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Abstract

:

In recent years, the number of outer rotor permanent magnet brushless direct current (PM BLDC) motor drives has been intensively growing. Due to the specifics of drive operation, bearing faults are especially common, which results in motor stoppage. In a number of these types of motor applications, the monitoring and diagnostics of bearing conditions is relatively rare. This article presents the results of research aimed at searching for simple and simultaneously effective methods for assessing the condition of bearings that can be built into the drive control system. In the experimental research, four vibration signal processing methods were analysed with regards to the identification accuracy of fault symptoms in the geometric elements of bearings (characteristic frequencies). The results are presented for three cases of bearing faults and compared with a new bearing, they were obtained based on a vibration signal analysis using the classical fast Fourier transform (FFT), Fourier transform of signal absolute values, Fourier transform of an envelope signal obtained using the Hilbert transform, and the Fourier transform of a signal filtered with the Teager–Kaiser energy operator (TKEO).
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1. Introduction


The permanent magnet brushless direct current motor (PM BLDC), due to its advantages (high efficiency, high power factor, very good power to volume ratio, low maintenance requirements), is increasingly used in various industrial drives and a large number of electrically-propelled or electrically supported vehicles. This extensive range of applications is influenced by the values of exploitation parameters, such as multi-fold torque overload capacity, low moment of inertia, increased general efficiency, and a wide range of rotational speed regulation [1,2]. However, despite these considerable advantages, during exploitation, PM BLDC motors are fault-prone due to the occurrence of various damages [3,4,5]:




	
Stator winding (winding short circuit),



	
Rotor (magnetic field asymmetry, permanent magnet demagnetisation),



	
Inverter (transistor bridge fault in a supply system, shaft position sensor fault),



	
Mechanical faults (bearings, rotor eccentricity or unbalance).








Electric vehicles with PM BLDC motors are currently being intensively developed in a wide power range: from about 100 W (e.g., in wheelchair gearless drives), through constructions with continuous power of 250 W (motor-supported bicycles, electric scooters), to motors with a power in the order of a few kilowatts (electric scooters, small vehicles) [1]. Complete drive systems with PM BLDC motors with an electronic commutator are a relatively new solution on a highly dispersed and differentiated market. As a result, there are no statistics on their reliability and the frequency of the occurrence of the above-mentioned faults in vehicle drives with PM BLDC motors. The available fault statistics for electric machines are prepared only for induction motors (IM) [6,7]. There is no reliable data on damage statistics for permanent magnet motors yet, because there is a lack of data from the industrial operation of these motors. However, it can be expected that, due to the similarity of construction, problems related to exploitation faults in PM BLDC motors used in vehicles will be similar. According to [7], in the low-voltage IM of low and medium power bearing damages are dominant (75–95%), while their share decreases with the increasing motor power. On the other hand, along with the increase in rotational speed, the frequency of bearing damages increases significantly [6]. Therefore, also for low power drives with BLDC motors, monitoring of rolling bearing damage seems to be very important.



Publications related to PM BLDC motor faults focus mainly on the faults of stator windings and permanent magnets in a rotor and also an inverter (power and control elements) [5,6,8,9,10,11,12,13]. By contrast, there are very few publications devoted to bearing faults, especially in wheel embedded motors. The variety of surfaces on which vehicles move, resulting in the generation of pulse impact, high rotational speeds and changing atmospheric conditions, have a significant influence on the time of reliable operation of used rolling bearings. This is why it becomes necessary to monitor bearing conditions on-line so as to be able to detect faults at their initial stage and plan service actions. This will limit the occurrence of sudden, uncontrolled drive faults. As a result, it is necessary to develop simple fault identification methods for bearing construction elements.



Due to the high occurrence frequency of rolling bearing faults in rotating electrical machines, continuous efforts are devoted to research the improvement of existing, and the development of new, fault detection methods. Issues related to bearing fault detection are in the interest of renowned diagnostic companies, such as Bruel & Kjaer, Schenck, IRD Mechanalysis Limited (IRD), SPM Instrument (SPM), TEC Bearing (TEC), SKF Group (SKF), Bently Nevada and numerous science and research centres. Diagnostic companies propose instruments for the initial assessment of vibration levels or diagnostic systems (analyzers) that perform digital analysis of the vibration signal according to specific methods. As a rule, these are methods covered by patents and related to the appropriate hardware and software. Due to the high cost, the use of these solutions is justified in the case of diagnostics of stationary industrial drives of higher power.



