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Abstract

:

Higher order spectra exhibit a powerful detection capability of low-energy fault-related signal components, buried in background random noise. This paper investigates the powerful nonlinear non-stationary instantaneous wavelet bicoherence for local gear fault detection. The new methodology of selecting frequency bands that are relevant for wavelet bicoherence fault detection is proposed and investigated. The capabilities of wavelet bicoherence are proven for early-stage fault detection in a gear pinion, in which natural pitting has developed in multiple pinion teeth in the course of endurance gearbox tests. The results of the WB-based fault detection are compared with a stereo optical fault evaluation. The reliability of WB-based fault detection is quantified based on the complete probability of correct identification. This paper is the first attempt to investigate instantaneous wavelet bicoherence technology for the detection of multiple natural early-stage local gear faults, based on comprehensive statistical evaluation of the industrially relevant detection effectiveness estimate—the complete probability of correct fault detection.
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1. Introduction


Local gear tooth faults generate vibration transients each time a mechanical interaction with a faulty tooth surface occurs. Fault-induced vibration transients appear periodically with every gear cycle and have a non-Gaussian character. Due to a short transient duration, their energy is distributed over broad frequency bands and, usually, is contaminated by noise, which makes their detection difficult via commonly used second-order signal processing techniques.



Reference [1] applies the short-time Fourier transform (STFT) and the Wigner–Ville distribution for diagnosing the planetary gearbox under nonstationary load conditions. A diagnostic feature, quantifying the changes in multiple signal components, is employed. In further investigations, vibration diagnostics is carried out by principal component analysis [2].



Reference [3] uses the wavelet transform modulus for vibration natural pitting detection at an early stage of gearbox damage. The novelty of their research is in the wavelet modulus feature that is integrated in a specific frequency band, in which vibration signal changes between damaged and nondamaged gearbox cases are identified. This approach allows the identification of individual damaged teeth.



Reference [4] compares the diagnostic effectiveness of technologies based on the advanced demodulation approach and gearbox residual signal analysis. In this research, the technologies are used to track developing gearbox damage and prove the diagnostic capabilities of residual signal analysis. Reference [5] introduces the vibration method for the identification of the conditions that accelerate local damage of the helicopter components and result in helicopter component failure, caused by crack occurrence.



Reference [6] proposes optimised variational mode decomposition (VMD) of vibration signals. The VMD approach allows one to adaptively divide the frequency domain of the signal in order to obtain a better signal to noise ratio and to separate the fault-related signal components. The optimal selection of VMD parameters is achieved via the Fast Grey Wolf Optimizer. Reference [7] proposes a new filtering approach based on planetary gearbox mesh components to enable gearbox local fault detection via envelope spectra. The advantage of this method is that it enables fault detection without the reference signal, representing an undamaged gearbox.



Reference [8] uses the STFT for the analysis of planetary gearbox signals in non-stationary run-up and run-down conditions. Reference [9] uses the STFT for instantaneous frequency estimation of the gearbox, operating under time varying operating conditions. The instantaneous speed, obtained from time–frequency signal analysis, is compared with tachometer data for validation purposes.



Reference [10] proposes gearbox local fault detection, based on the demodulation method, utilising both the Hilbert transform and the wavelet packet transform. The effectiveness of the proposed approach is demonstrated by detecting the vibration signal modulation, caused by a chipped tooth [10]. The diagnostic effectiveness of the Hilbert transform is also examined in reference [11]. In reference [12], the filtering capabilities of the discrete wavelet transform in combination with maximal kurtosis are used for vibration transient detection. Reference [13] proposes an ensemble decision tree methodology for the remaining useful life prediction of spur gears under natural pitting progression. Their research utilises correlation coefficients based on the residual vibration signals.



Reference [14] proposes the multichannel vibration signal processing method, utilising time–frequency signal decomposition together with principal component analysis. The proposed method is validated by comparison with results obtained from individual channels and the effectiveness of this approach is proven. Reference [15] utilises time domain analysis and envelope analysis for rolling element bearing and planetary gearbox diagnostics and analyses vibration signal pattern changes, depending on machinery fault size and location.



Reference [16] also evaluates changes in vibration signals, determined by gear tooth cracks of various depths. Reference [17] analyses the changes in vibration signals generated by the gearbox under different load conditions. The pseudo-Wigner–Ville distribution is applied to the test data in order to identify the influence of the fluctuating load conditions on gearbox vibration.



Reference [18] uses the residual signal as a base for vibration signal analysis of the gearbox, operating under nonstationary conditions. In this research, an adaptive time series model is investigated, which is based on Bayesian model selection, to remove the non-fault-related components in the structural response of a gear assembly and to obtain a residual signal, which is robust to fluctuating operating conditions. In reference [19], a novel modelling of planetary gearbox vibration signals is proposed. The novelty of the approach is related to the modelling of the time varying transmission paths between moving planetary gears and a stationary vibration sensor.



