
Condition monitoring of bearings under medium and low rotational speed

Carina Freitas1, Paulo Morais1, Jacques Cuenca1, Agusmian Partogi Ompusunggu2,
Mathieu Sarrazin1, Karl Janssens1

1 Siemens Industry Software NV
Leuven 3001 BELGIUMcarina.freitas@siemens.com, paulojorge.morais@hotmail.com,

jacques.cuenca@siemens.com, mathieu.sarrazin@siemens.com, karl.janssens@siemens.com
2 Flanders Make vzw

Leuven 3001 BELGIUMagusmian.ompusunggu@flandersmake.be

Abstract
Rolling bearings are an important component in rotating machinery and their failure is one
of the main causes of machine breakdown. It has been proven that diagnosis methods based
on envelope analysis of vibration signals enable the detection of bearing faults in medium to
high speed regimes. However, it has been observed that these methods do not provide a
satisfactory performance for diagnosing bearings at low rotational speed. One of the known
reasons for this is the usage of inadequate monitoring techniques and measuring instruments
that are not sensitive enough to low frequency signature. A major challenge for fault
diagnosis at low rotational speeds is their slow evolution in time and the weak amplitude of
the induced-fault vibrations. This paper aims at presenting the techniques proposed by
Randall and co-workers that allow semi-automated processing of machine vibration signals
to diagnose bearing faults under different operational conditions for low and medium
rotational speed. This work includes a comparative analysis of the benefits of applying the
different methods for obtaining statistical features in the time domain. The techniques under
interest are the cepstral editing method for the removal of unwanted components masking the
fault signature, and minimum entropy deconvolution, which allows recovering an estimation
of the original impulsive signal originating from the fault by removing the transfer path
between the fault and the sensor location. In order to understand the limitations of the
methods, measurements under different speeds and loads were performed. The goal is to find
key features that allow the detection of bearing faults such as outer race and inner race
defects at different speed regimes. The fault diagnosis and prognosis of low speed machines
remain a topic of interest since vibration analysis generally fails to detect vibrations arising
from faulty components. A further complicating aspect is the fact that machines that work in
this regime are generally characterized by varying rotational speed and load, thus the
diagnostic features to extract must be load and speed dependent.

Keywords: Vibration Analysis, Bearings, Gearbox, Condition Monitoring, Medium and Low
Rotational Speed

1. INTRODUCTION

Bearings  are  widely  used  in  industry  and  their  deterioration  is  one  of  the  most  common
causes of failure in rotating machinery. Recent studies have aimed at identifying and
applying techniques enhancing and detecting bearing faults. The most well-established
monitoring technique is vibration analysis for medium to high speed regimes [1] [2].
Nevertheless, it has been reported that the identification of bearing faults through vibration
signals under low rotational speed is more challenging due to the low change in signal energy
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generated from the faults and may not be detectable using traditional accelerometers. To
overcome this issue an alternative technology based on acoustic emission sensing has been
used providing more satisfactory results than classical vibration analysis for this speed range
[3] [4] [5].
In many industries such as steel and paper mills, biological applications and wind turbines, it
is common to find machines operating at low speed regimes. To increase the complexity, this
type of machines is normally associated to varying operational conditions [3] [5].
One of the main domains of research on bearing faults is the study of wind turbines, which
operate in a wide range of speeds. It is important to understand that the current commercial
systems remain very expensive and issues with prediction reliability and accuracy persist [2].
To overcome some of these problems, an alternative approach was proposed in Ref. [2], by
using indicators which are not sensitive to these operational conditions but to the change in
health of the gearbox. In such study the authors defended the importance of pre-processing
the signals before performing the feature extraction. The goal of the pre-processing is to filter
out noise and normalise operational variability. It has been proven that root mean square
(RMS) and peak values are good indicators for gearbox health monitoring. However, it was
pointed out that RMS will be only suitable for intermediate/high speed.
Several  studies  have  been  performed  in  order  to  identify  the  features  that  better  identify  a
bearing fault. In [6], the author studied statistical parameters such as root mean square, crest
factor, skewness and kurtosis for a test rig operating from 500 to 3500 rpm. The study led to
identifying certain trends per rotational speed range for kurtosis, and kurtosis versus crest
factor. Four different bearing conditions (healthy, inner and outer race fault and ball defect)
were analysed. This author concluded that the statistical parameters were rotational speed
dependent. In [7] a study was performed to verify the variations of statistical moments to
identify damage at a much earlier stage. An important step introduced in this analysis was the
removal of unwanted noise using digital filtering. Four bearing condition (healthy, inner and
outer race fault  and ball  defect) were analysed by means of kurtosis and skewness and five
test speeds between 1000 and 3000 rpm were selected.
The authors defended in [1] [8] the need of applying some signal pre-processing in order to
enhance the bearing fault signature in the vibration signals. A vibration signal collected from
the bearing housing is composed of different components that might mask the bearing fault
signature. The authors confirmed that this procedure was successfully applied in the majority
of the cases and it could be as well applicable for low speed. The first step is the removal of
unwanted deterministic components, and then it is important to recover the impulsiveness of
the  signal  at  the  source  by  removing  the  transfer  path  between  the  sensor  and  the  location
where the fault occurred. After this pre-processing, the final step is the application of the
traditional envelope analysis.
The goal of this work is to combine the procedure developed in [8] with the application of
statistical  features [2]  [6]  [7]  in  the time domain for  inner  and outer  race faults  in  medium
speed regime. A validation of the procedure to detect inner race fault under low rotational
speed is also included.

