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Real-Time Assessment of the Technical Condition of Traction Motors Using
Machine Learning and IoT Technologies

Purpose. The purpose of this research is to analyze machine learning algorithms, select the most accurate and
efficient algorithm for diagnosing the technical condition of an induction traction motor based on operating parameters
such as temperature, noise, and vibration, and study the features of using Internet of Things (10T) technology to assess
technical conditions in real time. Methodology. The machine learning algorithm suitable for diagnosing the technical
condition of asynchronous traction motors was identified through analysis and comparative methods.
Findings. Machine learning algorithms were analyzed, and two distinct algorithms, K-means and Extreme Machine
Learning (EML), were selected for diagnosing the technical condition of asynchronous motors. The algorithms were
compared based on performance metrics such as accuracy, specificity, sensitivity, positive predictive value, and
negative predictive value. The results revealed that the EML algorithm outperformed K-means in these metrics,
achieving an overall performance score of 93%. Originality. A novel system was proposed that integrates a machine
learning model with loT technology for real-time diagnostics of the technical condition of traction electric motors.
This innovative approach enables dynamic monitoring of the motor's technical state. Compared to traditional
temperature diagnostic systems, such a multi-parameter system will allow you to determine a specific malfunction.
Practical value. The proposed system, based on a machine learning model, evaluates the technical condition of
traction motors in real-time using loT. It provides recommendations on when maintenance should be performed, based
on the actual condition of the motor. The system allows for maintenance planning based on real-time diagnostics,
facilitating a shift from scheduled maintenance to predictive maintenance strategies. This, in turn, increases
operational lifespan and minimizes unplanned downtime. By leveraging 10T, the diagnostic system can integrate with
motor control systems or SCADA systems, enabling remote monitoring and control of motor operations.

Keywords: traction motor; technical condition monitoring; fault detection; intelligent diagnostics; machine
learning algorithms; predictive maintenance

Introduction reliability of asynchronous motors, it is also
possible to have some inevitable failures due to
overloads, mode changes, especially during
transportation, variable environmental effects,
failures during installation and maintenance, etc. It
is known that failures associated with asynchronous
motors are generally divided into two broad
categories: electrical failures and mechanical
failures [2, 7].

Nowadays, asynchronous motors are the most
widely used electric machines to drive mechanisms
in various fields such as transportation,
manufacturing, petroleum, and energy systems
industries. 40-60% of the electric energy produced
in the world is consumed by asynchronous motors
with high reliability and efficiency, low cost, and
stable operating speed. In addition to the high
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Electrical faults consist of stator faults and rotor
faults, while mechanical faults include eccentricity
(imbalance), bearing, and shaft faults. Statistically,
among these, mechanical faults, especially bearing
faults, are a serious problem for motors.

Purpose

Bearings being an important equipment in the
traction motor, the main purpose of its application
is to ensure high speed and less friction. Heavy
loads, increased mechanical stress, pollution, etc.,
cases can cause defects in the form of cracks on the
surface of the bearings. In addition, increased loads
can increase the severity of cracks, which are the
main cause of bearing failure. To overcome these
challenges, faults must be detected and diagnosed
carly as part of preventive maintenance. Early
diagnosis and detection of faults is also one of the
most important issues in transportation, as it is an
important tool to prevent damage that can cause
disruptions in the entire system.

Preventive maintenance is based on monitoring
the condition of the traction electric motor (TEM)
and allows for the prediction and prevention of
faults in time before they occur. This increases the
reliability of the TEM and reduces maintenance
costs. Condition monitoring of the TEMSs consists of
several main stages: determining the fault location;
detection of faulty parts; diagnosis of faults and
their causes in the relevant parts; prediction of faults
and prevention of faults before they occur.

These stages are carried out with the help of
sensors installed in the TEM that measure voltage,
current, temperature, vibration, and noise level.
Recently, the monitoring of the technical condition of
devices based on machine learning methods (ML)
has become more and more important [1, 4, 10, 11].

Today, the development of ML has become a
leading direction in fault diagnosis. The ML model
is a subset of artificial intelligence (Al), and it
collects data using various sensors placed on the
TEM under different operating conditions.

Methodology

The main machine learning algorithms used to
determine the technical condition of TEMs are:

Fault detection with unsupervised learning.
K-means clustering helps to identify faulty
conditions by grouping various operating

parameters. Density-Based Spatial Clustering of
Noisy Applications — DBSCAN is an unsupervised
learning algorithm known as the density-based
clustering method. DBSCAN defines clusters based
on the density in a dataset and is mainly used to
identify abnormal or noisy points in the data.
Principal Component Analysis — PCA — facilitates
the detection of abnormal conditions in motor
operation through dimensionality reduction and
feature detection.

