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Vibration analysis is a crucial tool for the early detection of faults in rotating
machines, as it allows for the prevention of major damage and avoids significant
costs associated with these faults. This study examines the phenomenon of
imbalance in rotating machines, using signals generated on a test bench at the
Santander Technological Units, where specific fault conditions were replicated.
The signals obtained were analyzed using wavelet decomposition, from which key
characteristics were extracted, such as root mean square (RMS), peak value,
kurtosis, and mean absolute value (MAV). These characteristics were then
compared using box plots to evaluate the separation between signals from
unbalanced machines and those in a fault-free state. This analysis allowed us to
identify significant differences between the two conditions, demonstrating the
effectiveness of the approach in detecting faults due to imbalance.
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1. Introduction

In the era of Industry 4.0, industrial predictive maintenance has a wide range of tools for early failure diagnosis
and damage prevention. These tools include vibration analysis, ultrasound, thermography, and lubricant
analysis, among others. In addition, these techniques are often combined with advanced technologies such as
artificial intelligence (Al) and the Internet of Things (IoT) [1][2].

In the industrial sector, rotating machines have a defined period of useful life [3][4]. To monitor their condition
over time, various indicators are used, such as failure probability density, cumulative probability of failure, and
failure rate. These concepts are summarized in the well-known failure curve, also called the bathtub curve,
which describes three stages: infant mortality, asset life, and wear and tear or aging [5]. For maintenance
personnel, extending the service life of equipment is a priority [6]. According to the bathtub curve, the second

This work is licensed under a Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/ ) that allows others @ @
to share and adapt the material for any purpose (even commercially), in any medium with an acknowledgement of the work's authorship
and initial publication in this journal.

355


https://creativecommons.org/licenses/by/4.0/
mailto:csandoval@correo.uts.edu.co

SEI Vol. 7, No. 2, 2025, pp.355-364

interval-the service life stage-is crucial, as it is during this period that machines often experience random
failures. To mitigate these problems and avoid unnecessary costs, vibration analysis, a predictive maintenance
technique that uses sensors to detect faults such as misalignment and unbalance, is used [7-10].

Unbalance occurs when the rotating mass is not uniformly distributed with respect to the axis of rotation, which
generates centrifugal forces that destabilize the machine [11], [12], [13]. This phenomenon can be classified
into two main types. Static unbalance, which occurs when the weight is not uniformly distributed in a single
plane perpendicular to the axis of rotation. Dynamic unbalance, a more complex condition involving multiple
planes of unbalance. Vibration analysis allows these faults to be identified and corrected before they cause
significant damage to the machine [14], [15].

In this work, signals from a test bench with a rotating machine subjected to unbalanced conditions will be
analyzed. From these signals, samples were taken at different frequencies, and the wavelet transform [16], [17]
was applied for processing. Subsequently, features such as RMS and peak value of the decompositions were
extracted and compared using box plots. The analyses included two configurations: one that considered all
sensors together and one that separated the sensors on the X and Y axes. The best results were obtained when
looking at the separation between unbalanced and fault-free signals [18].

2. Materials and methods
2.1. Vibration test bench

For this paper, a vibration bench (Figure 1), designed to simulate imbalance-related failures in rotating
machinery, was used. The bench consists of a 3340 RPM, 1/2 HP WEG motor, two flywheels to induce
imbalance, a flexible coupling, and a bearing-mounted shaft. Instrumentation included three 3300 XL 8mm
proximity sensors connected to proximity transducers of the same model, compatible with a National
Instruments NI-6008 data acquisition card controlled by LabVIEW software. The 3300 XL 8mm proximity
sensors operate on the eddy current principle, enabling non-contact measurement of the dynamic displacement
between the sensor and a rotating shaft. This model offers a sensitivity of 7.87 mV/um (200 mV/mil) and a
typical linear range of 0 to 2 mm, with excellent resolution (<1 pm) and a frequency response of up to 10 kHz,
making it ideal for the precise monitoring of vibrations in rotating machinery. Its stainless-steel construction
and reverse-mount configuration allow for robust and reliable integration, complying with the recommendations
of the ISO 7919 standard for sensor placement and orientation on rotating machinery. The sensors were
connected via a specially modified junction box, which incorporated male plugs and cable glands for proper
organization and protection of the wiring. Each sensor was linked to its corresponding Proximitor, which
delivers a voltage signal proportional to the detected displacement. These signals were directed to the
differential analog inputs of the NI-6008 card, configured with a range of 20V and a sampling frequency of 1
kHz. This configuration ensures reproducible and accurate conditions for evaluating the dynamic behavior of
the shaft under controlled imbalance conditions.

