
A comparison of different features for discrepancy
analysis-based bearing diagnostics

S. Schmidt1,*, P.S. Heyns1, K.C. Gryllias2,3
1Centre for Asset Integrity Management, Department Mechanical and Aeronautical Engineering,
University of Pretoria
cnr Lynnwood Road and Roper Street, Hatfield, Pretoria, South Africa
*e-mail: stephanschmidt@zoho.com (Stephan Schmidt)

2KU Leuven, Department of Mechanical Engineering
Celestijnenlaan 300 B, B-3001, Heverlee, Belgium

3Dynamics of Mechanical and Mechatronic Systems, Flanders Make, Belgium

Abstract
Discrepancy analysis is a novelty detection technique which can be used for bearing diagnostics under
varying speed conditions. In discrepancy analysis, features are extracted from the vibration signal and
used with a model of the healthy features to generate a discrepancy signal which is subsequently analysed
for bearing damage. However, the feature extraction process that is used affects the fault diagnosis
capabilities of discrepancy analysis. It is therefore important to ensure that the extracted features result in
a discrepancy signal that is not only sensitive to damage, but also robust to varying speed conditions. In
this paper, the suitability of different features is compared for performing bearing diagnostics with
discrepancy analysis under varying speed conditions. Investigations are performed on data generated with
a phenomenological gearbox model and on experimental data, with the results indicating that wavelet
packet features and cyclostationary features are well-suited for discrepancy analysis.

1 Introduction

Rolling element bearings are used as critical components in many rotating machines and therefore it is
imperative that they operate as intended. However, rolling element bearings are prone to failure which
makes it very important to use condition monitoring techniques capable of inferring the condition of the
bearing. Additionally, many rotating machines operate under unavoidable varying conditions which
impede the condition monitoring process and therefore it is also very important for the condition
monitoring techniques to be robust to varying operating conditions.
Signal processing and analysis techniques can be used to extract or enhance diagnostic information in the
signal [1,2] but can be difficult to implement and to infer the condition of the machine correctly by a non-
expert. It is therefore useful to combine the extracted diagnostic information with machine learning
techniques for automatic condition inference when historical fault data of all the damage modes are
available. However, the historical fault data are difficult or impractical to acquire which makes it
challenging to apply supervised machine learning techniques. This makes novelty detection approaches,
requiring only historical healthy data, attractive for condition monitoring applications [3].
Discrepancy analysis is a novelty detection technique that assigns a localised novelty detection score or a
localised discrepancy measure to different portions of a signal based on a healthy data model [4-6]. This
localised discrepancy measure is used to construct a discrepancy signal which is processed and used to
infer the condition of the machine. The localised discrepancy measure is usually assigned to diagnostic
features extracted from the vibration signal to improve the performance of discrepancy analysis. Hence, it
is important to use features that are rich with diagnostic information. In the work of Schmidt et al. [6], the

855



wavelet packet transform is used in the feature extraction process. However, cyclostationary analysis
techniques and the empirical mode decomposition can also be used as potential alternatives for extracting
features and have not been investigated for discrepancy analysis yet.
The objective of this work is therefore to investigate and compare the performance of different features in
the discrepancy analysis process to perform bearing diagnostics under varying speed conditions. The
investigations are performed on numerical and experimental data in this paper. In the next section, an
overview of discrepancy analysis and the features investigated in this work are given, whereafter
numerical and experimental investigations are performed in Section 3 and Section 4, respectively.

2 Discrepancy analysis

2.1 Overview

A discrepancy analysis methodology for bearing diagnostics presented by Schmidt et al. [6] is followed in
this paper. The general steps for discrepancy analysis are as follows:
1) Process the vibration signal (e.g. filtering) and extract localised diagnostic information in the form of

features from the processed vibration signal.
2) Model the features of the healthy data with models such as Gaussian models, Gaussian mixture

models or hidden Markov models.
3) Calculate the discrepancy between the features extracted from the vibration signal and the features of

a healthy machine with the discrepancy measure associated with the healthy model. Construct a
discrepancy signal from the calculated localised discrepancies.

4) Process the discrepancy signal to attenuate the influence of operating conditions [6] or to enhance the
damage components [5] for example.

