor housing that fix electromagnetic or sound waves:
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Table 1 Medium voltage motors typical defects

Fault | Percentage failure in operation
Discharge an sparking in current wire 40
Discharge and sparking in insulator. Heating of the terminal box 20
Insulation damage in stator winding 15
Sparking in magnet core. Heating of the defect zone 10
Heating of bearing 9
Discharge in cable insulation 4
Sparking in the squirrel cage 2

measurements of partial discharges, sound waves or ca-
pacitive currents to the ground while monitoring vibra-
tion;

- method of remote control: thermal imaging measure-
ments of the temperature of the engine and bearing sur-
faces.

Joint use of these methods makes it possible to deter-
mine the technical state, but at the present time, the anal-
ysis of diagnostic information is currently done manually
by troubleshooting experts, which is very not cost effec-
tive.

Hence, it is necessary to choose a list of diagnostic
parameters that allow determining all possible classes of
defects, having accepted sensitivity features over the
changes in the values of structural parameters, minimum
composition, accessibility for monitoring, measurement
and software analysis without operator’s involvement,
cost and time effectiveness and sufficient degree of seg-
regation when recognizing individual defects.

Construction robots operate in complex non-deter-
ministic conditions with high alternating loads in condi-
tions of high humidity and dust; their drives are often in-
stalled on a mobile base, which imposes significant re-
quirements for the choice of methods and means of diag-
nosis such as:

- minimum composition of the measured parameters;

- the absence of complex bulky measuring equipment in-
stalled on the drive housing, which can affect the opera-
tion of process equipment;

- the ability to automatically analyze the measured pa-
rameters.

The most common diagnostic parameters for asyn-

chronous drives are a partial discharge, supply and capac-
itive current, vibration and temperature [6]. A compara-
tive analysis of the adequacy of methods based on the
control of these parameters [7, 8], taking into account the
limiting requirements, allows to make the following con-
clusions:
- the diagnostic of mechanical defects in medium power
engines, instead of vibration analysis, harmonic analysis
of motor feed currents (MCSA technology), harmonic
analysis of capacitive currents to ground (CTG technol-
ogy) can be used;

- as for the diagnostic of electrical defects, it is advisable
to combine harmonic analysis of supply and capacitive
currents in the ground circuit.

Analysis of the majority of electrical and mechanical
faults of the asynchronous drive can be detected by mon-
itoring the supply and capacitive current, which can be
measured without the use of special sensors.

3 "Conversion™ level organization

The analysis of current supply harmonics (MCSA-
Technology) consists in the decomposition of the signal
using Fourier transform and amplitude analysis at charac-
teristic frequencies. Each fault has its own characteristic
frequencies, including sub-harmonics, harmonics and in-
tera-harmonics between the spectral lines of the reverse
frequency - fior. FOr example, if there are harmonics of the
reverse frequency (frot, 3fror, Sfrot), there will be misalign-
ment or no parallelism of the motor shafts and the mecha-
nism. With several simultaneous defects of the shafting
line, half and quarter harmonics appear (Yafrot, “%frot, Trot,
1,5fo). With the stator winding, the stator windings fob,
2frot, 3o, €tC.

The analysis of the harmonics of capacitive currents
(CTG-Technology) studies the capacitive currents to
ground. In the case of vibration, the capacities change
with frequencies proportional to the vibration of the ac-
tive part in the engine [9, 10], i.e. it is possible to deter-
mine the regularities of vibration phenomena in the en-
gine itself, and therefore it exceeds the harmonic analysis
of the currents feeding the motor in terms of information.

Schemes for diagnosing the engine when measured on

the motor supply cable, i.e. characteristics of the motor
feeding the network, is possible taking into consideration
two conditional directions:
- the first direction is the low-frequency range represent-
ing the "mechanical defects": the informative character-
istic of which are supply current spikes in the "power sup-
ply wires or motor leads", these defects can be detected
by the harmonic analysis of the supply current (MCSA)
during the galvanic analysis from the supply wire or input
into the motor (e.g. see Figure 3, a).
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- the second direction is for the circuit in the high-frequency
range or "defects of the electric type": the informative char-
acteristic of which is the voltage surges on the "motor power

wires". These defects are fixed by the measurements of pul-
sations (voltage surges) on the motor power cables during
galvanic analysis of capacitive currents from the motor to
ground (CTG) (e.g. see Figure 3, b).

1 - Current sensor;
2 — Measuring device

2

1 1- Connecting capacitor;
2 - Measuring resistance;
3 - Measuring device

Figure 3. General scheme of galvanic connection for measurements and harmonic analysis of the current feeding the motor
a) for the control of "mechanical defects" (MCSA-Technology), b) for the control of defects of “electric nature” (CTG-

Technology).

4 Technical condition diagnosis method

At the present time the most popular method for current sig-
nals analyzing is Fourier transform, which has a number of
disadvantages [11]. This method leads to the loss of valuable
diagnostic information. In general, it is not suitable for use
in the composition of the cyber-physical system.