Diagnosis of faults with supervised learning.
Decision Trees and Random Forests are used to
make diagnostic decisions by classifying different
types of faults. Support Vector Machines — SVM —
performs classification by drawing a boundary to
separate normal and faulty motor conditions. Neural
Networks — improve fault diagnosis by learning
complex fault models.

Fault detection based on reinforcement
learning. Q-learning and Deep Q-Nets — DQN —
dynamically monitor the operating status of TEMs
and suggest strategies to minimize the risks of
failures by determining the most suitable operating
mode.

Time series analysis. Recurrent Neural
Networks — RNN and Long Short-Term Memory —
LSTM — help to predict the long-term status and
possible failures of the TEM by examining changes
in sensor data over time. Integrated Moving
Average with Auto Regression — ARIMA — predicts
what changes will occur in the future based on the
history of TEM parameters.

Deep learning for predictive maintenance.
Convolutional Neural Networks — CNN — predict
different types of failures by extracting features
from large amounts of sensor data, such as vibration
or noise analysis. Autoencoders — learn the normal
operating mode and detect anomalies, especially in
cases where the TEM parameters deviate from the
standard profile.

Feature extraction and selection algorithms.
Wavelet Transforms and Fourier Transforms —
analyze vibration and noise signals to extract
features that may indicate changes and failures in
the TEM. Mutual Information and Correlation
Analysis — ensures that only information that
directly affects the condition of the TEM is used,
identifying the most important characteristics.

Thus, with the combination of these algorithms,
it is possible to accurately and effectively determine
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the technical condition of electric motors. The
applied methods are selected and optimized based
on the type of data received from the motor, the
amount of data, and the type of faults [4, 8, 10, 16,
19].

The machine learning algorithms used to
determine the technical condition of electric motors
can vary depending on factors such as the quality
and quantity of data, as well as the nature of specific
faults.

Support Vector Machines — SVM. SVM, one of
the supervised learning methods, is one of the
algorithms effectively used in diagnosing motor
faults. This algorithm is especially suitable for
classifying nonlinear and complex data. SVM is
superior in detecting motor faults due to a number
of basic features:

Signal processing and classification. Electric
motors produce different types of signals while
operating, and in the event of a fault, there are
changes in these signals. SVM can distinguish
between normal and faulty situations by classifying
these signals. At this point, it is important to select
and process the features correctly, because the
classification accuracy of SVM depends on it.

Linear and nonlinear detection. SVM can
classify motor fault types as linear and nonlinear.
For nonlinear problems, SVM maps the data to
a higher dimension using kernel functions, thus
enabling nonlinear classification.

Vibration and noise analysis. One of the most
common faults in electric motors is bearing failure,
which is reflected in vibration analysis. SVM can
detect abnormalities and determine the type of fault
by processing the vibration data.

Detection accuracy. SVM can accurately
determine the type of fault by classifying it into two
or more classes based on training data. This
approach allows you to determine the exact type of
fault and take timely repair or replacement
measures.

Working with large-scale data. The data
collected from the motor is large and has a complex
structure. SVM s ideal for working with large
volumes of data and processing them with high
accuracy. This helps to detect the fault at an early
stage.

Diagnosis of motor faults with the help of SVM
is carried out in the following order.

Data collection and processing. Real-time or
historical data is collected from the motor. This data
is first processed and separated into features, for
example, features are extracted by methods such as
spectral analysis of the current or the Fourier
transform of vibration.

Algorithm training. Based on the collected
features, the algorithm is trained. Labeled data
representing normal and faulty states are fed to the
SVM, and the SVM draws a boundary between
these classes. Choosing the correct kernel function
and parameter values during training increases the
accuracy of the SVM.

Testing and performance evaluation. After
training, the algorithm is tested and its performance
is evaluated according to criteria such as precision,
sensitivity, and recall. Hyperparameter tuning of
SV M parameters is important for high performance.

Real-time monitoring. The trained SVM model
is applied for real-time signal processing and instant
error type determination. The model can detect
potential errors in time by analyzing new data.

SVM has advantages such as high-accuracy
classification, non-linear data structuring, fault
detection and prediction at an early stage, long
training time for large data, difficulties in adjusting
parameters correctly, and proper selection of kernel
(the choice of kernel affects the performance of the
algorithm) [3, 9, 10, 16, 19].

The SVM algorithm is very useful in the fault
diagnosis of electric motors because it supports the
reliable operation of motors with features such as
accuracy, stability, and overcoming nonlinear
problems.