Transient signal components, generated by gear faults, in most cases have an impact on vibration signal probability density functions. Reference [20] utilises maximum correlated kurtosis deconvolution for vibration fault detection. The spectral kurtosis approach, initially proposed for rolling element bearing fault detection [21], is used for gear diagnostics by references [22,23,24]. This approach, based on time–frequency analysis and cyclo-stationarity analysis, is proposed in references [25,26].



Numerous studies utilise various condition indicators, based on the Fourier transform [27,28,29]. These indicators signalise potential machinery faults and are subjected to classification processes (e.g., k nearest neighbours or principal component analysis) [26,30]. References [31,32] propose correlation-based degradation parameters extracted from gearbox residual vibration signals. This approach allows the identification of multiple stages of natural pitting progression.



Because of non-linearity, which characterises a variety of gear systems, most vibration transients, which are related to gear faults, create statistically dependent characteristic spectral components. Therefore, higher order spectra (HOS), capable of detecting their presence in vibration signals, have been broadly used in the field of machinery fault detection, e.g., [33,34,35,36], and in various domains of science, e.g., [37,38]. In reference [33], the wavelet HOS and HOS integrated features are used for early-stage gear fault detection. The research presented in reference [34] uses the classical Fourier HOS for the detection of distortions of the intake airflows of an aircraft engine, known as an intake separation. Reference [35] presents, for the first time, the application of wavelet bicoherence to the detection of naturally developed early-stage gearbox pinion faults. In reference [36], the bispectrum and the trispectrum are used for the detection of relations between multiple spectral components, which appear in analysed signals as a result of fault-related nonlinear behaviour.



HOS’s superiority for the detection of early-stage faults over commonly used second-order transforms, such as the short time Fourier transform and the wavelet transform, etc., is well known and was a topic of numerous works [39,40,41,42]. References [39,40] compare the results obtained by traditional linear spectral analysis to the results obtained by the higher order bispectral approach, which is proved to be more effective in detecting nonlinearities of the mechanical system that appear due to developing cracks in straight beams and cantilever beams, respectively. In reference [41], higher order spectral analysis is used for early-stage fault detection in shipboard rotating machinery such as induction motors. In reference [42], HOS are used for the analysis of epileptic EEG signals.



Numerous bispectrum-related research works are oriented on the analysis of the statistical relations between multiple narrowband spectral components, generated due to machinery nonlinearities, and, therefore, representing clear poly-harmonic spectral patterns. The bispectrum has been used for helicopter gear system fault detection [43], for AC motor current modulation estimation, for the analysis of vibration signals of spur gearboxes [44,45] and for planetary gear vibration diagnostics [46,47].



The chirp Fourier HOS [48,49] and the chirp Wigner-based HOS [50] are introduced for the analysis of spectral components, exhibiting variations in the instantaneous frequency. In further research, the chirp Fourier HOS are applied for combustion instability detection [51].



A novel approach, employing the wavelet transform as an HOS kernel function, was first introduced by van Milligen et al., who proposed a locally averaged wavelet bicoherence (WB) and applied it as a tool for turbulence analysis [52]. However, the locally averaged WB is not applicable for the detection of a short-duration transients generated by local gear faults.



Wavelet HOS research most focuses on the analysis of fault-related narrowband signal components, i.e., fault signatures, that present an explicit poly-harmonic pattern. Further development of wavelet HOS resulted in a novel method [34,36] oriented on the detection of fault-related vibration transients, the energy of which is spread over several broad frequency bands. Gelman et al. [34] proposed a novel instantaneous WB for the detection of transient signal components. The novelty of this approach is that the WB was used without a local average for the evaluation of statistical relations between multiple spectral components, contained in multiple broadband frequency bands and generated by local gear faults. In this approach, multi-dimensional WB results were used for the estimation of WB integrated features, which was the base of subsequent statistical analysis, leading to gear fault detection and localisation.



The instantaneous WB technology was investigated for gear systems to a very limited extent in works [33,35,53]. In references [33,53], instantaneous WB was investigated only for artificially seeded faults, and in reference [35], it was investigated via very limited experimental statistics of naturally developed gear faults.



For all Fourier and wavelet-based higher order spectra technologies, the selection of analysed spectral components plays a critical role. In investigations [33,35,53], the choice of frequency bands, used for WB feature integration, is determined by the evaluation of bicoherence maps, originating from signals recorded for faultless and faulty gears.



The disadvantage of this approach is that it requires the estimation of the complete probabilities of correct fault detection by WB for all possible frequency pair combinations, which is not optimal from a computation time standpoint. Another disadvantage of this approach is that the selected frequency bands are not physically explained/justified. Furthermore, the evaluation of the HOS modulus map is possible in the case of WB; however, it is very difficult to apply to HOS featuring orders higher than order 3 due to the lack of efficient tools for the graphical representation of multidimensional results.



