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Abstract: The detection of faults during an operational process constitutes a crucial objective within
the framework of developing a control system to monitor the structure of industrial mechanisms.
Even minor faults can give rise to significant consequences that require swift resolution. This
research investigates the impact of overtension in the tooth belt transmission and heating of the screw
transmission worm on the vibration signals in a robotic system. Utilizing FFT techniques, distinct
frequency characteristics associated with different faults were identified. Overtension in the tooth belt
transmission caused localized oscillations, addressed by adjusting the acceleration and deceleration
speeds. Heating of the screw transmission worm led to widespread disturbances affecting servo
stress and positioning accuracy. A fuzzy logic algorithm based on spectral analysis was proposed
for adaptive control, considering the vibration’s frequency and amplitude. The simulation results
demonstrated effective damage mitigation, reducing wear on the mechanical parts. The diagnostic
approach, relying on limited data, emphasized the feasibility of identifying transmission damage,
thereby minimizing maintenance costs. This research contributes a comprehensive and adaptive
solution for robotic system diagnostics and control, with the proposed fuzzy logic algorithm showing
promise for efficient signal processing and machine learning applications.

Keywords: condition monitoring; gears; fast Fourier transforms; fault diagnosis; fuzzy control; robot

control; robot motion; process monitoring; vibration measurement

1. Introduction

Industrial robots are a cornerstone of modern automated manufacturing, spanning
various industries. Their extensive and diverse applications, such as assembly lines, trans-
portation, and complex and costly processes, underscore their indispensable role in contem-
porary society [1,2]. However, the precise and uninterrupted operation of these mechanisms
depends on the seamless functioning of all their systems, including power components,
control systems, and mechanical connections. Disruptions to any of these parts can lead to
production failures and the loss of material and energy resources [3,4].

Typically, diagnostic systems embedded in robot controllers are oriented toward
monitoring the condition of the power components and control systems of the robot. While
such systems allow for monitoring the operation of the robot’s main units and detecting
malfunctions, they often overlook smaller mechanical connections, such as gearboxes,
hinges, and other elements. The inability to track the behavior of mechanical connections
makes these robot parts the most challenging for fault detection, potentially resulting in
serious consequences, including complete robot failure [1,3].

The diagnosis of faults in robots uses many methods [3,5,6]:

1. Mathematical methods (fast and short-time Fourier transform, continuous wavelet
transforms) [7,8];
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2. Modeling methods (fuzzy logic, machine learning, and other artificial intelligence
methods) [8,9];

3. Condition monitoring methods (control currents, temperature of mechanical parts,
noise control, etc.) [10,11].

Therefore, for diagnostics, each of the methods presented has its own scope of applica-
tion and is used to achieve various goals [1,6,7]. The mathematical methods are a powerful
tool for evaluating and analyzing data, thereby identifying anomalies in the behavior of
the mechanism. The modeling methods offer predictive and control capabilities, assessing
discrepancies in the data obtained [11,12]. The condition monitoring methods enable real-
time data acquisition, constantly evaluating possible deviations from normal operation,
thereby allowing problems to be detected before a failure occurs.

The application of fuzzy logic-based diagnostic and control methods is of particular
interest in the context of identifying faults in the mechanical parts of the robot. This
approach avoids the use of precise mathematical models and ensures operation even if
the integrity of the input data is compromised, in conditions in which other methods are
least effective. The fuzzy logic algorithm processes information in such a way as to create a
reliable system for diagnosing, controlling, and rectifying faults in challenging operating
conditions [13,14].

The use of fuzzy logic principles allows for the adequate and adaptive adjustment of
the robot’s operating characteristics, taking into account uncertainties. This enables the
maintenance of operational reliability, timely detection of damage, and determination of
preventive measures for preserving structures and for their maintenance. Integrating such a
system based on fuzzy logic is a way to enhance the stability and reliability of mechanisms,
reduce equipment downtime, and improve performance in changing conditions [15,16].

