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Abstract: Novel vibration sensor-based diagnostic technologies, built on the higher order wavelet
spectral cross-correlation (WSC), are proposed, investigated and applied to gearbox vibration diagnosis
for the first time in worldwide terms. The proposed WSC-based technologies do not feature any
constrains in selection of signal spectral components, relations between which are analysed. That is
a radical improvement in comparison with the higher-order spectra (HOS). The WSC technologies are
applied for an experimental diagnosis of a local gear tooth fault of a helical gearbox that is developed
during a long duration gearbox endurance test. Differences between the applied technologies and
advantages of the novel WSC approach over the classical HOS are explained in detail. Superiority of
the WSC technologies is justified by high validity comprehensive experimental comparison with the
HOS technologies: i.e., the wavelet bicoherence and the wavelet tricoherence.
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1. Introduction

Local gear faults generate short duration force impulses each time a contact with a damaged
tooth surface takes place. Resulting transient vibrations have non-stationary, non-linear and
non-Gaussian character and their low energy is distributed over multiple frequency ranges. Because of
non-linearities in gears, fault-related vibration transients usually exhibit cross-correlation between
different spectral components.

Various non-linear indicators are widely used for vibration sensor-based diagnosis and prognosis
of machinery and structures. An important class of non-linear indicators for diagnosis and prognosis
is based on the higher order spectra (HOS). These indicators may provide more insight into diagnostic
capabilities of the vibration signal analysis. Fackrell, Collis, White and Hammond introduced a new
approach for condition monitoring, based on the normalised HOS: i.e., the Fourier-based bicoherence
and the tricoherence (later referred as the “classical HOS”), that are measuring a system non-linearity
in normalised scale between 0 and 1 [1–4]. As all cumulants featuring orders greater than two have zero
value for the Gaussian signal components, the HOS are particularly useful for early stage machinery
fault diagnosis, especially, for low signal to noise ratio (SNR) [5,6].

In cases of vibration signals, acquired under non-stationary speed conditions, a useful approach is
order tracking [7,8]. Even for very small speed fluctuations, it is beneficial to perform order tracking to
make sure, that every signal section, corresponding to fundamental rotation period of machinery, consist
of the same number of samples, before subsequent signal-processing operations are preformed [9–11].
This signal-processing technique allows an efficient extraction of spectral components that are integers
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or fractional multiples of the fundamental rotation frequency, which is usually linked to kinematics of
the diagnosed objects, helps avoiding the influence of the spectral leakage and, therefore, improves the
signal to noise ratio of analysed spectral components. In research, presented in this paper, gearbox
is operated under the constant speed and load conditions. Although there are extremely low speed
fluctuations, vibration signals were resampled; however, the spectral representation of signals is
presented in absolute frequency domain.

A useful method for analysing non-linear and non-stationary data is the empirical mode
decomposition, in which any complicated vibration data can be decomposed into a number of
intrinsic mode functions that admit the Hilbert transform [12]. This method is widely used for bearing
and gear diagnosis and prognosis. In [13], the ensemble empirical mode decomposition method is
employed to demodulate the envelope of the bearing signals and the fault characteristic frequencies
of the vibration signals were acquired. Based on this approach, the characteristic frequency ratio for
fault identification is defined. In [14], gearbox fault diagnosis is performed by integrating ensemble
empirical mode decomposition with the permutation entropy. In [15], variational mode decomposition,
combining with noise-aided data analysis, are employed for fault diagnosis of a gearbox. In [16],
the orthogonal empirical mode decomposition is exploited for in-service bearing fault diagnosis.
However, this promising method is still the second order technique and, therefore, less effective for
gear and bearing early fault diagnosis, than the HOS.

The superiority of the higher order spectra (HOS) over the second-order transforms for fault
and non-linearity diagnosis at the early stage is well known and described in multiple works,
e.g., [1,17–20], related to fault diagnosis by the HOS. The main reason of that superiority is that,
unlike the traditional and novel second order techniques (e.g., the Fourier transform, the wavelet
transform, the Wigner–Ville distribution, etc.), the HOS are employing simultaneously multiple spectral
components, generated by a fault, in contrast to the second order techniques, that are employing single
spectral components. Therefore, the HOS consider simultaneous interactions between these spectral
components, e.g., the quadratic phase coupling for the bispectral analysis, etc. The simultaneous
use of multiple spectral components and the simultaneous interactions between these components
provide an advantage to the HOS, compared with the second-order techniques, in terms of early fault
diagnosis. Another important advantage of the HOS, compared with the second-order techniques,
is HOS’s ability to suppress noise in data [21] and, thus, to improve the effectiveness of early fault
diagnosis in presence of noise. It is also well known and described in multiple classical works that the
second-order wavelet transform is superior over other second order transforms in terms of effective
diagnosis of transient impacts, generated by gearbox and bearing local faults.

Taking into account the above two considerations, the combination of the HOS with the wavelet
transform, i.e., the wavelet HOS [22–27], is superior over the classical HOS for early local fault diagnosis
in gearboxes and bearings. The higher effectiveness of the wavelet HOS over the classical HOS is
shown in the pioneering research work [22].

Finally, it is shown in the present work by the comprehensive experimental trials, that the proposed
higher order spectral cross-correlations, based on the wavelet transform, are superior over the wavelet
HOS for local fault diagnosis in gearboxes.

In summary, considering all the aforementioned considerations and comparisons, it is concluded
here on superiority of the proposed technologies over all other fault diagnosis technologies for local
fault diagnosis in gearboxes and bearings, based on transient impacts, generated by gearbox and
bearing local faults.