5) Analyse the processed discrepancy signals to infer the condition of the machine.
It is very important to have information related to the phase or rotational speed of the shaft when
performing discrepancy analysis. This is attributed to the vibration signals generated by damaged
mechanical components, being angle-dependent and therefore the features need to be described in terms of
shaft angle as opposed to time. This speed or phase information can be obtained with a tachometer or it
can be estimated from the vibration signal using tacholess rotational speed estimation approaches.

2.2 Feature extraction

It is necessary to extract diagnostic information from the measured vibration signal to improve the
condition inference capabilities of discrepancy analysis. In discrepancy analysis, the multi-dimensional
features should present information pertaining to the condition of the machine over angle. Another
important consideration of potential discrepancy features is that even though the modulation due to
bearing damage is angle-dependent, the carrier component is time-invariant [7,8]. The implication of this
is that the signal is approximately angle-time cyclostationary as opposed to time- or angle-cyclostationary
under varying speed conditions [7,8] and therefore the feature extraction methods should be carefully
designed.
The following signal analysis and processing tools are considered to perform feature extraction in this
investigation:
1. Wavelet packet transform
2. Spectrogram
3. Instantaneous power spectrum
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4. Empirical mode decomposition

The D-dimensional features extracted at angular instant n is denoted by a D × 1 vector nb in this section.

2.2.1 Wavelet Packet Transform (WPT)

The Wavelet Packet Transform (WPT) forms part of wavelet analysis where a signal is recursively
decomposed into approximation (i.e. low-frequency content) and detail (i.e. high-frequency content)
coefficients by using a filter bank of quadrature mirror filters [9]. A two-level wavelet packet
decomposition of the signal x(m) is shown in Figure 1 with the Wavelet Coefficients (WCs) of each level
presented as well.

Figure 1: Two-level wavelet packet decomposition of a discrete temporal signal x(m) with a filterbank of
low-pass (L) and high-pass (H) quadrature mirror filters. j

iWC indicates the ith coefficients of the jth level.

The impulse response function of the low-pass filter Lh and of the high-pass filter Hh are determined by
the specific wavelet basis function that is used [9]. For example, the filters are used to obtain filtered
versions of the original signal x(m)

LL hmxmx  )()( , (1)

and

HH hmxmx  )()( , (2)

where Lx and Hx denote the low-pass and high-pass filtered signals. The low-pass and high-pass filtered
signals are decimated with a factor of two to obtain the wavelet coefficients at the first level. This is
performed repeatedly on the wavelet coefficients as shown in Figure 1 to obtain a set of wavelet
coefficients.
The effectiveness of the WPT for diagnostics depends on the level of the decomposition as well as the
wavelet function that is used and therefore a few common wavelet basis functions are investigated.
In the paper by Schmidt et al. [6], the WPT is used in the feature extraction process for discrepancy
analysis with a similar procedure being used in this investigation. The WPT is performed on the temporal
vibration signal to decompose the signal into a set of narrowband WCs. The WCs of the final level are
order tracked to obtain an angle domain representation of the specific WCs which are subsequently used
as features in the discrepancy analysis process. The resulting features are given by

 TNNN
n nWCnWCnWC N )()(),(

221 b (3)

where )(nWCN
i is the n-sample of the ith order tracked wavelet coefficients at level N and the superscript

T indicates the vector is transposed.
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In the feature extraction procedure, the WCs are order tracked as opposed to the vibration signal to
preserve the angle-time cyclostationary properties of the bearing damage. In the feature extraction
procedure by Schmidt et al. [6], the WCs are windowed to extract localised statistics as features to
enhance the discrepancy signal. However, this is not performed on the wavelet packet features, because
this can be applied to all investigated features and does not convey their actual performance.

2.2.2 Spectrogram

The spectrogram is the squared magnitude of the Short-Time Fourier Transform (STFT) and can show
how the time-frequency components of the vibration signal evolve over time. However, there is a trade-off
between the time and frequency resolution of the STFT and therefore the STFT is ill-suited for
representing the time-frequency information of non-stationary signals in general. Despite its limitations,
some diagnostic information may still be contained within the spectrogram and it has the benefit that it is
relatively computationally efficient to calculate due to the Fast Fourier Transform (FFT) being an essential
part of the calculation process. The fact that the signal has a relatively poor time (or angle) resolution is
not problematic for discrepancy analysis where the sampling frequency of the signal is usually reduced by
windowing the signal [4,5]. The feature extraction procedure is as follows:
1. Order track the vibration signal
2. Calculate the STFT of the order tracked vibration signal.
3. Calculate the spectrogram, as the squared magnitude of the STFT, and use as features. The number of

frequency bins is equal to the number of features that is extracted. The discrete spectrogram of the
order-tracked vibration signal x(m) is given by
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and calculated for a windowing function )(mw of length wL and an overlap between consecutive
windows wO , where www OLR  . The D-dimensional features extracted from the spectrogram is
denoted by