So, in summary, very few gear fault detection studies, related to WB, are based on seeded gear faults [33,53], and there are limited experimental data from experimental trials, processed without well justified and physically explained frequency band selection [33,35,53]. Finally, the obtained gear detection effectiveness results for instantaneous WB are based only on the Fisher criterion (FC), which is not a comprehensive and practical measure of fault detection effectiveness.



All these essential limitations are stopping the wide implementation of powerful nonlinear non-stationary instantaneous WB for the detection of local faults in gears. Therefore, the objectives of the presented research are to carry out, for the first time, a fault detection investigation of instantaneous WB:




	
For multiple natural local faults in gears: i.e., natural pitting at a very early stage of pitting that has developed in the course of well-controlled gear endurance tests;



	
Via proposed, developed and employed novel methodology of selecting frequency bands that are relevant for WB-based fault detection;



	
Based on comprehensive experimental statistics;



	
Using the industrially relevant detection effectiveness estimate—the complete probability of correct fault identification.








Wavelet HOS-based vibration diagnosis is dominated by wavelet HOS of the 3rd order, i.e., the wavelet bispectrum. Studies concerning wavelet HOS of the 4th order, i.e., the wavelet trispectrum, are rare and are not related to fault detection in electromechanical systems. Initially, the trispectrum is used in examinations of simulated and nonlinearly interacting ocean waves, generated by a hurricane [54]. The power cepstrum and trispectrum equalisation algorithms are applied in the field of communications [55]. Applications of the wavelet trispectrum include geophysics and offshore engineering [56,57,58]. In the mentioned applications, the trispectrum is used for the evaluation of the relations between narrowband spectral components. So far, there is no research related to wavelet spectral techniques of the 4th order in the context of machinery fault detection. So, wavelet tricoherence is used for the first time in worldwide terms in the present research for gear fault detection via the identification of fault-related vibration transients, the energy of which is spread over several broad frequency bands.



The novelties of the presented research are as follows:




	
Instantaneous wavelet bicoherence is investigated for the first time in worldwide terms for gear fault detection via very comprehensive experimental statistics of naturally developed pitting of gear teeth at a very early stage of fault development, based on the industrially relevant detection effectiveness estimate—the complete probability of correct fault identification;



	
We use a novel methodology of selecting the frequency bands that are relevant for gear fault detection for wavelet HOS integrated features, which enable efficient fault detection and localisation.









2. Wavelet Bicoherence


The 3rd order wavelet HOS, the instantaneous WB, are defined by following equation:


  WB  (   f 1  ,  f 2  , t  )  =   E  {   W Ψ   (   f 1  , t  )   W Ψ   (   f 2  , t  )   W Ψ    *   (   f 1  +  f 2  , t  )   }      E  {   |   W Ψ   (   f 1  , t  )   |   |   W Ψ   (   f 2  , t  )   |   }    E  {   |   W Ψ    *   (   f 1  +  f 2  , t  )   |   }       



(1)




where      f 1  ,  f 2    are frequencies of the spectral components for which WB is calculated. E denotes the mean value operator and  *  is the complex conjugation operator.    W Ψ    is the wavelet transform of the analysed signal x(t), given by:


   W Ψ   (  a , t  )  =  1     | a |        ∫   − ∞   + ∞   x  (  t ′  )   Ψ *   (     t ′  − t  a   )  d t ′  



(2)







a and t are scale and time shift variables.    Ψ *    is a mother wavelet function.



WB is a complex function. The physical sense of instantaneous WB is related to its capabilities of detecting statistical dependencies, which exist between multiple spectral components, determined by periodically recurring fault-related transient phenomena. Thus, WB is sensitive to the appearance of damage-related vibration spectral components. As WB is the normalised wavelet bispectrum, its output values fall into the range between 0 and 1. Due to normalisation, the instantaneous WB output is not affected by input signal amplitude changes.



As WB output has a complex multidimensional form, its interpretation is difficult. In order to enable the visualisation of signal processing results, which allows fault detection decisions, the integrated WB (IWB) feature is proposed to use:


  IWB  ( t )  =  1   B 1   B 2      ∫   B 1     ∫   B 2      |  WB  (   f 1  ,  f 2  , t  )   |   2  d  f 1  d  f 2   



(3)




where    B 1    and    B 2    are spectral widths of frequency bands, containing multiple spectral components at multiple frequencies    f 1  ,  f 2    within these [33].



The purpose of the IWB feature is to aggregate the information carried by WB multidimensional results into a scalar value, which changes over time. These periodically appearing changes in the IWB are associated with gear kinematics, which allows precise gear fault localisation. The presented research employs a novel approach, i.e., WB does not focus on the analysis of fault-related specific narrowband signal components, but, instead, is oriented on the detection of fault-related vibration transients, the energy of which is spread over several broad frequency bands.



