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1. Introduction
Maintenance and reliability is a fundamental tool for production 

sites and companies in general, because they represent a competitive 
advantage. This is because it helps reducing the costs of time, material 
and, above all, production losses. Therefore, there is a great demand 
for improving preventive and especially predictive maintenance pro-
tocols [15], in terms of industrial equipment and among them the most 
sensitive element, which are bearings. [25]. About 40% or shutdowns 
are caused by bearings [23], which is why it is important to improve 
control and monitoring procedures.

Bearing failure depends on many variables, such as: assembly, 
preventive maintenance, lubrication control [30], excessive dynamic 
loads, fatigue [5], design faults, handling defects, impacts or contami-
nation [14]. Common work methodology for bearing failure diagnosis 
and analysis follows the maximum amplitude value prescriptions, ac-
cording to the international standard ISO10816, without addressing 
the effect of independent frequencies of each part of the equipment 
and each bearing. Each control point and each axis receives data on 
power density or RMS [2]. 

Following the ISO, speed is used as a sampling variable. So, in 
terms of power density, it does not use the energy generated from 
the frequency spectrum of the acceleration, which masks defects 
at low frequencies. Also not using the density produced by the dis-
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placement that masks the high frequencies. Another problem with 
this technology is the requirement to measure frequently at all points 
to avoid the effect of bearing failure [29]. The 4 stages specified by 
the international standard ISO indicates the vibration levels supported 
by the machine. This wrong performance is caused by improper work-
ing conditions, eccentric misalignment, defective shafts and cavita-
tion [19] and it is in the last stage when the bearing breaks down com-
pletely [26].

Early research addressed the problem by improving signal quality 
through measurement sensors and processing. The aim is to identify 
the stage of the bearing. In the first and second stage the defect is 
not perceptible, neither visually nor audibly using classical methods 
of vibration measurement and analysis. In the third stage, there is a 
small increase in temperature, but it is a challenge to monitor it. The 
transition from the third to the fourth phase is very fast due to the type 
of breakdown in the form of a ski curve, and it is in this last phase 
where the prediction has no value, since it implies predictive actions 
on the equipment [18]. Another factor for prediction is the number of 
equipment types and defects [20], because it is not only important to 
determine the stage, but also to know the most sensitive parts to the 
energy effect of this type of disturbances.

New non-invasive techniques such as acoustic studies are trying to 
improve predictive maintenance [12] but they have the problem of the 
working environment. These studies produce results in laboratories 
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but in the real field their results are not satisfactory. Currently, vibra-
tion techniques are the best answer to the problem, but the cost of this 
type of maintenance is very expensive due to the number of elements 
that interact [16]. The disadvantage of the vibration spectral study is 
that it requires a frequent control and monitoring of all the axes and 
positions to see the evolution and optimize the best time to make re-
pairs or improvements [21]. Knowing the elements and control posi-
tions that are most sensitive to vibrations is a competitive advantage in 
the industrial sector, since it enables to predict failures. This results in 
great efforts to obtain them. Studies deal with the problem in laborato-
ries with controlled conditions, analysing the effect of internal stress, 
dissipation or energy produced by roughness, without being able to 
evaluate the effect of real conditions [1], due to the time needed to 
perform this type of monitoring. Most studies approach the problem 
in laboratories [11]. The effect of internal stress, dissipation or energy 
produced by roughness is analysed, as well as new designs with gas 
application, to minimize the effects of tangential and centrifugal 
forces [4].  Other studies approach the problem by experiment-
ing with Vectorial Support Machines (VSM) [8], looking for 
early diagnosis of ball bearing failure through Wavelet signal 
processing [6]. Most studies to date are conducted in laborato-
ries and those conducted in the field have a smaller sample size. 
They also approach the problem in an isolated way, one defect 
at a time, and in controlled environments, without considering 
how each of them affects the maximum amplitude value, which 
is the reference value used for maintenance and reliability of 
industrial equipment [7].  