On the other hand, researchers are looking for and testing new methods of analyzing vibration signals, in particular the vibrations of electric machines. Among others, spectral kurtosis (SK) [14], short-time Fourier transform (STFT) [15], higher order transforms such as bispectrum [16] and bicoherence [17], wavelet analysis [18,19] and methods of artificial intelligence [19,20] are used for quick and effective detection of bearing damage.



Issues related to rolling bearing faults in PM BLDC motors are not extensively discussed in the literature, as is the case with induction motors. Various processing methods are used in vibration signal analysis, they employ complex algorithms, e.g., trace ratio linear discriminant analysis [21], stochastic-resonance-based adaptive filter [22] and methods combining a few transformations (wavelet transform and time-frequency ridge), synchronous demodulation and smoothing [23]. In the case when the rotational speed of a motor varies in time, the order analysis is used to detect rolling bearing faults [4]. In bearing fault detection, the envelope analysis and the Hilbert transform of the stator current or vibration acceleration are frequently used [22,24]. In order to automate the decision-making process, neural networks [24,25] or adaptive neuro-fuzzy inference systems [26] are used. However, the above mentioned methods require complex numerical calculations, which involves the use of advanced microprocessor systems. Such solutions, as well as the use of high-class accelerometers, is economically justified only in the case of higher power drives.



In the application considered in the article, concerning low power PMBLDC motors, one should look for measuring–diagnostic system solutions that meet the following requirements: low cost of the diagnostic system, and solutions limited in size. It follows from the above that the hardware solutions of the analyzed system should be based on cheap accelerometers, with small dimensions (e.g., microelectromechanical system (MEMS) solutions) and cheap processors with limited computational capabilities. In addition, in low power drives there is a problem of correctly isolating the characteristic damage frequencies due to the low energy level of interference from the damage. Therefore, the considered applications should use more sensitive methods than the classic fast Fourier transform (FFT), but equally computationally simple.



The goal of this work is the comparison of four known and simple methods of vibration signal analysis in terms of assessing their suitability for detecting the symptoms of damages to rolling bearings of low-power PM BLDC motor embedded in a wheel. There is very little information in the literature about the diagnostic tests of such drives, taking into account the specifics of the drive and how to mount the bearings. In the opinion of the authors only the experimental comparison of the effectiveness of the analyzed methods in the considered application allows to assess the suitability of individual methods for detecting damage to the structural elements of bearings of the PM BLDC motor embedded in the wheel. Therefore, a special laboratory setup enabling experimental tests of the analyzed drive was developed and described in this paper.



In this research, a PM BLDC motor, used in small electric vehicle drives, such as skateboards and scooters, was investigated. It was a complete wheel-embedded drive with an outer rotating rotor covered with a rubber tyre with a tread. The results presented in the paper were obtained for a rotor working without a load, at a constant angular speed. The research was conducted for three different rolling bearings damaged in various ways and the results were compared with those obtained for a new bearing. The vibration acceleration signals measured with a three-axial sensor were analysed using the classical fast Fourier transform (FFT), Fourier transform of signal absolute values, Fourier transform of an envelope signal obtained using the Hilbert transform and the Fourier transform of a signal filtered with Teager–Kaiser energy operator (TKEO).



This paper is organized as follows: the basic rolling bearing faults and their symptoms are described in Section 2, in the next section the analyzed signal processing methods are shortly described, while the laboratory setup, data acquisition and signal processing system and methodology of the research are presented in Section 4. The analysis of measurement data using selected signal processing methods is shown in Section 5, followed by a short summary.




2. Rolling Bearing Faults


Bearings are a basic element responsible for the force transfer from the rotating to immobile parts of the machine and the other way around. Moreover, they decrease motion resistance between these parts. The incorrect choice of a bearing, its improper maintenance or intensive exploitation may contribute to its premature wear and consequently a fault.