The bulleted list below shows the sequence of digital signal processing operations, employed in order to apply the instantaneous WB technology for gear fault detection and localisation:




	
Angular resampling of vibration signals, representing faultless and faulty gear cases;



	
Time synchronous averaging (TSA) of the signals, subjected to angular resampling;



	
Gear classical residual signal (CRS) estimation via the removal of meshing components;



	
Wavelet scalogram estimation for the CRS;



	
Absolute difference estimation between the CRS wavelet scalograms, representing faultless and faulty gear cases;



	
Estimation of relevant (from a fault detection point of view) frequency bands, driven by fault-related changes in gear spectral patterns;



	
Instantaneous WB estimation for spectral components, contained in relevant frequency bands;



	
Estimation of IWB fault detection feature;



	
Estimation of the Fisher criterion for IWB values, representing the faultless and faulty gear cases;



	
Estimation of the complete probability of correct fault identification (PCFI) via instantaneous wavelet bicoherence.









3. Experimental Validation of Wavelet Bicoherence for Gear Fault Detection


3.1. The Experimental Setup and Test Rig Description


Vibration signals, subjected to instantaneous WB-based analysis, were recorded during a gear endurance test, carried out on the gear test rig. The test rig, shown in Figure 1, consists of two gearboxes, featuring the same ratio (16 pinion (16 teeth) and gear (24 teeth)), connected with two shafts. One of the shafts featured a hydraulic actuator, which together with an electric motor allowed us to exert close-loop loading torque. Gears under test were made of carburised and tempered S156 steel. The pinion operated under a load of 500 Nm at a rotation speed of 50 Hz [59].



The analysed vibration signals were recorded via an accelerometer in axial direction on the housing of the gearbox on the prepared flat, unpainted surface, using a thread mounting stud, ensuring the minimal influence of vibration signal propagation paths. The accelerometer has a sensitivity of 50 pC/g, a frequency response of up to 6000 Hz (+/−1 dB) and an acceleration measurement range of (0–80) g. Vibration and speed signals were sampled at 40 kHz sampling rate. Vibration signals were lowpass-filtered at a passband edge frequency of 13.5 kHz. The selection of passband edge frequency was driven by the accelerometer’s resonance frequency.



The test rig allowed us to create stable and fully controlled conditions, under which the development of natural early-stage pitting occurred in multiple gear teeth. In the course of the experiment, in each 106 cycle of a pinion the gearbox was disassembled, and pinon tooth surfaces were subjected to evaluation in terms of developed pitting. After performing a stereo optical pitting evaluation, both gear and pinion were installed back in the test rig in exactly the same angular positions and the test was continued. Figure 2 shows estimations of pitting that developed on some pinion teeth during the experiment [35].



Such an approach allows the comprehensive experimental validation of fault detection capabilities of WB technology in terms of early-stage gear fault detection in multiple teeth, which is critical in numerous gear applications, including energy, aerospace, marine, automotive, etc.



In the presented investigation, out of all signals recorded during the endurance test, two sets of five random consecutive signal files were selected. The dataset representing the faultless gear case was recorded between 0 and 10 × 106 cycles of the pinion. The dataset representing the faulty gear case was recorded between 40 × 106 and 50 × 106 cycles of the pinion.



In order to ensure smooth and relatively silent operation as well as smooth torque transmission, a gear system should be properly designed in a way that few gear teeth should be in contact at the same time and take part in torque transmission. For a properly designed gear system, the total contact ratio should not be smaller than 1.2. However, to ensure a smooth and quiet operation, a common practice is to design gear pairs that provide a total contact ratio of more than 2.



The gear system, which is the object of the presented investigation, featured the estimated total contact ratio of 2.4. This means that 60% of the time the forces were transferred by two teeth, and the remaining 40% of the time they were transferred by three teeth. This feature of the gear system adds complexity to the vibration signal analysis, as vibration signals, generated by the gear system at any time, originate from interactions between two or three teeth. Therefore, the geometry of the helical teeth of the gear system played a crucial role in the presented investigation and has to be taken into account for gear fault detection.



In order to ensure easier interpretation of the results, Figure 3 presents the data as a function of the angular position of a pinion feature (red and blue vertical lines for faulty and fault-free cases, respectively—the vertical lines indicate the angular ranges in which pinion teeth are in contact with gear teeth [59]), marking the angular ranges within which particular teeth of the pinion are in contact with teeth of the gear. To improve the clarity of the presentation and to enhance comparison with a stereo optical pitting evaluation, the numbers of teeth on which the development of pitting was observed (i.e., pinion teeth 1, 3, 4, 6, 11, 13, 15, 16) were marked with a bold font.




