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ABSTRACT

Rolling element bearing faults are one of the most common
defects in rotating machinery. The detection of these faults
has lately attracted an increasing amount of attention in the
industry. Detecting the faults in their incipient phase can pre-
vent a more catastrophic breakdown of a machine and can
save a company time and money. An often occurring problem
in analyzing vibration measurements of a rotating machine is
the presence of harmonic signal components originating from
different machine parts. This paper focuses on separating the
bearing fault signals from other masking signal content com-
ing from elements like gears or rotating shafts. The separation
is based on the assumption that signal components of gears or
shafts are deterministic and appear as clear peaks in the fre-
quency spectrum, whereas bearing signals are stochastic due
to random jitter on their fundamental period and can be clas-
sified as cyclostationary. A technique that has recently gained
more attention for separating these two types of signals is the
cepstral editing procedure (CEP). This preprocessing method
is investigated further in this paper as an automated proce-
dure. The cepstral editing procedure makes use of the fact
that deterministic components appear in the cepstrum as nar-
row peaks and removal of these cepstral peaks reduces the
amplitude of the corresponding discrete components. The
residual stochastic signal after cepstral editing should con-
sist mainly out of bearing fault signals in certain frequency
bands. To analyze the residual signal the squared envelope
spectrum is examined. The issue of selecting the proper fre-
quency band where to demodulate the signal necessary for
enveloping is addressed through the use of spectral kurtosis.
The performance of the developed methods will be validated
on experimental data from the National Renewable Energy
Laboratory (NREL). This data has been made available by
NREL in the context of the wind turbine gearbox condition
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monitoring round robin study. As such other research teams
from around the world have analyzed this data as well and
published their findings. The measurements were done on a
wind turbine gearbox in a healthy and damaged condition and
the setup is documented extensively, making it well suited for
a performance comparison. A summary of the findings on the
NREL data is discussed in this paper.

1. INTRODUCTION

Rolling element bearings are one of the most widely used
machine elements in rotating machinery. It is estimated that
more than 90% of rotating machines (Graney & Starry, 2012)
contain this type of bearings. Unfortunately, they are suscep-
tible to a multitude of premature deficiencies and less than
10% of rolling element bearings (A.I.Technologies, 2009) reach
their expected basic L10 life, the life at which ten percent of
the bearings can be expected to have failed due to normal
fatigue failure for that particular application. These observa-
tions imply a need for an improved comprehensive condition-
based maintenance program.

However there are still some hurdles to be overcome before
such an exhaustive program becomes fully feasible. One of
these problems is the detection of characteristic bearing fault
frequencies that are masked by high energy harmonic signals
originating from other machine elements like shafts or gears.
Separating the bearing fault signals from other masking sig-
nal content of such elements is thus a valuable endeavor. The
separation is based on the assumption that bearing fault sig-
nals are stochastic due to random jitter on their fundamental
period and can be categorized as cyclostationary whereas gear
or shaft signals are deterministic and appear as distinct peaks
in the amplitude spectrum (Antoni & Randall, 2003).

Recently there have been a number of developments concern-
ing the topic of discrete components removal (DCR). Exam-
ples of such preprocessing techniques include time-synchronous
averaging (TSA) (McFadden & Toozhy, 2000), self-adaptive
noise cancellation (SANC)(Antoni & Randall, 2004a), lin-
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ear prediction filtering (LPF) (Sawalhi & Randall, 2004), dis-
crete/random separation (DRS)(Antoni & Randall, 2004b) and
cepstral editing (CEP) (R. B. Randall & Sawalhi, 2014). This
last preprocessing technique is investigated further in this pa-
per as it shows great potential in separating cyclostationary
bearing signals from discrete components (Ompusunggu, n.d.).
Qualitative studies by (Kilundu, Ompusunggu, Elasha, & Mba,
2014) and (R. Randall, Sawalhi, & Coats, 2011) have been
conducted comparing cepstral editing to the other aforemen-
tioned methods. These studies indicated through experimen-
tal tests that the CEP technique can outperform the other meth-
ods.

The ambition of this paper is to validate the performance of
the cepstrum editing procedure by applying it to the well-
documented experimental vibration data, provided by the Na-
tional Renewable Energy Laboratory in light of a past wind
turbine gearbox condition monitoring round robin study.