Real monitoring measurement points are neither addressed, 
nor do they respond to real working conditions performance and 
always have the problem of limited sample number, using stochastic 
methods that are not subsequently validated in situ [28]. This paper 
therefore analyses the problem by monitoring a device under real 
working conditions. This study improves maintenance and reliability 
protocols by reducing the number of control points, which translates 
into time savings, improved efficiency, and an increase of the monthly 
number of samples. The analysis through the spectral value of each 
independent frequency allows to know the most sensitive element to 
breakage and its control point, this would help to make changes in the 
bearing design and engineering. Another added value of this research 
is that it has been conducted through a 15-year sampling under real 
working conditions, which have validated this maintenance method.

2. Material and methods

2.1.	 Equipment under study

We analyse the vibration of the bearing SKF6322 in equipment 
with the following specifications: frame size 400 motor weighing 
3190 kg, with a wingspan of 1900 x 910 mm, steel bedplate of 2100 
x 3900 x 300 mm. The powered equipment has a 2075 mm. diameter 
fan; and a 95 mm and 3900 mm long shaft. The driven equipment has 
a 2075 mm. diameter fan; a 95 mm. and 3900 mm. long shaft. The 
blades are powered with a coupler, the motor part is 1900 mm long 
and the fan is 2000 mm long.

The fault frequency of the different parts in the bearing is defined 
according to the contact points [13]. This bearing generates 5 charac-
teristic frequencies, which would be the BSF or ball spin frequency or 
the rollers; the FTF (Fundamental Train Frequency) or the one gen-
erated by the cage, the incidence on the inner or outer track called 
ball-pass inner race (BPIR) and ball-pass outer race (BPOR) respec-
tively. Another very important variable is that generated by the second 
harmonic of the balls, which is usually a more accurate indicator than 
their fundamental harmonic [31]. 

The equipment under study has as fundamental bearing the 
SKF6322, which supports the part of the blades. Table 1 shows the 
nominal specifications of this bearing.

In addition to the previously described variables related to the bear-
ing, we will also analyse those generated by the rotation of the ma-
chine itself (SPEED) and those caused by the rotation of the blades. 
For data collection, we have followed the indications of the ISO 

10816.3 standard [32]. The bearing, blower shaft and blade frequen-
cies are shown in Table 2.

The analysis of the frequency of rotation of the equipment and the 
blades is an indispensable requirement to be able to validate the en-
ergy weight generated by each one and between them, and with future 
studies it would be possible to determine or to see the affection of 
these variables with other operation regimes.

2.2.	 Vibration analysis

The predictive analysis of a rotating machine comes from the 
transformation of the signals caused by the vibrations generated by 
this equipment. Fourier succeeded in relating the shape of the waves 
generated by vibrations to the frequency, generating their vibratory 
spectrum [17]:

	 X f x t e dtj ft( ) = ( )
−∞

∞
−∫ * 2π 	 (1)

The representation of the frequency spectrum is called spectral 
density, which is achieved by decomposing the waves generated by 
the vibrations represented as a function of frequency rather than time. 
The analysis of failure detection by means of signals in the frequency 
domain does not allow a guaranteed approach. Therefore, there arises 
the concept of Power Spectral Density (PSD) which is the amount of 
energy that each characteristic frequency has, and which follows the 
following mathematical equation:

	 PSD x i
T

x i T( )( ) = ∑ ( )( )1 2
∆ 	 (2)

The sum x (i) for ∆T is the average power of the range or the sum 
of the powers of the different components, independently. To estimate 
this energy, we limit the integration interval by using a rectangular 
window of the sample function. This window is defined as a periodo-
gram and has the advantage of detecting hidden frequencies [9]. There 
are more accurate methods for analysis, one of them is the Hilbert 