HOS applications in the field of diagnostics are the subject of numerous research works and the
HOS based approach is investigated for both stationary (e.g., the classical Fourier based HOS) and
non-stationary signals (e.g., the short time chirp-Fourier based HOS). The HOS techniques developed
thus far utilised 3rd and 4th order statistics, with the Fourier transform, the short time chirp-Fourier
transform [28] or the wavelet transform [29], that are used as their kernel functions.
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The bispectrum and the trispectrum are used for vibration diagnosis of rolling element bearings
in [30–33]. Because of the complex nature of results, given by the bispectrum and the trispectrum,
number of multi-feature classification algorithms are used, including the k-nearest neighbours and
neural network techniques, to diagnose damaged and undamaged bearings [34,35]. The bicoherence
for gear and bearing fault diagnosis is applied to a helicopter gearbox [36]. This research is specifically
aiming the diagnosis of signal changes at a priori known frequency pairs for certain bearings and
gearbox faults that are manifesting harmonic patterns. The classical bispectrum is also applied for
damage diagnosis for industrial gearboxes [37–39]. The bicoherence is applied for vibration fatigue
crack diagnosis in [40]. In this research, two bicoherence methods are compared. The first traditional
method is based on the bicoherence magnitude, whereas the second novel method utilized the real and
the imaginary parts of the complex bicoherence. It is shown that usage of the real and the imaginary
parts of the bicoherence essentially improves the certainty of the diagnosis [40]. Later on, optimisation
of bicoherence parameters for monitoring fatigue and accompanying changes of mechanical system
stiffness are investigated in [41]. The bicoherence of the enveloped vibration signal is applied to fault
diagnosis for rolling element bearings [42].

In order to adapt the HOS approach to analysis of signal components, featuring variations of the
instantaneous frequency, HOS techniques, based on the short time chirp Fourier transform [43] and the
chirp Wigner transform [44,45], are proposed. The higher order chirp Fourier approach is successfully
used for detection of instabilities in a gas turbine combustor [28]. The bispectrum is broadly used
diagnostic oriented signal analysis. The bispectrum-based approach is used for modulation signal
analysis of vibration signals of the spur gearbox in order to evaluate the gearbox condition [46].
The bispectrum of vibration signal modulation is applied for planetary gearbox monitoring [47].

All these works are related to the usage of multiple spectral narrowband components, generated
by damage, for HOS estimation and damage diagnosis. Although efficient in detecting small changes
buried deep in the broadband noise, these methods did not offer the capability of fault localisation.
Therefore, further investigation on application of the HOS for damage diagnosis for rolling element
bearings and gearboxes resulted in the development of a new approach for gear and bearing diagnosis,
that is not employing multiple narrowband components, generated by a damage.

In a new approach, presented in this paper, higher-order techniques are utilising multiple spectral
components, that are, normally, not narrowband, and contained in multiple frequency bands, where
transient vibrations, related to machinery faults, are present.

This approach employs the wavelet transform as a HOS kernel function, which adds capability of
signal analysis in both time and frequency domains. Time dimension can be easy associated to specific
angular position mechanical element what enables fault localisation. The wavelet transform as a HOS
kernel function is first introduced in 1995: i.e., a locally averaged wavelet bicoherence as a tool for
turbulence analysis [22]. However, the locally averaged wavelet bicoherence is not suitable to signals,
which are not locally stationary. Therefore, the novel instantaneous wavelet bicoherence is proposed
in [23] for non-linear and non-Gaussian transient signal components. In this approach, the wavelet
transform, which is the base for the instantaneous wavelet bicocherence (WB) estimation, is evaluated
for transient gear and bearing signals. The instantaneous wavelet bicoherence approach is employed
for locomotive roller bearings diagnostics [24].

The choice of frequency bands for WB features is determined by evaluation of the wavelet
scalograms of signals, originating from damaged gears and bearings. It is critical to choose relevant
frequency bands for WB diagnostic features to ensure reliable fault detection. Also, knowledge of
relevant frequency bands before the WB features are estimated, has significant influence on optimizing
WB calculation time. The locally averaged and instantaneous WB-based technologies are applied to
rolling element bearings fault detection and localisation [26,34,48]. The WB is applied for detection of
pitting on a gearbox in [27]. For the proposed approach, the selection of frequency bands is based on
evaluation of the averaged WB modulus maps.
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From the definition of the HOS, it is clear that all the analysed spectral components must
exhibit amplitude and phase coupling in order to obtain a non-zero result that is associated with
a mechanical system fault. HOS techniques, the 3rd-order bispectrum and 4th-order trispectrum,
and their normalised versions, the bicoherence and the tricoherence, by definition require a strict choice
of spectral components. Specifically, the highest frequency, taken into consideration, has to be a sum of
remaining lower frequencies: i.e., in the case of the 3rd-order bispectrum it is (f 1 + f 2), and in the case
of the 4th-order trispectrum it is (f 1 + f 2 + f 3) [1].

This requirement will be fulfilled in some cases, in which machinery faults generate spectral
components, that are presenting an explicit harmonic pattern. In cases of machinery faults, generating
a transient vibration signal, energy of which is broadly distributed over the frequency domain, the HOS
requirement may not be met for all spectral components, that are carrying diagnostically relevant
information. Therefore, this HOS requirement is limited spectral components, that could be used for
diagnostics and, thus, limited damage types, that could be effectively detected by the classical HOS.

Another disadvantage of the HOS technologies is that the normalized HOS of order n do
not represent the cross-correlation between n complex spectral components, related to faults
in electro-mechanical systems.

In order to mitigate these constraints, the proposal here is novel higher-order spectral vibration
sensor-based diagnosis technologies, built on the spectral cross-correlation, that could take into account
statistical dependencies between all needed combinations of multiple spectral components, appearing
due to gearbox damage.

