Eksploatacja i Niezawodnosc – Maintenance and Reliability
Volume 24 (2022), Issue 3

journal homepage: http://www.ein.org.pl

Article citation info:
Bortnowski P, Król R, Ozdoba M. Roller damage detection method based on the measurement of transverse vibrations of the conveyor
belt. Eksploatacja i Niezawodnosc – Maintenance and Reliability 2022; 24 (3): 510–521, http://doi.org/10.17531/ein.2022.3.12.

Roller damage detection method based on the measurement
of transverse vibrations of the conveyor belt

Indexed by:

Piotr Bortnowski a,*, Robert Król a, Maksymilian Ozdoba a
a

Wroclaw University of Science and Technology, Faculty of Geoengineering, Mining and Geology, Department of Mining, Na Grobli 15, 50–421 Wroclaw, Poland

Highlights

Abstract

• An original measuring device for transverse vi- The article presents the detection of damage to rollers based on the transverse vibration signal measured on the conveyor belt. A solution was proposed for a wireless measuring device
brations of the conveyor belt was presented.
that moves with the conveyor belt along of the route, which records the signal of transverse
• The possibility of spectral detection of cooperation
vibrations of the belt. In the first place, the research was conducted in laboratory conditions,
of the damaged roller and belt was presented.
where a roller with prepared damage was used. Subsequently, the process of validating the
• An auto encoder algorithm has been prepared to adopted test procedure under real conditions was performed. The approach allowed to verify
improve the effectiveness of detection.
the correctness of the adopted technical assumptions of the measuring device and to assess
• The process of validation of the test procedure un- the reliability of the acquired test results. In addition, an LSTM neural network algorithm
was proposed to automate the process of detecting anomalies of the recorded diagnostic
der real conditions was conducted.
signal based on designated time series. The adopted detection algorithm has proven itself in
both laboratory and in-situ tests.
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1. Introduction
The quality of the rollers used, and effective monitoring of their
condition is extremely important for the reliable operation of the belt
conveyor [29, 32, 36, 57]. Poor technical condition of the rollers may
result in the occurrence of mechanical damage to the belt, most often
resulting from blocking a single roller in the set [16, 49]. Blockades of
the rollers cause excessive friction between the tube and the belt, and
consequently accelerated wear, which may lead to a fire focus on the
conveyor route [3]. One of the most common causes of roller blockade is bearing damage [1, 55]. In addition, worn bearings significantly
increase the resistance to movement, which results in an increase in
the demand for electricity [11, 25, 42]. Under operating conditions,
roller bearings are exposed to many factors accelerating their wear:
dynamic loads, moisture, operating temperature, vibration and dust
[43]. Nearly 50% of all conveyor bearing failures are caused by the
presence of moisture and dust, which is why the design and quality of
the seal is an extremely important factor determining the undisturbed
periods of the conveyor [17]. Bearing life is also affected by the lubricants used [12, 35]. Friction between the belt and the blocked roller
causes abrasion of the jacket surface until it is destroyed [34]. Local
abrasion of the tube also changes the values of dynamic unbalance
and radial run-out, the main performance parameters of the rollers