Table 1.	 SKF6322 bearing specifications

Table 2.	 Characteristic frequencies of the SKF6322 bearing (Hz)
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HT (Hilbert Transform) transform, which studies the signal envelope. 
This achieves an improved PSD and optimizes the sampling in vi-
brations that are generated at low frequency, modulating the primary 
signal [27]. The method follows the procedure of transforming two 
functions s (t) and 1/ (ᴫt) into a third one, as shown in mathematical 
expression number 3:

	 x t x u
t u

du( ) = ( )
−−∞

∞

∫
1 1
π

	 (3)

This system amplifies the events that are generated at low frequen-
cy, by means of the components that form the signal’s envelope. The 
system provides improvements, but also has its weaknesses, as it is 
very sensitive to noise [24]. This problem was solved using the Wave-
let Transform (WT) [10]. This provides information on two study 
variables in signal processing, such as time and frequency [22].

3. Data acquisition, processing and analysis 
For data collection and processing of vibrations, we have used the 

Entel IRD analyser and the Odyssey Emonitor software. The compu-
ter equipment has a 16-channel interface, a 4-filter multiplexer, 
with an integrator for the generation of velocity signals as a 
function of acceleration and similarly as a function of displace-
ment. To avoid aliasing high frequencies, the received signal 
is amplified and filtered. Finally, the system has an analogue-
digital converter, which captures up to 51.2 kHz, with a resolu-
tion of 16 bit. 

The Odyssey Emonitor Software allows for the generation 
of trend graphs of vibration energy levels and their character-
istic frequencies. The accelerometer used has a sensitivity level 
of 100 mV/g, with a contact displacement translator, which allows a 
frequency range of 10,000 Hz. We used a magnet anchorage method 
with quick release grip to secure it. This allows to reach failures in a 
higher frequency range, with a sensitivity range compressed between 
0-300 Hz. Monitoring is carried out using a Hanning window of 3,200 
to 60.000 spectral lines for vibration velocity and of 3,200 to 
60,000 for acceleration, obtaining a bandwidth of 28 CPM and 
140 CPM for speed and acceleration, respectively. The resolu-
tion obtained will be 18 CPM and 93 CPM for speed and ac-
celeration, respectively. The standard used for diagnosis has 
been ISO10816. The equipment consists of two control and data 
acquisition points identified with numbers 3 and 4; at each of 
these points, data is collected according to the three coordinates 
of space X, Y, Z. The digital integration weighs up the signals 
produced at low frequencies, acting to a lesser extent on the high 
ones. This is because the speed V (f) is inversely proportional to 
the frequency f. as can be seen in the following expression:

	 V f
c A f

f
( ) = ( )1 	 (4)

While the D (f) shift is equally affected by frequency, but in 
an exponential manner:

	 D f
c A f

f
( ) = ( )2

2
	 (5)

where A (f) is the acceleration at frequency f and C1 and C2 are con-
stants depending on the measurement units.

Following the indications of the previously mentioned standard, 
the maximum levels in terms of RMS are used, where a total of 617 
shots are obtained for each of the two positions and the three coordi-
nated axes, resulting in a total of 3702 data.

4. Results and discussion
Initially, we study which part of the bearing has the greatest impact 

on the equipment’s operation, in terms of RMS speed. To do this, the 
maximum amplitude values are taken and compared with each aver-
age position separately, comparing the incidence on each axis.

After determining the axis of each most incident position, it will be 
compared with that of the other position, to determine which of the 
two is the most sensitive to the energy effect of vibration. Once each 
frequency’s position and axis have been determined, the most harmful 
frequency will be evaluated in order to study how it behaves with the 
equipment’s operating frequency, called SPEED, and the frequency 
of the blades. We start with the analysis of the frequency generated by 
the bearing cage, calculating the sum of values obtained throughout 
the study in each position and its axes. We do the same with the mean 
and the maximum or peak value, all in terms of RMS. In table 3 the 
result is evaluated first by positions, where position four has a higher 
energy value than position three, this means that the FTF has a greater 
impact on it. Another value to be noted is the performance of the axes. 
The vertical axis is the one that obtains a higher RMS value at both 
mean points. This indicates that the disturbances generated by the ball 
cage are more incident on this axis (table 3).