3.2. Digital Signal Processing of Gear Vibration Data


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


Due to slight fluctuations in the pinion rotation speed, the number of signal samples in sections corresponding to one pinion revolution fluctuated around 800. In order to ensure that every sample of the signal can be associated with the exact angular position of a pinion, which is necessary to obtain a precise result, the signal was up-sampled to precisely 1024 samples per revolution.



Resampled signals contained the signal components originating not only from the meshing gears under test but also other mechanically interacting elements of the test rig, which were not relevant for the research. In order to minimise the presence of the signal components irrelevant for gear fault detection, the resampled signal sections corresponding to one pinion revolution were averaged in order to estimate the time synchronous averaged (TSA) signal, which preserves the signal components synchronous to the pinion speed and removes components that do not occur at frequencies where the pinion interacts with the gear. In the presented research, each TSA signal section was estimated for 50 consecutive raw signal sections. The raw signal sections used for TSA estimation were not overlapping.



The TSA signal contains signal components generated by the pinion, and, in most cases, it is dominated by high-amplitude gear-meshing frequency components. High-amplitude gear-mesh components, which do not carry information about early-stage local gear faults, mask low-energy vibration transients induced by these faults. Therefore, a common practice is the removal of frequency components related to gear meshing from the TSA signal, which leads to the estimation of the classical residual signal (CRS).



There is no standard approach of calculating the CRS. The scope of possible solutions is broad and includes the usage of auto regressive signal models or signal filtering. In the presented research, the CRS was estimated by the subtraction of two-time synchronous averaged signals, where one was averaged with the time period of a pinion rotation and the other was averaged with a period 16 times smaller, thus corresponding to the period of meshing teeth according to the formula:


  r    ( t )  = m    ( t )  −  1   N t      ∑   k = 0    N t  − 1   m    (  t − k  T m   )   



(4)




where   m  ( t )    is the TSA signal,    T m    is the mesh period and    N t    is the number of pinion teeth.



The obtained CRS signals were used in subsequent digital signal processing operations as a base for WB estimation.



Because of the stereo optical pitting evaluation and related movements of the pinion in and out of the gearbox, the tacho signal was shifted by a few signal samples in the signal files, recorded at different stages of the experiment. This shift has to be compensated and the results of compensation have to be verified; that has been performed by the comparison of the alignment of meshing components.



The plots of TSA, the CRS and the gear meshing components recorded for the faultless gear at the beginning of the experiment (blue) and for the faulty gear after 40 × 106 cycles (red) are shown in Figure 4. The vertical dotted lines mark angle ranges in which the teeth of the pinion were in contact with the teeth of the gear.




3.2.2. Selection of the Frequency Bands Relevant for WB Fault Detection


The wavelet transform result, which is the base for WB estimation, depends on the type of complex wavelet function and wavelet transform parameters, which define the trade-off between the time and frequency resolutions of the wavelet transform. In the presented research, the complex Morlet mother wavelet function was chosen because of its property, related to minimised spectral leakage, and its similarity to transient impulses, generated by gear faults. The Morlet wavelet function is expressed by the following equation:


   Ψ     (   t ′   )  =  1    π  f b         (   e  − i 2 π  f c  t ′   −  e  −  f b     (  π  f c   )   2     )     e  − t  ′ 2  /  f b     



(5)




where    f c    stands for the Morlet wavelet central frequency and    f b    denotes the bandwidth parameter, which defines the time and frequency resolutions of the wavelet analysis.



From a physical standpoint, to ensure the successful detection of a transient phenomenon, the duration of the wavelet function should match the duration of the transient phenomenon. Choosing the mother wavelet function parameters in the way that the duration of the wavelet function will match the duration of the low- and high-frequency components generated by gear faults is difficult and frequently not optimal for the detection of broad frequency band transients. In the presented research, the bandwidth parameter    f b    was estimated individually for each frequency to ensure that the duration of the wavelet function matches the duration of gear fault-related transients. Therefore, the time-width of the wavelet function (measured at −3 dB level) was set up to correspond to 1/15 of the period of the pinion.



The scalograms of the continuous wavelet transform of the CRS are shown in Figure 5.



In Figure 5, the results are provided of wavelet analysis of the classical residual signals, generated by the gearbox at the beginning and the end of the trials. The wavelet scalograms are obtained by the wavelet transforms, utilising the Morlet and the Mexican hat mother wavelet functions. It can be seen that there are differences between the wavelet scalograms at the beginning (i.e., the undamaged gear conditions) and at the end (i.e., the damaged gear conditions) of the trials for the both mother wavelet functions.



Comparison between the wavelet scalograms, obtained by the Morlet and the Mexican hat wavelets, shows the difference between these scalograms, which is due to essential differences in time–frequency resolutions of the wavelet transforms, provided by these two types of mother wavelet functions. It can be seen that for the both types of mother wavelet functions, the wavelet scalograms exhibit differences between the undamaged and the damaged gearbox cases at the higher frequencies of the scalograms. In addition, the Morlet and the Mexican hat wavelets produce the scalograms that feature essentially different wavelet coefficients, of much higher amplitudes in the case of the Mexican hat wavelet.