This article is organized as follows: Section 2 of this article is a description of a
Cartesian robot and its diagnosis system with a controller. The main faults detected by
the controller are shown. Section 3 illustrates the gearbox structure of the Cartesian robot
and includes the benefits and limitations of each part. Based on this information, the main
gearbox faults are described. Section 4 describes the methodology used for generating the
results of this article. Section 5 presents the specification of the test bench, the diagnosis
results, and their description. Based on these results, the fuzzy logic algorithm was built.
This section also shows the fuzzy logic algorithm modeling results for control parameters
and fault type diagnosis.

2. Cartesian Robot Description

The Cartesian robot is a commonly found industrial robot in production [17]. This type
of robot is used for any task, like moving details in the technological lines, working with
dangerous materials, and accurate processes. Cartesian robots have different structures for
any purpose [18]. The sketches of the main types of it are presented in Figure 1.

Figure 1. The sketch of Cartesian robots with fourorthogonal axes.

As seen from the figure, Cartesian robots have a few degrees of freedom. This means
that the diagnosis system should have a special base of rules for each axis.



Appl. Sci. 2024, 14, 4241

30f15

2.1. Hirata Cartesian Robot

The Hirata Cartesian robot (HCR), described in this research, is a Cartesian robot
consisting of four axes set up perpendicular to each other. This robot was designed to work
with special attachments and devices, for the implementation of different operations in
which humans cannot participate [19,20]. A view of the HCR is presented in Figure 2.

Figure 2. The view of HCR.

2.2. Diagnosis System of the HCR

The diagnosis system of the HCR consists of the controller, the teach pendant, and
various sensors, such as overload and origin sensors, limited switches, and encoders [19,21].
The view of the controller and teach pendant of the HCR are presented in Figure 3a,b.

(a) (b)

Figure 3. The view of the controller (a) and teach pendant (b) of the HCR.

Before starting work, the auto-calibration (A-cal) of the HCR should be executed. The
A-cal mode is a regime for automatically returning the robot axes to their original positions
and checking whether any faults are connected to the control and power systems of the
robot. In this mode, the state information is executed [19,21].

The main faults are detected in the power and control systems of the robot. The list
of the main faults is presented in Table 1. When a fault occurs in the controller or servo
drive of the robot during the work process, a message about failure appears on the teach
pendant [19,21].
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Table 1. The list of main faults of the HCR.

Error Code Description
Pos. error XXXX Positioning cannot be completed.
Emergency stop The emergency stop is activated.
A-cal error A-cal cannot be completed normally.
Overrun XXXX Overrun has occurred.
Positioning error Positioning cannot be performed.
Overspeed The speed is too high.
Driver error An error has occurred in the servo amplifier /driver.
Enc error XXXX The encoder has a broken wire.

The message “XXXX” shows the status of each axis of the robot. For example, the
message “0101” means the faults occurred at the Y and W axes of the HCR.

The diagnosis system of the HCR may detect faults only in the control or power system
of the robot. However, in the mechanical parts of the robot, such as gearboxes and joints,
detection does not exist. The diagnosis system of the robot generates warnings and stops
the mechanism only after fault consequences occur. This means that the mechanical parts
of the robot are the weakest places; the robot is subject to the devastating consequences of
even the slightest damage in case of failures occurring here [19,21].

3. HCR Gearbox

The gearbox of the HCR consists of two types of transmissions: tooth belt transmission
(TBT) and screw transmission (ST). The TBT provides constant resolution for each axis
with high accuracy, and the ST provides smooth movement of the robot. The sketch of the
gearbox is presented in Figure 4.

Servo drive

Figure 4. The sketch of the gearbox of the HCR.

Each of the gearbox parts has benefits and limitations that influence the Cartesian
robot’s work.

