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Highlights:
	■ a method for analysing armature rotation irregularity as a parameter for diagnosing traction motors of locomotives is presented;
	■ experiments were conducted using various traction motors to confirm the relationship between armature rotation irregularity and the technical condi-
tion of the traction motor;

	■ statistical indicators (skewness, kurtosis coefficient, and standard deviation) were utilized to assess the technical condition of the motors;
	■ a compact diagnostic system was developed, utilizing only a single sensor for data collection;
	■ the method’s capability to identify mechanical defects in traction motors, including loose fastenings and increased bearing play, has been demonstrated.
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1. Introduction

Traction Electric Motors (TEMs) are among the most load-
ed locomotive equipment from the viewpoint of the com-
plex impact of thermal, electrical, mechanical, and climatic 
factors. Therefore, despite the constant implementation 
of structural and technological measures in the manufac-
ture and repair of locomotives, the level of TEM damage, 
though declining in operation, remains quite high. Under 
operating conditions, it is very difficult to maintain the 
required level of reliability of electric machines. Analys-
ing traction rolling stock malfunctions that occur during 
operation, one can be convinced that the TEMs are the 

most critical nodes of locomotives. TEM failures lead to 
train delays. The cost and time spent on eliminating the 
consequences of TEM failures are significant.

In world practice, technologies for the transition to 
maintenance and repair of equipment in accordance with 
its current technical condition are developing most rapidly. 
The basis of such technologies is equipment control and 
prediction of its technical condition using non-destructive 
testing methods and non-destructive diagnostics. The 
main direction of non-destructive diagnostics of power 
equipment is functional diagnostics in nominal operating 
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modes. According to the ISO 17359:2018, functional diag-
nostics of the working equipment is recommended to be 
performed in line with working and indirect parameters, 
namely, vibration, temperature, electric motor current, 
compositional analysis of the lubricant. Diagnostic tools 
are being actively introduced into the process of repair-
ing electrical machines. The task of diagnostic tools is to 
detect defects at an early stage of growth, to observe and 
predict defect growth. Based on the results of diagnos-
tics, the residual life of the electric motor nodes is deter-
mined, and the scope of repairs and overhaul intervals are 
planned (Bodnar et al. 2013).

2. Review of the related researches

2.1. Methods of monitoring and  
diagnostic of locomotive TEMs 

Conforming to data by Luk’janov et al. (2017), TEMs and 
auxiliary electrical machines of electric locomotives ac-
count for up to 40% of failures of the main equipment 
of electric locomotives. The experience in operating ur-
ban electric transport shows that TEM failures account for 
about 20% of electric transport failures (Pavlenko et  al. 
2017). Damage to Direct Current (DC) TEMs in operation 
accounts for about 20% of all failures and 30% of causes 
of unscheduled repairs of electric locomotives. Statistical 
data on the distribution of failure causes for locomotive 
are given in the research by Bodnar et al. (2013).

The main causes of DC TEM failures are:
	■ insulation breakdown and turn-to-turn short circuit of 
the armature winding – 16...25%;

	■ insulation breakdown and turn-to-turn short circuit of 
the main, additional poles and compensating winding – 
12...16%;

	■ commutation failure (ring fire) – 8...16%;
	■ damage to anchor bearings – 14...16%;
	■ violation of disoldering of the armature winding connec-
tions in the commutator necks – 5...6%.

For Alternating Current (AC) TEMs, the distribution of 
failure causes is as follows:
	■ damage to stator elements – 38%;
	■ damage to rotor elements – 10%;
	■ damage to bearing – 40%;
	■ other damages – 12%.

A significant number of publications and scientific 
works are devoted to the issue of monitoring, diagnos-
ing the technical condition, and testing electric machines. 
Among the diagnostic characteristics of electrical ma-
chines, temperature, vibration, and insulation resistance 
of the components of the electrical machine are distin-
guished.

Works by Kapitsa et al. (2018, 2019) describe problems 
of operational diagnostics of TEMs and methods of pre-
dicting the condition of insulation of electrical machines. 
Research by Kapitsa et  al. (2018) analyses indicators by 
which the condition of insulation of TEMs can be deter-
mined. It is proposed to determine the condition of insula-

tion by the value of the reverse voltage using absorption 
coefficients. The methodology for defining the limit values 
of predicted parameters and estimating the residual life is 
given in the research by Kapitsa et al. (2019). The authors 
suggest determining the limit parameters of the isolation 
condition and estimating the residual life with the help of 
methods of cluster and discriminant analysis. The evalua-
tion of the insulation condition is performed on the basis 
of the recovery curve analysis of the reverse voltage.