Other novelties of this research are as follows:

• novel experimental validation of the proposed technologies via comprehensive experimental trials;
• novel experimental comparison of the proposed technologies with higher-order spectra technologies;
• novel experimental comparison of the proposed spectral cross-correlation technologies of order 3

and 4;
• novel method of identification of diagnostically relevant frequency bands for the

proposed technologies.

The proposed technologies are validated by comprehensive experimental trials. Novel comparison
between the wavelet spectral cross-correlation (WSC) of 3rd and 4th orders and corresponding classical
HOS technologies is presented. New method of identification of diagnostically relevant frequency
bands for the proposed technologies is introduced and explained in detail.

The main aim of the presented research is to propose and investigate novel vibration diagnosis
technologies, based on higher-order WSC analysis of vibration signals.

The objectives of the research are to:

• develop and investigate for the first time in worldwide terms novel vibration sensor-based
diagnosis technologies, built on the higher-order wavelet spectral cross-correlation for gearbox
vibration health monitoring;

• perform a novel experimental validation of the proposed technologies via comprehensive
experimental trials;

• perform a novel experimental comparison of the proposed technologies with higher order
spectra technologies;

• perform a novel experimental comparison of the proposed technologies of order 3 and 4.
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2. The Higher-Order Wavelet Spectral Cross-Correlation

The higher-order wavelet spectral cross-correlation (WSC) of complex spectral components of
order n is expressed by following Equation:

WSCn ( f1, f2, . . . , fn, t)

=
E

{ [
WΨ ( f1,t) − WΨ ( f1,t)

] [
WΨ ( f2,t) − WΨ ( f2,t)

]
...
[

WΨ ( fn,t) − WΨ ( fn,t)
]
∗
}

√
var (WΨ ( f1,t) ) var ( WΨ ( f2,t) )...var (WΨ ( fn,t) )

(1)

where f 1, f 2, . . . , fn are the frequencies, for which the WSCn is estimated, E is the mean value operator,
∗ denotes the complex conjugation, var is the variance operator, WΨ is the mean value of transform
WΨ, which is the continuous wavelet transform of the analysed signal x(t), given by:

WΨ (a, t) =
1
√
|a|

+∞∫
−∞

x (t′) Ψ∗
(

t′ − t
a

)
dt′ (2)

where a is a scale parameter, that is inversely proportional to frequency of the wavelet transform, t is
a time shift parameter and Ψ denotes a complex mother wavelet function.

The higher-order spectral cross-correlation (1) is a complex function, estimated by the wavelet
transforms of vibration signals at n frequencies and depends on n frequencies. The significance of
the wavelet spectral cross-correlation is that it is a measure of the statistical dependencies between
multiple complex frequency components.

The clear physical sense of the proposed technologies is that complex frequency components,
that have appeared in the spectrum of measured vibration data due to gearbox local damage,
exhibit non-zero spectral cross-correlation. Therefore, the WSCn is sensitive to the appearance of
damage-related vibration spectral components. The normalization of the cross-correlation by the
variances allows avoiding a misleading interpretation of the cross-correlations due to intensity changes
of gearbox vibration data.

The spectral cross-correlations differ from the classical HOS. The normalised HOS of order n do
not represent the cross-correlation between n complex spectral components.

If the proposed technologies are being applied to diagnosis of gearboxes, then interval for the WSC
is (0–1). WSC magnitude values closed to 0 (i.e., low cross-correlation between spectral components)
are related to the no damage case, while magnitude values closed to unity (i.e., a high cross-correlation
between spectral components) are related to damage.

The integrated feature IWSCn is proposed here as the WSCn diagnostic feature. It can be analysed
in time/angle domain; that allows an efficient fault localisation. The integrated wavelet spectral
cross-correlation feature IWSCn is given by the following Equation:

IWSCn (t) =
1

B1B2 . . .Bn

∫
B1

∫
B2
. . .

∫
Bn

∣∣∣WSCn ( f1, f2, . . . , fn, t)
∣∣∣2d f1d f2 . . . d fn (3)

where B1, B2, . . . , Bn denote widths of the integration frequency bands, in which spectral components
at frequencies f 1, f 2, . . . fn, are located, |. . .| is the absolute value operator.

The integrated feature can be estimated for specific spectral components, contained in different
frequency bands.

In the present research, the WSC of orders 3 and 4 are employed: i.e., the IWSC3 and the IWSC4,
expressed by the following Equations:

IWSC3 (t) =
1

B1B2B3

∫
B1

∫
B2

∫
B3

∣∣∣WSC4 ( f1, f2, f3, t)
∣∣∣2d f1d f2d f3 (4)

IWSC4 (t) =
1

B1B2B3B4

∫
B1

∫
B2

∫
B3

∫
B4

∣∣∣WSC4 ( f1, f2, f3, f4, t)
∣∣∣2d f1d f2d f3d f4 (5)
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The integrated feature IWSC3 should be estimated for different spectral components triplets,
belonging to one of the frequency bands, that are identified as diagnostically relevant. The IWSC4
feature should be estimated for different quadruple combinations of spectral components, belonging
to one of the frequency bands, that are identified as diagnostically relevant.

The IWSC3 and the IWSC4 contain information about statistical relations between specific spectral
components, no matter their frequency domain location. That enables usage of short duration
transient frequency components, energy of which is low and broadly distributed across frequency
domain. IWSC3 and IWSC4 values, obtained for vibration signals, that are recorded for faulty gearbox,
may indicate angular locations of pinion faults and be the base of reliable gearbox health monitoring.