3.1. Tooth Belt Transmission

The benefits of the tooth belt transmission are a constant gear ratio, no need for
lubrication, quiet work, and lack of undesirable vibrations. Consequently, the TBT has a
large torque-carrying capacity, transmits mechanical power with constant speed, and lacks
slippage between pulleys and timing belts. The limits of the TBT are associated with its
benefits. The work of the TBT is provided by the tension of the timing belt. In this case, the
tension adds resistance to torque and additional load to the motor shaft. Also, one of the
conditions for normal working of the TBT is pulley alignment [22,23]. The real view of the
tooth belt transmission of the gearbox is presented in Figure 5.
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Figure 5. View of the tooth belt transmission.

3.2. Screw Transmission

Just like the tooth belt transmission, the screw transmission has a number of similar
benefits, such as quiet and smooth motion, lack of undesirable vibrations, and simple
design. Also, the ST has a high load-carrying capacity, self-deceleration property due to
high inertia, and compact construction, which minimizes the needed length of the work
area. The limits of the ST are low efficiency and additional wearing during the mechanism’s
operation. In this case, expensive antifriction materials and lubrication must be used to
avoid constant repairing of the transmission [24]. The real view of the screw transmission
of the gearbox is presented in Figure 6.

i
” e

Figure 6. View of the screw transmission.

Based on the listed properties, the gearbox provides control of the HCR without
significant noises, additional vibrations, and other disturbances. Also, this combination
of transmissions leads to the following control characteristics of the robot as presented in
Table 2 [20].

Table 2. Axis characteristics of the HCR.

Axis Max Speed, mm/s Stroke, mm Max Payload, kg Repeatability
X 1200
Y 1200 800 . +0.02
V4 1000 200 +0.01
w 1200° 540 +0.03°

The construction of the robot provides a good combination of speed and accuracy.
In this case, the robot can work with various conditions and different processes, such as
3D-printing, movement processes, or working with dangerous materials and environments.

3.3. Gearbox Faults

The faults that occur during the working of the HCR have different characteristics
and lead to various consequences. Any smaller deviations from nominal work have a
possibility to cause serious damage to the robot and production. Besides the listed benefits
and limitations, the gearbox has a few failures, such as heating, overtension of the timing
belt, and jamming or teeth cracks [3].
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Overtension of the timing belt occurs due to the misalignment of the transmission
pulleys. In the case of misalignment by the vertical axis, high tension and skewing of the
belt occur, leading to an additional load on the servo drives and resistance torque on the
servo drive shaft. On the other hand, misalignment by the horizontal axis leads to low
tension of the timing belt; however, in this case, the belt may fly off the pulley, and the
robot will stop without any damage. Low tension works like a damper in the case of the
HCR gearbox [18,25]. An example of displaced pulleys and, consequently, overtension of
the belt is presented in Figure 7.

Figure 7. Example of the overtensioned timing belt of the gearbox.

The gearbox heats up under the following circumstances: when there is no lubricant,
in conditions of high pollution, and if the gearbox part is under voltage. This failure leads
to additional vibrations in the whole work area of the gearbox. As a result, the accuracy
of the robot is reduced, and the wear of the gearbox material (tooth wheels, worm, screw
mechanism, etc.) is increased. This failure is the second most common error that occurs in
this type of gearbox. Usually, this mechanical damage refers to the parts of the transmission
that are subject to continuous contact [24,26]. An example of the effect of heating on the
screw worm of the gearbox is presented in Figure 8.

Figure 8. Example of the effect of heating on the screw worm of the gearbox.

Jamming or teeth cracks occur in two ways. The first part of this fault is fatigue of the
metal, and the second part is unbalanced parts of the gearbox or loss of structural rigidity.
Jamming of the gearbox leads to intermittent vibrations or a full stop of the robot. Teeth
cracks provide cycle vibrations and deviations from the nominal accuracy and positioning
of the robot [26,27]. An example of a broken pulley, in case of the appearance of a foreign
body;, is presented in Figure 9.