2. METHOD

2.1 Vibration Signature of Bearing Faults

Vibration signals generated by bearing faults are impulsive, at least at the source. However,
the vibration signal measured at the bearing housing is the result of a combination of
different types of signals determined by gears, transmission path and measurement noise.



Shaft  and gear  related signals  are deterministic  and dominant,  thus representing one of  the
most important masking components. The other source that needs to be taken into account is
the transmission path from the source to the sensor which can in turn yield a decrease in the
impulsivity of the signal.
This paper intends to study the benefits of different signal pre-processing techniques,
namely cepstrum editing and minimum entropy deconvolution (MED) for bearing fault
identification in different speed and load regimes (Figure 1).

Figure 1: Schematic representation of the procedures under analysis

2.2 Deterministic Components Removal

Different techniques are available in literature, which allow the removal of the deterministic
components (linear prediction, adaptive noise cancellation, self-adaptive noise cancellation,
discrete/random separation, time synchronous averaging, cepstral editing procedure) [1] [9]
[10]. The investigated method in this paper is the cepstral editing procedure (CEP) due to the
efficiency and ease of interpretation and implementation. It has been shown in literature that
CEP enhances the bearing fault  related signals  more significantly  than other  techniques [9]
[10]. It removes selected discrete frequency components, including sidebands.
The most common definition of cepstrum is theinverse Fourier Transform of the logarithmic
spectrum of a signalf(t), which can be written as

whereF(f) is the frequency spectrum off(t), 憶貸怠 the inverse Fourier Transformand k is the
quefrency.
If the phase is retained, the complex cepstrum,Cc, has logarithmic amplitude as real part and
phase as imaginary part. If the phase is disregarded, the so-called ‘real cepstrum’Cr is
obtained:

系頂 "(酵) = " 憶貸怠"版健券盤畦(血)匪 + "倹砿(血)繁," (3)系追 "(酵) = "憶貸怠"版健券盤"畦(血)匪繁," (4)

Figure 2 shows the procedure used to remove the deterministic components. The main
advantage of cepstral editing for the present application is that the unwanted deterministic
components are removed in a subtractive manner.