As a conclusion, it must be said that the highest values correspond 
to the vertical axes and specifically the one in position 4 is higher, both 
in general terms and in peak values. But to determine the viability of 
the method, the results are checked over the whole sample period. In 
graph number 1 the results of the variable FTF can be checked, in 
positions 3 and 4 vertical.

Fig. 1. FTF results in terms of RMS (mm/s) in positions 3 and 4 vertical

Apart from the values, the most important thing is to detect that 
this variable follows a common pattern in both positions, only varying 
the peak and the absolute values. Another factor is the homogeneity 
of both, following a common pattern, which is a fundamental fact to 
be able to state that it would only be necessary to sample the vertical 
position 4 for an early failure detection, avoiding the sampling of 5 
more positions.

After evaluating the frequency of the bearing cage, we continue 
with the analysis of the effect caused by the frequency of the balls. 
When analysing the results, the result obtained in FTF is repeated: 

Table 3.	 FTF results in terms of RMS (mm/s)
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position 4 is the most decisive, with an average value of twice 
the one obtained in position 3. The sampling by incidence axis, 
shows that the vertical axis is more important. It should be not-
ed that in the case of checkpoint 3, the results are very similar, 
so it can be said that this frequency is affected by position 4 and, 
unlike FTF, it becomes homogeneous. This is shown in table 4.

The highest values are found to correspond to the vertical 
axis of position 4, followed by the horizontal position 3. The 
whole evolution of the sampling period is shown in graph 2. As 
in the previous case, this variable follows a common pattern in 
both positions, even if they have different axes, only varying the 
peak and absolute values.  It is important to say that in absolute 
values, FTF reaches peak values 10 times higher than BSF, and 
in the case of accumulated values for the whole sample, the latter 
do not even reach a quarter of those obtained in FTF. Afterwards, 
we evaluate the effect caused by the impact frequency of the 
balls on the outer track. It is observed that position 3 is the most 

determining, breaking thus the results of the FTF and BSF fre-
quencies. The previous sequences are also broken in the axes, 
having the highest mean and peak value in POS3A. Everything 
previously stated indicates that the vibration generated on the 
outer track causes more disturbances on the axial axis of posi-
tion three, followed by the vertical axis of position 4. The maxi-
mum and accumulated energy values of the BPOR variable are 
shown below in table 5. The highest values correspond to the 
axial axis of position 3, followed by the vertical position 4. To 
determine if they follow a common pattern and how the evolu-
tion of the maximum peaks has been, we conduct a comparative 
representation, which will determine if the control method of 
fewer positions and measurement axes is valid for the success-
ful predictive maintenance of this type of equipment. Results 
are shown in graph number 3. The graph shows homogeneity 
of results, where common patterns are obtained with periods of 
higher values in the axial position 3, as the period between 2004 
and 2006, but its trace is homogeneous to the one generated in 
the vertical position 4.

Subsequently, we evaluate the effect caused by the impact 
frequency of the balls on the inner track or BPIR. This is shown 
in Fig. 3. The result is that the vertical position 4 is the most 
significant. It is important to mention the parity between the 
horizontal and vertical axes. In the case of position 3 we ob-
tain the value POS3V as the most sensitive. It is necessary to 
emphasize the equality of results by axis, taking as second im-
portant axis the horizontal one. The values obtained in POS4V 
are very similar to those obtained in POS3V, which indicates 
that this variable generates a similar effect whatever its control 
point is, allowing it to be monitored in both positions without 
any discrimination in the results (table 6). The following step is 
to verify the evolution in the whole sampling period, see fig. 4: 
As in the previous case, the variable BPIR follows a common 
pattern in both positions and axes, varying only the peak and ab-
solute values. Obtaining common patterns indicates that check-
point and sampling decrease is a reality to control this variable, 
with the consequent savings in terms of time and material. 