As an example, this explains the essential difference between the Morlet scalogram and the Mexican hat scalogram, and a frequency of 4000 Hz is considered, which falls into the (f1 + f2) frequency band for WB estimation. For this particular frequency, the Mexican hat wavelet transform provides the frequency resolution, which is 6.2 times poorer than the frequency resolution of the Morlet wavelet transform.



Taking into account the uncertainty (i.e., Heisenberg) principle, the Mexican hat wavelet transform provides much better time resolution at a frequency of 4000 Hz than the Morlet wavelet transform. This essential difference in time resolutions explains the above-mentioned scalogram amplitude difference between the Mexican hat scalogram and the Morlet scalogram.



The above-mentioned difference in frequency resolutions between the Mexican hat and the Morlet wavelet transforms explains the difference in impact localisations between the Mexican hat scalogram and the Morlet scalogram, i.e., gear damage-related impacts are more localised in the Morlet scalogram compared with the Mexican hat scalogram.



WB can be estimated for all possible combinations of frequencies [33,35]. However, such an approach severely affects the estimation time and does not allow a physical justification of the selected frequency bands. To minimise the estimation time, the selection of the relevant frequency bands, containing fault detection relevant frequency components for integrated feature estimation, should be carried out before WB estimation. Therefore, WB estimation is carried out only for a minimal number of the selected frequency components.



In the previous studies utilising WB for gear fault detection, the selection of relevant frequency bands was based on the WB modulus map evaluation. In the application of WB for the detection of early-stage natural pitting, this approach was insufficient as only three out of eight faulty teeth were successfully detected [35].



In this research, a novel methodology of selecting the frequency bands that are relevant for WB fault detection is proposed and investigated. This methodology is based on the analysis of a difference between the scalograms of CRS signals related to fault-free and faulty gear conditions. The methodology has a series of advantages over previously used methodologies: (I) it does not require HOS estimation, and therefore it does not have a negative impact on calculation time; (II) it has a physical sense allowing it to precisely identify frequency bands in which vibration energies have increased due to gear faults; and (III) it is based on the wavelet transform, which is suitable for gear fault-related transients and matching with wavelet HOS techniques. Therefore, this methodology is applicable even to impulse transients featuring low signal to noise ratios and, therefore, representing early stages of gear faults.



Figure 6 shows graph of the difference amplitude vs. frequency that demonstrate the difference between absolute values of CRS wavelet scalograms recorded at the beginning of the experiment (0–10 × 106 cycles) and the end of the experiment (40 × 106–50 × 106 cycles). The frequency bands, chosen for WB and for subsequent integrated feature estimation, have been marked with dotted vertical lines. In the case of WB, frequency bands <1200 Hz, 1700 Hz>; <2700 Hz, 3100 Hz> contain spectral components at frequencies    f 1    and    f 2   , respectively. Band <3900 Hz, 4800 Hz> contains spectral components at frequency   (  f 1  +  f 2  )  .



In the presented research, the gearbox operates at a constant load and constant rotation pinion speed of 50 Hz. For real industrial cases, in which the speed and load of gearboxes are changing (e.g., renewable energy, transport), it is necessary to define relevant frequency bands for the integration of the IWB diagnostic feature. The relevant frequency bands are determined by the novel methodology proposed here, which is based on the wavelet spectral characteristics of gearbox vibrations for damaged and undamaged conditions at different gear speeds/loads. Therefore, carrying out vibration WB diagnostics of gearboxes operating at multiple speeds and loads would require the selection of relevant frequency bands, used for the integrated diagnostic feature, via the proposed novel methodology for specific combinations of gear speed and load.




3.2.3. The Wavelet Bicoherence Integrated Feature


WB is estimated according to Equation (1). The averaging, represented by operator E in Equation (1), is carried out for 30 consecutive complex wavelet transforms of the CRS signals.



The WB integrated feature has been estimated, according to Equation (3), for all combinations of spectral components    f 1    and    f 2    belonging to the bands <1200 Hz, 1700 Hz> and <2700 Hz, 3100 Hz>, respectively, identified as relevant for WB-based fault detection and shown in Figure 6.



Figure 7 shows the plots of 270 consecutive estimations of IWB integrated features obtained for faultless and faulty gear cases.