2. CEPSTRUM EDITING PROCEDURE

2.1. The cepstrum

Recently the attention for using the cepstrum in vibration-
based condition monitoring has increased significantly. Where
in the past the main use of the cepstrum was the detection of
echos in speech or seismic signals (R. B. Randall, 2013), it is
now realized that the cepstrum can be applied as well to the
problem of discrete and random component separation for vi-
bration signals.

Throughout history, there have been various definitions and
discussions of the cepstrum of a signal (Bogert, Healy, &
Tukey, 1963; Childers, Skinner, & Kemerait, 1977; Poly-
doros & Fam, 1981; R. Randall & Hee, 1982; Antoni, Daniere,
& Guillet, 2000), the definitions used in this paper, however,
are described as the complex and real cepstrum. The real
cepstrum has proven to be effective for achieving edited time
signals by editing the logarithmic amplitude spectrum of sta-
tionary signals without having to fiddle with the phase.

Mathematically the complex cepstrum can be written as the
inverse Fourier transform of the log spectrum, which is ex-
pressed in terms of the amplitude and phase:

Cc(τ) = F−1{log(X(f))} = F−1{ln(A(f)) + jφ(f)}
(1)

where X(f) is the frequency spectrum of the signal x(t):

X(f) = F{x(t)} = A(f)ejφ(f). (2)

By setting the phase to zero in Eq.(1), the real cepstrum can
be obtained:

Cr(τ) = F−1{ln(A(f))}. (3)

In Eq. (3) τ is referred to as “quefrency” and can be seen as
a type of time-domain index. Harmonic components with a

period h0 in a signal correspond to a peak in the cepstrum at
quefrency h0.

2.2. Cepstral editing

The cepstrum has the interesting property that it is able to
concentrate periodic spectral components (e.g. harmonics)
into a smaller number of impulses called “rahmonics”. Re-
moval of these peaks, also called “liftering”, corresponds to
a decrease of the log amplitude of the periodic components
in the signal. The complex cepstrum contains both amplitude
and phase information which enables reversing back to time
domain after editing, but in order to calculate the complex
cepstrum the phase needs to be unwrapped. This is unde-
sirable for stationary signals consisting of discrete frequency
components, where the phase is undefined at intermediate fre-
quencies (Dalpiaz et al., 2013).

However, it was recently shown by (R. B. Randall & Sawalhi,
2011) that the real cepstrum is a more effective way of editing
the log amplitude spectrum of signals containing harmonic
components. Recombining this edited amplitude spectrum
with the original phase produces the edited time domain sig-
nal. This cepstrum editing procedure (CEP) has been fur-
ther investigated by (Sawalhi & Randall, 2011; Borghesani,
Pennacchi, Randall, Sawalhi, & Ricci, 2013; R. B. Randall
& Sawalhi, 2014) where it was shown that the CEP method
is a simple method to implement for separating determinis-
tic signal content from random or cyclostationary signal con-
tent. While the editing of certain frequencies introduces some
phase distortion, this is generally negligible compared to the
significant reduction in amplitude at those frequencies. A
general scheme of the CEP method is shown in Fig.1. It
can be seen that the most crucial part in the CEP method is
the editing of the real cepstrum. To enhance the applicability
of the CEP method to industrial environments, an automated
editing procedure is used in this paper instead of a manual
one. It has been shown by (Ompusunggu, n.d.) that it is pos-
sible to implement a robust and efficient automated liftering
of the harmonic signal content.

Figure 1. Schematic diagram of the cepstrum editing proce-
dure.
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2.3. Automated cepstrum editing procedure (ACEP)

In order to replace the manual procedure by an automated
one, there needs to be a more intelligent automated cepstral
peak selection. Figure 2 displays an overview of the steps to
automate the editing. It can be seen that the real cepstrum
is enhanced before the actual peak selection. The reason for
the enhancement is simply to make the peak detection step
easier and more straightforward. First, the cepstrum is long-
pass liftered as to prevent liftering of low quefrency content.
Second, a wavelet denoising and spectral subtraction (SS)
method is used to reduce the amount of noise present in the
signal. Afterwards, a notch lifter is generated based on the
automatic peak detection on the denoised cepstrum. Lastly,
the original real cepstrum is liftered with the resulting notch
lifter.