The main purpose here is to classify the signals
received from TEM and determine their faulty or
normal states. Let's consider the SVM-based motor
fault diagnosis sequence.

Selection and preparation of features. Various
signals are analyzed to determine the status of
electric motors. From these signals, the necessary
features for detecting faults are extracted. The
following steps are taken to create the features.
Frequency and amplitude analysis — there are
changes in vibration and current frequencies in
faulty motors. Frequency and amplitude data are
obtained from the signals by analysis methods such
as FT. Statistical parameters — statistical parameters
such as mean, variance, maximum, and minimum
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signals are calculated. The specified features are
used as input data in the SVM model.

Determination of the objective function. The
objective function of SVM is expressed as follows
and is optimized to classify the motor signals into
two classes: normal and faulty.

min f -2
2

here, t — defines the direction of the optimum
separation line between the features received from
the motor. Minimizing the objective function
maximizes the difference between the classes,
allowing for a more accurate separation of the
classes.

Application of limiting conditions. For fault
detection, each state of the motor must be classified
according to the limiting conditions of the SVM:

yi (0% +v)>1

here y, — indicates the class label; in the fault case
it is set to y =-1 and in the normal case it is set to
y =+1, x; — is the feature vector, v — is a free

parameter.

These conditions are ensured so that the
properties of the fault states remain on one side of
the separation line and the normal states remain on
the other side. Constraints increase the classification
accuracy of the model and allow more accurate
separation of failure states.

Choosing a Kernel function. In electric motors,
Faults may incorporate nonlinear data. To improve
performance of SVM in such situations, Kernel
functions are employed. RBF kernel helps in
classifying motor signals by non-linear separation
of patterns from the separation line.

Kernel functions, such as RBF, aid in the
advanced recognition of faults within the signals
from the motor. The RBF kernel allows for motor
signal components non-linear to the fault detection
oscilloscope to be non-linearly separated. The
Kernel function is the tool that divides non-linear
classes in the lower dimensions and classifies them
in the higher dimensions.

Training and testing models. The SVM model is
trained with the available training data. The training
set employs the features of the received signals from
the motor with respect to the normal operational
condition as well as the fault operational condition.

After training the model, it is subjected to the test
data so that the results can be measured against
criteria such as accuracy, quality, and recall.

Optimally tuning kernel parameters together
with the C parameter yields precise results for the
SVM model sustenance. This parameter controls the
trade-off made between the margin and the number
of misclassifications. This value ought to be
determinable within a reasonable range to fulfill the
timely detection of failing motors.

Real-time application. Once the SVM model is
trained, it can monitor signals from the motor in
real-time and instantly identify any fault conditions.
In a real-time setting, the model integrates new
features to anticipate failure scenarios and issue
alerts for prompt intervention. This method not only
extends the lifespan of motors but also lowers
maintenance expenses and reduces the likelihood of
accidents that could arise from failures.

SVM is a machine learning model that linearly
classifies different classes of data. This model can
learn even with a small number of examples and has
high generalization ability. The structure of SVM is
shown in Figure 1.

Fig. 1. Support vector machine architecture

A hyperplane is a decision boundary that
linearly classifies the data; and the support vectors
are the data closest to the hyperplane. Margin refers
to the distance between the support vectors and the
hyperplane.

In SVM, the hyperplane is expressed as:

d(x)=wx; +b

where x; —is the input data, w — is the weight vector
perpendicular to the hyperplane, and b — is the bias.
The length of the margin is calculated by the
following equation:
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where, ; —is a smoothness variable added to adjust

the misclassification rate when the data cannot be
linearly classified in SVM, and C is a user-defined
parameter. The higher the C value, the lower the
allowable misclassification rate. In SVM,
a hyperplane that maximizes the margin size should
be selected. For this purpose, we set the minimum
value of w. This is an optimization problem, and the
constraint and objective function are given by
Equations (1) and (2), respectively. The Lagrange
emphasis method was used for optimization. The
Lagrange emphasis method obtains a variable
solution with partial derivative value equal to zero
for all variables from the equation, which is
obtained by multiplying the value of the constraints
on the objective function by a new variable a. The
final classification function of SVM obtained using
the Lagrange emphasis method is expressed as
follows:

F00=Y" ayK(x,x)+b

where a; — is the Lagrange emphasis,y; — The

output data, N, represents the number of samples in
the training data, and K — is the kernel. The kernel
is used to transfer data to higher dimensions in non-
linear classifications where the data cannot be
linearly classified. A radial basis function (RBF)
kernel was used in this study. The RBF kernel is
expressed as:

2
Xi — X
b -

K (%, X) = exp(———
(X, X) =exp( 27

where y — is a user-defined parameter that controls
the flexibility of the decision boundary.