A number of works are devoted to the monitoring of 
the technical condition of electric machines based on the 
analysis of the current consumption spectrum. The meth-
ods are based on the fact that any disturbances in the 
work of the electric or mechanical part of the electric mo-
tor and the mechanism associated with it lead to a change 
in the magnetic flux in the gap of the electric machine and, 
as a result, to the modulation of the current consumed by 
the electric motor.

The article by Serdjuk (2018) presents the results of 
the analysis of the spectrum and amplitudes of harmon-
ics, which are typical for various types of induction motor 
failures. The application of the proposed monitoring sys-
tem allows for detecting malfunctions at an early stage, 
minimizing the costs of damage elimination, and also later 
making a transition from scheduled preventive repair to 
repair according to the condition of the object. The meth-
od for determining defects in bearings of electric motors 
based on the spectral analysis of the current is given in 
research by Sakaidani & Kondo (2018). The authors use 
machine-learning methods to define bearing failure based 
on the analysis of current leakage. The proposed monitor-
ing system automatically defines the technical condition of 
the bearings. The system envisages 2 technical conditions: 
(1) normal operation and (2) abnormal conditions. The im-
pact of the irregularity in the distribution of the magnetic 
field in an induction motor on the occurrence of a mal-
function is described in article by Asad et al. (2020). As a 
result of an irregularity in the distribution of the magnetic 
field, additional harmonics arise in the voltage and cur-
rent of the electric motor stator. Using modern methods 
of modelling and analysis has made it possible to theo-
retically determine the relationship between the fault and 
the signal spectrum. The obtained modelling results were 
confirmed experimentally.

Using the digital twin technology for monitoring the 
condition of vehicle electric motors is discussed in the 
research by Venkatesan et al. (2019). On the basis of de-
veloped mathematical models, artificial intelligence tech-
nologies and fuzzy logic, the condition of the vehicle is 
monitored by the temperature parameters of the electric 
motor.

The methodology has been developed for vibration 
diagnostics of electrical machines at the initial stage of 
defect growth, rotor assemblies, and bearings. The use of 
vibration diagnostics is considered quite fully in works by 
Barkov & Barkova (2013) and Malla & Panigrahi (2019). 
As a rule, when diagnosing defects of a mechanical and 
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electromechanical nature, vibration parameters are used 
as a diagnostic feature.

In the work by Barkov & Barkova (2013), it is noted that 
the parameters of the own housing vibration in the electric 
motor reflect the technical condition of almost all motor 
elements. The authors note that monitoring the current 
parameters of an electrical machine can detect approxi-
mately 16% of all defects, temperature monitoring – 20%, 
and vibration monitoring – 80%. That is, monitoring the 
level of vibration of an electrical machine allows you to 
notice 80% of violations in the operation of an electrical 
machine.

On the other hand, the causes of vibration are forces 
of mechanical, electromagnetic, and aerodynamic origin. 
The main cause of the increased vibration of electrical ma-
chines is imbalance. Its presence leads to accelerated wear 
of bearings, the armature shaft, and other components of 
the mechanism, an increased level of noise, a decrease 
in coefficient of efficiency, etc. The wide use of vibration 
diagnostics methods is due to both the sufficiently high 
level of scientific and technical developments and the sim-
plicity of measurement implementation. The disadvantage 
of vibration diagnostics systems is that vibration control 
does not always allow one to divide the root causes of 
mechanical, electrical, and aerodynamic nature, which lead 
to the occurrence of vibration.

Vibration monitoring allows recording the fact of the 
deterioration of the technical condition in the electrical 
machine, at this, the causes of vibration can be both me-
chanical and other in nature. Most research is focused on 
identifying the causes of vibration of a mechanical nature.

The operating conditions of electrical machines, as a 
rule, do not allow monitoring the vibration of only the 
electrical machine itself, since the level and character of vi-
bration are affected by the devices and mechanisms (gear-
boxes, pumps and other types of power transmissions) to 
which the electric motor is connected. As a result, the 
monitoring of vibration parameters allows for detecting 
anomalies in the work of the equipment while operating, 
the detection of the causes of the anomaly should be car-
ried out in the conditions of bench tests and diagnostics.

In addition, the causes of vibration in the locomotive 
TEM may be the presence of malfunctions of the wheelsets 
and the traction gearbox. Research showing the relation-
ship between the level of the TEM vibration and wheel flat 
lengths is given in research by Zhou et al. (2021). The au-
thors show that by measuring the vibration of the traction 
motor in operation, it is possible to define the presence 
of a wheel flat on the wheelset. The presence of impact 
of malfunctions in wheelsets and traction gearbox on the 
vibration level of the TEM in operation requires additional 
test vibration diagnostics for the TEM to localize the cause 
of vibration during technical inspections and repairs. 