After evaluating the BPIR frequency of the bearing, we 
assess the effect caused by the second harmonic of the balls, 
because sometimes higher values can be obtained for this vari-
able, in the second harmonic. This time, the results compared 
to BSF are lower, both in cumulative values and in peak values, 
we can also see a uniformity in cumulative values. The analysis 
determines that position 4 remains the most influential one in 
relation to the measurement axis and the vertical axes the most 
sensitive to the effect of this vibration. The analysis of 2BSF 
can be seen in table 7. The highest values correspond to the 
vertical axis of position 4, followed by horizontal position 3. 

Table 4.	 BSF results in terms of RMS (mm/s)

Table 6.	 BPIR results in terms of RMS (mm/s)

Table 7.	 2BSF results in terms of RMS (mm/s)

Table 5.	 BSF results in terms of RMS (mm/s)

Fig. 2. BSF results in terms of RMS (mm/s) in positions 3 and 4, vertical

Fig. 3. BPOR results in terms of RMS (mm/s) at positions 3 axial and 4 vertical
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The evolution throughout the sampling period is shown in figure 5. As 
in the preceding case, this variable follows a common pattern in both 
positions, varying only the accumulated peak and average values.

After evaluating the bearing frequencies, its position and axes, the 
most determining variable is the one produced by FTF and its vertical 
position 4 is the most sensitive, see table 8. After determining the most 
significant bearing frequency, this is compared with the results of the 
other two study variables, SPEED and BLADES. Other studies have 
shown that these generate more incidence in the vertical positions 4. 
In the case of the machine and blades, this would be the axial position 
3 [3]. Table 9 shows a comparison of the three. In the following graph 
the result of the three frequencies is shown and, with no linearity, the 
monitoring of the equipment is guaranteed through the two positions 
POS4V and POS3A.

Fig. 4. BPIR result in terms of RMS (mm/s) at positions 3 vertical and 4 vertical

5. Conclusions
After analysing the most representative variables of the 

SKF6322 bearing, through the approximation method using 
power density values in RMS, we can conclude that the most 
important values are found in position 4, and the vertical axis is 
the most sensitive to the mechanical actions of the equipment.

 If the variables are analysed separately, the frequencies gen-
erated by the ball cage, the balls themselves, the one generated 
in the inner track and the second ball harmonic have more inci-
dence in vertical position 4. In the case of the frequency gener-
ated in the inner track, its action is greater in axial position 3.

In absolute and accumulated terms, the frequency generated by 
the cage obtains values four times higher than the frequency fol-
lowing it, which would be that generated by the bearing balls.

When comparing the FTF variable with the most important 
variables of the equipment, such as the equipment spin speed 

(SPEED) and blades (ALABES), it can be seen that, except for 
the blades, the other two are more incidental in the vertical posi-
tion 4 and the action of the blades generates more disturbances 
in the axial position.

As a conclusion, it can be said that out of the 6 measurement 
positions and the 42 study variables, it is possible to predict the 
bearing and the equipment failure only by monitoring the verti-
cal position 4 and the SPEED variable. 

This allows to reduce by 83% this machine sampling and 
increase the number of monthly tests, improving prediction, re-
liability, maintenance, and production at the same cost. 

Thanks to this study, the problem can be addressed at its 
roots, trying to reduce the effects of the rotational frequency 
and the acquisition of a better performing bearing in the ball 
cage.

Table 8.	 Results of all bearing frequencies in terms of RMS (mm/s)

Table 9.	 Results of all bearing frequencies in terms of RMS (mm/s)

Fig. 5.	 Results of 2BSF in terms of RMS (mm/s) in positions 3 horizontal and 4 
vertical

Fig. 6. Results of SPEED, FTF and Vane frequencies in terms of RMS (mm/s)
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