 Twn LnSnSnS )1,(,),1,(),0,(  b (5)

where n relates to the shaft angle with 2/n rad, where  is the angular resolution of the spectrogram
in radians. Due to the fact that the angle-time cyclostationary properties of the bearing damage are not
preserved in the calculation of the features, it is expected that the features will be sensitive to varying
speeds, which is non-ideal under varying speed conditions.

2.2.3 Instantaneous Power Spectrum (IPS)

The interactions of rotating components (e.g. gear meshing, impacts due to bearing damage) of machines
operating under stationary conditions result in the generation of time-cyclostationary signals i.e. stochastic
vibration signals with periodic statistical properties in terms of time. This makes cyclostationary analysis
very powerful for performing rotating machine diagnostics [2]. However, for bearings operating under
varying speed conditions, the time-cyclostationary properties of the signal are lost and the signals are
rather cyclo-non-stationary. Abboud et al. [7] showed that the signals from damaged bearings can be
approximated as angle-time second-order cyclostationary under varying speed conditions and gave angle-
time cyclostationary estimators for classical second-order cyclostationary tools such as the spectral
coherence and the Instantaneous Power Spectrum (IPS). The IPS is very powerful for rotating machine
diagnostics [10,11] and is used as discrepancy analysis features in this work. The time-frequency IPS (TF-
IPS)
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describes how the energy of the signal manifest in its frequency bands over time where X2 is the time-
autocorrelation function. The Welch-based estimator of the TF-IPS [7]
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(7)

has a very similar form to Equation (4) and is used in this work with the same notation. Under varying
speed conditions, the Angle-Frequency IPS (AF-IPS) is more appropriate and obtained by order-tracking
each frequency band of the TF-IPS separately [7]

 ),(ˆ),(ˆ klIOTknI TFtAF  , (8)

where tOT indicates that the time index l is converted to an angle index n with Order Tracking (OT).
The features at angle index n is obtained by concatenating the values of the AF-IPS at all frequency bands
for angle increment n and given by

 TwAFAFAFn LnInInI )1,(ˆ,),1,(ˆ),0,(ˆ  b . (9)

It is evident from Equation (5) and Equation (9) that the dimensionality of the feature space is governed by
the length of the window that is used, while Equation (4) and Equation (7) indicate the time resolution is
dependent on the length of the window as well as the overlap between consecutive windows. In all
subsequent investigations the AF-IPS as opposed to the TF-IPS is used for feature extraction and is
shortened to IPS in the figures and when it is being referred to.

2.2.4 Empirical Mode Decomposition (EMD)

The Empirical Mode Decomposition (EMD) is a powerful self-adaptive time-frequency analysis technique
that decomposes a signal into a set of orthogonal Intrinsic Mode Functions (IMFs). The EMD is capable of
analysing non-stationary signals in contrast to the STFT and it does not rely on a priori assumptions on the
form of the signal components compared to the WPT [12]. However, the EMD has a few problems such as
the IMFs not being orthogonal and the occurrence of mode mixing, a phenomenon where a signal
component manifest within a few IMFs. The ensemble EMD and other techniques have been proposed in
literature aiming to circumvent the aforementioned problems of the EMD [12].
In this paper, the standard EMD without any improvements is used in spite of the aforementioned
problems, because this is an initial investigation of the EMD. The EMD is performed on the temporal
vibration signal to extract N temporal IMFs. The temporal IMFs are order tracked to obtain the angular
IMFs which are subsequently used as features in the discrepancy analysis process, with the features given
by

 TNn nIMFnIMFnIMF )(,),(),( 21 b . (10)

In discrepancy analysis, localised features are converted to a discrepancy measure. This means that
phenomena which result in spurious changes in features such as mode mixing will result in corresponding
spurious discrepancies. These spurious discrepancies may dominate the discrepancy signal which will
cause erroneous inferences to be made.
In the next section, the feature modelling and discrepancy signal generation processes are discussed.
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2.3 Feature modelling and discrepancy signal generation