Based on the above, it is possible to conclude about 
the relevance of improving the methods and means of 
vibration diagnostics of electrical machines.

2.2. Methods of processing measurement results

In addition to measuring physical quantities with the 
help of which the technical condition of the object under 
monitoring and diagnostics is determined, the method of 
processing and analysing the results of diagnostics is im-
portant. The task of methods for processing the results of 
diagnostics is to determine the fact of a malfunction and 
classify the type of malfunction. Model-based and data-
driven approaches are defined as the main methods for 
analysing the results of diagnostics, the analysis of these 
approaches is in the work by Garramiola et al. (2018). The 
model-based approach is the development of an analytical 
simulation model of the monitoring object. The analysis 
of the technical condition of the object is performed by 
comparing the behaviour of the real system and the simu-
lation model. The deviation value in the behaviour of the 
model and real systems is used to detect malfunctions and 
anomalous behaviour of the monitoring object. The dis-
advantage of the model-based approach is that in order 
to detect a specific malfunction, it is necessary to create 
an analytical model of the operation for the monitoring 
object for each type of failure. The creation of an adequate 
analytical model to detect the anomalous technical con-
dition of the monitoring object and the identification of 
failures requires significant costs and cannot always be 
implemented due to the complexity of the mathematical 
description of the monitoring object.

The data-driven approach is based on the analysis of 
data obtained from the monitoring object using Industrial 
Internet of Things (IIoT) technology and other information 
measuring tools. As a result of the measurement, a set of 
data is obtained in the form of signals that characterize the 
technical condition of the monitoring object. Determining 
the technical condition and identifying the malfunction is 
performed based on the comparison of the behavioural 
templates of the system in the past. That is, for reliable 
identification of a malfunction, it is necessary to gather 
a sufficient number of statistics (templates) that allow to 
reliably divide the technical condition of the monitoring 
object. Accordingly, the work by Garramiola et al. (2018) 
singles out approaches based on signal analysis, statisti-
cal analysis, and the use of expert systems. The approach 
based on signal analysis involves the processing of sen-
sor signals using mathematical processing methods such 
as wavelet analysis (Bodnar et al. 2018b), spectral analysis 
(Saleem et  al. 2012), Fourier transform (Malla, Panigrahi 
2019), and other signal processing methods. Each of the 
methods has its own advantages and sphere of applica-
tion. As a rule, in modern systems, the results of signal 
processing are further analysed using artificial intelligence 
methods (Lis et al. 2021).

The data-driven approach also includes an approach 
based on the use of statistical methods of analysis. Statis-
tical methods are used to quickly analyse signals without 
additional processing. In research by Malla & Panigrahi 
(2019), fundamental statistical parameters for evaluating 



Transport, 2025, 40(1): 24–34 27

signals are pointed out. The advantage of the static ap-
proach is the simplicity in the calculation, which makes it 
possible to use this approach to create monitoring sys-
tems and find anomalies in the operation of equipment. 
The disadvantage is that, as a rule, statistical methods al-
low to determine the fact of anomalous work, but do not 
allow classifying the cause of the anomaly. A significant 
number of statistical methods are based on evaluating the 
distribution law of the measured signal, comparing the 
correspondence of this signal to the Gaussian distribution, 
and calculating the measures of the mean (for example, 
3×s), determining the interquartile range, etc. Such a sim-
plified approach is effective in the case when the condi-
tion of the monitoring object is described by one signal. 
If the condition of the monitoring object is described by 
a significant number of signals, it is not always possible 
to detect anomalies in the early stages using statistical 
analysis of the parameters set. In this case, it is advisable 
to use dimensionality reduction methods, such as Principal 
Component Analysis (PCA). The analysis of the set of sig-
nals from the received sensors installed on the monitoring 
object with the use of PCA allows for the formation of new 
diagnostic parameters that characterize the technical con-
dition of the monitoring object from various technical as-
pects. The work by Bodnar & Ochkasov (2021) points out 
an example of the implementation of such an approach 
where the diagnostic parameters formed using PCA are 
proposed to be called latent parameters. The obtained 
latent parameters are used for further analysis, while the 
dimension of the parameter set that is under control is 
significantly reduced, simultaneously, the amount of in-
formation about the technical condition of the controlled 
object remains unchanged. An example of using latent 
parameters to calculate the technical condition index is 
presented in the article by Bodnar et  al. (2021). Static 
methods may also include signal analysis methods based 
on the calculation of metrics that characterize the distance 
of each signal value from other observation data. Examples 
of such methods are the k-NN method (k is the Nearest 
Neighbours) (Lu et al. 2021), the Local Outlier Factor (LOF) 
method (Zhao et al. 2017), and others.