Figure 2. Schematic diagram of the automated cepstrum edit-
ing step.

2.3.1. Long-pass lifter

Transforming the signal to the cepstral domain leads to a con-
centration of modal information in the low quefrency region.
After the ACEP method however, the signal is band-pass fil-
tered before envelope analysis, making it preferable to retain
the system resonances. Thus, the low quefrency region is
liftered away before the notch lifter generation step, implying
that there will be no detected peaks corresponding to modal
content.

For a general case it is difficult to determine the appropriate
cut-off quefrency. The decision can be based on the resonance
frequencies that are present in the investigated system, but
this involves manual inspection of the signal. To automate the
procedure, it is reasonable to construct a long-pass lifter with
a relatively high cut-off quefrency as to have a safety margin
and to prevent liftering away too much modal content. A user
should take into account the type and size of the machine on
which they perform the analysis.

If n,Ncut−off and L are respectively the sample quefrency
index, the cut-off quefrency index and the sample length of
the cepstrum, the long-pass lifter can be defined as follows:

lLP (n) =

{
0 n = 1 : Ncut−off
1 n = Ncut−off + 1 : L

(4)

Applying the lifter to the unedited real cepstrum c(n) pro-
duces the long-pass liftered cepstrum:

cLP (n) = c(n)lLP (n). (5)

2.3.2. Noise reduction

After the long-pass filtering step, the cepstrum is denoised
using two conventional denoising methods. As proposed by
(Ompusunggu, n.d.), the first applied method is spectral sub-
traction (SS). To smooth the cepstrum further, wavelet de-
noising is used afterwards.

Spectral subtraction

The spectral subtraction method was originally introduced
by (Boll, 1979) as an acoustic speech enhancement technique
and later an ample amount of variations have been devel-
oped (Martin, 1994; Lebart, Boucher, & Denbigh, 2001). In
this paper the multi-band spectral subtraction proposed by
(Kamath & Loizou, 2002) is used.

The spectral subtraction method estimates the noise spectrum
and the average signal spectrum and then subtracts them from
each other, improving the average signal-to-noise ratio (SNR).
Usually noise is coloured and not perfect white Gaussian noise.
The multi-band spectral subtraction method allows to some
degree the presence of coloured noise because the filtering
of the signal spectrum is separated into different frequency
bands.

Being a transformation of the measured time signal, the cep-
strum contains noise as well and can be regarded as an addi-
tion of discrete signal components c̃(n) and noise d(n):

cLP (n) = c̃(n) + d(n). (6)

A diagram of the multi-band spectral subtraction technique
is shown in Fig.3. The SS technique makes use of a win-
dow basis for calculating the Fourier transform and perform-
ing the denoising procedure. The amplitude |C(f, k)| is em-
ployed for estimating the average noise spectrum in every fre-
quency band iteratively. The estimated amplitude |C̃(f, k)| is
obtained by subtracting the noise estimate from the original
amplitude |C(f, k)|. Finally, the de-noised cepstrum c̃(n) is
reconstructed using the original phase 6 C(f, k) and the am-
plitude estimates of all window frames.

Wavelet denoising

One of the primary applications of wavelets is denoising of
signals. Wavelets allows for denoising in both time and fre-
quency domain simultaneously and has even been used before
as standalone method for bearing fault detection (R. B. Ran-
dall, 2011). Wavelet denoising employ thresholding meth-
ods where the wavelet coefficients are thresholded to remove
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Figure 3. Schematic diagram of the multi-band spectral sub-
traction method.

the noisy signal content and is mostly based on research con-
ducted by (Donoho & Johnstone, 1994). A ’hard threshold-
ing’ method leaves the retained coefficients unchanged, while
a ’soft thresholding’ method, as is used for the cepstrum,
subtracts the noise estimate (threshold value) from the re-
tained coefficients. The wavelet denoising method described
here makes use of Daubechies3 wavelets and of universal
thresholding. This paper doesn’t go further into detail about
the used wavelet denoising method however. For more in-
formation on wavelet denoising, the interested reader is re-
ferred to Refs.(Pasti, Walczak, Massart, & Reschiglian, 1999;
R. B. Randall, 2011; Cohen, 2012).