Figure 1. Vibration test bench
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2.2. Signal processing and features

Wavelet transform: The wavelet transform was used to decompose the signals acquired from the test bench,
applying a fourth-order decomposition. The general equation is defined as follows [16], [17]:

Wy(s,7) = f FOW(Od (D)

Root mean square (RMS): we use it to calculate the mean value of our signal from the wavelet decomposition
[19], [20], it is expressed in the following Equation 2:

1 N
RMS = ’Nzi=1xi (2)

Peak value: maximum value of the signal, as shown in Equation 3:
Peak = max(X;) 3)

Kurtosis is a statistical measure that describes the "shape" of a signal's probability distribution. Specifically, it
indicates the concentration of data around the mean and the presence of heavy tails or outliers [21]. Where the
mean is | and the standard deviation is o, kurtosis is calculated as:

N
1 Xp— U
Kurtosis = ~ > () (4
urtosis N 1( 5 ) €))
n=

Mean Absolute Value (MAV): It is a time-domain feature that calculates the average of the absolute values of
the points in a signal.

N
1
MAV = NZIin (5)
n=1

2.3. Statistical analysis

For the statistical analysis, box plots were used as a key tool to visualize the variance and separation between
the different data sets obtained. These plots allow clear identification of the distributions of values, the presence
of outliers, and significant differences between groups [22].

Additionally, bar graphs were generated in order to represent the values derived from the analyzed
characteristics (such as RMS and peak value) for each sensor individually. This visualization allowed separating
the sensor data on the X and Y axes; with these decompositions, the RMS, peak, MAV, and kurtosis values
were calculated for each of the signals.

3. Results and discussion

The samples were taken by generating an imbalance on the test bench. Two sensors, referred to as X and Y for
this test, were used at 45° from the vertical axis and 90° between them, as indicated by the ISO-7919 standard
and the reference sensor. The data obtained by imbalance, free, and reference are available. For this data,
programming was carried out in MATLAB to obtain the fourth-order wavelet decomposition, see Figure 2. With
these decompositions, the RMS value, peak absolute mean value, and kurtosis were calculated for each of the
signals.

RMS and Peak values were obtained for the following decompositions:

1. For the whole signal or vector of the wavelet decomposition.
2. The last decomposition or last approximation called cA3
3. And to the decompositions before the last detail (without cA3)
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Figure 2. Wavelet decomposition

The RMS, Peak, MAV, and kurtosis values were used to compare the characteristics, as shown in Figure 2. The
purpose of this comparison is to see the separation between unbalanced and free data, as the rotating machine
should normally work. We can see that the RMS boxes with imbalance and RMS free tend to separate, but the
total box does not, as does the kurtosis characteristic. When comparing the peak and MAYV values, we observe
that the values are relatively equal between the two boxes or averages. Table 1 shows in more detail the average
for the peak value with an imbalance of 35. 1446 and a free peak of 34.8751.

Boxplot of Features: Full Wavelet Signal
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Figure 3. Boxplot signal or vector of the wavelet

In Figure 4, we see the boxplot for the data from the last cA3 decomposition. We see that the RMS and kurtosis
characteristics have separated means, but the distribution of each box is wider for the 25th and 75th percentile
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values, and the peak values are similar for the unbalanced and free data (Table 1). In Figure 5, we see the values
of the characteristics for the rest of the decomposition (detail) without the last detail of the wavelet (cA3), but
these values are very small. In Table 1, we see that there is not much difference in the values of the
characteristics, so in Figure 6, we see the values of the characteristics for the rest of the decomposition (detail)
without the last detail of the wavelet (cA3), but these values are very small. In Table 1, we see that there is not
much difference in the values of the characteristics, so in Figure 6, we see the values decomposition (detail)
without the last detail of the wavelet (cA3), but these values are very small. In Table 1, we see that there is not
much difference in the values of the characteristics, which is why we say that the values are intertwined. Upon
observing this, it is decided to continue working only with the RMS values of the entire decomposition and the
data from the last detail cA3, values from Figures 3 and 4, respectively.