Knowledge-based methods of data analysis from the 
monitoring object belong to a separate group of meth-
ods. Knowledge-based methods can be considered an 
improvement of statistical methods. Such methods in-
clude autoregressive methods of Time series analysis 
(Munir et al. 2019; Li et al. 2019), methods of fuzzy logic 
(Udovenko et al. 2020; Dacun 2015), and the use of neural 
networks for data analysis has also become widespread 
(Al-Janabi, Saeed 2011; Kljushnyk 2017).

Modern methods of analysis use a combination of 
the considered methods, examples of which are given in 
articles by Udovenko et  al. (2020) and Basaran & Fidan 
(2021). The approach focused on the step-by-step use of 
the considered approaches became widespread (Al-Janabi, 
Saeed 2011). At the initial stage, deviation detection is per-
formed (fixation of the fact in the anomalous behaviour of 
the monitoring object). At subsequent stages, deviation 

classification is performed, that is, the technical condition 
of the object is assigned to one of the technical condi-
tions known to the system. This distribution of functions 
in monitoring and diagnostic systems allows controlling 
the condition of the object with high velocity (in real-time 
mode) without using powerful computing resources. If an 
anomaly is detected in the operation of the monitoring 
object, the classification of the technical condition is per-
formed using more powerful computing tools and analysis 
methods.

Thus, for the effective operation of monitoring systems, 
it is necessary to create simple and reliable methods for 
determining anomalies. Such methods can include static 
methods, due to their relative simplicity and availability of 
results interpretation.

3. Research methodology

The purpose of the article is to improve the monitoring 
and testing systems of traction motors due to the intro-
duction of the latest methods and technology for diag-
nostics by the processing of rotational frequency of the 
armature shaft. This part of the research describes techni-
cal means of measuring equipment and methods of pro-
cessing the results of measuring.

3.1. Methods of processing  
measurement results

One of the improvements in the systems for monitoring 
the technical condition of electric motors can be the in-
troduction of means for determining the rotation irregu-
larities of the armature shaft in the electric motor (Bodnar 
et al. 2013). The choice of the rotation irregularities of the 
armature shaft in the electric motor is explained by the 
fact that it is the rotation irregularities of the armature 
shaft are the primary factor that causes vibration of the 
TEM. The introduction of means of measuring the rotation 
irregularities of the armature shaft in the TEM will allow to 
more accurately determine the quality of the repair of the 
mechanical and electromechanical parts of the TEM.

Technical means for diagnosing the rotation irregulari-
ties of the motor shaft are much cheaper, and when us-
ing modern measuring systems, it is possible to obtain a 
sufficient amount of diagnostic information. In addition, 
only one sensor is installed on the electric motor in the 
diagnostics based on the rotation irregularities, while in 
the diagnostics by vibroacoustic methods, it is necessary 
to install a large number (up to several tens) of sensors, 
which increases the complexity of the process and reduces 
the reliability of the diagnostic equipment.

At the moment, there is a large number of various an-
gular displacement sensors, for example, induction, op-
tical, and others. However, based on their characteristics 
and requirements for the sensor, not all of them can be 
used to diagnose the TEM by the angular frequency of 
rotation of the armature shaft.
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Based on the above requirements, the incremental 
optical sensor of the angular displacement (encoder) is 
more in line with them. The device for diagnosing rotation 
irregularities of the armature shaft is compact, and the 
signal from the optical incremental encoder is recorded 
on a portable computer. This ensures great mobility of the 
diagnostic complex.

The authors developed a diagnostic and measuring 
device for measuring the rotation irregularities of the ar-
mature shaft. The structural diagram is shown in Figure 1.

The sensor is installed on the technological cover of 
the bearing shield from the side of the collector. Using 
the adapter, the encoder shaft is rigidly connected to the 
armature shaft. The number of pulses (resolution) during 
measurements is 625 pulses per one complete revolution 
of the shaft.

By processing the signal from the incremental sensor, 
it is possible to obtain information about the current value 
of the rotational angle of the shaft relative to the reference 
index mark (by the method of chained addition), as well as 
about its angular velocity.