Figure 9. Example of pulley teeth cracks of the gearbox.
4. Diagnosis and Control Methods

Every fault that arises during robot operations possesses a distinct spectrum, which
can be monitored through a few different methods. This study employed two specific
methods. The initial approach involved utilizing the fast Fourier transform, enabling
the assessment of various vibrations present in the output signal. The second method
employed a fuzzy logic algorithm, thereby enabling the development of a control system
that permits the robot to continue functioning under faulty conditions.
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4.1. Fast Fourier Transform Diagnosis Method

The fast Fourier transform (FFT) is a sophisticated algorithmic technique widely
employed in various fields of science, engineering, and mathematics. This transformation
allows for the analysis of complex signals and the extraction of information about their
frequency components [28,29].

The FFT technique finds applications in diverse fields, including signal processing,
telecommunications, image processing, audio analysis, scientific computing, and many
more. It allows researchers, engineers, and analysts to quickly analyze and manipulate
signals in the frequency domain, enabling tasks such as filtering, spectral analysis, correla-
tion, convolution, and data compression. Its efficiency has made it an indispensable tool
in digital signal processing, providing the capability to handle real-time data streams and
process vast amounts of information with minimal computational overhead [30,31].

The fast Fourier transform method is a groundbreaking algorithm that has transformed
the landscape of digital signal processing and numerous related fields by providing an
efficient means to compute the discrete Fourier transform. Its ability to drastically reduce
the computational complexity of this operation has made it a cornerstone in modern
scientific and engineering applications, allowing for the exploration and extraction of
valuable insights from complex datasets in the frequency domain [32,33].

4.2. Fuzzy Logic Control Method

The fuzzy logic control method is an advanced computational approach used to make
decisions and draw conclusions in situations in which the boundaries between different
states or conditions are not well defined. Rooted in the principles of fuzzy logic, this
method is particularly effective when dealing with complex and uncertain systems in
which traditional binary logic might fall short [34].

Unlike classical logic, which relies on crisp definitions of true or false, fuzzy logic
allows for degrees of truth to be expressed. It accommodates the inherent imprecision
and uncertainty present in many real-world scenarios, making it well suited for diagnostic
applications across various fields such as engineering, medicine, finance, and more [35,36].
The working scheme for fuzzy logic is illustrated in Figure 10.

Real Real
Input Output

L

w Linguistic variables

Rules
database

Figure 10. General scheme of the fuzzy logic algorithm.

The fuzzy logic algorithm operates through several key stages:

1. Identification of linguistic variables: Initial parameters are established to construct
descriptions for input and output variables. For example, the variable “speed” is
defined with specific values, such as “slow” or “fast”.

2.  Establishment of fuzzy sets: Each linguistic variable and its corresponding value are
defined by a fuzzy set, characterized by a membership function. These functions,
which can take various forms like triangular or Gaussian, enable the flexibility of
fuzzy logic, eliminating the need for precise mathematical models.
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3. Fuzzification: Input variables are matched with their respective membership functions
to generate a fuzzy output, determining the degree of membership of the input
variable within a specific fuzzy set.

4. Formulation of fuzzy rule base: Fuzzy rules are defined that dictate the algorithm’s
actions based on combinations of input variables. These rules, based on linguistic
variables and sets, employ logical operations like AND/OR to organize them into
relevant categories.

5. Defuzzification: The inverse process of fuzzification, converting the degree of mem-
bership of the output parameter based on fuzzy rules into a numerical value. This
numerical value guides subsequent control actions.

The fuzzy logic control method excels in scenarios in which uncertainty and impre-
cision are prevalent, such as medical diagnosis, fault detection in complex systems, risk
assessment, and decision-making in dynamic environments.

5. Experimental Part
5.1. Experimental Test Bench

A test bench was built for conducting experiments. The view of the test bench is
presented in Figure 11.

Figure 11. View of the experimental test bench.

The test bench consists of the Hirata Cartesian robot, the data collection system based
on Dewetron, and three vibration sensors installed on the grab system of the robot and the
top and bottom of the test bench.