Although the IWB integrated feature reaches essentially higher values for the faulty gearbox, IWB values require further statistical comparison in order to extract the information about the angular distribution of local pinion faults so the teeth affected by pitting can be identified. The comparison of IWB data, representing pitted and un-pitted pinion cases, was based on the Fisher criterion (FC). The FC, a widely used statistical tool for the effectiveness evaluation of fault detection [60,61,62], is expressed by the following equation:


  FC  ( θ )  =      (   μ D     ( θ )  −  μ  N D      ( θ )     )   2     σ D 2     ( θ )  +  σ  N D  2     ( θ )    ,  



(6)




where    μ D    and    μ  N D     are the mean values of IWB,    σ D    and    σ  N D     are the standard deviations of the IWB feature and  θ  is the angular position of the pinion for which the FC is calculated.  D  and   N D   indexes denote damaged and undamaged pinion cases.



Figure 8 shows the plots of the FC, obtained by the comparison of IWB datasets, representing faultless and faulty gearbox cases, where bold numbers in the top of the plot mark positions of the damaged teeth. Local extreme points, which were used for PCFI estimation, are marked with stars.





3.3. Discussion of Results


IWB values, similarly to WB values, are contained within the range from zero to unity. The relatively high values of FC peaks, which indicate the angular location of the pinion faults, confirm the relatively high effectiveness of fault detection based on the WB technology. All FC peaks fall in the angular ranges that can be associated with individual faulty teeth, on the surface of which the development of pitting was observed. FC values that are close to zero fall into the angular ranges of the teeth on which no pitting development was observed. All faulty teeth were correctly detected and there are no FC peaks that could be interpreted as false positive. The average FC value for all eight detected faulty teeth is 173.



The FC works well for gear fault localisation. However, the FC’s disadvantage is that the FC values do not have any physical meaning. Moreover, for non-Gaussian fault detection features, the FC is not linked to the complete probability of correct fault identification. These two factors mean that the FC is unable to provide a comprehensive estimation of fault identification effectiveness.



Therefore, to provide the correct statistical tool that comprehensively quantifies fault detection effectiveness, the complete probability of correct fault identification (PCFI) was carried out according to the following formula:


  PCFI =    t p  +  t n   2   








where    t p      is the probability of true positive fault identification and    t n    is the probability of true negative fault identification.



The estimation of the PCFI was based on IWB values, selected from the used datasets. The selected IWB values correspond to the same angular positions of the pinion for which the FC reached its local maxima, marked with stars in Figure 8. The estimate of the PCFI for the IWB is relatively high—95.3%. The estimation was based on integrated feature values that were obtained from 1.14 × 106 raw signal sections, corresponding to a single pinion revolution, which further corresponds to 6 h and 20 min of recorded vibration signals. Therefore, effective vibration-based fault detection is confirmed not only by stereo optical teeth surface evaluation (Figure 2) but also by achieving a high estimate of the PCFI.



In the course of the investigation, gear vibration signals were also subjected to 4th order wavelet spectral analysis using the 4th order wavelet HOS. Five out of eight faulty teeth were identified as faulty, and three faulty teeth were undetected. For the five correctly identified teeth, the complete probability of correct fault identification is 81.9%. It should be noted that the normalised wavelet trispectrum is introduced here for gearbox local fault detection and comparison between WB and the normalised wavelet trispectrum and should be viewed as a preliminary, as fault detection potentials of 4th order wavelet HOS are not fully investigated in the current research due to the limited frequency range of the captured gear vibration data.




3.4. Comparison with Other Works


WB, in comparison to second-order transforms, provides results that enable more accurate diagnostics at an early stage of damage development. The vibration data used in this research are also processed in reference [3] via the second-order wavelet transform, and for diagnostics of undamaged and damaged gearboxes, the obtained FC value is equal to 12, which is essentially lower than the FC value obtained in this research



WB combines the capabilities of two signal processing methods. The wavelet transform enables time–frequency signal processing and bicoherence enables the examination of the relationships between multiple spectral components. Finally, the integrated diagnostic feature allows us to produce one statistical parameter for numerous frequency triplets.



An essential percentage of gearboxes in industry operate at constant speed and constant load conditions. One of such real industrial cases is analysed via the usage of the instantaneous WB technology in reference [33]. In this work, the WB technology is successfully applied for a real industrial case of two back-to-back industrial gearboxes in industrial test bed conditions. The evidence of the effectiveness of the approach, proposed here, could be obtained by comparison with the work conducted by reference [33], in which the natural pitting, covering 3.5% of the tooth surface, evolved in the course of vibration diagnostic experiments. The FC, obtained via the integrated WB feature, reached a value of 45, which is essentially lower than the FC value obtained in this research for the teeth featuring natural pitting not exceeding 0.7%; therefore, the damage severity is five times smaller compared with damage severity in reference [33].



In addition, for five teeth featuring pitting, covering 1.5% to 18% of the tooth flank surface, the average FC value, obtained in [33], is 66. This value is essentially lower than the average FC value obtained in this research.