[5], which may result in excessive vibrations of the route structure and
pose a serious threat of resonance [7]. Damage to rollers very often
develops without clear signs, so it is very important to use methods of
preventive monitoring of their technical condition [37]. The key indicators assessing the technical condition of rollers during the operation of the rollers are noise levels, vibrations, temperature increases
and changes in the properties of the lubricant used [21, 30, 41, 45].
The most used are diagnostic methods using a vibroacoustic signal to
evaluate [13, 27, 38, 56]. Algorithms are used consisting in general
measurement of the vibration level of bearing nodes, measurement
of the peak coefficient, analysis of the signal envelope, surge pulse
method, fuzzy logic or wavelet transform [4, 10, 18, 24]. Methods
based on the measurement of the vibroacoustic signal are very affordable in the implementation of solutions based on machine learning
[33, 52, 53] with high increase of usage in monitoring the operating
status of belt conveyors [26, 39]. The second group of methods for assessing the condition of rollers is related to temperature control [32].
The DTS (Distributed Temperature Sensing) method measures the
operating temperature of the rollers using optical fiber [51]. Thermal
imaging methods are also widely used [9, 34, 47]. Many of the solutions presented require direct installation of measuring devices on the
conveyor route or measurements of individual idler sets. In the case
of long conveyor routes and hard-to-reach places such as underground
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mines, these are not optimal solutions, which is why inspection robots [15, 46] or drones [8] are being used more and more commonly.
However, there are locations where their use is not possible due to
the limited space of the excavation, e.g. narrow drifts with dense construction of the conveyor route or other barriers preventing access to
the entire conveyor, such as local changes in the geometry of drift or
local accumulations of water. The article proposes a method of detecting damage to rollers based on the transverse vibration signal of a
moving, unloaded conveyor belt, measured directly on its surface [6].
A methodology for measuring input signals, filtration and decomposition was proposed to acquire useful data for assessing the state of failure, based on standard frequency analysis. The characteristics of the
interference of the signal from the belt are described. A simple LSTM
(Long Short-Term Memory) neural network with time memory was
built to verify the possibility of detecting damage based on time signals. Tests of the proposed model were conducted on data measured
in the laboratory with prepared damage to the roller tube and data
measured on the conveyor under mining conditions. The proposed
measurement method enables effective detection of the damaged
roller and the belt cooperation on sections of routes with difficult access or in the case of long conveyors. Compared to current diagnostic
methods, it eliminates the need for additional equipment installed on
the conveyor structure and reduces the number of people operating the
process. Shortening the measurement time and simplifying the inference process through an autonomous algorithm allows to increase the
frequency of diagnostic tests.

the troughed support was also 133 mm. The tests were conducted only
at the nominal belt speed, i.e. 1.81 m/s because the conveyor was not
equipped with a speed control system. The pre-tension of the belt was
caused by a gravity take-up device, at the level of approx. 10.5 kN.
To simulate the damage on the laboratory conveyor, a 133 mm diameter roller with point damage on the surface of the steel tube was
used (Fig. 2). The damage is designed to correspond to characteristic
tube defects under real operating conditions [31], where abrasive wear
of the steel surface arises due to excessive friction with the belt and
the process is accelerated by the presence of abrasive materials. The
form of damage simulates the local loss of the steel surface and the
characteristic sharp edges, which in laboratory conditions affect the
change in the geometry of the tube and force the belt to vibrate.

2. Materials and methods
2.1. Test rigs
Laboratory tests were conducted on a short conveyor with a length
of approx. 8 m, with a 0.8 m wide EP-200 textile belt installed (Fig.
1a). The conveyor was equipped with 5 idler supports (three rollers)
with a roller diameter of 133 mm. The average distance between the
sets was 0.95 m. The stand allowed for smooth adjustment of the belt
speed up to 5.3 m/s. The tests were conducted at 3 selected speeds: 0.4
m/s, 0.9 m/s and 1.3 m/s. The measurement of the linear velocity of
the belt and the circumferential velocity of the roller jacket was performed by the installed incremental encoders. Speed control allowed
to control a change in the characteristic frequency of the damaged
roller [14]. Because the transverse vibrations of the belt depend on the
tensile force, a constant tensioning force was provided at the level of
approx. 2 kN [6]. The measurement of the tensioning force was made
possible by strain gauges installed on the stand.
Field tests were conducted on the PT-1000/60 conveyor with a
length of 78 m and an angle of inclination of 16°, used to transport aggregate in a granite mine (Fig. 1b). On the conveyor was installed textile belt Z4P - 630 - 1- I - 1000 [19]. The diameter of the roller tube in
a)

Fig. 2. Prepared point damage to the test roller tube

2.2. Methodology
In the research, original measuring device enclosed in a sealed
housing and fixed to an unloaded belt was used (Fig. 3). This approach allowed to eliminate the occurrence of inertial movements
caused by vibrations of the belt itself. The device moved from the
return pulley to the drive pulley, recording vibration signals along the
entire length of the route.

2.3. Characteristics of the measuring device
The most important element of the measuring device is a microcontroller that performs the acquisition of measurement data from the
vibration sensor, their initial processing, and data recording on the SD
card. The system is equipped with a battery power supply. An analog
accelerometer was used to measure the acceleration of vibrations in
the vertical direction. The accelerometer allows the measurement of

b)

Fig. 1. Measuring stations: a) laboratory conveyor, b) PT-1000/60 conveyor in aggregate mine

Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 24, No. 3, 2022

511

a)

b)