2.3.3. Peak detection

After long-pass liftering and denoising, a fixed threshold of
three standard deviations (3σ) is calculated from the residual
cepstrum cr(n) as follows:

threshold = E[cr(n)] + 3× std[cr(n)], (7)

where E[.] and std[.] denote respectively the expectation op-
erator and the standard deviation operator. A vector m is con-
structed, based on all values greater than the threshold, con-
taining all the corresponding sample indices:

m = {∀n|cr(n) > threshold} (8)

While periodic signal components show up as sharp peaks in
the cepstrum, second order cyclostationary components like
bearing faults do not show up as a strong peak in the real
cepstrum and thus they will not be detected nor liftered away.

2.3.4. Liftering

The final editing step is the generation of the notch lifter,
based on the cepstral peaks of the denoised cepstrum, and the
actual liftering of the unaltered real cepstrum with this lifter.
It should be noted however that the notch width has a signif-
icant influence on the performance of the ACEP method. If
there is speed variation present in the signal, it can be desir-
able to choose a larger notch width, but it shouldn’t be chosen
too large either since this can lead to excessively distorting the

amplitude spectrum.

3. ADDITIONAL TECHNIQUES

While the goal of the ACEP method is to separate the signal
into deterministic and stochastic components, there is still a
need for other processing tools to be able to adequately di-
agnose the system. Thus three other techniques are used in
addition to ACEP.

Order tracking
In order to properly analyse the signals and to account for
speed variation, the data needs to be transformed from the
time domain to the angular domain. Since the signals are
sampled asynchronously with a constant sample rate, it is
necessary to resample the signal at constant angular incre-
ments of a reference shaft. Usually this is done based on ve-
locity measurements from a tachometer, which can be used to
estimate the angular shaft position.

Band-pass filtering based on kurtosis
After the signal has been separated into deterministic and
stochastic components, the residual signal can be demodu-
lated for analysis of the envelope spectrum. However the
choice of the proper demodulation band is often not a straight-
forward task. This paper makes use of spectral kurtosis to
identify appropriate frequency bands for demodulation. More
in particular the Kurtogram, developed by Jérôme Antoni (Antoni,
2007), is utilized to visually determine frequency bands with
high kurtosis values.

Envelope analysis
Local faults in rolling element bearings produce impacts that
are periodic with the corresponding characteristic frequency.
However, in reality there is some jitter on this fundamen-
tal period, which makes higher order harmonics spread out.
Lower order harmonics are usually masked by other back-
ground vibrations of gears or shafts. One of the most used
techniques to circumvent this problem for bearing fault diag-
nosis is the analysis of the envelope spectrum. By analysing
the spectrum of the envelope of the time signal, the informa-
tion of interest incorporates the repetition frequency of the
impacts. For further information, it is possible to find quite
a few papers on the topic of envelope analysis (Courrech &
Gaudet, 1998; Ho & Randall, 2000; R. B. Randall, Antoni, &
Chobsaard, 2001).

4. EXPERIMENTAL APPLICATION

In order to test the performance of the developed methods, ex-
perimental data of a wind turbine from the National Renew-
able Energy Laboratory (NREL) will be used for validation
and the results are compared to those summarized in (Sheng,
2012). The NREL dynamometer test facility (DTF) was used
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for the data collection.

4.1. Description of experimental setup

Turbine
As can be seen on Fig.4(a), the test turbine is a three-bladed,
stall-controlled, upwind turbine. It has a rated power of 750kW
and the generator normally operates at 1800 rpm or 1200 rpm
nominal. The complete drivetrain was installed in the NREL
DTF as shown on Fig.4(b). It was hard fixed to the floor and
missed the hub, rotor, yaw bearing and yaw drives.

Figure 4. (a) Drive train configuration of the test turbine. (b)
NREL dynamometer test stand with the turbine installed.