Decision Trees and Random Forest. The
application of Decision Trees and Random Forest
algorithms is effective for determining faults of
electric motors. These algorithms help classify
motor failure types and identify potential problems
based on features in the data. These algorithms are
particularly useful for monitoring the condition of
components such as bearings, stators, rotors, etc. in
electric motors and determining faults.

Decision Trees are a simple and effective
classification algorithm. Based on the data collected

from the electric motors, the tree structure is built
by selecting the features.

The decision tree algorithm operates based on
the following steps:

Feature selection. Data gathered from the
motor, such as vibration, current, and temperature,
serve as features for classification. Each feature can
significantly influence the representation of fault
conditions in the motor. For instance, in the case of
a bearing fault, the vibration feature is crucial,
whereas for a stator fault, changes in current are
more telling.

Classification setup. A decision tree formulates
decision rules at each node by selecting the optimal
classification points (splits) based on the features.
For example, a decision node might state «Vibration
> 0.5 mm/s» or «Temperature > 90 °C» Each node
aids in pinpointing the fault condition, thereby
enhancing the classification process.

Metrics for classification. Decision trees
identify the best split points using methods like
entropy or the Gini index during data splitting.
These techniques help improve the accuracy of the
classification within the tree.

The Random Forest algorithm is a very powerful
algorithm that consists of a combination of several
decision trees. Random Forest is widely used to
improve accuracy in fault diagnosis of electric
motors. The working principle of the Random
Forest algorithm is implemented in the following
order.

Random Forest is built by creating several
decision trees, each trained on different subsets of
data and features. By using bootstrapping, each tree
learns to develop its own classification rules,
allowing for varied analyses of motor faults.

During the creation of each tree, features are
chosen at random. This randomness helps the model
remain flexible and ensures that decisions are made
based on a diverse set of features.

The final classification in Random Forest is
determined through majority voting. Each decision
tree casts its vote, and the most common
classification among them is selected. This
approach minimizes the chances of
misclassification and enhances the overall
reliability of the outcomes.

Decision Trees and Random Forest algorithms
build decision rules in a tree structure using various
features in the data to classify electric motor faults.
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The theoretical foundations and formulas of these
algorithms play an important role for fault
determination.

K-means algorithm. K-means is an unsupervised
learning algorithm (ULA) that combines datasets
into unique subsets. It is also called center-based
clustering algorithm [4]. Unique subgroups are
called clusters. It takes the data as the center value
and minimizes around the center according to the
data distance. The function of the K-means
algorithm is expressed as follows:

a 3
IV)=>D (b —c )2

i=1 j=1

where, a — is the number of cluster centers; ai — IS
the number of data points in the first cluster; b; and
cj — are the Fuclidean distance (closest distance)
between b; and cj; bi — is a set of data points; and C;
— is the set of cluster centers [1, 8-11, 16, 19].

The sequence of operation of the K-means
algorithm consists of the following:

— Randomly determines the center (i) from the
given data points (bj);

— Compares other data points according to the
nearest center;

— Still recalculates the surrounding data set for
the center and forms another set;

— Convergence is checked and step Il is per-
formed again, and so on.

Extreme Machine Learning algorithm. Extreme
machine learning (EML) is a supervised learning
model that combines several learning models to
improve ML results. The EML algorithm is divided
into two groups, basic and advanced techniques.
The EML and its activation function (i) are
expressed as follows:

a, =Z::Bi\lfi (bn)ZZ::BiWi (xby +7v;)

where, h — hidden nodes; weight vector between
input node Xi and hidden node i; £ — is the weight
vector between the output node and the ith hidden
node; and y — is the threshold for the ith hidden
node.

The steps involved in the EML algorithm are as
follows:

— Launch data subgroups for training;

— Captures data sets and builds a system to bet-
ter predict and summarize performance;

— A decision is made using any of the clustering
techniques.

Single-hidden Layer Feed-forward Neural
Network (SLFNN) is used as a classifier to classify
traction motors in good condition and requiring
maintenance [5, 9-13]. In addition, a differentiator
function is used to select the input significances and
biases of the hidden layer.

Combined use of machine learning algorithms
in fault determination of electric motors. The
combined use of K-means, External Machine
Learning, Decision Tree, and Random Forest
Algorithms in determining the faults of electric
motors requires the synthesis of mathematical
models and algorithmic approaches. This model
combines the advantages of each algorithm to
provide more accurate and reliable fault diagnosis.
Now let's consider the mathematical models of these
algorithms and their joint use.