The features extracted from a healthy machine are used to optimise a healthy model which is subsequently
used to generate a discrepancy measure or localised novelty detection score for new features. The features
can for example be modelled with a Gaussian mixture model [4], a hidden Markov model [5] or a
Gaussian model [6]. Gaussian models have closed form solutions for their parameters, which means that
convergence issues do not influence the results when comparing different features. Gaussian models also
do not have any data dependent hyperparameters, are sensitive to damage, and relatively robust to varying
speed conditions [13]. Therefore, Gaussian models are used in this work.
The negative log-likelihood of the Gaussian model is used as a discrepancy measure for the features
extracted from the angle index i and given by

),|(log)( Σμbii  (11)

where ),|( ΣμbiN is a Gaussian probability density function with its mean μ and covariance Σ
obtained by maximising the likelihood function of the model with the features of a healthy gearbox.
The robustness of the discrepancy signal could be improved by compensating for the varying speed
conditions [6], however, this is not investigated in this work. Instead, the discrepancy signal’s sensitivity
to varying speed conditions is compared for the investigated features.

2.4 Analysing the discrepancy signals

The synchronous average of the discrepancy signal is a useful tool for investigating the presence of gear
damage [4,5]. However, the synchronous average of the discrepancy signal is ill-suited for bearing
damage due to potential slip of the rolling elements in the bearing. Instead, the spectrum of the
discrepancy signal is used with the analytical defect frequencies to infer the presence of damage in the
signal [6]. The power spectral density using the Welch estimator is used in this work.

3 Numerical investigation

3.1 Overview of the phenomenological gearbox model

The phenomenological gearbox model presented by Abboud et al. [14] and used by Schmidt et al. [6] is
used in this work. The casing vibration signal consist of a deterministic gear component attributed to the
gear mesh component dgx , a random gear component attributed to distributed gear damage rgx , an outer

race bearing damage component bx and noise nx . The casing vibration signal is given by

)()()()()( txtxFStxtxtx nbrgdgc  (12)

where a Fault Severity (FS) factor is explicitly included to alter the magnitude of the baseline bearing
damage component and to simulate a deteriorating bearing. The deterministic gear component is given by
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where )(M simulates the sensitivity of the signal to changes in rotational speed  rad/s, )(thdg is a

single degree-of-freedom impulse response function, dg
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k are the magnitude and phase of the kth
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harmonic component. The phase of the shaft is given by 
t

dt
0

)()(  and the number of teeth of the

gear connected to the shaft is denoted by teethN and is 40. The distributed damage component









 



))(sin()()()()(
1

rg
k

N

k

rg
krgrg tkAtthMtx  (14)

has a similar form as the deterministic gear component, except for the zero-mean Gaussian noise
component with unit standard deviation )1,0(~)( Nt . The outer race bearing damage component

 )()()()(
1 

 bN

i i
b
ibb TtAthMtx  (15)

consist of a Dirac comb convolved with the single degree-of-freedom transfer function. The coefficient
controlling the magnitude of the ith bearing impulse b

iA is a sample from a uniform distribution with a
mean of unity and a range of 0.2. The time-of-arrival of the ith bearing impulse is calculated from the
instantaneous speed of the shaft and the ball-pass outer race order of the bearing. Slip is also introduced in
the model by adding noise to the angle-of-arrival.
Finally, the noise is given by

)()()( tMtx nn   (16)

where n is the standard deviation of the noise signal if M(ω) =1. A more detailed overview of the model
can be found in Ref. [14] with a similar notation and implementation to this paper used in Ref. [6].
The impulse response function of the deterministic gear component, the random gear component and the
bearing damage have the same damping ratio of 0.05 and natural frequencies of 1.5kHz, 2.5kHz and
5.0kHz respectively. For all models,  )(M and the ball-pass outer race order of the bearing is 8.14
shaft orders.
Five operating condition profiles are separately used to generate the vibration data with the
phenomenological gearbox model and are presented in Figure 2.

Figure 2: Rotational speed profiles for the phenomenological gearbox model.