Fig. 3. Measuring device: a) located on the laboratory conveyor belt, b) on the PT-1000/60 conveyor

the vibration signal in 3 axes, but because the belt vibration signals
are dominated by transverse vibrations, it was decided to simplify the
analysis of the results and measure only the vertical component [22].
The stabilization of the supply voltage was solved by adding a converter to the system. The output signal is monitored for free-fall signal
detection to eliminate signals that may be caused by contact-loss of
the measuring device from the belt, e.g., due to faulty mounting. The
device allows you to sample the signal at a frequency of 2500 Hz.
This means the possibility of recording the frequency of characteristic
failures up to 1250 Hz. The presented method is dedicated to detecting
damage to the surface of the roller tube, unbalance of the rollers and
radial run-out due to poor roller quality or bearing degradation. All
these factors affect the quality of the roller – belt contact. These are
damages with low characteristic frequencies, causing vibrations of the
belt of significant amplitude.
Acquiring the correct absolute value of the measured vibration accelerations required a preliminary calibration of the accelerometer.
Calibration allows to acquire a precise value of vibration acceleration in relation to the analyzed system. It was conducted through the
installation of the measuring device in a state of equilibrium, isolation
of the system from all external vibrations and long-term measurement
of the indications of analog outputs of the sensor. The measured signal
during the measurements was reduced by the average value acquired
during calibration. Based on the known measurement resolution of
the microcontroller and the sensitivity of the sensor, the voltage signal
was transformed into the result in acceleration units.

a)

3. Results
3.1. Frequency analysis

b)

Figure 4 demonstrates examples of time signals acquired for a
conveyor during its normal operation and a conveyor with simulated,
point damage to the roller tube. This chapter details the data processing for one recorded speed of 0.9 m/s. The length of the recorded
signal is in relation to the speed of the belt. In the time-frequency
analysis, a characteristic algorithm for detecting local damage to rotating elements was used [54]. The main objective of the analysis was
to determine the presence of frequencies characteristic damage in the
signal, cyclicity and distribution of frequency changes dominant during the conveyor operation with damage in relation to the distribution
for normal operating conditions.
A clear signal was acquired, generated by the forced damage to the
roller. The discussed case of roller damage detection in laboratory conditions is a simple issue, because for effective detection it is enough to
use classic diagnostic models based on changes in the vibration amplitude. However, such an approach is not possible in the case of the
analysis of signals recorded on a mine conveyor, which is discussed
later in the article. At this stage, the focus was on the possibility of detecting the characteristic frequencies in the belt signal, the description
of the cyclical nature of the recorded phenomena and the influence of
the belt damping properties and environmental disturbances on the
acquired results. Measurement of vibration acceleration by means of
electronic accelerometers in mechanical systems is burdened with
noise and disturbances, as a result of the action of acoustic vibrations
[48]. In order to reduce the interference, a three-stage input signal
filtering algorithm was used. Due to the wave nature of the damage

Fig. 4. Acceleration of transverse vibrations along the length of the laboratory conveyor: a) without damaged roller, b) with damaged roller
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a)

b)

Fig. 5. Acceleration of transverse vibrations along the length of the laboratory conveyor after filtration: a) without a damaged roller, b) without a damaged roller

signal, filtering with wavelet decomposition was used first [44, 58].
Then, a one-dimensional median filter was used, which allows for
effective elimination of point interference, and at the same time does
not cause distortion of the slopes [59]. The last stage of filtration was
the use of a Butterworth low-pass filter to eliminate high-frequency
interference characteristic of electronic accelerometers [60]. The filter
parameters were selected on the basis of the spectral analysis of the
input signal (signal density and the range of the read interferences).
Figure 5 presents the time signals after decomposition and filtration,
which were used for further frequency analysis.
The damage is located in the last segment of the input signal, therefore the last signal fragment with a duration of 3 s was separated for
further processing. Figure 6 demonstrate spectrograms (SPC), timefrequency characteristics of the normal and faulty signals. For this
purpose, the short-time Fourier transform (STFT) was used, which in
the continuous domain is represented by the equation [28]:
STFT { x ( t )} = X (τ , ω ) =

∞

∫ x (t ) w (t − τ ) e

−iωt

dt

(1)

−∞

a)

b)

where: w (t ) – window function, x (t ) – transformed time signal,
ω – frequency.
The discrete form of the STFT for splitting a time signal into overlapping data frames has the form [28]:
STFT { x [ n ]} ( m, ω ) = X ( m, ω ) =

∞

∑ x [ n] w[ n − m] e− jω n

(2)

n =−∞

where: x [n ] – signal, w [n ] – an analysis window that is assumed to
be non-zero only in the range [0, N − 1].
X ( n, k ) = X ( n, ω )

2π
ω= k
N

=

∞

∑ x [ m] w[ n − m] e

m =−∞

−j

2π
km
N

(3)

For the above conditions, the spectrogram representation can be
declared as:
SPC { x ( t )} (τ , ω ) ≡ X (τ , ω )

2

(4)

The SPC (Fig. 6) is presented considering the significant frequency
range up to 100 Hz.