系(酵) = " 憶貸怠版健券盤繋(血)匪繁, (1)繋(血) = "憶{血(建)} = "畦(血)結珍釘"(捗) ," (2)



Figure 2: Schematic representation of the cepstral method to remove deterministic components [9]

2.3 Transmission Path Removal

Minimum entropy deconvolution (MED) is an existing method allowing the removal of the
effect of the transmission path. This technique is a type of adaptative filtering that searches
for an optimum set of filter coefficients that recover the output signal (or inverse filter) with
the maximum value of kurtosis [11].
As referred by Randall [1], this method permits to reconstruct the shape of the original
impulses at the source position. By minimizing the entropy, the kurtosis of the inverse filter
output is maximized. Figure 3 illustrates the concept behind the MED. The forcing signal
e(n) passes through the structural filterh whose output is mixed with noiseu(n) and gives the
measured outputx(n). The inverse filterf produces the outputy(n) which has to be as close to
the original inpute(n) which is unknown but should be as impulsive as possible.

Figure 3: Inverse filtering (deconvolution) process for MED

The filter f is modelled as a FIR filter with L coefficients.f has to invert the systemh.検(券) = "布係(健)捲(券 伐 1)
挑
鎮退怠 " (5)"

The objective function to be maximized is the kurtosis of the output signaly(n) through the
filter f. The maximum is found through the coeficients of the filterf by making the derivative
of the following objective function equal to zero:頚賃(血) =

デ 検替(券)朝貸怠津退待
[デ 検態(券)朝貸怠津退待 ]態 """"""""""""""""""""""""""""""""""""""項頚賃(血)項血 = 0" (6)"



2.4 Feature Extraction

For this paper eight statistical features [12] are considered. These are applied to the vibration
signals in the time domain after pre-processing and are detailed as follows:

Root Mean Square: the square root of
the arithmetic mean of the squares of the
original signal.

迎警鯨 = 彪1券布捲賃態津
賃退怠 " (7)

Variance: a measure of the spread of a
signal from its mean.

撃欠堅件欠券潔結 =
1券 伐 1

布(捲賃 伐 捲違)態津
賃退怠 " (8)

Kurtosis: a measure of the peakedness of
the vibration signal.s corresponds to the
standard deviation.

計憲堅建剣嫌件嫌 = "デ ""(捲沈 伐 捲違)替津賃退怠
(券 伐 1)嫌替 (9)

Crest Factor:  the ratio of the peak value
to  the  RMS  value.  It  gives  the  shape  of
the waveform.

系堅結嫌建"繋欠潔建剣堅 =
鶏結欠倦"懸欠健憲結迎警鯨 (10)

Peak to Peak:  the  range  between  the
maximum and minimum value in the
signal.

鶏結欠倦_建剣_鶏結欠倦 = max(捲) 伐 min"(捲) (11)

Shannon Entropy [13]: Entropy is a
quantitative measure of disorder.  It
quantifies the average amount of
information in the signal.

継券建鎚朕銚津津墜津 = 伐布 捲賃態log"(津賃退怠 捲賃態) (12)

Log energy entropy [13]: log energy
entropy in the signal.

継券建鎮墜直 = 布 log"(津賃退怠 捲賃態) (13)

75th percentile: 捲待.胎泰 is  the  value  below
which 75% of the data falls.

0.75 = 鶏(捲 判 捲待.胎泰) (14)

3. EXPERIMENTAL SETUP

3.1 Machine Fault Simulator SpectraQuest

The measurements for medium speed regime were performed in a fault machine simulator
from SpectraQuest (Figure 4). The machine is driven by an electric motor controlled by a
simple variable frequency drive. Three different bearing conditions were measured (healthy,
inner and outer race fault) for a speed range between 780 and 2340 rpm with an interval of
120 rpm. A 5 kg static load was added and located in the middle of the shaft (LM) and at 3
cm from the bearing under analysis (LR). The bearings under analysis were ER-16K.



Figure 4: Fault Machine Simulator SpectraQuest and bearing characteristics

3.2 Gearbox Setup

The measurements for low rotational speed were performed in the test rig depicted in Figure
5. The setup consists of one gearbox which is driven through a flexible coupling connected to
an induction motor and controlled by a variable frequency drive. The input shaft was set to
run at 480, 1200 and 2400 Hz. The bearing under analysis was located on the intermediate
shaft of the gearbox which has a gear ratio of 29/100. The rotational speed of this shaft was
139, 348 and 696 rpm, correspondingly. The bearings under analysis were ER-16K and were
measured in two different conditions, healthy and with an inner race fault. The output shaft is
coupled with a magnetic-particle break, where the torque was adjusted to 25% (T25) and
100% (T100) of 27.5 Nm.