The vibration components that correspond to operating condition profile four is presented in Figure 3, with
the influence of the speed on the envelope of the signal components clearly being seen.
Six bearing conditions are investigated with the model namely FS = [0.0, 0.02, 0.04, 0.08, 0.12, 0.16]
which is separately used in Equation (12). Two damaged bearing signals corresponding to the vibration
signal components in Figure 3 are presented in Figure 4.
It is evident from the results that the gear mesh frequency component dominates the casing vibration
signal with the bearing damage component being small in comparison. Deterministic-random separation
methods [15] are not used to remove the gear mesh components in this investigation. This is to investigate
the ability of the features to detect the bearing damage without any pre-processing techniques being used.
However, it can certainly increase the robustness of discrepancy analysis and should be investigated in
future work.
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(a) (b)

(c) (d)

Figure 3: Vibration components generated by the phenomenological gearbox model corresponding to
operating condition four.

Figure 4: Bearing components for two different fault severities are presented, with operating condition
profile four being used.

3.2 Results

3.2.1 Implementation of discrepancy analysis

The first step of the discrepancy analysis procedure used in this work is to extract diagnostic features from
the vibration signal. The dimensionality of the features should be approximately the same to ensure that a
fair comparison between the different features can be given. The dimensionality of the features in this
paper is set to 16 unless it is not practically possible. The WPT decomposition level is set to four, which
results in 16 wavelet coefficients to be extracted from the vibration signal. Many wavelet basis functions
can be used to perform the decomposition, with the focus placed on Daubechies wavelets which is very
popular for bearing diagnostics. The following Daubechies wavelet basis functions are investigated in this
section: db1, db2, db4, db8, db10, db16, db20, and db44.
The spectrogram features are calculated by using a Hann windowing function with a window length of 16
and an overlap of 75% between consecutive windows. The TF-IPS is implemented with the same
characteristics as the spectrogram features, whereafter the TF-IPS is order tracked to obtain the AF-IPS.
The window length is selected to have the same dimensionality as the WPT features.
The EMD is a self-adaptive signal processing technique to extract multiple IMFs which are used to obtain
features as discussed in Section 2.2.4. It was found that a different number of IMFs is extracted for
different signals and to ensure that all measurements have the same dimensionality, the number of IMFs
that is extracted is set to 12. If more IMFs are used in the training phase, there is a risk that some datasets
in the testing phase may be unusable due to an insufficient number of IMFs being extracted.
The features of a system with a healthy bearing (i.e. FS = 0.0 in Equation (12)) for the first four operating
conditions are used to obtain the healthy model as discussed in Section 2.3. The negative log-likelihood,
given by Equation (11), is used to generate the discrepancy signals for the different datasets, whereafter
the spectra of the discrepancy signals are calculated. The spectra are presented in the next section.
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3.2.2 Discrepancy signal spectra

The spectra of the discrepancy signals are presented in Figure 5, where the bearing damage component at
8.14 shaft orders and its harmonics are clearly seen for the AF-IPS, spectrogram and most WPT features.
The spectra associated with the spectrogram features contain a relatively large gear mesh component at 20
shaft orders when compared to the other features. While only the fundamental bearing component can
clearly be seen in the spectra of the discrepancy signal associated with the WPT db44. In contrast to the
other results, the EMD features do not contain any clear diagnostic information in its spectra.

(a) WPT db1 (b) WPT db4

(c) WPT db44 (d) Spectrogram

(e) AF-IPS (f) EMD

Figure 5: Discrepancy spectra for the different features used for the phenomenological gearbox model
with a fault severity of 0.08.

It is difficult to compare the performance of the features from the spectra in Figure 5 and therefore their
performance is quantified and compared in the next section.

3.2.3 Quantifying the performance of the features

The amplitude of the fundamental ball-pass outer race component contains diagnostic information as seen
in Figure 5 and is investigated over fault severity to quantify the sensitivity of the features to damage. The
raw amplitude is presented in Figure 6(a) and the normalised amplitude is presented in Figure 6(b). The
normalised amplitude, calculated by dividing the amplitude of the different fault severities by the
amplitude of the healthy bearing component (FS = 0.0), is used to quantify the relative change of the
amplitude over fault severity.
The mean of the normalised amplitude presented in Figure 6(a) is presented Table 1. Surprisingly, the
spectrogram features are the most sensitive to the damage, with the AF-IPS being second most sensitive.
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The discrepancy signal associated with the EMD features are the least sensitive to damage. This is
attributed to mode mixing, which result in spurious discrepancies to be detected.

(a) (b)

Figure 6: The sensitivity of the amplitude of the fundamental bearing component versus fault severity.