K-means clustering involves dividing the data
into X={x1, X2,...,xn} clusters. The objective of this
model is to identify the cluster centers and allocate
the data points to the clusters that are nearest to
these centers.

— Cluster centers C={cs, C»,...,Ck} are selected.

— Data are divided into clusters:

arg min, || x, —c; |I*
wherei=1,2,..,nandj=1,2,..,k

—Renovation of centers:

1
T

ieS

where S; — is the set of elements in the jth cluster.
Extreme Learning Machine (ELM) utilizes
random weights and biases in the input layer. This
model enables a quicker training process, allowing
for accurate output predictions.
— Connection between input and output:

H=f(W-X+b)

where H — is the hidden layer, W — is the input layer
weights, b is the bias, X — is the input data, and f —
is the activation function.
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— Output prediction:
Y=H-B

where Y — is the output of the model and g — is the
weights of the output layer.
—Weight adjustment:

B=(H"H) HFF

where F — is the target output.

Decision Tree classifies data by making
partitioning decisions at each node. The core idea
behind the decision tree model is to enhance the
information gained from each data partition.

— Gini index (to measure the homogeneity of the
classification):

Gini(D)=1->"pf
i=1
where p;j — is the probability of class i.
— Section by feature:
iy D, ..
G|n|(D,A)=Z—|G|n|(DV)
veA

— Choosing the optimal feature:

arg min, Gini(D, A)

4, Random Forest. Random Forest consists of
several decision trees, and the results of each tree
are combined to obtain a final result.

— Adjustment of decision rules for each tree:

Yizfi(x)
i=12,..n

where fi — is the function of the ith tree.
— Final forecast:

i n
Yfinal :_ZYi
Nz

Using the Collaborative Model. The joint use of
these algorithms occurs in the following stages:

— Clustering with K-means. Motor data is
clustered with k-means. As a result, the centers of
each given group are found.

— Learning with ELM. The clustered data are
fed into the ELM model. The output of the ELM
model is used to determine the fault type.

— Classification with Decision Tree and
Random Forest. The results from ELM are fed into
Decision Tree and Random Forest models. The
prediction of each tree is combined to obtain a final
fault classification.

With the joint application of the mentioned
models, more accurate, fast, and reliable results can
be obtained in the detection of faults of electric
motors. Mathematical models of each algorithm
provide a complete analysis of data and effectively
implement the process of fault determination. The
joint model is also useful for identifying new fault
patterns with adaptive learning capabilities.

Thus, the aim of the research work is to create
and implement an intelligent system to monitor the
technical condition of TEMs operated in transport
in real time by applying various machine learning
algorithms and methods.

The article used two ML algorithms to evaluate
the technical condition of the motor in real-time.

One of the most common components to fail in
a TEM is the bearings. Bearing failures can occur
due to overheating, fatigue,  corrosion,
contamination, excessive mechanical loading, and
other factors. In this study, key diagnostic
parameters such as voltage, current, temperature,
noise level, and vibration are measured for 200
different TEMs (100 in good condition and 100
requiring repair). The data obtained from the TEM
in the form of signals through sensors is analyzed
using various transformations and methods. Signals
generated under normal and abnormal conditions
are examined. Additionally, the signals collected
are fed into the machine learning unit as input data
to assess the technical condition of the TEMs
(Figure 2).

Thus, ML algorithms, i.e., K-means and EML
draft, are used as classifiers for real-time assessment
of technical states of TEMs and classification of
faults. In addition, the effectiveness of the two
different classifiers was measured in terms of
accuracy,  specificity,  sensitivity, = negative
predictive value (NPV — which shows what
percentage of the model's predictions for the
negative category are correct and adds it to the sum
of the actual values for the negative category),
positive predictive value ( PPV — which shows what
percentage of the model's predictions in the positive
category are correct and is calculated using various
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indicators such as the sum of the actual values in the
positive category).

The advantages of both classifiers are analyzed,
and the best classifier is determined. Furthermore,
the best classifier is used for the real-time Raspberry
Pi-based hardware system. Figure 2 shows a block
diagram for a real-time Raspberry Pl-based
hardware system.

The main operating parameters of TEM are
measured by five different analog sensors such as
current sensor, voltage sensor, temperature sensor,
vibration, and sound sensor. In addition, the analog
signals from the sensors are converted to digital
signals using the PCF8591 analog to digital
converter (ADC) module.

Current
sensor

Analog to
digital
converter

Temperature
sensor

Raspberry PI

Pre-prosessing

In addition, the digital signals from the PCF8591
module are pre-processed using feature extraction
methods, and these extracted informative features
are passed as input to the ML classifiers.