Gearbox
Two gearboxes of the same design were used for collecting
the data, one in “healthy” state and the other one in “dam-
aged” state. An exploded view of the gearbox is shown in
Fig.5(a). The accelerometer vibration measurements along
with high-speed shaft RPM data was made available. The
“healthy” gearbox was only tested in the dynamometer while
the “damaged” gearbox did a run-in first in the dynamometer
and was later sent to a wind farm for field testing. Two loss-
of-oil events damaged its internal bearings and gears. Af-
terwards, it was again installed in the dynamometer facility
and retested in a controlled environment. The gearboxes con-
sist of one low speed (LS) planetary stage and two parallel
stages. The used nomenclature is the same as the one used by
(Sheng, 2012) and can be seen in Fig.5(b).
Bearings
Various bearing types are used in the gearboxes correspond-

Figure 5. (a) View of internal components of the test gear-
box. (b) Internal nomenclature and abbreviations of the test
gearbox.

ing to the loading conditions and life requirements. Two full-
complement cylindrical roller bearings (fcCRB) support the
planet carrier and two cylindrical roller bearings (CRB) sup-
port the planet gears. The parallel shafts are each supported
by a CRB on the upwind side and by two tapered roller bear-
ings (TRB) on the downwind side of the assembly. A list of
all bearing locations, manufacturers, part numbers and types
can be found in Table 1 and Fig.6 illustrates the locations and
used names of the different bearings. If the component is po-
sitioned upwind, this is denoted with an ‘A’ and if it is down-
wind, with a ‘B’ or a ‘C’. A full list of the gear and bearing
characteristic frequencies is not given but can be determined
based on Table 1.

4.2. Measurement settings

The accelerometers were mounted on the outside of the gear-
box and data was sampled at 40 kHz per channel. In total
data sets of eight accelerometers (Model: IMI 626B02) were
made available and the exact locations can be seen in Fig. 7.
Lastly, Table 2 gives a summary of the signal names and their
corresponding locations of the different vibration sensors.
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Table 1. Overview of used bearing types, numbers and loca-
tions.

Location Location
designation

Type Provider Part num-
ber

Planet carrier PLC-A fcCRB INA SL181892E
PLC-B fcCRB INA SL 18 1880

72/K10

Planet PL-A CRB FAG NJ2232E.M1
PL-B CRB FAG NJ2232E.M1

Low-speed
shaft

LS-SH-A fcCRB INA SL181856E
LS-SH-B TRB SKF 32948*
LS-SH-C TRB SKF 32948*

Intermediate-
speed shaft

IMS-SH-A CRB FAG NU2220E.M1
IMS-SH-B TRB SKF 32032 X
IMS-SH-C TRB SKF 32032 X

High-speed
shaft

HS-SH-A CRB FAG NU2220E.M1
HS-SH-B TRB SKF 32222 J2
HS-SH-C TRB SKF 32222 J2

Figure 6. Locations and nomenclature of the bearings in the
test gearbox.

Figure 7. Overview of the accelerometer locations.

Table 2. List of the used sensors and their corresponding
placement descriptions.

Sensor label Location description
AN3 Ring gear radial 6 o’clock
AN4 Ring gear radial 12 oclock
AN5 LS-SH radial
AN6 IMS-SH radial
AN7 HS-SH radial
AN8 HS-SH upwind bearing radial
AN9 HS-SH downwind bearing radial

AN10 Carrier downwind radial

Table 3. Actual gearbox damage that should be detectable
through vibration analysis.

Dam-
age
#

Component Mode

1 HS-ST gear set Scuffing
2 HS-SH downwind

bearings
Overheating

3 IMS-ST gear set Fretting corrosion, scuffing,
polishing wear

4 IMS-SH upwind
bearing

Assembly damage, scuffing,
dents

5 IMS-SH downwind
bearings

Assembly damage, dents

6 Annulus/ring gear, or
sun pinion

Scuffing and polishing,
fretting corrosion

7 Planet carrier upwind
bearing

Fretting corrosion

4.3. Performance analysis

In order to assess the performance of the developed methods
for bearing fault detection, the provided signals at 1800 rpm
from the NREL test setup are investigated using a combina-
tion of the above-mentioned techniques. This results in four
basic steps:

1. Order tracking

2. Automated cepstral editing

3. Band-pass filtering based on kurtosis

4. Squared envelope analysis

According the report of (Sheng, 2012), the research partners
of the Wind Turbine Gearbox Condition Monitoring Round
Robin Study agreed to a total of seven damages that were con-
sidered to be detectable through vibration analysis. Table 3
shows a summary of the detectable gearbox damage.