The main sensor for measuring robot vibrations is installed on the Z-axis, directly on
the gripping system. This placement allows the tracking of vibrations along both axes of
the robot. The sensors placed above and below the laboratory stand structure are intended
for measuring the stand’s vibrations to eliminate additional noise from the main signal.
This approach helps mitigate the influence of the stand’s vibrations on the magnitude of
the main sensor’s signal. Accelerometers of the DIS QG40N-series (DIS Sensors, Soest,
Netherlands) were used for the experiment. The technical specifications of the sensor are
presented in Table 3.

Gearbox faults were sequentially introduced into the robot’s structure. To obtain the
necessary data, artificial faults were separately created in the gearbox, namely, overtension
of the tooth belt transmission and heating of the screw transmission. For overtension of the
belt, a displacement of the transmission pulleys was performed, as this type of damage is
the most common. For heating the worm, lubrication was removed, simulating the case of
contamination/drying of lubrication in the transmission.
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Table 3. Technical specification of DIS QG40N.

Characteristic Value
Measuring ways 3 axes (XYZ)
Measuring range +4g

Output signal 0545V

Resolution 4mg
Sensitivity error +2%
Output refresh rate 3 ms

During the experiment, several conditions were established: a minimum rotation

speed of the robot’s servo motor was set (200 rpm/s) to avoid unwanted damage. Measure-
ments were conducted along two axes of the robot, X and Y, the robot movements were
linear to track changes in the reference and faulty signals.

4.

The experiment consisted of the following steps:

Data acquisition, collection of all data from vibration sensors by unfaulty (reference)
and faulty signals. The vibrational signal, captured by accelerometers, was converted
into an electrical signal, and proceeded into Dewetron inputs for processing, visual-
ization, and storage.

Data processing, transformation of output vibration signals into spectra to obtain
vibration amplitude analysis. Following data collection, Fourier transform analysis
was performed to analyze the acquired data. Also, to eliminate unwanted noise by
comparing signals from the accelerometers, Matlab (9.10.0.1602886, R2021a) filters
were used.

Compilation of fuzzy logic rules library based on the spectra. Based on spectral
analysis, data collection was conducted, and a rule base for the fuzzy logic algorithm
was developed. This formed the foundation for the diagnostic and control system.
Development of a fuzzy logic control system.

5.2. Diganosis Results

During the experiment, vibration signals were acquired as the output. To analyze the

frequency characteristics of these signals, the FFT technique was employed. The resulting
spectra from this analysis of the tooth belt transmission due to overtension, captured along
two axes, are presented in Figure 12a,b.

Amplitude, g

] . . . ; =1 ; i
10 —Reference signal 10 —Reference signal
—Faulty signal —Faulty signal
1072 107
107 w107
[
=]
10 & 10
[
| £
107 ‘ 10°
1076 e 10 ==t
e =
(i o
0 100 200 300 400 500 0 100 200 300 400 500
Frequency, Hz Frequency, Hz
(a) (b)

Figure 12. The spectral analysis of the output vibration signal by X-axis (a) and Y-axis (b) for the
overtension fault of tooth belt transmission.
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The graphs depict two signal types: a reference signal representing the transmission
belt’s normal tension (as per factory settings) and a faulty signal indicating overtension
caused by a shift in the pulley axes’ center. As seen from the reference signal, the nominal
frequencies of the HCR gearbox were at the level 50, 100, and 150 Hz.

The additional noises that manifest between the main frequencies are oscillations of
other robot parts that cannot be rigidly fixed, such as cable lines and protective metal
structures. The nominal amplitude of the robot structure oscillations should not exceed
0.3 g. Considering the low noise amplitude, the presence of various frequency ranges,
and the appearance of additional frequencies when the robot breaks down, which can be
used to determine the type of damage, noise can be disregarded for the optimization and
simplification of algorithm operations.

The belt overtension in the tooth belt transmission results in frequent oscillations
occurring at the transition points within the robot’s operational area. Transition points
refer to instances in which the robot changes direction during its movement. Consequently,
the tension of the belt affects the robot’s performance only at specific locations within its
operational space. Furthermore, the spectrum analysis highlights that the frequencies of
vibration of the belt overtension are at the level of 200-250 Hz.