Rolling bearing faults can have a dispersed or local character [7,21,27]. The former is usually the consequence of an insufficient amount of a lubricant or oil and possible contaminants in these substances. Basic faults of this type encompass inequality, deformations or roughness occurring on the whole bearing surface. These types of faults can hardly be described by any characteristic frequency and, hence their detection requires the observation of vibration acceleration spectrum in a wide frequency band and usually they result in the increased effective value of vibration acceleration. Faults of local nature most frequently are single-point defects, such as indentations, material losses in bearing construction elements or small holes. With regards to the damaged construction element in a bearing, they can be divided into: cage, ball spin, inner and outer ring faults. Each local bearing damage can be specified by a characteristic fault frequency fbf. Frequencies (1) result from bearing geometry (constant Cbf) and rotor rotational frequency fr [19,20,22,23,25,27]:


   f  b f   =  C  b f   ⋅  f r  ,  



(1)






    C   (  F T F  )    =  1 2   (  1 −   d cos ϑ  D   )   ,  



(2)






    C   (  B P F I  )    =    N k   2   (  1 +   d cos ϑ  D   )   ,  



(3)






    C   (  B P F O  )    =    N k   2   (  1 −   d cos ϑ  D   )    , 



(4)






    C   (  B S F  )    =  D  2 d    (  1 −    (    d cos ϑ  D   )   2   )    



(5)




where:



   f r  =  n  60     [Hz]—rotor rotational frequency,



Cbf [–]—constant related to bearing geometry and a damaged element type (C(FTF)—cage fault and slackness, C(BPFI)—inner ring fault, C(BPFO)—outer ring fault, C(BSF)—ball spin fault; constants for 6003 type rolling bearing, according to company calculator, are: C(BPFI) = 5.916 [-], C(BPFO) = 4.0842 [-], C(BSF) = 2.6382 [-]), respectively,



n—rotating speed [rev/min],



d—rolling element diameter,



D—pitch diameter,



ϑ—bearing operating angle (0o for an ordinary ball bearing),



Nk—number of ball spins.



The basic source of information on the technical condition of rolling bearings is the vibration level and FFT spectrum analysis, vibration acceleration in X, Y, Z axes. In the research, the amplitudes of characteristic fault frequencies are taken into account as symptoms characteristic for: ball pass frequency of inner ring (BPFI), ball pass frequency of outer ring (BPFO) and ball spin frequency (BSF). Additionally, frequencies related to the amplitude modulation of rotation frequency fr may occur in the amplitude spectrum. This is why frequency faf is usually searched for in the vibration spectrum in accordance with Formula (6).


    f  a f   = k ⋅  f  b f   + m ⋅  f r   ,  



(6)




where   k ∈  {  1 , 2 , …  }    is the multiplicity of fault frequency fbf, and coefficient   m ∈  {  … , − 2 , − 1 , 0 , 1 , 2 , …  }    allows to take into account any components coming from the modulation of damage symptoms by rotational frequency fr in the spectrum of vibrations. The value of m is usually equal to 0 or ± 1.



In the diagnostics of PM BLDC motors, similarly to other electric machines, various algorithms and signal processing methods are used to analyse mechanical vibration signals or phase currents. The detection of the construction elements faults of rolling bearings in low power electrical machines, using the fast Fourier transform, is hindered by the low level of characteristic frequency amplitudes. This is the reason why new methods, which would be equally simple in implementation yet able to better detect fault symptoms, are searched for. It is particularly important in on-line bearing condition monitoring systems. This paper focuses on the comparison of the efficiency of four PM BLDC motor vibration signal processing methods: basic Fourier transform, Fourier transform of signal absolute value, Fourier transform of envelope signal obtained using the Hilbert transform and Fourier transform from the TKEO generated signal.




3. Description of Selected Signal Processing Methods


3.1. Fast Fourier Transform (FFT)


The fast Fourier transform (FFT) is the basic method used in rotating machines diagnostics. FFT transforms a signal from the time domain to frequency domain [28,29]. The signal is disintegrated into a number of sinusoidal signals of particular frequency which compose it, which facilitates the analysis. Unfortunately, during this transformation time information is lost, i.e., it is not possible to determine when the event interesting for a user took place. As a result, FFT is used for stationary signals (characterised by time constant frequency) periodical signals.