The block diagram below (Figure 1) shows the flow chart of digital signal processing steps,
undertaken to apply the WSC to gearbox vibration data, including comparison of the obtained
results via the Fisher criterion in order to identify angular locations of the damaged teeth. The total
probability of correct diagnosis and the Fisher criterion are estimated in order to evaluate diagnostic
effectiveness of the proposed technologies and to compare diagnostic effectiveness of the WSC3 and
the WSC4 technologies.
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3. Application of the Higher-Order Wavelet Spectral Cross-Correlations for Gearbox
Damage Diagnosis

3.1. Test Rig Experimental Set-Up

Analysed vibration sensor-based signals have been acquired during the overloaded gearbox
endurance test, in which the natural pitting progression of the gear tooth was observed, resulting in tooth
micro pitting. The object of the test was a 91.5 mm back-to-back gearbox test rig, provided by the
Design Unit—Gear Research Centre of the University of Newcastle. The test rig (Figure 2) enables tests
of gears, featuring module from 2 to 6 mm, face width up to 30 mm, helix angle up to 30◦, under torque
up to 1400 N and using a motor of 30 kW. Gears can be tested at a rotation speed up to 6000 rpm.
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Figure 2. Scheme (a) and picture (b) of the gearbox test rig.

The test rig consisted of two gearboxes, featuring the same centre distance and ratio (16-teeth pinion,
24-teeth wheel). Two gearboxes were connected with torsionally compliant shafts. One of the shafts
featured an interposed servo-hydraulic actuator, which allowed precise control of a loading torque
during the test rig operation. The 3.9 mm module helical gears under test featured 25 mm face width,
30◦ helix angle and were made of carburised and tempered S156 steel (Figure 3). The pictures were
taken before the start of the test.
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Figure 3. 16 teeth pinon (a) and 24-teeth gear (b).

The gearbox and the test rig allowed unique fully controlled experimental trials with a possibility
to create a very early stage of natural pitting development (i.e., natural micro-pitting) and accurate
stereo optical evaluation of pitting progression during the gearbox endurance test. This enabled
comprehensive validation of WSC-based technologies. The main advantage of the proposed
technologies is effective diagnosis of early stage of gear local tooth faults. Therefore, the gearbox and
the test rig allowed us to comprehensively validate that important advantage. A very early stage
of tooth local fault diagnosis is very important for many critical gear applications, e.g., aerospace,
renewable energy, automotive, etc.
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The analysed vibration signals and shaft speed data were recorded for the gearbox A in the
axial direction using gear surface mounted, piezoelectric, positive polarity, charge, shear mode,
linear accelerometer, type KCF AG107M, featuring sensitivity of 50 pC/g, transverse sensitivity
below 5%, flat frequency response in the frequency range (0.5–6000) Hz (±1 dB), 80 g maximum
measured acceleration and mass of 28 g. Piezo material of the accelerometer was PZT-5, isolation
resistance was more than 10 × 109 Ohms, capacitance was 1200 pF, temperature range was −40 to
+150 deg C, shock limit was 800 g, temperature sensitivity is 4 mg/deg C, structural strain sensitivity
was 0.2 mg/micro strain and magnetic field sensitivity was 2 g/T. The output connector featured water
proof sealing.

The acceleration sensor was installed on the external housing of the gearbox in a location, that is
close to the area, at which the gear and the pinion are meshing (Figure 4a,b) in order to minimise the
overall transmission path effect. In Figure 4b, the accelerometer location is shown by a red arrow.

The rigid accelerometer installation was made directly to the gearbox housing, using the standard
removable stud of the accelerometer (stud diameter is M5), that is shown in Figure 4d of the
accelerometer schematic, and a drilled and tapped hole on the mounting area of the external gearbox
housing. The accelerometer mounting area was free from oil and grease, smooth, unpainted, flat and
much larger than the base of the accelerometer.
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Figure 4. (a) Open gearbox (archive picture), (b) the assembled gearbox, (c) installation of eddy current
and laser speed sensor. (d) Cross-section of the accelerometer.

Vibration acceleration and tacho signals (eddy current and laser speed sensors are shown
in Figure 4c by two red arrows) were recorded with a sampling rate of 40 kHz. Due to frequency
response characteristics of the accelerometer (the resonance frequency was 15 kHz), vibration signals
were subjected to low-pass antialiasing filtering at a corner cut off frequency of 13.5 kHz, attenuation
of the filter in the transition band is 80 dB/oct. During the test, the pinion was spinning at 3000 rpm
(50 Hz), under a load of (500 ± 5) Nm. In total, the pinion performed 50 × 106 cycles during the duration
of the test.

During the test, a natural micro-pitting of tooth flank surfaces took place. Micro-pitting is a classical
fatigue failure mode and results in a loss of material and, therefore, this fault has a very negative
influence on gears geometry, as it creates destructive gear wear. As the liberated material wears away
from the gear surface, the tooth shape and flank surface change; that causes a concentration a gear
load over a smaller area, an oil film disruption, a reduction of gear accuracy, an increase of local tooth
stress and, therefore, enables conditions for micro-pitting propagation. This would eventually have
an impact on the accuracy of the gear mesh, resulting in decreased gear efficiency and reliability and
essentially increased gear misalignment, noise and vibration. The development of micro-pitting is
concerning and very undesirable as micro-pitting has the potential to very rapid growth and progress
into another gear failure mode, such as a macro-pitting, that may lead relatively quickly to gear severe
destruction and collapse. So, micro-pitting fault potentially leads to a decrease of gearbox reliability,
safety and efficiency of operation. Therefore, diagnosis of a dangerous gear fault, micro-pitting, at very
early stage, is very important for many critical gearbox applications, such as aerospace, renewable
energy, automotive, including racing cars, etc.