Fig. 6. Transverse vibration spectrogram of the time segment with the identified damage after filtration: a) normal signal, b) faulty signal

At this stage of the analysis, low-frequency damage signals are
characteristic for the point damage of the roller tube, which is a slowrotating element. Visible are cyclical pulses from the damaged roller,
with a large amplitude compared to the normal signal. In order to confirm the cyclical nature of the events coming from the roller rotation,
the signal autocorrelation (ACF) will be performed in the next step.
The autocorrelation function makes it possible to exclude the random-
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a)

b)

c)

d)

Fig. 7. Spectral autocorrelation of transverse vibrations of time segments with a localized test roller: a) for the roller without damage (normal signal), b) for roller
damaged at 0.4 m/s, c) for roller damaged at 0.9 m/s, d) for roller damaged at 1.3 m/s

ness of the signal (it determines its origin from the non-random factor,
which in this case is the mantle damage) and to determine the cycle
length. Autocorrelation for continuous signals is defined as [23]:
ACF (τ ) =

∞

∞

−∞

−∞

∫ x ( t + τ ) x ( t )dt = ∫ x ( t ) x ( t − τ )dt

(5)

where: τ – lag, x (t ) – complex conjugate x (t ) .
The ACF for a discrete signal is: [23]:
ACF (ξ ) =

∑ x ( n ) x ( n − ξ )�

n∈Z

(6)

where: ξ – lag.

PF ( t ) = argmaxω P ( t , ω )

Figure 7 demonstrates the normalized spectral autocorrelation of
the normal and damaged signals for the analyzed speed variants. Normalization was performed on the basis of the mean. The plots were
prepared for a lag of 0.5 s
From the acquired spectral autocorrelation plots, the disturbances
and the result for the zero lag were filtered out, when for obvious
reasons the autocorrelation value was equal to one. The ACF of the
fault signal indicates a clear maximum (not visible with the ACF of
the normal signal), with a lag of approximately 0.1 s, which translates
into a fault frequency of 10 Hz. The acquired result is consistent with
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the analysis of the periodicity of the maximum amplitudes presented
after filtration in Figure 5. Detailed analysis reveals a slight increase
in the failure frequency with increasing speed from 9 Hz for a speed
of 0.4 m/s to 10.2 Hz for a speed of 1.3 m/s. ACFs have one distinct
common component with a lag of approximately 0.18 s (5.6 Hz). The
best results were acquired for the highest belt speed, which is due to
the limited impact of broadband high-frequency interference.
Because the SPC of the normal and faulty signal (Fig. 6) are quite
different, the characteristic features of the signal can be distinguished
and used to determine changes in the frequency domain associated
with the appearance of point tube damage. Mean peak frequencies
(mPF) were used as an indicator of the condition of the roller. In the
case of describing the spectrogram as a function of two variables
P (t , ω ), the peak frequency (PF) can be defined as [61]:
(7)

On the other hand, the mean peak frequency is described by the
relation [61]:
mPF =

1T
∫ PF ( t ) dt
T0

(8)

The segmentation function was used to divide the signals into 13
smaller segments. The number of samples in each segment determines
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a)

b)

c)

Fig. 8. Change of the mean peak frequency during the movement of the device from the return pulley to the drive pulley: a) for a speed of 0.4 m/s, b) for a speed of
0.9 m/s, c) for a speed of 1.3 m/s