Finally, the ML classifier provides support for
deciding whether the traction motor is in good
condition or requires maintenance. 85% of the data
(both the traction motor in good condition and the
traction motor requiring maintenance) is used to
train the supervised learning classifier, and 15% of
the data is used to test the supervised training
classifier. Since K-means and EML are suitable for
smaller size, numerical and continuous data, both
ML algorithms are used as classifiers in the
proposed work.

Machine
learning
algorithm

Decision Support
(Output)

Fig. 2. Block diagram of the decision support unit

Findings

Comparative analysis of modeling results.
Figures 3 and 4 show the average accuracy and
sensitivity values for the K-means and EML
algorithms, respectively, in diagnosing the technical
condition of TEMs. A total of 200 TEMs were
analyzed for both the K-means and EML classifiers

within the TEM intelligent monitoring system. Of
these 200 motors, 100 are in good condition, while
the remaining 100 require maintenance, and these
were used to train two different machine learning
classifiers for monitoring purposes. In addition,
10 of the good-condition TEMs and 10 of the
motors requiring maintenance were used to test the
machine learning classifiers.
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Fig. 3. Accuracy of TEM monitoring K-means and EML classifiers

The performance indicators of two different
machine learning classifiers for TEM monitoring,
specifically the K-means and EML classifiers, are
presented in Table 1. During the testing of the
monitoring system, it was found that the accuracy
of the K-means classifier was 77%, while the
accuracy of the EML classifier reached 93% (see
Fig. 3). Additionally, the sensitivity and specificity
for the K-means classifier were 73% and 81%,
respectively, whereas for the EML classifier, these
metrics were both 93% (refer to Figure 4 and
Table 1).

Moreover, the positive predictive value (PPV)
for the K-means classifier was 84%, and the

negative predictive value (NPV) was 71%. It was
also noted that the performance characteristics,
including sensitivity, accuracy, specificity, NPV,
and PPV, were all at 90% for the EML classifier.
Furthermore, the average performance of the EML
classifier was found to be superior to that of the
K-means classifier. Given that the EML classifier is
more significant than the K-means classifier, it has
been implemented on the Raspberry PI using
Python. It is also evident that diagnostics of the
technical condition of the TEM can be conducted
using the Raspberry Pi-based device.

Table 1

Performance indicators of TEM monitoring,
K-means and EML classifier

Accuracy

Specificity

Sensitivity
NPV
PPV

o >~ ® e

77 % 93 %
81 % 93 %
73 % 93 %
71 % 92 %
84 % 92 %
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Fig. 4. TEM monitoring K-means and sensitivity
of EML classifier

A monitoring system based on the Internet of
Things. Recently, attention has been paid to the
creation of a system for monitoring the technical
condition of devices using the Internet of Things
(loT) system [3, 5, 6, 9, 14, 16, 19]. A typical IoT
instrument contains the sensor to collect data, signal
processing for sensor output, an ADC, digital logic,
and internet connectivity for decision-making, and
signal processing to activate an actuator in response
to detected input. Smart sensors have the intelligence
to provide direct digital data for measured
parameters, ready for transmission to the gateway.

Digital logic and signal processing are part of
these sensors. Digital logic consists of
a microprocessor unit (MPU) that performs
algorithmic  functions such as filtering,
compensation, and other signal converters. The
built-in MPU of smart sensors can also be used to
provide calibration data for the sensor, monitor
abnormality in production parameters, make quick
and immediate decisions during malfunctions, and
issue alarms to prevent malfunctions. This will
reduce the processing load on the digital processing
processor of IoT systems. Smart sensors usually
communicate with a central processing system in
case of major faults or exceptions. Some of the
smart sensors have a self-diagnostic feature, which
is achieved by having two sensing elements in the
sensor. The results are sent by the sensor to the
central processing unit after comparing the outputs
of both elements [3-5, 6, 9, 14, 19].

Computing

\
e 0 L1

Fig. 5. Data collection from the TEMs
with loT-based sensors and transmission
to the cloud system

Taking into account the characteristics of these
sensors, it is possible to achieve a real-time
assessment of the technical condition of TEMs
operated in transport by measuring the main
operating parameters. The IoT-based motor
diagnostic monitoring system is specially designed
to monitor the technical condition and performance
of electric motors using IoT technology. This type
of system uses sensors, connectivity, data analytics,
and diagnostic algorithms to continuously assess the
condition of traction motors and predict potential
problems [1, 4, 6, 12, 15, 17-19].

Sensor placement. Sensors are installed on the
electric motor and its related components to
measure various parameters such as temperature,
current, voltage, noise, and vibration. These sensors
can be mounted directly on the TEM or added
externally.