In the case of real discrete signals x[n] of finite length N, generated during continuous signal sampling, discrete Fourier transform X[k] (k = 0,…,N/2) takes the form [28,29]:


  X  [ k ]  =   ∑  n = 0   N − 1    x  [ n ]   e  − j   2 π n k  N      .  



(7)







The basic form used to present results after the discrete Fourier transform (DFT) is the frequency spectrum of a signal which is calculated according to the dependence [29]:


   |  X  [ k ]   |  =      (  Re  {  X  [ k ]   }   )   2  +    (  Im  {  X  [ k ]   }   )   2    .  



(8)







For the purpose of scaling the spectrum in frequency units, each |X[k]| sample is attributed frequency f[k] calculated according to the dependence [29]:


   f  [ k ]  = k    f p   N   ,  



(9)




where: fp is the signal sampling frequency and N the number of all signal samples.




3.2. Fast Fourier Transform of Measured Signal Absolute Value (ABS)


The FFT processing method of the signal absolute value is based on an original idea using a signal straightening process similarly to an envelope analysis. The operation can be presented according to (10).




    X  [ k ]  =   ∑  n = 0   N − 1     |  x  [ n ]   |   e  − j   2 π n k  N       .   



(10)





After using a module operation, a constant component appears in the modified signal. The values of all frequencies occurring in the original signal are doubled in the modified signal (similarly to the oscillations of output voltage in a bridge rectifier contain a variable component with the doubled frequency of a supply network). Moreover, as a result of the modulation, components with sums and differences of the frequencies of the original signal appear in the new signal. Hence, if components which are amplitude modulated with rotational speed (i.e., components fb f ± fr) occur in the original signal, then in the absolute value spectrum according to (10), component fr will be strengthened. Similarly, if components characterised by frequencies fbf and k·fbf (k—natural positive number) occur in the original signal, component fbf will be strengthened in the modified signal. This results in an increase in the amplitudes of basic fault components which, in extreme cases, could be even the imperceptible amplitude of the original signal spectrum due to a very small amplitude. A small disadvantage is the fact that, as a result of modulation, components with significant amplitudes, yet not related to fault frequencies, may appear in the spectrum. This is why in this method only a low frequency range should be taken into consideration.




3.3. Fast Fourier Transform of Envelope Calculated Using the Hilbert Transform (HILB)


The envelope analysis of vibration acceleration signal is frequently used in the detection of rolling bearing faults [3]. This approach requires a number of actions: third octave filtering, straightening and subsequently the envelope of the obtained signal. The envelope of a measured signal can also be obtained from an analytical signal after using the Hilbert transform.



The Hilbert transform can be used to analyse stationary, non-stationary and non-linear signals [24,30]. A considerable advantage of the Hilbert transform is efficient noise elimination [24]. The Hilbert transform of signal x(t) is calculated using dependence (11) [24,30]. By contrast, analytical signal a(t) is composed of two elements: the real part, i.e., original signal x(t) and the imaginary part which is the Hilbert transform of original signal H[x(t)] (12) [24].


   H  [  x  ( t )   ]  =  1 π     ∫  − ∞  ∞     x  ( τ )    t − τ   d τ     ,  



(11)






   a  ( t )  = x  ( t )  + j H  [  x  ( t )   ]  =  a  e n v    ( t )   e  j φ  ( t )     ,  



(12)




where: τ—auxiliary variable (subintegral), aenv(t)—instantaneous envelope amplitude and φ(t)—instantaneous phase.



Envelope aenv(t) of original signal x(t) is obtained by calculating the amplitude of signal a(t) (13), while instantaneous phase φ(t) from dependence (14) [24,30]:


    a  e n v    ( t )  =    x 2   ( t )  +  H 2   [  x  ( t )   ]     ,  



(13)








    φ  ( t )  = arctan   H  [  x  ( t )   ]    x  ( t )     .   