Feature Boxplot: Approximation Level cA3
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Figure 5. Boxplot decompositions before the last detail
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Table 1. Median and IQR

All decomposition cA3
Features Median IQR Median IQR

RMS unbalanced 8.2929 (6.5994,10.2924) 23.4516 (18.6621,29.1061)
Peak unbalance 12.3789 (10.9116,13.7443) 35.1440 (25.9097,39.3678)

Kurtosis unbalance 1.9424 (1.119,2.508) 1.9406 (1.1183,2.5029)
MAY unbalance 6.6967 (3.2288,7.8592) 18.937 (9.1348,22.2252)
RMS free 9.8422 (6.8727,12.2968) 27.8328 (19.4356,34.2092)
Peak free 12.1378 (10.8709,13.7341) 34.8751 (30.4774,38.8487)

Kurtosis free 3.8453 (2.2105,5.3159) 3.679 (2.2089,3.8323)
MAYV free 9.399 (3.5057,10.9723) 26.5808 (9.9178,31.0257)

RMS reference 1.1087 (0.70253,1.2483) 3.1351 (1.9865,3.53)

Peak reference 2.111 (2.0922,2.1314) 4.1658 (4.1422,4.1683)

Kurtosis reference 2.3455 (1.9455,3.8571) 3.341 (1.9445,3.8538)

MAV reference 0.8956 (0.3583,1.1323) 2.5328 (1.0138,3.2017)

The analysis continued with the RMS and kurtosis values. With the RMS values, the values of each sensor were
separated into X and Y. To better observe the data, bar graphs were used, as shown in Figure 6, where we can
see that the values in x will always be higher in their test (each pair of bars is a test). When reviewing these
values, a boxplot graph is made comparing each sensor's values of sensor X with imbalance against the free X
values, as shown in Figure 7. For the kurtosis values, the same separation of X and Y was performed, but only
compared in the boxplots (Figure 8), which in the previous study showed more separation between them.

RMS A3 with Unbalance RMS Free
12 ‘ s ‘ . ; 14 . ; e
10.29 12.10
10l 12r 11.37
10.21
10 9.47

8 787 ] 8.73
3 6.87
E - 6.60 8l
o 5.26 i
2 5.04 : 6l
x

s

4l
2 N
0 . . . 0
+ + +
SOOI S S &S S S
& & & & & S S ') & S & &
S S S S SO & $
<& A\ AN A\ A\ AN 5 A $ AN A\ A\

Figure 6. RMS values for each sensor in three different tests, complete decomposition

The RMS values in X with unbalance and free are observed to have a separation between them as seen in Figure
7 in the first two boxes, for Y with unbalance the same dynamics is observed this is observed in boxes 5 and 6,
all this is also corroborated with the A3 data which is our last decomposition of the wavelet transform.
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Boxplot for each X and Y sensor
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Figure 7. Boxplot Comparison of each sensor between the imbalance and free for RMS values

For the kurtosis values, Figure 8 shows a better separation for each of the pairs, and we see the data boxes with
very uniform imbalance in both the X and Y axes.
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Figure 8. Boxplot comparison of each sensor between imbalance and free for kurtosis values

4. Conclusions

This study demonstrated that wavelet decomposition, particularly when analyzing the final approximation level
cA3, allows for effective differentiation between balanced and unbalanced operating states in rotating machines
(Figures 7 and 8). Among the characteristics analyzed, the RMS value and kurtosis showed a greater ability to
distinguish between conditions, compared to the peak value and MAV, which showed minimal variability
between the different scenarios. This suggests that RMS and kurtosis are more reliable indicators for detecting
imbalance when using wavelet-based methods. Statistical evaluation using box plots and bar charts validated
the ability of RMS values to distinguish between signals collected on the X and Y axes, both under normal and
fault conditions, and more easily, the box plot for values using the kurtosis feature. The analysis of the cA3
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level showed a significant contrast in the RMS and kurtosis distributions, reinforcing its diagnostic usefulness.
In contrast, the first levels of decomposition generated values that were too similar to offer useful discrimination.
Finally, the results obtained support the feasibility of implementing computationally efficient signal processing
techniques for predictive maintenance tasks. It should be noted that even with low-complexity methods, such
as RMS analysis based on wavelets, it is possible to obtain relevant information about the operating status of a
machine. As future work, we propose to explore additional features and integrate machine learning techniques
to improve the robustness of the classification and its generalization to different operating scenarios.
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