Data acquisition and transmission. Sensors
collect real-time data from the TEM and transmit it
to a central server or cloud platform via wired or
wireless communication protocols such as Wi-Fi,
Bluetooth, Zigbee, or cellular networks. The data
includes information about TEM operating
conditions, performance indicators, and any
abnormalities detected by the sensors.

Data storage and processing. Collected data is
stored and processed locally or in the cloud.
Advanced analytics techniques such as machine
learning algorithms are applied to analyze the data
and identify patterns, trends, or abnormalities that
may indicate potential TEM problems.

Diagnostic algorithms. Diagnostic algorithms
are used to process sensor data and evaluate the
condition of TEMs. These algorithms can utilize
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rule-based systems, statistical analysis, or machine
learning models to detect faults, predict failures, and
calculate the TEM's remaining residual resource.

Alerts and notifications. When an abnormality
or potential issue is detected with the TEM, the
system generates alerts or notifications to inform
maintenance personnel or operators. These alerts
can be sent via email, SMS, or specialized
applications, allowing for timely intervention to
prevent unexpected interruptions or failures.

Predictive maintenance. By continuously
monitoring TEM condition and performance, an
loT-based diagnostics system enables predictive
maintenance strategies. Maintenance activities can
be scheduled based on the actual condition of the
TEM. This approach maximizes service life and
minimizes downtime.

Integration with motor management systems. In
some cases, loT-based TEM diagnostic systems can
be integrated with motor management systems or
SCADA systems to provide remote monitoring and
control of TEM operations.

ToT based sensors

Detected equipment

Wireless relay
transmission
o

85 gt

Connectivit,
o Wireles:
. 2

This integration allows operators to adjust
traction motor parameters and operations as needed
in response to detected problems.

An loT-based TEM diagnostic monitoring
system enhances the reliability, efficiency, and
safety of TEMs used in transportation. These
systems provide deeper insights into the technical
condition and performance of the TEM, enabling
proactive maintenance and optimization of TEM
operations. Figure 6 illustrates the intelligent system
designed for monitoring the technical condition of
the TEM using the loT.

Thus, data obtained from TEM through
intelligent sensors are collected in real time and
archived in a database based on cloud technology.
Based on the received data, the traction motor's
technical condition parameters are compared with
the normal condition parameters, and the output
signal is processed. With the output signals, the
technical condition of the TEM is assessed in real
time and the decision is made to provide
maintenance if necessary.

Data collection + Process + Analysis
Local server

Maintenance in advance

Real-time technical condition information

Fig. 6. IoT based traction motor condition monitoring system

Originality and practical value

To diagnose the technical condition of the TEM
in real-time, utilizing 10T capabilities within
a machine learning-based intelligent monitoring
system represents a new area of research. This
approach enables dynamic monitoring of the TEM's
technical condition. Compared to traditional
temperature diagnostic systems, such a multi-

parameter system will allow you to determine
a specific malfunction. Therefore, it is essential to
develop and implement such a monitoring system.

Conclusion

This work discusses the development of
a machine learning-based intelligent system
designed for real-time monitoring of the technical
condition of TEMs. By utilizing two different
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machine learning classifiers, K-means and EML,
we compared their advantages in terms of accuracy,
sensitivity, specificity, positive predictive value,
and negative predictive value. The findings indicate
that EML outperforms the K-means classifier,
achieving an overall superiority rate of 93%. In
contrast, the accuracy and sensitivity of the K-
means classifier were found to be 77% and 73%,
respectively. These results demonstrate that the
EML classifier exhibits superior performance
compared to K-means.

Furthermore, the EML classifier can be
integrated into the machine learning-based
intelligent system for real-time monitoring of
electric motors' technical conditions. Additionally,

the proposed model can connect to an loT cloud
server, enabling dynamic monitoring of the TEM's
technical condition. Using loT-based sensors, the
system analyzes data received from the TEM,
makes necessary adjustments, and assesses the
motor's technical condition. This decision-making
process allows for the prediction and early detection
of both the motor's lifespan and potential future
failures. Consequently, traditional maintenance
practices for TEMs will transition to condition-
based maintenance. This approach will enhance the
continuity of passenger and cargo transportation,
improve the reliability and stability of the overall
traction vehicle, and ensure economic viability.
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OuiHKa TeXHIYHOI0 CTaHy TATOBHX ABUIYHIB y peajibHOMY 4aci 3a J0IO0MOr o010
TEXHOJIOTiii MAIIMHHOTO HaBYaHHA Ta 10T