Since this paper focuses on bearing fault detection, no at-
tention is given to the gear faults, meaning that four bearing
faults are investigated. For each bearing the characteristic fre-
quencies corresponding to the damages are shown in Table 4.
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Table 4. Damaged bearings and their corresponding theoret-
ical characteristic frequencies. (BPFO: Ball Pass Frequency
Outer race, BPFI: Ball Pass Frequency Inner race, FTF:
Fundamental Train Frequency)

Bearing label Fault
type

Detectable characteristic
frequency [Hz]

HS-SH downwind
bearings (HSS-B& C)

BPFI
FTF

345,29Hz
12,75 Hz

IMS-SH downwind
bearings (ISS-B& C) BPFO 105,75 Hz

Planet carrier upwind
bearing (PLC-A) BPFO 8,81 Hz

IMS-SH upwind bear-
ing (ISS-A) BPFI 73,7 Hz

4.3.1. Results

The bearing faults present in the system are spatially dis-
tributed over the gearbox, meaning that some sensors will be
more likely to detect possible faults than others due to being
in closer proximity to the source. To illustrate this and the
used processing steps, the signal measured by sensor AN7
is analysed. This sensor is located near the high-speed shaft
bearings, so it is expected that it should contain prominent
signal content originating from the BPFI and FTF faults de-
scribed in Table 4.

High-speed downwind bearings
The first step in the processing scheme is to resample the
healthy and the damaged data so the speed variation present
in the measurements is neutralized. Using the provided tacho
signal and RPM measurements, all the signals are order tracked
to provide a more accurate view on the frequencies present in
the data. Figure 8 shows a zoomed picture of the 18th shaft
speed harmonic, around 540 Hz, before and after resampling.
It can be seen that the smearing of frequency peaks in the
spectrum due to speed variation, is greatly reduced after re-
sampling. Only one peak remains at a multiple of the funda-
mental shaft speed frequency.

Now that the frequencies in the spectrum are more pronounced,
automatic cepstral editing is performed on the signal in order
to remove the deterministic content of the resampled signal as
much as possible. The ACEP method described in section 2.3
is used and the results on the spectrum of the damaged data
of the AN7 sensor is shown in Fig. 9a. The damaged data ex-
hibited very prominent shaft speed harmonics and due to the
difficulty in properly displaying the total amount of reduction
of harmonic content in a spectrum, a graph of the first 100
shaft speed harmonics is presented in Fig. 9b. It can be seen
that the ACEP method performs well and is able to reduce
these shaft speed peaks by an average of around 13 dB.

The residual signals after ACEP are now used for calculating
the envelope spectra. The kurtograms of both the healthy and

Figure 8. Zoom of the 18th harmonic of the 30 Hz shaft
speed, measured by the AN7 sensor, before and after resam-
pling.

Figure 9. (a) Amplitude spectrum of the AN7 sensor sig-
nal before and after ACEP. (b) Graph showing the amplitude
reductions, in dB, of the first 100 shaft speed harmonics.

damaged data are generated and examined for differences.
Figure. 10 displays the calculated kurtograms and here it can
be seen that there is an increase in kurtosis around 13,2 kHz.
First however, the normalized envelope spectra of the healthy
and damaged data is examined without the use of the kur-
togram, thus without band-pass filtering. The result of this
can be seen in Fig. 11a. While the ACEP technique tries to
reduce the influence of the shaft speed as much as possible, a
prominent peak can still be seen at the high speed shaft fre-
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Figure 10. (a) Kurtogram of the healthy AN7 sensor data.
(b) Kurtogram of the damaged AN7 sensor data.