After every 106 cycles, the test rig was stopped and condition of the teeth surfaces were
examined/diagnosed by optical stereo images of the pinion teeth flank surface replicas, in order to
evaluate the progress of teeth natural micro- pitting and every single tooth, on which pitting was
initiated, was correctly diagnosed. After pitting evaluation, the gears were mounted back on the rig in
the same angular position.

The plot below (Figure 5) shows the estimation of the micro-pitting progress on the pinion teeth,
which showed damage [27].
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Figure 5. Estimation of progressing micro-pitting on the selected teeth of the pinion.

In the presented research, out of all signals available, five consecutive randomly selected files,
which were recorded between (0–10 × 106) cycles, represent the undamaged case, and five consecutive
randomly selected files, which were recorded between (40 × 106–50 × 106) cycles, represent the case,
where local gear faults were detected. For tooth 1, pinion tooth surface at the beginning of the
experiment and pinion tooth surface at the end of the experiment, after 50 × 106 cycles, are shown
in Figure 6; the relative micro-pitting size of tooth 1 at the end of the experiment is 0.7% (Figure 6b).
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Figure 6. (a) Pinion tooth surface at the beginning of the experiment. (b) Pinion tooth surface at the
end of the experiment, after 50 × 106 cycles (b).

The pinion and gear featured helical teeth and the contact ratio of this gear pair was 2.4;
that means that 40% of the time three out of 16 pinion teeth were in contact with the teeth of the gear.
As a consequence, attribution of angular position of a fault (detected by vibration signal analysis) to
the particular tooth was not possible and one angular position can be always attributed to two or three
teeth. Therefore, in most of plots, that are featuring angular dimension, the angular ranges, in which
particular teeth of the pinion were in contact with teeth of the gear, were marked with blue and red
vertical lines and pinion teeth numbers.

Numbers of teeth 1, 3, 4, 6, 11, 13, 15 and 16, on surface of which pitting was found, were marked
with bold font (Figure 7). Such marking of angular ranges helps to compare results of analysis,
presented in this paper, with results of assessment of surface pitting.
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Figure 7. Marking of angular ranges, in which pinion teeth were in contact with gear teeth.

It is worth mentioning that, in a correctly designed gearbox, the contact ratio shall be greater
than 1.2. For the gears, that are supposed to operate in quite manner, contact ratio shall be greater,
than 2. Therefore, in practice, gearbox vibration signals rarely originate from a contact of single pair of
meshing teeth and full separation between neighbouring teeth is not always possible.

3.2. Digital Signal Processing of Gearbox Vibration Data

3.2.1. The Angular Signal Resampling, the Time Synchronous Averaging and Classical Residual
Signal Estimation

The signal sections corresponding to one revolution of pinon, length of which was oscillating closely
around 800 samples, were up sampled to 1024 samples per one revolution. Therefore, every sample of
the signal could be associated with exact angular position of a pinion, what is necessary for locating
the pinion teeth faults.

The resampled signal has been subjected to the time synchronous averaging (TSA),
which suppresses signal components, that are non-synchronous to the rotating frequency of the
pinion. Only the signal components that periodically appear with each pinion revolution are preserved.
The TSA signal was estimated for 50 consecutive up sampled signal sections, corresponding to one
pinion revolution.

The TSA signal is normally dominated by gear-meshing frequency components, which are
masking much weaker vibration transients, that appear in signal due to developing gears faults. As the
meshing frequency components are of a high energy, a common practice is their removal from the TSA
signal. That removal leads to estimation of the so-called the classical residual signal (CRS) and can be
undertaken in several ways. In this research, the CRS r(t) has been obtained by the method, described
in [49], that is subtracting the average meshing teeth vibration signal from the TSA signal, according to
the following Equation:

r (t) = m (t) −
1

Nt

Nt−1∑
k=0

m (t − kTm) (6)

where m(t) is the TSA signal, Tm is the mesh period and Nt is the number of pinion teeth.
The CRS have been used for WSC estimation.
Figure 8 presents the TSA signal and the CRS, recorded at the beginning (blue) and at the end of the

test (red). In the bottom of Figure 8, the meshing components of the vibration signals, corresponding
to undamaged (blue) and damaged (red) cases, are displayed. The meshing signal components that
are removed from the TSA signal in order to obtain the CRS, have been used to align the vertical lines
marking the tooth contact angle range limits with the actual angular positions, in which teeth of the
gear and the pinion were in contact. A good match between width of the angular ranges and spacing
between the meshing signal peaks is visible.
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3.2.2. Selection of Diagnostically Relevant Frequency Bands for the Proposed Technologies

Estimation of the WSC requires a choice of complex wavelet-type and optimal parameters of the
wavelet transform. In the present research, the selected complex mother wavelet function is the Morlet
mother wavelet function, that is expressed by Equation:

Ψ (t′) =
1√
π fb

(
e−i2π fct′

− e− fb(π fc)
2
)

e−t′2/ fb (7)

where fc is the central frequency of the mother wavelet and fb is the bandwidth parameter.
The bandwidth parameter defines a balance between the time and the frequency resolutions of

the wavelet transform.
There are many different families of wavelet functions for various engineering applications. As the

proposed wavelet cross-correlations employ both amplitude and phase information, this requires
a choice of a complex wavelet type [50]. The main principle of a wavelet function selection for fault
diagnosis is that a selected function should have a shape, similar to a shape of a signal, generated by
a mechanical fault. In the present work, the Morlet mother wavelet function is selected due to the
following main reasons: (i) there is a shape similarity between the decaying component of the Morlet
wavelet and the decaying component of typical impulses, generated by gearbox and bearing local
faults [51–53]; (ii) the Morlet wavelet is employing the Gaussian window and, therefore, is providing
a highly efficient balance between time and frequency resolutions [54]; (iii) the Morlet wavelet is not
a sharp edge function, and, therefore, it minimizes the spectral leakage [54,55]; (iv) the Morlet wavelet
allows selection of highly efficient balance between time and frequency resolutions by two parameters:
the centre frequency and the bandwidth parameter; (v) the wavelet transform with the Morlet wavelet
is computationally efficient due to its link to the fast Fourier transform. Based on these advantages,
the Morlet wavelet is well adapted for local fault detection in gearboxes [23,56–59].