(14)






3.4. Fast Fourier Transform of TKEO Filtered Signal


The TKEO filter—Teager–Kaiser energy operator, in its original version was used to process speech and estimate transient signal frequency [31,32]. Another application was in electric machine diagnostics [31,33]. The basic version of the filter for continuous signals is expressed as dependence (15) and transforms a sinusoidal signal of a given frequency into a constant value. If an input signal is a sum of many signals, then the signal obtained after the transformation depends also on their mutual effect in accordance with (16) and (17) [32]. Hence, the presence of a non-zero constant component in the resultant signal.




    ψ  (  x  ( t )   )  =    (    d x  ( t )    d t    )   2  − x  ( t )  ⋅    d 2  x  ( t )    d  t 2     ,   



(15)






    ψ  (  x  ( t )  + y  ( t )   )  = ψ  (  x  ( t )   )  + ψ  (  y  ( t )   )  +  ψ C   (  x  ( t )  , y  ( t )   )  +  ψ C   (  y  ( t )  , x  ( t )   )   ,   



(16)






     ψ C   (  x  ( t )  , y  ( t )   )  =   d x  ( t )    d t   ⋅   d y  ( t )    d t   − x  ( t )  ⋅    d 2  y  ( t )    d  t 2     .   



(17)





For the purpose of using a TKEO filter in calculations made for a discrete signal, sampled at time interval ∆t, a function derivative must be replaced with its discrete version (18), which will lead to the form compliant with dependence (19). For a constant sampling frequency, the formula can be simplified and ordered to take form (20), which shows the simplicity of the used filtration method: three signal samples are needed, and the additional calculation input is insignificant [31,32].


    x  ( t )  → x  (  n Δ t  )  ,      d x  ( t )    d t   →   x  (  n Δ t  )  − x  (   (  n − 1  )  Δ t  )    Δ t     ,  



(18)






   ψ  (  x  (  n Δ t  )   )  =    (   1  Δ t    )   2   (  x    (  n Δ t  )   2  − x  (   (  n − 1  )  Δ t  )  ⋅ x  (   (  n + 1  )  Δ t  )   )   ,  



(19)






  ψ  (  x  ( n )   )  = x    ( n )   2  − x  (  n − 1  )  ⋅ x  (  n + 1  )   , 



(20)




where x, y— transformed signals, ψ(x)—TKEO transformation result for signal x.



In [32] it was shown that the transformation of a signal including numerous frequency components (f1, f2, f3, …) leads to signal ψ(·) containing components of sums and differences of frequencies f1 ± f2, f1 ± f3, f2 ± f3, … Thus, in the case of faults resulting in amplitude modulation, according to (6) and with consideration for various values of k, m in this dependence, in signal spectrum ψ(·) frequencies fr, 2·fr, fbf, 2·fbf, etc., should be strengthened. For the purpose of illustrating the characteristic features of the above listed signal processing methods, Figure 1 presents the analysis of a sample amplitude modulated signal.



The frequencies were selected in such a way that the whole signal simulated a vibration signal registered for a faulty bearing. In particular frequencies f1 = fr = 10 Hz, f2 = fbf = 60 Hz occurred, and also f2 ± f1, k·f2 and k·f2 ± f1 for kϵ{1, 2, 3, 4}. It can be observed in Figure 1b that the used additional analyses introduced the constant component and that in the spectrum they emphasise frequencies occurring as the components of sums and differences of the original signal frequencies. Hence, the spectrum analysis of signals for which additional calculations were made shows high amplitudes for frequencies 0 Hz, f1, 2 f1, f2, f2 ± f1. Also, a signal module spectrum (marked green in Figure 1) shows components whose frequencies were doubled in comparison with the original signal, especially in the higher range of frequency.





4. Laboratory Setup Description


During the tests of the proposed methods a wheel embedded PM BLDC was used. The scheme of the laboratory setup is presented in Figure 2 and its general view in Figure 3. A slow-speed PM BLDC type motor, 350 W, 36 V supply voltage was used in the tests. Its characteristic features encompass a compact size and the fact that a motor axis is brought out at only one side of the casing. For the purpose of enabling drive tests also with a load, the tested motor was located on a pendulating arm which could press the external rubber tread of a rotor to metal rotating rolls. The pressing power was regulated by the appropriate fixing of a nut on the screw holding the pendulating arm. In the article, the elaboration of the discussed issue was limited only to drive operation without load, with a wheel rotating in the air. The reason why was the elimination of factors originating from the remaining mechanical part of the setup.