quency (1xHSS) in the envelope spectrum. This is explained
by the fact that ACEP only removes additive components and
not modulating ones. Multiple peaks at harmonics of 345 Hz
can be observed for the healthy as for the damaged data. The
fundamental 345 Hz peak is close to the 2nd harmonic of the
sun gear mesh frequency and the 46nd harmonic of the inter-
mediate shaft speed frequency, but isn’t an exact multiple of
one of these frequencies. Since this component is so promi-
nently present after cepstral editing, it is concluded that the
peak in the healthy and damaged data corresponds to the in-
ner race defect frequency or BPFI of the high-speed down-
wind bearings, which is theoretically around 345.29 Hz for a
shaft speed of 30 Hz. This is supported further by the pres-
ence of harmonics of the BPFI in the envelope spectrum. The
very small difference in frequency between the healthy and
damaged data is explained by the slightly lower shaft speed
for the healthy data compared to the damaged data. Based
on these envelope spectra, it appears that the inner race dam-
age was already present in the baseline healthy data. This is
supported by the report of (Sheldon, Mott, Lee, & Watson,
2014), where it is stated that the damage was already present
at the time of assembly.

While the gear faults aren’t the focus of this paper, it is noted
that in Fig. 11a, the envelope spectrum displays a high value
at 661 Hz for the damaged data. This corresponds to the gear
mesh tooth passing frequency (GMF) of the intermediate-
speed shaft (ISS) with the high-speed shaft. In the damage
report it was later verified that the ISS gear exhibited corro-
sion, scuffing and wear.

Figure 11. (a) Envelope spectrum generated without the use
of filters/kurtogram, indicating the presence of the BPFI &
FTF of the high-speed downwind bearings (HSS-B& C). (b)
Zoom of the envelope spectrum around the FTF frequency for
the healthy and damaged signals after applying ACEP.

The next analysis step makes use of band-pass filtering, based
on the info portrayed by the kurtogram. Figure 11b shows a
zoom of the envelope spectrum of the residual signal after
band-pass filtering. Examination of the spectrum reveals a
high peak around 12.71 Hz, which corresponds to the fun-
damental train frequency (FTF) of the high-speed downwind
bearings. Figure 11b shows a clear increase of this frequency
in the damaged data compared to the healthy data. Finally,
as can be seen in Fig. 11a, the modulation by the 30 Hz shaft
speed has increased significantly. This can indicate a possible
high-speed shaft imbalance or misalignment or it can be asso-
ciated with the BPFI modulation of the HSS-B&C bearings.
However, the presence of imbalance was later corroborated
by the damage report so it is most likely the combination of
the two mentioned faults.

In order to demonstrate the effect of the ACEP procedure on
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the envelope spectrum, the damaged data is investigated be-
fore and after applying cepstral editing. Figure. 12a shows
the envelope spectrum of the damaged data of the AN7 sen-
sor before and after cepstral editing and without band-pass
filtering. The spectrum before ACEP exhibits far more har-
monic peaks, making it difficult to assess possible bearing
faults. Added to this, these harmonics mask the presence of
bearing faults, as is shown in Fig. 12b. The BPFI of the HSS
downwind bearings cannot be detected here before cepstral
editing.

Figure 12. (a) Envelope spectrum of damaged data before
(black line) and after ACEP (red line). (b) Zoom of envelope
spectrum around 345 Hz, the BPFI frequency of the high-
speed downwind bearings, before and after ACEP.

Intermediate-speed shaft downwind bearings
The analysis procedure followed for the other bearings is sim-
ilar to the one explained for the high-speed bearings. To re-
duce the amount of figures, only the resulting envelope spec-
tra are shown. As such, the analysis of the AN6 sensor, which
is located close to the intermediate-speed shaft (ISS), is inves-
tigated for possible ISS bearing faults. After resampling and
cepstral editing, the envelope spectrum for the damaged case,
shown in Fig. 13, exhibits clear peaks at even harmonics of
the BPFO(105.25 Hz) of the ISS-B&C bearings. It does not
however offer clear indications of the fundamental defect fre-
quency itself. This could imply that there are multiple point
defects on the bearings, introducing cancellation and rein-

forcement of components which can modify the appearance
of the envelope spectrum (McFadden & Smith, 1985). The
damage report confirms this and describes multiple dents, as-
sembly damage and plastic deformation of the ISS downwind
bearings. A zoom of the second BPFO harmonic can be seen
in Fig. 14 and illustrates the increase in amplitude of this fre-
quency compared to the healthy case.

Figure 13. Envelope spectrum of AN6 acceleration signal
after resampling and ACEP for the healthy case (above) and
damaged case (below).