It is known that the wavelet transform provides a good frequency resolution and a poor time
resolution for low frequency signal components and a poor frequency resolution and a good time
resolution for high-frequency signal components. In cases where transient vibration of a certain
duration excites a gearbox in a broad frequency band, finding a compromise in setting fb parameter
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(Equation (7)), that would ensure optimal time-frequency resolution, for both low- and high-frequency
resolution parameters may be difficult.

Therefore, fb parameter is calculated separately for each frequency in order to ensure that the
duration of the wavelet matches the duration of vibration transients, generated by the gear’s local
fault. Parameter fb was calculated for every frequency in such a way, that time-width of the wavelet
at −3 dB level was corresponding to 1/15 of the period of the pinion rotation. Such an approach is
proposed in [60] in order to match the time length of the wavelet with the duration of the vibration
transient caused by the local gear fault.

The wavelet transform of the CRS (Figure 9), which is the base for estimation of the WSC3 and
the WSC4, is estimated for frequencies, corresponding to the even orders of the pinion rotation speed.
This was done to optimise calculation time. A further step towards calculation time optimisation could
be usage of computationally efficient discrete wavelet transform, that will require selection of the
adequate level of decomposition. In the presented research, the continuous wavelet transform is used.
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gearboxes (b).

The proposed method of selection of diagnostically relevant frequency bands is carried out, based
on analysis of the modulus of a difference between the wavelet scalograms, estimated for the CRSs,
recorded between (0–10 × 106) cycles (the undamaged conditions) and between (40 × 106–50 × 106)
cycles (the damaged conditions). The amplitude vs. frequency plot, shown in Figure 10, indicates the
frequency bands: <1200 Hz, 1600 Hz>; <2700 Hz, 3100 Hz>; <3500 Hz, 3900 Hz>; <4500 Hz, 5200 Hz>,
in which the increase of vibration energy between the wavelet scalograms for the damaged and the
undamaged cases are the most significant. Frequency components contained in these bands were
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used for estimation of WSC3 and WSC4 integrated features IWSC3 and IWSC4. This novel method of
selection (identification) of diagnostically relevant frequency bands minimizes WSC feature processing
time by narrowing it to identified frequency components, which is an essential step forward enabling
industrial applications.

The frequency bands, chosen for the integration on the IWSC3 and the IWSC4 features,
are associated with mechanical properties of the gearbox under test. Although these relations
are difficult to assess and such an assessment should be a subject of a specific relatively complicated
modelling via model-driven diagnostic research, e.g., [61,62]. This assessment would also require an
estimation of a transfer function between a gear’s meshing teeth and sensor location under operating
load conditions. That would require complex experimental measurements, which would be difficult to
carry out even in laboratory conditions, and an advanced numerical simulation, which would need to
be validated.

A large number of research works related to gearbox fault diagnosis via detection of fault
related impacts use the data-driven approach [63]. In these works, selection of the diagnostically
relevant frequency bands is normally performed via the spectral kurtosis, applied to vibration data,
without model-based knowledge of dependencies between these frequency bands and mechanical
properties of the gearboxes [49]. The data-driven approach used in this research, proposes selection
of the relevant frequency bands taking into the account changes in the frequency content of signals
recorded for the damaged and the undamaged cases. These signals are influenced by mechanical
properties of the gearbox, therefore, the selected frequency bands are associated with mechanical
properties of the test setup, although the exact analytical or modelling characters of this association
remain unknown.

Data- driven selection of relevant frequency bands, based only on the signal analysis, takes into
the account mechanical properties of the gearbox and also the changes in the signal, determined by
developing gear faults. One of the novelties of the presented research is a novel data-driven method
for selection of diagnostically relevant frequency bands. Due to relative simplicity and effectiveness
of the proposed method, it is an enhancement and an essential step towards industrialisation of the
considered WSC-based technologies.
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3.2.3. Estimation of the Higher-Order Wavelet Spectral Cross-Correlation and the Integrated Wavelet
Spectral Cross-Correlation (IWSC) Feature

The WSC of 3rd and 4th orders are estimated according to Equation (1), using the same parameters
of digital signal processing. The averaging, represented by operator E (Equation (1)), is carried out for
30 consecutive complex wavelet transforms of the CRS signals.

The integrated feature IWSC3 of the WSC of the 3rd order has been estimated for all possible triple
combinations of spectral components; each spectral component belongs to one of four frequency bands,
selected as diagnostically relevant (Figure 10). The integrated feature IWSC4 of the WSC of the 4th
order has been estimated for all possible quadruple combinations of spectral components; each spectral
component belongs to one of four frequency bands, selected as diagnostically relevant (Figure 10).

The plots in Figure 11 are related to 270 realisations of the IWSC3 (a) and the WSC4 (b) features,
estimated for the same signals from the damaged and the undamaged gearboxes. The IWSC3 and the
IWSC4 have been estimated respectively for 400 and 448 combinations of spectral components.
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3.2.4. Estimation of the Fisher Criterion

In spite of visible differences between the integrated features, obtained for the damaged and the
undamaged gearboxes, visual evaluation of the integrated features does not allow identification of the
damaged teeth. Therefore, IWSC3 and IWSC4 data sets, obtained for the damaged and the undamaged
cases, have been compared by the Fisher criterion (FC), expressed by the following Equation [64]:

FC (θ) =
(µD (θ) − µND (θ) )2

σ2
D (θ) + σ2

ND (θ)
(8)
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where θ denotes the angular position, for which the FC is estimated, µD and µND are the mean values
and σD and σND are the standard deviation values of the integrated features, obtained for the damaged
and the undamaged cases respectively.