The novel methodology of selecting the relevant frequency bands also reveals its effectiveness in comparison to reference [35]. In this research, the selection of frequency bands, based on WB averaged maps, allows the correct identification of damaged teeth, featuring natural pitting of 0.5–0.7% of relative pitting size. The achieved FC values for vibration data used in this research do not exceed 16, making them essentially lower than the FC value obtained in this research.



The comparisons of the FC values between the current and the previous research prove the efficiency of the proposed approach. In addition, the new methodology of selecting the relevant frequency bands enables the essential reduction in WB estimation time.





4. Conclusions


(1) The powerful nonlinear non-stationary technique, instantaneous wavelet bicoherence (WB), has been investigated for the vibration fault detection of naturally developed micro-pitting in multiple gear teeth at very early stages of pitting development, i.e., in the range of (0.3–0.7%) of a relative pitting size. The presented research employs a novel approach, i.e., the WB does not focus on the analysis of fault-related specific narrowband signal components, but, instead, is oriented on the detection of fault-related vibration transients, the energy of which is spread over several broad frequency bands.



Detection effectiveness has been quantified by two statistical measures, i.e., the complete probability of correct fault identification and the Fisher criterion.



The presented novel investigation covers the following gaps in previous investigations:




	
Fault detection via vibration signals related to the artificially seeded gear faults [33,53];



	
Non-optimal choice of the frequency bands for WB estimation [33,35];



	
Insufficient statistical support of the obtained results [34,36];



	
Lack of WB effectiveness evaluation in terms of the complete probability of correct fault identification [33,35].








(2) Gear fault detection via vibration signals was performed based on comprehensive experimental data obtained via fully controlled experimental trials. The analysed experimental data originated from endurance gear tests. The multiple local gear tooth faults are pitting, which affects tooth surfaces and has developed in a natural way (i.e., not seeded artificially). Therefore, the datasets are representative for gear damage cases that can occur in industrial applications. The overall length of the analysed vibration signals covers 6 h and 20 min of gear operation, which equals 1.14 × 106 raw signal sections, corresponding to one pinion revolution. Therefore, a large volume of experimental vibration data has been processed and analysed in order to ensure proper statistical support of the obtained results.



(3) The comparison between the results of gear tooth surface evaluation via stereo optics and estimations of angular locations of the gear faults, indicated by the Fisher criterion, show a very good matching. The experimentally obtained fault detection capability of the WB technology is relatively high, i.e., the complete probability of correct fault identification is 95.3%. All faulty gear teeth of the pinion have been successfully detected. The average Fisher criterion, estimated for all detected faulty teeth, is also high at 173.



(4) The novel methodology of selecting the frequency bands that are relevant for WB fault detection is proposed and investigated. The methodology is based on the difference between the wavelet representation of vibration signals recorded for damaged and undamaged gear conditions. It is shown that the methodology provides an estimation of frequency bands in which vibration signal changes, caused by damage development, are the most explicit and enable correct gear fault detection.



(5) The 4th order wavelet spectrum does not allow us to obtain satisfactory fault detection results due to the limited frequency range of the captured gear vibration data; therefore, out of eight teeth, only five teeth have been detected. The complete probability of correct fault identification, estimated for correctly identified damaged teeth, is 81.9%. This novel technique, introduced for the first time in worldwide terms here for machinery fault detection, deserves further attention for the detection of machinery faults presenting complex nonlinear spectral patterns.



The presented novel research is an important step forward for the wide implementation of powerful nonlinear non-stationary instantaneous WB for the detection of local faults in industrial gear systems, related to renewable energy, transport, oil and gas, etc.



(6) In comparison to other studies utilising instantaneous WB for natural fault detection [33,35] or the classical second-order wavelet-based approach [3], the proposed technology demonstrates essentially higher diagnostic effectiveness.
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Figure 1. Gear test rig: an experimental setup. 
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Figure 2. Results of stereo optical evaluation of gear tooth surfaces affected by a pitting (a); tooth surface conditions at the beginning (b) and at the end (c) of the experiment [59]. 
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Figure 3. Marking of angular ranges in which pinion teeth are in contact with gear teeth [59]. 
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Figure 4. Gear TSA vibration signal (a), gear CRS vibration signal (b), the gear vibration meshing components (c), reprinted from ref. [59]. 
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Figure 5. The wavelet scalograms of the vibration signal, originating from the faultless gearbox (a) and the faulty gearbox (b), obtained by the Morlet wavelet function, reprinted from ref. [59]. (c,d) are the scalograms of the same signals, originating from the faultless gearbox and the faulty gearbox, respectively, that are obtained by the Mexican hat wavelet function. 
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Figure 6. The difference between the modulus of the wavelet transforms of the CRS vibration signals recorded for fault-free and faulty gear conditions. 
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Figure 7. The wavelet bicoherence integrated feature (IWB) of the vibration signals recorded at the beginning of the endurance test (a) and at the end of the endurance test (b). 
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Figure 8. The Fisher criterion for the IWB. 
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