Figure 5: Picture and schematic diagram of the gearbox setup

4. DATA ANALYSIS AND DISCUSSION

4.1 Medium Rotational Speed Analysis

To understand the benefits of the different pre-processing techniques, vibration signals were
acquired and analyzed for different speed and load conditions on the machine fault simulator
of SpectraQuest (Figure 4). Figure 6 shows a representative case of this analysis for the
kurtosis feature calculated in the healthy and inner race fault cases. Focusing on the feature
value in the healthy case, as expected, the kurtosis level is much lower (~3) compared to the
faulty  case.  Still  it  is  possible  to  verify  the  benefits  of  the  MED for  this  feature,  due  to  a
higher difference in the values when compared with the reference (healthy). It is possible as
well  to verify that the two loads present comparable trends. Moreover, it  is relevant to add
that for this processing the tuning parameters for the cepstrum were a liftering band of 15%
and for the MED a filter length of 200 samples. The stop criterion was chosen as a difference
in kurtosis of 0.1 between successive iterations. The same conclusions are valid for the outer
race fault, with a better trending with the load located in the middle of the shaft. The benefits
of the MED were also noticed for the crest factor for both faults.

Bearing ER-16K

Rolling element diameter7.94 mm
Pitch diameter 39.32 mm
Ball number 9
Contact angle 0o



Figure 6: Kurtosis for Inner Race Fault vs. healthy case: a) Load Middle, b) Load Right. Legend for figures 6 to
8 and 11 to 13: , without pre-processing for healthy case; , with application of edited cepstrum for
healthy case; , with application of edited cepstrum and MED methods for healthy case; , without

pre-processing for the faulty case; with application of edited cepstrum and MED methods for faulty case;
 with application of edited cepstrum and MED methods for faulty case

Figure 7 presents the calculated RMS feature for the inner race fault versus the healthy case
for two different load conditions. In this case and for the other statistical features (Variance,
Peak to Peak, Percentile 75 and Entropy) it is concluded that there is no benefit of applying
the MED method. There is already a clear distinction between the faulty and healthy feature
value without any signal pre-processing. For this case, the application of the cepstrum editing
method did not provide any other extra advantage in further increasing the deviation of faulty
from healthy results. Figure 8 shows the RMS values for the outer race fault which confirm
the previous observations. For the test rig shown in Figure 4, the load level does not seem to
influence the trends but it is not possible to draw a definitive conclusion about the influence
of the load since it is light (5 kg) and does not represent the loads in the industrial
environment. In a “real-life” application the influence of the load might be more significant.
The other important aspect to be noted from this investigation is the fact that the feature
values are speed-dependent and the method of the static threshold will not provide
satisfactory results and might lead to false alarms. Therefore, the threshold should be set as a
function of the rotational speed.

Figure 7: RMS for Inner Race Fault vs. healthy case:
a) Load Middle, b) Load Right. Same legend as Figure

6

Figure 8: RMS for Outer Race Fault vs. healthy case:
a) Load Middle, b) Load Right. Same legend as Figure

6

Figure 9 provides the correlation matrix of the considered features. The upper triangle
corresponds to the Load Right (LR) and the lower triangle to the Load Middle (LM) for an

a) b)

b)a) a) b)



inner race fault case. Figure 10 shows the results for the outer race fault case. There are
general conclusions that can be taken independently of the type of fault and load: the
parameters Variance, RMS, Percentile 75 and Shannon Entropy provide the higher
correlations.  With  the  application  of  the  cepstral  editing  method  and  the  MED,  it  can  be
observed that the number of highly correlated variables is reduced to three, leaving out the
Entshannon. The use of this processing reduces the correlation coefficient between variables.