As the IWSC3 and the IWSC4 are one-dimensional diagnostic features, their comparison has been
carried out using the effective one-dimensional Fisher criterion, which is suitable and widely used for
diagnostic effectiveness estimation for one-dimensional diagnostic features [64–66].

The FC tends to give higher values for diagnostic features, featuring not only significant difference
in mean value, but also low variances and, therefore, identifies the angular positions of the pinion on
which the changes of the integrated features are significant between the damaged and undamaged
case and also stable for number of integrated features estimations. In the cases of the IWSC3 and the
IWSC4, FC local maxima explicitly correlate with angular locations of the damaged teeth. Figure 12
shows comparison between the Fisher criteria of the IWSC3 and the IWSC4.
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4. Analysis of the Results

High values of the Fisher criterion, which allow effective gearbox fault diagnosis and localisation
of individual teeth, affected by micro-pitting, prove the high validity of the WSC-based diagnosis.
In order to quantify the diagnostic effectiveness of the WSC, an additional analysis of overall diagnosis
effectiveness and the total probability of correct diagnosis has been carried out.

FC local maxima are good indicators of diagnosed fault locations. The higher FC value, the higher
validity of indication. In order to evaluate effectiveness of the IWSC3 and the IWSC4 in a generic way,
i.e., without breakdown to individual teeth, the values of FC local maxima have been averaged in order
to quantify the effectiveness of the damaged teeth diagnosis as one collective statistic. Figure 13 present
the average FC values, obtained for the IWSC3 and the IWSC4.

High averaged values of the FC local maxima, obtained for the IWSC3 and the IWSC4, prove high
diagnosis effectiveness of the proposed technologies.

To further quantify the diagnostic effectiveness of the WSC, the estimates of the total probability
of correct diagnosis (TPCD) has been also evaluated. Estimation has been carried out for the WSC3
and the WSC4 technologies.
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The TPCD has been estimated using the following formula:

TPCD =
tp + tn

2
(9)

where tp, tn are respectively the estimates of the probabilities of true positive and true negative diagnosis.
The estimates of the TPCD have been evaluated based on 6080 integrated feature values for each

technology, and are shown in Figure 14. For diagnostic decision-making for each one-dimensional
diagnostic feature, the IWSC3 and the IWSC4, a threshold-based decision-making rule is used by
employing the Bayesian criterion [64].
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The estimates of the TPCD for the IWSC3 and the IWSC4 are 97.6% and 97.5%. The TPCD
estimation was based on a comprehensive data set, consisting of 6080 diagnostic features, that are
based on 1.14 million raw signal sections, corresponding to a single pinion revolution. That statistical
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data correspond to 6 h and 20 min of recorded vibration signal. Thus, the validity of the experimental
results has been proven by significant amounts of vibration data. The high level of validity of the
obtained results has been proven not only by analysis of significant sets of data, but also by comparison
of the obtained vibration diagnosis results with results of accurate gearbox diagnosis, carried out by
the independent stereo optical method during experimental trials, as described in Section 3.1.

It can be seen from the obtained results (Figures 13 and 14) that both proposed spectral
cross-correlation technologies, the IWSC3 and the IWSC4, provide comparable diagnosis effectiveness
for local gearbox damage.

For novel experimental comparison of gearbox fault diagnosis effectiveness for the proposed
technologies and the HOS technologies, the wavelet bicoherence and the wavelet tricoherence [23]
are used, that are the HOS techniques of order 3 and 4 respectively. For comparison purposes,
the integrated WSC features, the integrated wavelet bicoherence features, and the integrated wavelet
tricoherence features are estimated for the same gearbox vibration signals.

Based on the processing of experimental vibration data, the estimates of the total probabilities
of incorrect diagnosis of gearbox damage provided by the wavelet bicoherence technology and the
wavelet tricoherence technology are, respectively, 4.7% and 26.2%.

The estimates of the total probabilities of incorrect diagnosis are 2.4% for the IWSC3 and 2.5% for
the IWSC4. Comparing the corresponding estimates of the total probabilities of incorrect diagnosis,
the difference in diagnostic effectiveness between the compared technologies becomes more explicit.

The effectiveness gain in the total probability of incorrect gearbox damage diagnosis for the IWSC3
technology, that is a ratio of the estimates of the total probability of incorrect gearbox damage diagnosis
by the bicoherence technology and the IWSC3 technology, is 1.96. The effectiveness gain in the total
probability of incorrect gearbox damage diagnosis for the IWSC4 technology, that is a ratio of the
estimates of the total probability of incorrect gearbox damage diagnosis by the tricoherence technology
and the IWSC4 technology, is 10.5. The wavelet bicoherence technology detects all eight damaged
teeth; the wavelet tricoherence technology detects six damaged teeth out of eight.

The diagnosis effectiveness estimations by the Fisher criterion are as follows: the averaged
Fisher criteria for the WSC3 and the WSC4 technologies are 236 and 212, respectively, the averaged
Fisher criteria for the wavelet bicoherence and the wavelet tricoherence technologies are 173 and
2, respectively.

The higher diagnostic effectiveness of the WSC technologies, compared with the HOS technologies,
finds its reflection in comparison of the TPCDs and the averaged FCs.