Figure 14. Zoom of envelope spectrum of AN6 acceleration
signal around the second BPFO harmonic of the ISS-B&C
bearings for the healthy case (black) and damaged case (red).

Intermediate-speed shaft upwind bearing
Damage was also reported for the ISS upwind bearing and
evidence of this was found by using the kurtogram to define
a suitable band-pass filter for the envelope analysis. By con-
structing a band-pass filter with a center frequency of 8759 Hz
and bandwidth 2502 Hz, the envelope spectrum in Fig. 15
was generated. A high peak can be seen at 72.94 Hz, which
is close to the theoretical BPFI of 73.7 Hz for the ISS up-
wind bearing. The slight deviation of the theoretical value is
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likely due to slip of the roller elements. While this compo-
nent was quite prominently present in the AN6 and AN7 data
set, it is easily mistaken for the second harmonic of the gear
mesh tooth passing frequency of the planet gears, which is
73.05 Hz. However, due to it’s presence after ACEP and the
small frequency difference, it can be concluded that it is in
fact the BPFI of the ISS upwind bearing.

Figure 15. Zoom of envelope spectrum around 72.94 Hz,
the BPFI of the ISS upwind bearing, after band-pass filtering
with center frequency 8759 Hz and bandwidth 2502 Hz.

Planet carrier upwind bearing
A similar approach as for the ISS-A bearing is used for de-
tecting the 8,8Hz outer race defect frequency of the planet
carrier upwind bearing (PLC-A). Again, the BPFO frequency
is found through the use of the kurtogram. A band-pass fil-
ter with center frequency 24395 Hz and bandwidth 3754 Hz
is defined and a zoom of the resulting envelope spectrum is
shown in Fig. 16. While the damage report does state that
there was fretting corrosion present on the PLC upwind bear-
ing, the corresponding frequency peaks are relatively small
and difficult to detect. The partners who participated in the
wind turbine gearbox condition monitoring round robin study
confirmed this observation as well. Almost no one of the part-
ners was successful in detecting this damage blindly and from
Fig. 16a it can be understood why.

5. CONCLUSION

This paper assesses the performance of the automated cep-
stral editing procedure (ACEP) for a real-world example, more
in particular for the data provided by the National Renewable
Energy Laboratory (NREL). This data was made available in
the context of the wind turbine gearbox condition monitor-
ing round robin study and is very well documented. Other re-
search teams investigated this data as well, providing an inter-
esting and useful background for comparison of the obtained
results. First, the ACEP technique is explained together with
other techniques, such as order tracking, band-pass filtering

Figure 16. Zoom of the envelope spectrum around 8.86 Hz,
the BPFO of the PLC upwind bearing, after band-pass filter-
ing with center frequency 24395 Hz and bandwidth 3754 Hz.

based on kurtosis and enveloping. Second, the performance
of the described methods is validated on the NREL data set
by examining the sensor acceleration signals for bearing fault
frequencies. While the mentioned bearing frequencies are
deemed detectable through vibration analysis, the fault fre-
quencies originating from bearings mounted on the lower speed
shafts were more difficult to detect than those on the high-
speed shaft. Although it isn’t the focus of this paper, high
values for some of the gear fault frequencies were observed
as well in the generated envelope spectra. In summary, the
cepstrum editing procedure proved to be a very helpful tool
in filtering out the influence of the deterministic content and
increasing the sensitivity of the envelope analysis for bearing
faults.
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NOMENCLATURE

BPFO Ball Pass Frequency of Outer race
BPFI Ball Pass Frequency of Inner race
FTF Fundamental Train Frequency
BSF Ball Spin Frequency
LSS Low-Speed Shaft
ISS Intermediate-Speed Shaft
HSS High-Speed Shaft
CRB Cylindrical Roller Bearing
fcCRB full-complement Cylindrical Roller Bearing
TRB Tapered Roller Bearing
A Upwind
B&C Downwind
PLC Planet carrier
ACEP Automated Cepstrum Editing Procedure
NREL National Renewable Energy Laboratory
DTF Dynamometer Test Facility
SS Spectral Subtraction
FFT Fast Fourier Transform
IFFT Inverse Fast Fourier Transform
E Expectation operator
std Standard deviation operator
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