EMD WPT
db10

WPT
db8

WPT
db44

WPT
db16

WPT
db1

WPT
db2

WPT
db20

WPT
db4

AF-
IPS

Spectr
ogram

1.84 27.68 31.56 32.92 36.73 42.06 42.14 42.36 44.79 58.53 202.77

Table 1: The mean normalised amplitude of the fundamental bearing component for the different features.

It is not only important to quantify the sensitivity of the features to damage, but also their robustness to
varying speed conditions. The amplitude of the fundamental outer race component is presented over
rotational speed in Figure 7(a) and the normalised amplitude is presented in Figure 7(b). The normalised
amplitude is obtained by dividing the mean amplitude of the fundamental component at different speeds
by the amplitude of the component corresponding to the minimum rotational speed. The results of the
EMD features are not included in Figure 7; the EMD features are relatively insensitive to changes in
operating conditions and distorted the results in the figure. In Table 2, the mean normalised amplitude
over rotational speed is presented for all investigated features.

(a) (b)

Figure 7: The sensitivity of the amplitude of the fundamental bearing component for different rotational
speeds.

EMD WPT
db10

WPT
db8

WPT
db44

WPT
db16

WPT
db1

WPT
db2

WPT
db20

WPT
db4

AF-
IPS

Spectr
ogram

1.36 1.50 1.50 1.47 1.49 1.58 1.55 1.47 1.53 1.39 1.47

Table 2: The mean normalised amplitude of the fundamental bearing component for the different features
over rotational speed.

The EMD features were the least sensitive to changes in speed, while the AF-IPS performed second best.
Even though the Spectrogram features’ average normalised amplitude was not the most, the variation of
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the features in Figure 7 was the most. This indicates that it is relatively sensitive to varying speed
conditions with fairly large fluctuations with respect to rotational speed.

3.2.4 Discussion

The spectrogram features performed the best of the features in terms of its sensitivity to damage, however,
the features were fairly sensitive to speed changes as seen in Figure 7(b). The spectrogram features and the
AF-IPS features are presented for the phenomenological gearbox model with operating condition profile
three being present in Figure 8. It is clear that the spectrogram features are very sensitive to rotational
speed changes because the bearing damage resides in different features as the speed varies which is in
contrast to the AF-IPS features. The characteristics of the features depend on the rotational speed which
makes feature selection approaches difficult to apply. This also means that a healthy Gaussian model,
which is likely non-isotropic, may be more sensitive to bearing damage for specific features than others
which is an undesirable characteristic.

(a) Spectrogram (b) AF-IPS

Figure 8: A comparison of the spectrogram features and the AF-IPS features over shaft rotations for the
phenomenological gearbox model with bearing damage. Operating condition profile three was used to
generate the results.

The WPT features also performed very well compared to the AF-IPS. The db4 features performed the best,
while the db10 features performed the worst. The db44 wavelet basis function, which has performed very
well in the literature [16], does not perform well in this numerical investigation. Hence, it is clear that the
performance of the WPT features is sensitive to the choice of wavelet basis functions and therefore care
should be taken when using it in a novelty detection framework. This also highlights the benefits of using
the AF-IPS; the basis function is fixed and does not have to be altered for different applications.
In contrast to the other feature extraction approaches, the EMD was time-consuming to apply and also did
not perform very well for discrepancy analysis due to mode mixing. However, there are many
improvements to the EMD such as the ensemble EMD that is not investigated in this work but can
potentially result in better features for discrepancy analysis.
In conclusion, the AF-IPS performed the best on the numerical data and is investigated with the
spectrogram features and the WPT features on experimental data in the next section. The EMD features
are not investigated in the next section due to their poor performance in the numerical investigation.

4 Experimental investigation

4.1 Overview of the dataset

A SpectraQuest, Inc. Machinery Fault Simulator dataset that contains vibration data for a healthy bearing,
a bearing with inner race damage, outer race damage and rolling element damage, is investigated in this
section. A more detailed description of the experimental data is given in Ref. [6]. The test bench was
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operated under constant loads, but varying speed conditions with the rotational speeds of the shaft
presented against time in Figure 9 for the different experiments.

Figure 9: Rotational speed profiles for the different datasets of the experimental data.

The y-direction vibration data of the testing bearing, sampled at 25.6 kHz, are used with the measured
rotational speed in Figure 9 for the discrepancy analysis investigation. In the next section, the performance
of the different feature extraction procedures is investigated for the vibration data.