A very serious limitation of the wavelet HOS is the constraint, related to selection of analysed
frequencies: i.e., in the case of 3rd-order bispectrum, the highest analysed frequency must equal the
sum of two lower frequencies, and in the case of 4th order trispectrum, the highest analysed frequency
must equal the sum of three lower frequencies. The frequency bands, chosen as diagnostically relevant,
are not always fulfil the requirements of the HOS definition; an example is in Figure 10. This limitation
usually has a very negative influence on quality of fault diagnosis and limits fault types, that could be
effectively diagnosed by the wavelet HOS.

The proposed WSC technologies allow analysis of any combination between freely chosen
frequency components; therefore, these technologies significantly extend capabilities of the wavelet
HOS. As shown here, the proposed WCS technologies are also more effective, than the wavelet HOS,
for early gear fault diagnosis. One of the important achievements of the proposed research is obtaining
a high level of diagnosis reliability of naturally developed gear micro-pitting at a very early stage.

5. Conclusions

(1). The novel vibration sensor-based diagnosis technologies, built on the higher order wavelet
spectral cross-correlation (WSC), are proposed, investigated and applied to gearbox vibration health
monitoring for the first time in worldwide terms. The physical sense of the proposed technologies
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is that the complex spectral components, that are appearing in vibration data due to gearbox local
damage, exhibit non-zero spectral cross-correlations.

(2). Gearbox vibration sensor-based data from a laboratory test rig, consisting of two back-to-back
industrial gearboxes were captured by a vibration sensor, the charge-type linear accelerometer, and are
employed for novel experimental investigation of the proposed technologies. Vibration data were
captured for two gearbox conditions: without damage and with the naturally produced early stage
of gearbox local damage (a micro-pitting). Analysed gear vibration signals were recorded during an
endurance gearbox test, in course of which a natural micro-pitting has developed, but reached only
a very early stage, affecting from 0.3% to 0.7% of tooth flank surface, and was observed on eight out of
16 teeth of the pinion. A randomly selected signal section, recorded at the beginning of the endurance
test, represents an undamaged case, and randomly selected signal section, recorded at the end of the
endurance test, represents the damaged case.

(3). The novel experimental investigation of the proposed diagnosis technologies, applied to
gearbox vibration diagnosis, has shown a distinctive difference between the proposed integrated
diagnostic features for undamaged and damaged cases: the diagnostic features essentially increase,
if gearbox damage is present. A novel experimental investigation of the technologies has also shown
a high effectiveness of the proposed diagnostic technologies for gearbox local tooth damage diagnostics,
which has been proven by the comprehensive high validity experimental trials.

The IWSC3 and the IWSC4 integrated diagnostic features, estimated for signals from the damaged
and undamaged gearboxes, have been compared by the Fisher criterion (FC). Angular positions of FC
local maxima are correlated with angular ranges, in which damaged teeth of the pinion were in contact
with teeth of gear. All damaged pinion teeth were successfully diagnosed by the proposed technologies.

The estimates of the total probability of correct diagnosis (TPCD), evaluated for the proposed
technologies, are based on a set of 6080 diagnostic features. Estimates of the TPCD, obtained for the
WSC3 and the WSC4, were respectively 97.6% and 97.5%. Thus, estimates of the total probability of
incorrect diagnosis was 2.4% for the WSC3 and 2.5% for the WSC4. These experimental effectiveness
estimates confirm successful gearbox fault diagnosis by the proposed technologies at a very early stage
of gear local tooth damage.

(4). The novel method of identification of diagnostically important frequency bands is proposed
and applied for the WSC in order to minimize WSC feature-processing time by narrowing it to selected
frequency components, enabling industrial applications. Method realisation involved estimation of the
gearbox residual signals and analysis of the difference between the wavelet scalograms of the residual
signals for the undamaged and the damaged cases. The proposed method allowed us to define four
diagnostically important frequency bands for the diagnosed gearbox vibration data.

(5). The novel experimental comparisons of the proposed technologies and the HOS technologies
were performed based on the same gearbox vibration data.

The effectiveness gain in the total probability of incorrect gearbox damage diagnosis was 1.95 for
comparison of the WSC3 and the wavelet bicoherence 10.5 for comparison of the WSC4 and the
wavelet tricoherence

The differences in diagnostic effectiveness criterion, the averaged Fisher criterion, were as follows:
the averaged Fisher criteria for the WSC3 and the WSC4 were 236 and 212, respectively, the averaged
Fisher criteria for the wavelet bicoherence and the wavelet tricoherence were 173 and 2 respectively.

Thus, the comparisons clearly show the higher gearbox damage diagnosis effectiveness by the
proposed technologies over the HOS technologies.

(6). The novel experimental comparison of the proposed spectral cross-correlation technologies of
order 3 and 4 are performed, using the total probability of incorrect diagnosis and the Fisher criterion.
The results obtained indicate that both proposed spectral correlation technologies, the IWSC3 and the
IWSC4, provide comparable diagnosis effectiveness for local gearbox damage.

(7). An important advantage of the proposed technologies over the HOS technologies is
an unconstrained choice of frequency components, between which the higher order WSC is estimated.
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This advantage allows focusing on all frequency bands that contain diagnostically important frequency
components and, thus, is not limited damage types, that could be effectively diagnosed by the
proposed technologies.

It is clear that the WSC technologies are superior over the wavelet HOS technologies, used so far,
and are a significant step towards early-stage fault diagnosis.

The proposed novel diagnosis technologies, the higher-order spectral cross-correlation
technologies, presents a new concept and will make a major influence on vibration damage
diagnostics for various complex electromechanical systems and also can be effectively employed for
other damage-diagnosis technologies: e.g., low-frequency acoustic damage diagnosis technologies,
ultrasound damage diagnosis technologies, etc.
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