The resulting spectral analysis of the screw transmission, captured along two axes, in
the case of the heating fault, is presented in Figure 13a,b.

o 10—]

10 f‘Reference signal |—Reference signal
—Faulty signal ‘*Faull signal
107
o0 ‘ 0107
o 53
3 %
= 2107
=) [
g g :
< <. sl |
10 |
- 6 B
~~ \'l\\x 10 ‘\N\\{\\‘
107 107
0 100 200 300 400 500 0 100 200 300 400 500
Frequency, Hz Frequency, Hz
(a) (b)

Figure 13. The spectral analysis of the output vibration signal by X-axis (a) and Y-axis (b) for the
heating fault of screw transmission.

In contrast to the negative consequences of overtension in the belt, damage to the
torque transmission worm can result in significant disturbances throughout the entire path
of the robot’s movement, affecting not only specific points.

These vibrations can lead to increased stress on the robot’s servos, reduced positioning
accuracy, and significant wear on other components of the mechanism. Furthermore, an
analysis of the vibration spectrum indicated that these vibrations were not cyclic but rather
stochastic, making their elimination and reduction of their impact more challenging. One
proposed method to mitigate the effects of errors in the robot’s design is to increase the
torque in the servo drive to prevent potential gear jamming. Also, the frequency vibration
diapason is wider than that in the case of the overtension fault and is equal to 200-450 Hz.

Based on subsequent comparisons of the frequency spectra, it is possible to develop
a fuzzy logic algorithm that will determine the extent of damage in the transmission and
propose corresponding speed and torque patterns for the robot control system.

5.3. Fuzzy Logic Algorithm Results

Based on the information obtained from the spectral analysis, it is possible to create a
fuzzy logic algorithm for the diagnosis and control of the robot. Depending on the ampli-
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tude and vibration frequency, it is necessary to control the speed, torque, and acceleration
of the moving parts of the robot. Diagnosis according to the fuzzy logic algorithm should
be based on the frequency spectrum of the vibrational signal and the presence of vibration
amplitude, i.e., the presence of low-frequency signals with a high fault amplitude, as well as
high-frequency signals with low or high fault amplitudes. This will indicate transmission
damage, and depending on the frequency range, the type of failure will be determined.
The scheme of the fuzzy logic algorithm process is presented in Figure 14.
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Figure 14. The scheme of the fuzzy logic algorithm process.

The membership functions of input and output variables that determine the fuzzy
logic algorithm to control robot servomotors are presented in Figure 15a,b.
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Figure 15. The control membership functions of input (a) and output (b) variables.

(a)

As seen in Figure 15, each membership function describes the linguistic variable. For
the inputs, the variables were AL, FL—low amplitude and frequency of vibrations; AM—
medium amplitude; AH, FH—high amplitude and frequency. For the outputs, the variables
were SLL, TLL—minimum speed and torque of the servomotor; SL, TL—low speed and
torque; SM, TM—medium speed and torque; SH, TH—high speed and torque; Pos, Neg—
racing and braking of the robot, respectively; ZeroPos, ZeroNeg—weak acceleration and
deceleration of the robot. The form of the membership functions was chosen in such a
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way that the input variables corresponded to the data based on the spectral analysis. The
output variables were designed to ensure the smooth control of speed and torque, as well
as maintain the required degree of acceleration or deceleration of the robot.

The membership functions of input and output variables that determine the fuzzy
logic diagnosis algorithm for mechanical faults in the robot transmission are presented in
Figure 16a,b.
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Figure 16. The diagnosis membership functions of input (a) and output (b) variables.

As seen in Figure 16, for the inputs, the variables were F200, F250, F300, F350, F400,
and F450—the vibration frequencies for 200, 250, 300, 350, 400, and 450 Hz, respectively;
FAL—Ilow fault amplitude of the vibration, FAH—high fault amplitude of the vibration.
For the output, the variable fault types and their magnitudes were chosen in such a way
that it was possible to identify mechanical damage in the transmission. Thus, the normal
state of the transmission was equal to 0; the presence of belt overtension was equal to —1;
and the presence of worm heating was equal to 1.