An aspect of interest for fault detection is the identification of patterns by using a minimum
set  of  uncorrelated  features.  Based  on  the  present  results,  it  is  worth  noting  that  a  set  of
correlated features provide redundant information for fault detection purposes. Thus, in that
case the consideration of one feature should be enough to evaluate the trend with speed. A
particular case was observed for the raw signal of inner race fault with the load located in the
middle. For this configuration a high correlation was observed between the Peak-to-Peak
feature and all parameters except for the Crest Factor and Kurtosis features. Kurtosis and
Crest Factor are the variables providing the lowest correlation coefficients in comparison
with the other statistical features for the presented fault simulator test rig. However, the
interdependence between features may be structure-dependent.

Figure 9: Correlation Coefficient of the features for Inner Race Fault for two load positions left) without
processing, middle) with cepstrum editing, right) with cepstrum editing and MED

Figure 10: Correlation Coefficient of the features for Outer Race Fault for two load positions left) without
processing, middle) with cepstrum editing, right) with cepstrum editing and MED

4.2 Low Rotational Speed Analysis

A low rotational speed analysis was conducted on the gearbox setup (Figure 5). For the
deterministic components removal with the cepstrum editing technique, a liftering band of
15% and a MED filter length of 120 with stop criteria of 2.5 were applied in order to enhance



the impulsive components. For this specific dataset it could be noticed that the appropriate
MED filter must be designed carefully in order to prevent enhancing parasite impulsive
components. For instance, this could lead to high values of kurtosis for a healthy bearing
which could give false alarms.
Figures 11 and 12 show a small difference in the feature values between the faulty and
healthy condition without pre-processing. The difference is small at the lowest speed and
tends to increase with rotational speed. In Figure 11 the benefits of using extra processing can
be observed; namely, the removal of the discrete components enhances the bearing fault
signature in the signal.  These conclusions are valid for both load conditions. As previously
concluded for the fault simulator machine and for the same reason, it is not possible to draw
here any conclusion regarding the effect of the load on the feature values. Once again it is
very clear from the figures that the features are speed dependent.
Figure 12 presents the RMS for both torques, where, as before, it proves difficulties to
identify a fault without pre-processing for certain speeds. Figure 13 shows the feature Peak-
to-Peak and for this particular case the fault can be clearly identified without processing. For
this case the application of the MED may lead to incoherent results (lowest speed for T25) but
the cepstrum helps to enhance the fault.

Figure 11: Kurtosis for Inner Race Fault vs. healthy case: a) T25,b) T100. Same legend as Figure 6

Figure 12: RMS for Inner Race Fault vs. healthy
case: a) T25,b) T100. Same legend as Figure 6

Figure 13: Peak to Peak for Inner Race Fault vs. healthy
case: a) T25,b) T100. Same legend as Figure 6

5. CONCLUSIONS

This paper was intended to study the benefits of different signal pre-processing
techniques, namely cepstrum editing and minimum entropy deconvolution (MED) for
bearing fault identification in different speed and load regimes. This was performed by
extracting several features from vibration signals acquired on a bearing fault simulator

b)a) a) b)

a) b)



setup for different speed regimes and loads. For medium speed the benefit of the pre-
processing techniques is not substantial. Only the kurtosis and crest factor seemed to
benefit  from it. The same conclusions apply for both inner and outer race faults. It was as
well verified that several features were correlating with each other, and it might be
important to consider the application of feature selection algorithms for pattern
recognition proposes. Finally, for low rotational speed (gearbox setup) it was observed
that several features (e.g. RMS, Kurtosis, Variance, EntLog) benefit from the use of
minimum entropy deconvolution and especially of the cepstrum. This observation can be
related or driven by the complexity of the test rig. However, it is important to validate
these conclusions by performing measurements at additional speeds in order to obtain a
clearer view of the trending since this analysis was limited to three speed points. As a final
remark, the selection of the MED parameters needs to be done carefully in order to prevent
false alarms in the fault detection. New tests need to be executed to understand if the benefits
of applying pre-processing are directly related to the complexity of the test rig.
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