An analogue of the Fourier expansion is the wave-
let transformation is considered. It treats the signal as a two-
dimensional sweep in time and frequency. The wavelet
functions of the basis allow us to identify local signal fea-
tures that cannot be detected using the traditional Fourier
and Laplace transformations. The wavelet transformation of

a signal is represented in the form of a generalized series or

as Fourier integral over a system of basic functions [12]

Yap () = 1/Nap((t - b)/a), )
constructed from the parent (original), the wavelet w(z)
possesses certain properties, due to the time shift opera-
tions b and the time scale change a. The factor 1/+/a en-
sures that the norm of these functions is independent of
the scaling number a. Small values of a correspond to
small scales 4, (t), or high frequencies (o~1/a), large
parameters of a - to large scale ¥, (t). The wavelet scale,
as a unit of the time-frequency representation of the sig-
nals, is inversely proportional to the frequency (e.g. see
Figure 4).

Fourier frequency (Hz)

150 200 250

Scale, a

Figure 4. Correspondence of the Fourier frequency and the scale of the wavelet
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To troubleshoot using wavelet transforms, it is necessary
to recalculate the Fourier frequencies of the spectrum into
the scale of the wavelet, according to the relationship in Fig.
5. The analysis of the signal at the received characteristic
frequencies allows finding the object malfunctions. A large
number of experiments conducted on DC and AC engines
under various loading conditions made it possible to reveal
the regularity illustrated in Figure 5.

The wavelet coefficients at the characteristic scales of
the healthy and faulty motors significantly differ from
each other. With a serviceable unloaded engine, they
have minor oscillations at start-up, then the process is
practically linearized. When a load occurs, the oscillatory
process at the start of the engine is more pronounced, but
then decreases with repetition at certain periodicity.
While the process is stable, there is no significant incre-
ment in the amplitude of the oscillations with time (Fig.
5, a). The coefficients of the wavelet transformation of
the faulty motor are much lower than the serviceable ones
and have constant oscillations. This phenomena increases
when the load appears (e.g. see Figure 5, b).

The plot of wavelet coefficients on an uncharacteristic
scale for a faulty and faulty motor is identical (e.g. see Fig-
ure 5, c).
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The signal has a high density and small values of wavelet
coefficients, while the signal is regular and completely
repeated at a specified repetition rate. This regularity is
valid for the current, voltage, and vibration for AC and
DC drives.

The received five characteristic signals can be used to
design the identification of the state of electric drives in
the structure of the cyber-physical diagnostic systems
based on an artificial intelligence approach.

To apply the obtained experimental information in
cyber-physical diagnostic systems, it is necessary to de-
velop a method for automatic signal analysis without the
involvement of an expert. One of the methods for solving
this problem is the development of a neural signal classi-
fication network [13]. As the initial data, the values of the
wavelet coefficients are used on a characteristic scale un-
characteristic for the failure (e.g. see Figure 5). As an in-
put, a matrix containing five lines of characteristic sig-
nals is given. The output of the network is the class of
diagnosis: "1" - normal or "2" - defective.

To classify the technical state of an object, a neural
network of direct signal transmission having the structure
shown in Figure 6 is modeled.
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Figure 5. The wavelet current signal: (a) the characteristic scale of the serviceable engine, (b) the characteristic scale
of the faulty engine, (c) the uncharacteristic scale of the faulty and faulty engines
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Input

1

Figure 6. Structure of the neural network classification of the technical state of the electric drive

The network contains three layers: input, hidden
and output layers. The hidden layer has five neurons with
a tangential activation function while the output layer is
a linear neuron. To train the neural network, the Leven-
berg-Marquardt algorithm [14] which is designed to op-
timize the parameters of nonlinear regression models is
used. The network training and validation results are
shown in Figure 7. The output of the neural network is a
vector string containing the given technical state number
"1" - normal, "2" defective. The size of the output vector
is equal to the number of wavelet coefficients. Therefore,
for the convenience of analysis, it is necessary to find the
mean value and round it according to the rules of mathe-
matics. As a result, you can evaluate the status of the di-
agnostic object.

To test the trained network, samples of the training set
were randomly assigned to the input, and the network un-
mistakably assigned them to a given class. The status of the

Gradient = 9.927e-08, at epoch 78
T T

technical condition was checked during the diagnosis of the
induction motor (e.g. see Figure 8). The analysis was per-
formed on a faultless and faulty engine at various rotational
speeds. To simulate a malfunction, an additional resistance
was introduced into one of the phases of the stator winding,
which is equivalent to closing the turns of the stator winding.
This fault can be determined on the first three harmonics of
the reverse frequency.

The wavelet coefficients of the supply current at these
frequencies were fed into the trained neural network, which
unmistakably classified the serviceable engine to class "1",
and the faulty engine to class "2". An analysis of the other
scales of both engines has shown that the state of the engine
belongs to class "1". The received neural network therefore
allows the determination of the technical state and the cause
of the failure.
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Figure 7. Learning outcomes of signal classification neural network
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Figure 8. Experimental researches

A method for diagnosing electric drives of building
robots has been obtained, which makes it possible, with-
out using expensive measuring instruments, to determine
their current state of failure, a malfunction from changing
the operating mode. This will increase the efficiency of
such robots and the quality of construction operations.

The performed efficiency analysis shows that the in-
troduction of the proposed methods makes it possible to
increase the productivity of the facility by 17-18%, the
technical utilization factor by 14% and obtain an eco-
nomic effect if the modernization costs do not exceed
20% of the cost of the facility.

5 Conclusion

In this paper, the design of a cyber-physical system
for diagnosing and predicting the technical condition of
electric drives of construction robots is presented. Fur-
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