Meta. OCHOBHOIO METOIO I[OTO JOCIIDKEHHS € aHalli3 ajJrOpuTMIB MallMHHOI'O HaBYaHHsS, BUOIp HaWOiibII
TOYHOTO ¥ €(PEKTHBHOIO aJrOPUTMY AIarHOCTHKH TE€XHIYHOTO CTAHYy aCHHXPOHHOTO TSTOBOTO JBHT'YHA Ha OCHOBI
TakAX poOOYMX TapaMmeTpiB, SK TeMIlepaTypa, piBeHb IIyMy Ta BiOpamii, a TakoX BHBYCHHS OCOOIHMBOCTEH
3aCTOCYBaHHS TEXHOJIOTII iHTepHeTYy pedelt (10T) ans OUiHKK TEXHIYHUX YMOB y pealbHOMY 4aci. Meroguka. 3a
JIOTIOMOTOI0 aHAJ3y Ta IOPIBHAJIBHUX METOJIB BH3HAYEHO AJTOPUTM MAIIMHHOTO HABYAHHSA, NPHIATHUH IS
JIIarHOCTUKH TEXHIYHOTO CTaHy aCHHXPOHHOTO TATOBOTO ABHMTyHa. PesyabTarm. IlpoaHanizoBaHO anroputMu
MAIIMHHOTO HaBYaHHsA Ta 00paHO 1Ba pisHux amroputmu K-means ta Extreme Machinearning (EML) nst
JIarHOCTUKM TEXHIYHOTO CTaHy AaCHHXPOHHHMX [BUTYHIB. AJTOPHTMH NOPIBHIOBAJIM HAa OCHOBI ITOKa3HHUKIB
e(EeKTHBHOCTI, TAKUX SK TOYHICTb, CIIEIH(IUHICTD, YyTIUBICTh, IIO3UTHBHE MPOTHOCTHYHE 3HAYCHHS Ta HETATHBHE
MIPOTHOCTHYHE 3HaYeHHA. Pe3ynbTaTn nokasany, mo anroput™m EML nepesepmus K-cepenHi 3a My moka3HUKaMH,
JIOCATHYBIIIN 3aTajIbHOTO MOKa3HUKA MPOXyKTHBHOCTI 93 %. HaykoBa HOBH3HA. 3aIIpONIOHOBAHO HOBY CUCTEMY, SIKa
IHTETpy€e MOJAETh MAIIMHHOTO HaBYaHHS 3 TexHousoriero 10T g [MIarHOCTHKKM TEXHIYHOTO CTaHy TATOBHX
€JICKTPOJIBUTYHIB Y peabHOMY 4aci. [lel iHHOBamiiHUH i IX1]T TO3BOJISE TMHAMIYHO KOHTPOJIFOBATH TEXHIYHUH CTaH
neuryHa. IlpakTudna 3HauMMicTh. 3alponoHOBaHA CHCTEMa HAa OCHOBI MOJEJNi MAIIMHHOTO HAaBYaHHS OIL[IHIOE
TEXHIYHHH CTaH TATOBHX JIBUTYHIB Y pearbHOMY 4aci 3a momomororo 10T. Bin MicTuTh pekoMeHamii moa0 Toro,
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KOJIM CJiJI BHKOHYBAaTH TEXHIYHE 0OCIYTOBYBAaHHS 3 ypaXyBaHHAM (aKTHIHOTO CTaHy ABHTyHA. CHCTeMa T03BOJIIE
IUTAaHYyBAaTH TEXHIYHE OOCIYrOBYyBaHHS Ha OCHOBI MIarHOCTHKH B pPEANbHOMY daci, MOJETUIYIOUH MepexiT Bif
IUTAHOBOTO TEXOOCITyTOBYBaHHS 0 CTPATETiii IPOTHO3HOTO Texo0cmyroByBaHH. Lle, y cBOIo uepry, 301bIrye TepMiH
eKCIUTyaTallii Ta MiHiMi3ye He3amIaHoBaHi nmpocToi. Bukopucranus 10T mae MOXIHMBICTE iHTETPYBAaTH AiaTHOCTHIHY
CHUCTEMY 13 CHCTEeMaMHU KepyBaHHs ABUTYHOM abo cucremamu SCADA, 1o 3abe3mneuye NUCTAHIIHHIA MOHITOPHUHT
1 KOHTPOJIb POOOTH JBUT'YHA.

Kniouosi crosa: TATOBHI NBUI'YH; MOHITOPUHI' TEXHIYHOTO CTaHY; BUSBJIECHHsS HECHPAaBHOCTEH; iHTEIEKTyalbHa
JIarHOCTHKA; aITOPUTMH MAIIMHHOTO HaBYaHHS; IPOTHO3HE 0OCITyrOByBaHHS
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