the total number of signal samples (the higher the tested speed was,
the smaller the number of samples in the segment). Determined mPF
for each segment. Figure 8 demonstrates the changes in the mPF of
the normal and faulty signal during the movement of the measuring
device on the laboratory conveyor from the return pulley to the drive
pulley, for all analyzed speed variants. The test roller location point
was also marked to identify mPF changes in this segment.
Figure 8 demonstrates the change in mPF at the location of the test
roller between the normal signal and the damage test signal. The slight
differences between the results acquired on the basis of the ACF result
from the inaccuracy of the segmentation grid. The limitations of the
diagnostic method, consisting in the assessment of mPF changes during the operation of the conveyor along the route, are low-frequency
environmental signals of the conveyor’s operation, which should not
be interpreted as a source of potential damage.
In the case of mine conveyors, changes in the mPF in the range
of low frequencies (characteristic for damage to the surface of rollers) may be unclear, and the standard diagnostic method of rotating
elements, based on the above assumptions, may not be practical. The
analysis presents, that point changes in the peak value of the vibration amplitude bring much more valuable information. An automated
detection system based on a manually defined alarm threshold of exceeding the permissible peak amplitude value may generate erroneous
alarm signals. The result of this state is a dynamic load on the belt due
to a randomly changing stream of bulk material [20]. The solution
to reduce future errors are autoencoder algorithms, which enable the

reconstruction of the signal based on the known characteristics of the
device operation under normal conditions.

3.2. Autoencoder application
Automation of the time signal anomaly detection process, based
on changes in the peak value of the vibration amplitude, was based
on the LSTM autoencoder model, an artificial, recurrent neural network (RNN) [50]. LSTM uses deep learning to reconstruct nonlinear
time series. The basis of the system’s operation is a signal defined
as the normal operating state, which the embedded neural network
learns. On this basis, anomaly points in the reconstructed signal can
be identified [40]. The idea of the autoencoder operation is presented
in Figure 9.

Fig. 9. Diagram of autoencoder operation for discrete time series anomaly
detection [2]
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The general equations of the autoencoder is presented in the figure
above take the form [2]:

(

)

(9)

(

)

(10)

1
1
h = f ( x ) = σ 1 W ( ) x + b( )

2
2
x′ = g ( h ) = σ 2 W ( )h + b( )

where: f – encoder function, g – decoder function, g  f ( x ) – reconstructed input x , h – the encoded representation of the input x ,
1
2
1
σ1 , σ 2 – activation functions, W ( ) , W ( ) – weight matrices, b( ) ,
2
b( ) – bias vectors.
The autoencoder loss function to minimize the reconstruction error
is defined as [2]:
L ( x, x′ ) = x − x′

2

( (

2
1
1
=|| x − σ 2 (W ( ) σ1 W ( ) x + b( )

)) + b( ) ||
2

2

(11)

The diagram of the neural network used is demonstrated in Figure 10.

Fig. 11. A slice of the scaled time signal (without damage) for training the
neural network

and test data. The red line presents the course of the expected normal
distribution.
The learned algorithm was used to predict anomalies in the signal
from the laboratory conveyor (Fig. 14). For the
purposes of these studies, the thresholding parameter was defined as the maximum value of
the vibration magnitude of the normal signal.
3.2.2. PT-1000/60 conveyor

Fig. 10. Scheme of the application of the neural network

For a conveyor operated in real conditions,
the normal signal was assumed as a time slice
with a standardized distribution with respect to
other segments. Figure 15 demonstrates short
time slices of signals used to train the neural
network.
Figure 16 presents the acquired model losses
during successive iterations for the training and
test data recorded on the conveyor in full scale.

Layer 3 and layer 6 are responsible for the regularization of the data
in order to overfitting the model and improve its efficiency. Layer 4
repeats the input vector according to the defined number of backward
time steps. For the model, this parameter was set to 30 samples. Finally, layer 7 creates a time vector with a length equal to the number of
outputs from the previous layer. As the loss index, the mean absolute
error (MAE) was used, defined as:
MAE =

1 n
∑ xi − x 'i
n i =1

(12)

where: n – number of data points, x – actual value, x ' – value predicted by the model used.
3.2.1. Laboratory conveyor
In the case of laboratory tests, the signals of the normal operation
of the conveyor (Fig. 11) were defined for the work with the roller in
good technical condition (recorded before the damage was prepared).
Figure 12 demonstrates the model losses acquired during successive iterations for training and test data at a speed of 0.9 m/s.
The places where the test loss (faulty signal) is lower than the training loss (normal signal) may mean that the failure variant considered
by the model was trivial to predict, significantly different from the
data defined as the normal state. This situation is illustrated in Figure 4 as the signal peaks at the location of the damaged roller. The
next figure (Fig. 13) demonstrates the MAE distribution for training
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Fig. 12. Model learning loss for successive iterations