3.2. Methods of processing the results  
of measuring the rotation irregularities  
of the armature shaft of the TEM

When analysing the rotation irregularity signal, frequency 
analysis methods, filtering algorithms, calculation of signal 
parameters, spectral analysis, and several other methods 
are used. Given that the rotation irregularity of the arma-
ture shaft in the TEM is the cause of the vibration of the 
traction motor, methods of vibration signal analysis can 
also be used to analyse the irregularity signal. Analysis of 
the vibration signal is performed using the methods of 
spectral and statistical analysis, and autocorrelation meth-
ods. The authors propose to use the existing methods of 
statistical analysis for the vibration signal to analyse the 
signal of rotation irregularity of the armature shaft. Be-
cause, these methods allow you to determine the fact of 
abnormal technical state of the electric motor without the 
use of additional signal processing and the use of signifi-
cant computing resources. When statistically analysing a 
signal, the distribution of the signal into components is 
not performed, but the shape of the density of the prob-
ability distribution of the signal is analysed. The originality 
of the proposed approach is the use of the existing pro-
cessing method for the analysis of a new type of diagnos-
tic signal in the locomotive TEM.

Statistical methods for the analysis of irregularities are 
used in those cases when it is impossible to accurately set 
the value of irregularities at any moment of time t or to es-
tablish an exact relationship between its values that differ 
by the time interval Dt, i.e., when the signal of irregularities 
is a stochastic, random process. In practical diagnostics, 
only some of the basic methods of one-dimensional sta-
tistical analysis of rotation irregularities or vibration are 
usually used.

Thus, 1st of such methods is the quantitative assess-
ment (p-value) of the correspondence between the pa-
rameters of the real distribution of the probability density 
p(x) for the measured signal and the parameters of the 
normal distribution law. A p-value greater than 0.05 indi-
cates that the statistical data is distributed according to 
the normal law.

The 2nd method consists in determining the limit val-
ues for each of the selected parameters of irregularities, 
which divide the objects of control into classes with differ-
ent properties by the results of periodic control of these 
parameters.

Accordingly, in articles by Malla & Panigrahi (2019) and 
Bodnar et al. (2018a) standard measures of the average, 
as well as the following parameters, are used as statistical 
parameters for vibration signal analysis.

The peak factor of the signal:

( ) ( )( )= ⋅ −
1 max min  
2 i ipeak x x , 	 (1)

where: xi – value; max(xi) – the highest signal value during 
the measurement period; min(xi) – the smallest value of 
the signal during the measurement period.

The peak factor is not a statistical value and is not al-
ways a reliable indicator of failure. Erroneous data caused 
by errors and uncertainty in measures can have a signifi-
cant impact on the peak factor. As a result, it is more ap-
propriate to use the value of the standard deviation of the 
signal for the rotation irregularities of the armature shaft 
when monitoring the motor condition. Peak factor and im-
pulse factor are used as statistical indicators.

The crest factor CF is the peak amplitude of the signal 
divided by the root-mean-square value of the signal:
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Impulse factors characterize the ratio of peak of the 
signal to measures of the average value of the signal. The 
crest factor shows the ratio of the peak values to the ef-
fective value of the signal. This indicator reflects how ex-
treme the peaks in the form of a signal are. A value of 

Figure 1. The structural diagram of the diagnostic and meas-
uring device
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the crest factor, which is equal to one, indicates the ab-
sence of peaks. The value of the indicator will increase in 
the presence of pulses that have a larger amplitude than 
the background signal, and the values of the pulses are 
not large enough to significantly increase the root-mean-
square level of the signal.

The main task of many statistical analyses is to charac-
terize the location and variability of the data set. Analysis 
of the shape of the signal distribution law on the rotation 
irregularities of the armature shaft can also be used to 
evaluate the technical condition of the TEM. Most often, 
the probability density of a random variable is distributed 
by the normal law. In the presence of electrical machine 
defects, the probability density of random vibration p(xi) 
begins to differ from the normal distribution. To quantify 
this difference, the 3rd and 4th moments of the distribu-
tion, called the skewnesses are used.

Skewness is a measure of symmetry, or rather, lack 
of symmetry. A distribution or data set is symmetric if it 
looks equally to the left and right of the center point. A 
deviation from zero of the skewness may correspond to 
the appearance of shocks and the occurrence of rotation 
irregularities of the armature shaft.
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where: SF – skewness (asymmetry coefficient of the data 
distribution); x  – average value.

In addition to the skewness, the kurtosis coefficient is 
used. Kurtosis coefficient characterizes the relative sharp-
ness or smoothness of the distribution compared to the 
normal distribution. Data sets with high kurtosis coefficient 
tend to have heavy tails or outliers. Data sets with low 
kurtosis coefficient tend to have light tails or no outliers.
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where: KF – kurtosis coefficient.
Each considered statistical indicator has unique prop-

erties and allows obtaining a certain amount of informa-
tion about the condition of the monitoring object. The use 
of statistical indicators to monitor the condition of electric 
motors based on the rotation irregularities of the armature 
shaft is relatively simple and cheap to implement. Analysis 
of changes in metrics over time will allow detecting the 
start in the failure development at the early stage (poten-
tial failure) and planning measures to prevent functional 
failure.