4.2 Discrepancy analysis results

The discrepancy analysis procedure investigated in this section has the same properties compared to the
investigation in Section 3. The spectrogram features and the IPS features are compared to the wavelet
packet features with db4 (the best performing wavelet basis function), db1 (a robust wavelet basis
function), db44 (a wavelet basis function that has performed well in literature) being used. The Gaussian
model, optimised on the healthy vibration data, is used to generate discrepancy signals for the vibration
data with the corresponding spectra shown in Figure 11. The analytical characteristic frequency of the
bearing damage is presented for the different conditions as well.

(a) Healthy (b) Outer race damage

(c) Inner race damage (d) Rolling element damage

Figure 10: The discrepancy spectra for the different experimental bearing conditions and the different
features.

The spectra associated with the spectrogram features dominate the results in Figure 11; not only are the
characteristic frequency amplitudes larger, there is significant noise content in the spectra as well.
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Therefore, the spectra without the spectrogram features’ results are presented in Figure 12 to show the
characteristics of the IPS and wavelet features.
In Figure 11 and Figure 12, the outer race damage and the rolling element damage can clearly be seen for
all features. The inner race damage is small compared to contaminating components attributed to the
bearing being improperly installed and cannot be clearly seen in the spectra. It is difficult to compare the
performance of the features with Figure 11 and Figure 12 and therefore a similar process is followed as the
numerical investigation to quantify the performance of the features. In Table 3, the fundamental amplitude
of the characteristic component is divided by the average value of the healthy spectrum to indicate the
sensitivity of the features to damage. Hence, the features with a larger value are more sensitive to damage
than the features with a smaller value.

(a) Healthy (b) Outer race damage

(c) Inner race damage (d) Rolling element damage

Figure 11: The discrepancy signal spectra in Figure 11 are presented without the results obtained with the
spectrogram features.

Outer race
damage

Inner race
damage

Rolling element
damage

WPT db1 152.95 7.27 76.07
WPT db4 205.16 2.57 96.43
WPT db44 233.04 2.42 48.99
Spectrogram 1737.04 6.83 2550.54
AF-IPS 73.04 1.64 91.58

Table 3: The fundamental amplitude of the characteristic component divided by the average value of the
health spectrum for the different damage modes.

The results indicate that the spectrogram features are the most sensitive to damage. Even though the WPT
db44, has very small amplitudes for its characteristic components in Figure 12, it is the second most
sensitive to damage according to the results in Table 3. This is because the amplitude of the healthy signal
is significantly smaller than the amplitudes of the other features as seen in Figure 12(a). The IPS and WPT
db1 features have the smallest values which indicate that they are the least sensitive to damage from this
investigation, however, the results obtained from the features are still very good.
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5 Conclusion

In this investigation, the suitability of the spectrogram, the angle-frequency instantaneous power spectrum,
the wavelet packet transform and the empirical mode decomposition are investigated for bearing
diagnostics under varying speed conditions with discrepancy analysis. The results indicate that the angle-
frequency instantaneous power spectrum, the spectrogram and the wavelet packet features are well suited
for discrepancy analysis-based bearing diagnostics. However, the performance of the wavelet packet
features are very sensitive to the choice of wavelet basis function and the spectrogram features are
inherently sensitive to varying speed conditions, which is undesirable. The angle-frequency instantaneous
power spectrum is based on the theory of cyclostationarity, it respects the angle-time second-order
cyclostationary properties of bearing damage and is relatively robust to varying speeds and sensitive to
damage. Therefore, the angle-frequency instantaneous power spectrum features are suggested as a first
choice for applying discrepancy analysis. The results indicated that the empirical mode decomposition is
ill-suited for discrepancy analysis due to mode mixing problems which result in spurious discrepancies to
be detected.
In future research, it is suggested that more elaborate performance quantification indicators need to be
investigated for the different feature extraction approaches. It is also suggested that the extensions and
improvements of the empirical mode decomposition need to be investigated for discrepancy analysis. It is
expected that better results will be obtained by reducing the mode mixing problem. Pre-processing
techniques on the vibration signal can also be investigated to improve the robustness of discrepancy
analysis and to remove spurious frequency components. Lastly, it is suggested that more potential feature
extraction methods and datasets need to be used for a more complete discrepancy analysis investigation to
find optimal features.
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