The modeling results of the control parameters (speed, torque, and acceleration) are
illustrated in Figure 17a—c.
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Figure 17. Results of modeling fuzzy logic algorithm for control parameters speed (a), torque (b),
and acceleration (c).
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As seen from the simulation results, with an increase in the amplitude and frequency of
vibrations, the robot’s speed decreased while the torque increased. This occurred to reduce
the impact of vibrations on the robot’s structure and prevent undesirable consequences and
further breakdowns. The reduction in speed leads to a decrease in inertia, thereby reducing
the amplitude of vibrations, while increasing the torque helps overcome the current impact
of damage and diminishes its influence on the transmission. Regarding acceleration, the
situation is different. Acceleration depends more on the amplitude of the vibrations than
on their frequency, so with an increase in amplitude, the acceleration decreases. This results
in the damping of vibrations, stabilizing the entire system.

The rule base of the fuzzy logic algorithm was structured in such a way that the
control system’s output parameters contributed to reducing the impact of damage on the
transmission while ensuring the mechanical system’s functionality. This ensures minimal
wear on mechanical parts and, in turn, does not interrupt the execution of operational
tasks, allowing the completion of the work cycle. Moreover, this control method is easily
adjustable, making the entire system much more flexible and adaptive.

The modeling results for the diagnosis are illustrated in Figure 18a,b.
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Figure 18. The control membership functions of input (a) and output (b) variables.

The diagnostic modeling results indicate the likelihood of damage in the transmission.
Thus, the closer the output parameter is to the corresponding value for the presence of the
corresponding frequency in the vibrational spectrum of the signal (—1 for overtension fault
and 1 for worm heating fault), the more likely the presence of damage. By comparing the
diagnostic patterns of damage with real signals, it is possible to identify the presence of
damage even with a limited amount of data, relying solely on the frequency and amplitude
of vibrations. It is important to note that values from the vibration sensor’s input signal
should be considered within specific frequency ranges. Therefore, in the presence of
the necessary frequencies in the signal spectrum, the onset of damage can be identified
even with the slightest amplitude. This diagnostic approach significantly reduces the
frequency of repairs, meaning equipment maintenance will occur as needed, reducing
overall maintenance costs.

Similar to the control system, this diagnostic system is easily adaptable to various
types of damage, making it a versatile solution for signal processing and machine learning.

6. Conclusions

In conclusion, tests on the developed test bench prove the effectiveness of the method-
ology for diagnosing and controlling mechanical faults in robotic systems. The data
collection, processing, and fuzzy logic algorithms to identify and address common issues
like belt tension and gear heating in robot transmissions are used.
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Analysis of the vibration signals from the experiments gave insights into different
fault frequencies. By spotting distinct patterns through spectral analysis, a strong fuzzy
logic algorithm for diagnosing and fixing faults accurately based on vibration frequency
and amplitude was developed.

The fuzzy logic algorithm effectively adjusts robot parameters like speed, torque, and
acceleration to mitigate the impact of faults on the transmission system. This ensures
smooth operation while reducing wear on mechanical parts and preventing breakdowns.

The diagnostic modeling results highlight the reliability of the approach in identifying
damage in the transmission system, even with limited data. This reduces the need for
frequent repairs and lowers maintenance costs.

Overall, our findings emphasize the potential of fuzzy logic-based systems for enhanc-
ing the reliability of robots in dynamic industrial environments. The flexible methodology
offers real-time fault detection and management, improving operational efficiency and
reducing downtime in automated manufacturing processes.

For future work, we plan to explore other types of mechanical damage, upgrade
our fuzzy logic rule database, and validate our algorithm for controlling and diagnosing
faults. We will also investigate the use of fuzzy logic in machine learning and predictive
maintenance. Additionally, our research can aid in setting up digital twins of transmission
systems, robots, and other connected elements.
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