4. Experimental research

Experimental research was carried out using the diagnostic 
and measuring device for measuring the rotation irregu-
larities of the armature shaft. The purpose of the research 
is to determine the relationship between the rotation ir-
regularities of the armature in the TEM and damage to the 
TEM nodes. Experimental research was carried out dur-
ing tests of the ČME3 diesel-electric locomotive (Czechia) 
synchronous TEM testing workbench (without load) in the 
conditions of a locomotive depot. Diagnosing the rotation 
irregularities of the armature carried out when the electric 
motor is running without load, the encoder was connected 
to the armature shaft using a technological cover.

4.1. Measurement results

4  different TEM were selected for the tests, and one of 
the TEM (motor m1) after the periodic repair, and the 
other 3 motors (m2, m3 and m4) without repair. During 
the disassembly of electric motors m2, m3 and m4, the 
following defects and malfunctions were found: loosening 
of the fixing and, as a result, loosening the front pressure 
washer on the shaft, microcracks in the welded connection 
of the front pressure washer with the armature shaft (mo-
tor m2), corrosion of the surface of the rolling elements 
of the anchor roller bearings, exceeding the permissible 
radial clearance of the anchor roller bearings (motor m3), 
a decrease in the insulation resistance of the armature 
winding, an increase in the radial clearance (motor m4), in 
the electric motor m4, the radial clearance of the bearings 
was equal to 0.13 mm and 0.17 mm at the limit value of 
0.20 mm.

Experimental research was carried out in the running-
out mode – reduction of the rotating velocity from the set 
value of the rotating velocity until the anchor stops.

To control the technical condition of the mechanical 
part in the electric motor, it is advisable to use the signal 
measurement results of the rotation irregularities of the 
armature shaft in running-out mode. The test in running-
out mode is in the fact that the armature of the motor 
spins up to a set value of the rotating velocity, after which 
the power is turned off, the armature of the electric motor 
continues to rotate under the impact of inertial forces. A 
feature of the running-out mode is that the TEM armature 
shaft stops under the impact of frictional forces. Exam-
ples of the usage of the running-out mode for equipment 
diagnostics are given in works by Bodnar et  al. (2018a, 
2018b) and Evgrafov et al. (2019). The use of high-preci-
sion sensors allows you to record the rotation irregularities 
of the shaft, which are caused by the non-uniformity of the 
resistance forces. When testing the motor in running-out 
mode, the average rotating velocity is constantly chang-
ing, so the results of measurements for one revolution are 
used for statistical analysis. The measurement results for 
electric motors m1…m4 are shown in Figure 2.

As is seen from the graphs (Figure  2), the rotation 
frequency of the armature shaft in the electric motors 
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m2 and m3 has a pronounced irregularity. That is, during 
one revolution of the armature shaft, significant changes in 
the instantaneous rotation frequency occur, which in turn 
leads to an increase in the vibration of the traction motor. 
The presence of loosening the front pressure washer of the 
shaft in the electric motor m2 is manifested in the graph 
by a sharp decrease in the rotation frequency (approxi-
mately a rotation angle of 300°). Exceeding the permissible 
radial clearance of the armature bearings in the electric 
motor m3 is manifested by oscillations in the instanta-
neous rotation frequency of the armature shaft over the 
entire observation interval. As for electric motors m1 and 
m4, the graphs of instantaneous rotation frequency have 
a smoother shape, there are no significant changes in the 

oscillation frequency. The presence of increased radial 
clearance of the armature bearings in the electric motor 
m4 is manifested in the form of increased oscillations of 
the armature rotation frequency in the electric motor m4 
compared to the electric motor m1.

Performing a visual analysis of the obtained graphs 
makes it possible to determine the technical state of the 
mechanical part in the traction motor while requiring the 
involvement of qualified specialists with significant ex-
perience. Analysis of the obtained results to define the 
technical state of the traction motor can be realized using 
information systems that perform statistical analysis of the 
signal for rotation irregularity of the armature shaft.

4.2. Processing of the results

For a visual display of the measurement results, diagrams 
of the range of values for the angular rotating velocity of 
the armature shaft are constructed. Figure  3 shows the 
distribution of angular velocity values with quartiles, in-
terquartile range, median value, and anomalous numbers. 