In this case, a potentially faulty signal is the signal collected during
the full travel of the device on the route, from the return pulley to the
drive pulley. Over the entire length of the route, there were over 90
idler supports, which were verified.
As in the case of laboratory tests, Figure 17 demonstrates the distribution of MAE for the normal signal and the complete signal recorded
on the conveyor.
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a)

b)

Fig. 13. MAE histogram with the determined normal distribution: a) for training data (normal), b) for test data (faulty)

a)

b)

c)

Fig. 14. Detection of anomalies in a scaled laboratory signal: a) for a speed of 0.4 m/s, b) for a speed of 0.9 m/s, c) for a speed of 1.3 m/s

The results of roller anomaly detection with the use of the autoencoder are demonstrated in Figure 18, and the on-site inspection confirmed the place of their occurrence in the indicated sections of its
route.

In the recorded signal, the autoencoder detected 3 locations of potential damage to the roller. The first point of damage was found at
the point of loading the material onto the conveyor, at the very beginning of the route (approx. 2 seconds). The registered signal anomalies
were caused by damage to the roller bearing (Fig. 19a), which lost its
functional properties due to damage to the seal or degradation of the
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Fig. 15. A slice of the scaled time signal (without damage) for training the network

a)

Fig. 16. Model learning loss for successive iterations

b)

Fig. 17. MAE histogram with determined normal distribution: a) for training data (normal), b) for test data (potentially faulty)

of damage (approx. 10 seconds) was caused by abrasion of the roller
tube (Fig. 19c), which was replaced immediately after the tests.

4. Summary and conclusions

Fig. 18. Anomalies were detected in the transverse vibration signal of the fullscale conveyor

joint between the rollers tube and the hub. The work of this particular
roller was much louder than the other rollers in the same set. The second point of damage (approx. 7 seconds) was related to the friction of
the belt against the blocked tracking roller (Fig. 19b). The third point
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The article presents a method of roller diagnostics based on analysis of recorded signal of transverse vibrations using a measuring device located on the surface of the belt. The research was conducted
in laboratory conditions with prepared damage to the roller tube, in a
known location along the route, and then the process of validating the
adopted test procedure in real conditions was performed. The recorded
vibration signals were filtered and decomposed to reduce noise, and
then subjected to standard frequency analysis. There were differences
in the measurement results acquired for signals recorded in the presence of a damaged element and in the normal state (without damage),
which were characterized by different values of signal amplitude.
Studies have proven that for laboratory conditions it is possible to
find the location of the damaged element based on the change in the
average peak frequency over time and spectral autocorrelation. The
use of spectral autocorrelation proved the cyclicity of the signal in
the case of a damaged roller and allowed to indicate its frequencies of
excited vibrations.
The limitation of the use of the diagnostic method, consisting in the
assessment of mPF changes during conveyor operation in real conditions, are numerous, low-frequency signals related to the specificity of the operating conditions, which can be mistakenly treated as
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a)

b)

c)

Fig. 19. Anomalies found on the belt conveyor route: a) damaged roller bearing, b) blocked belt tracking roller, c) damaged roller tube

a source of potential damage, but in fact are only signal interference.
This prompted the authors to develop an autoencoder model that required building an LSTM neural network algorithm with time memory, where damage detection is based on a comparison of recorded time
signals with a signal used for deep learning and corresponding to normal operating conditions. The adopted detection algorithm effectively
located the damaged roller at the laboratory stand and indicated potential areas of existing or developing damage to the rollers built on the
mine conveyor, which was confirmed by the local inspection of the
facility. The use of the auto encoder also resulted in the automation
of the damage detection process, which can be extremely valuable
when assessing the operation of long-distance conveyor routes. The
proposed system of non-invasive diagnostics of the cooperation of the
conveyor belt with the roller, as well as the presented method of interpretation of the recorded signals is characterized by high application
potential. It can be used both to identify local damages, determine the
causes of their occurrence, but also to conduct a preventive inventory
of the technical condition of the operated transport routes.

Further work will be focused on improving the measurement algorithm. The recorded transverse vibrations of the belt come from many
phenomena occurring along the entire length of the upper conveyor
rod. Faulty cooperation of the belt and the roller is a very complex
issue, not related only to the damage to the roller itself. The measurement method should allow to identify all anomalies on the conveyor
route, as well as ensure their classification. For this, it is necessary to
continue research on real objects with different design and operational
parameters. This will provide a sufficient training database for effective detection and classification of roller damage.
Founding
The research work was funded with the research subsidy from the
Polish Ministry of Science and Higher Education granted for 2022.
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