As can be seen from the Figure 3, the distributions for 
electric motors m2 and m3 have a significant number of 
outliers and are not symmetrical, which indicates the pres-
ence of mechanical damage in these electric motors. The 
statistical distributions of rotating velocity in electric mo-
tors m1 and m4 have a symmetrical distribution. The me-
dian values of the electric motors m1 and m4 distributions 
are close to the mean value. The distributions of electric 
motors m2 and m3 have a non-symmetrical distribution, 
the median value is shifted towards the maximum values, 
and there is also a significant number of outliers in the 
range of minimum values.

Figure  2. Instantaneous rotation velocity of the armature 
shaft in the TEM in the running-out mode (one revolution)
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Figure 3. Diagrams of the statistical distribution of the angular rotating velocity of 
the armature shaft
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One of the statistical criteria for the good technical 
condition of the equipment is compliance with the statisti-
cal law of distribution. Figure 4 shows the histograms of 
the angular velocity distribution of the motors.

For clarity, the histograms show the theoretical distri-
bution that corresponds to the normal law, the average 
value and limits in ±3×s range for values of the angular 
velocity of the armature shaft (where s is the root-mean-
square deviation). The electric motor m1 after repair has 
the greatest correspondence between the theoretical 
and empirical distributions of the angular rotation veloc-
ity of the armature shaft. Despite the fact that the radial 
clearance of the anchor bearings in electric motors m4 is 
0.13…0.17  mm with a norm of 0.20  mm, the histogram 
of the frequency distribution shows the deviation of the 
empirical distribution of the angular frequency from the 
theoretical distribution. At the same time, the distribu-
tion for the electric motor m4 is symmetrical with a small 
number of abnormal values. The distributions of electric 
motors m2  and m3 reflect the presence of a significant 

number of outliers, the distributions are not symmetrical, 
the shape of the distribution does not correspond to the 
normal distribution law.

From Figures 3  and 4, the analysis of the graphical 
display of the values of the controlled values allows us 
to determine the presence of deviations that indicate the 
deterioration in the technical condition of the equipment. 
At the same time, it should be noted that the practical use 
of graphical analysis is appropriate in laboratory condi-
tions or during test tests in cases where there is no need 
for quick interpretation of results and there is no auto-
mated analysis. It is also difficult to analyse the dynam-
ics of process development using only graphic images. In 
production conditions, when monitoring is carried out, it 
is advisable to use information systems that operate much 
better with numerical values of characteristics. In this re-
gard, calculating the statistical indicators of the values for 
the angular rotating velocity of the armature shaft in the 
electric motor was done. The calculation results are given 
in the Table.

Figure 4. Histograms of the angular velocity distribution for the TEM
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Table. Results of calculating the statistical indicators for running-out mode

Indicator
TEM

m1 m2 m3 m4
Distribution of the probability density p(x) 0.800 0.00 0.00 0.02
Peak factor peak 9.870 67.00 39.77 20.49
Standard deviation (x) 3.820 14.55 16,60 7.34
Crest factor CF 2.590 4.60 2.35 2.79
Impulse factor IF 0.025 0.16 0.10 0.05
Kurtosis coefficient KF –0.136 28.40 0.37 0.32
Skewness SF 0,023 –4.71 –1.11 0.21
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5. Discussion of results

The result of the p-value calculation confirms that the sta-
tistical distribution of the angular rotating velocity of the 
armature in electric motor m1 corresponds to the normal 
distribution law. The value of p-value for electric motor 
m4 does not confirm the normal distribution of the angu-
lar rotating velocity. Thus, it can be asserted that compli-
ance with the normal law of the angular rotating velocity 
of the armature in electric motor is a sign of the good 
technical condition of the TEM.

Rocking the front pressure washer on the shaft, mi-
crocracks in the welded connection of the front pressure 
washer with the armature shaft in the electric motor m2 
led to a significant excess of such indicators as the peak 
factor, impulse factor, crest factor for this electric motor 
in comparison with other electric motors. Exceeding the 
values of electric motor m2 pulses indicates the presence 
of extreme peaks in the waveform. Since the electric motor 
m2 had significant malfunctions of a mechanical nature, it 
is possible to conclude that exceeding the peak factor and 
impulse factor values indicates an emergency condition of 
the electric motor.

Corrosion on the rolling elements surface of the anchor 
roller bearings, exceeding the permissible radial clearance 
of the anchor roller bearings in the electric motor m3 are 
manifested not so much due to the impulse factors as 
due to the root-mean-square deviation. That is, this type 
of malfunction is manifested to a greater extent due to 
fluctuations in the angular velocity in a wide range, with-
out the presence of sharp changes in the form of pulses. 
Similarly to the electric motor m4, the approach of the 
radial gap of one of the bearings in the electric motor 
m4 to the limit value of 0.20 mm is also manifested by an 
increase in the root-mean-square deviation of the signal.

A value of the skewness close to zero (corresponding 
to the normal distribution law) is also a sign of the good 
technical condition of the electric motor. An increase in 
the skewness indicates the deterioration of the technical 
condition. A feature of using the skewness in running-out 
mode is that the absolute value of this indicator can be 
used as a measure of resistance forces. That is, the greater 
the absolute value of the skewness, the faster the angular 
velocity decreases, which is characteristic of electric mo-
tors m2  and m3. On the other hand, the presence of a 
pulse component in the signal also leads to an increase 
in skewness, electric motor m2 is an example. Therefore, 
it is more expedient to perform simultaneous analysis of 
several indicators.

The presence of a pulse component (outliers) in the 
signal corresponding to the electric motor m2 is empha-
sized by the high value of the kurtosis coefficient. For 
other motors, the kurtosis coefficient is significantly less 
than that in motor m2.

The analysis of the statistical indicators determined as 
a result of the calculation allows to identify the working 
and faulty condition of the electric motor. Such identifica-
tion can be performed by evaluating the correspondence 

of the distribution law of the angular rotating velocity of 
the armature shaft to the normal distribution law. It should 
be noted that such an evaluation allows only to answer the 
question of a working/faulty technical condition. Deeper 
analysis can be performed by determining such indicators 
as root-mean-square deviation, peak factor, impulse fac-
tor, crest factor, kurtosis coefficient and skewness.

Taking into account the current trends in the develop-
ment of machine-learning technologies, the introduction 
of Industry 4.0  approaches, the transition to predictive 
maintenance in the process of managing the technical 
condition of equipment, the determination of the technical 
condition of equipment using artificial intelligence tech-
nologies is relevant. Despite the significant achievements 
in the development of algorithms and methods for find-
ing anomalies, classifying conditions, predicting processes, 
etc., the basis of the successful operation of such systems 
is the quality of input data preparation, the preliminary 
calculation of features that describe the physical principles 
of the processes under research. In this regard, it is rel-
evant to use the considered statistical indicators as input 
data for automated systems in monitoring the technical 
condition and preventing the occurrence of equipment 
failures in operation.

6. Conclusions

The rotation irregularity of the armature shaft in the TEM 
is one of the causes of vibration on the motor frame. The 
vibration is a consequence of the rotation irregularities of 
the armature. To detect failures of a mechanical nature in 
the electric motor, it is advisable to perform an analysis 
of the rotation irregularities of the armature shaft in the 
running-out mode.

The conducted analysis of the rotation irregularities of 
the armature shaft in electric motors confirmed the exist-
ence of a connection between the rotation irregularities 
and damage to the mechanical part in the electric motor.

During the existence of vibroacoustic diagnostics, a 
significant number of vibration analysis methods have 
been gathered, which can also be applied to the analysis 
of rotation irregularities. The same methods and indicators 
as for the vibration analysis can be used to analyse the 
rotation irregularities. 

The use of statistical indicators in the analysis makes 
it possible to determine the fact of anomalous technical 
condition of the electric motor without the use of addi-
tional signal processing and the use of significant comput-
ing resources.

An assessment of statistical indicators obtained as a 
result of the calculations allows us to distinguish between 
a working and a faulty state of the TEM. Such an assess-
ment can be made by evaluating the correspondence of 
the distribution law for the angular velocity of the arma-
ture shaft rotation to the distribution law, which is nor-
mal. It is important to note that this assessment can only 
answer the question about the working or faulty state of 
the TEM. A more in-depth analysis can be performed by 
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determining parameters of the irregularity signal such as 
root-mean-square deviation, crest factor, impulse factor, 
kurtosis coefficient, and skewness.

Based on the analysis, a relationship was established 
between the increase in the root-mean-square deviation 
of the signal of the rotation irregularity of the armature 
shaft and the value of the radial clearance of the armature 
bearings. An increase in the pulse and crest factors of the 
rotation irregularity signal of the armature shaft indicates 
significant mechanical malfunctions in the TEM.

The proposed method of diagnosing the mechanical 
part of the TEM has limitations caused by the method of 
measuring the signal of the rotation irregularity of the ar-
mature shaft. The use of this method for measuring the 
signal of the irregularity can be used during bench tests of 
the traction motor without load. Such tests can be useful 
in assessing the technical state of the motor after major 
and current repairs.
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