The interior of the motor is presented in Figure 3b. At the external rotor of the tested motor there are 15 pairs of permanent magnets and the stator has 27 slots and star-connected three-phase winding. Moreover, the manufacturer milled holes in the stator slots in which three rotor position sensors were placed every 120°, so that they could be optionally used by a controller. This type of a motor was selected for the research due its high popularity in commercial applications. Another reason for the choice of this motor construction was the easy disassembly of a cover at the motor axis side where the tested bearings were located (Figure 3b). The second bearing, located at the other side of the casing, was not changed. The tested PM BLDC motor was fed by a commercial controller used in electrical vehicles.



The motor was equipped with 6003 (2RS) type ball bearings. In the research, bearings with various types of damage were used (Figure 4):




	
Bearing No 1—new with no modifications;



	
Bearing No 2—new but lubricant was removed and next one side of the bearing was sanded, subsequently the remains of the sand were removed, and machine lubricant was used;



	
Bearing No 3—new but lubricant was removed, and the bearing was damaged with a welder to simulate micro-pinholes. Characteristic heat discoloration was observed on the bearing which, after cooling down, was lubricated;



	
Bearing No 4—its outer raceway was cut, and the moving bearing balls fell into this opening.








It should also be observed that the defects made were not selective, e.g., sanding encompassed all construction elements of the bearing. Similarly, during welding, the surge current flew from one raceway, through balls to the other raceway. Hence, the way bearings were prepared was different form that frequently presented in the literature (e.g., [34]) where selective faults were made, i.e., only a single bearing element was modified, which usually did not take place during normal operation.



In the detection of rolling bearing faults, the spectral analysis of vibration acceleration was used. For this purpose, a three-axial DeltaTron4506 type sensor, Brüel & Kjær, was used, it was located over a motor axis near a tested bearing. The distribution of the direction of measured vibration is presented in Figure 3c. In order to determine basic frequency fs of supply voltage of the motor and its rotational frequency fr also, the phase current of the motor was analysed. Measurement signals were recorded every 10 s, which allowed it to determine the vibration acceleration spectrum with 0.1 Hz resolution. Sampling frequency was 10.24 kHz, which resulted from the specifics of the used measurement card. For each damage case a few measurement series were conducted.



Figure 5 and Figure 6 present vibration acceleration waveforms recorded for an unloaded motor rotating at its maximum rotational speed for two different bearings—a new one (Figure 5) and the one with a cut outer raceway (Figure 6). In the latter case, even the time waveform clearly shows that periodical excitations occurred in the form of decaying vibration with relatively different amplitudes.



Figure 7 presents the amplitude spectra of vibration acceleration for four different bearings, obtained using the classical FFT analysis. In the cases presented in Figure 7, rotational frequency was similar, and it was about 10 Hz. For the tested bearing (according to dependence 1) it corresponds with basic fault frequencies approximately equal to 26.5 Hz (fBSF), 41 Hz (fBPFO) and 59 Hz (fBPFI). In Figure 7b,c, one can observe an increase in the amplitude for 42 Hz and 84 Hz frequencies (BPFO fault frequencies). In Figure 7d, it can be seen that despite a clear bearing fault (cut outer raceway), the basic amplitudes of fault frequencies did not increase. The results obtained show that the classic FFT analysis has limited capabilities in detecting bearing failures in the drive under consideration, even in the case of selective failures (Figure 7d).



Special software was developed for the analysis of the measurement data so as to automatically determine characteristic fault frequencies and their corresponding amplitudes. It consists of a module for measuring data acquisition operating in on-line mode and a calculation module for data analysis operating in off-line mode.



The calculation module enables the reading of measurement data and performing calculations using the selected signal processing method as well as the visualization of the obtained results of the frequency analysis with indication of frequencies related to damage symptoms. In addition to graphically comparing various calculation variants, the program module enables the automatic determination of faf failure frequencies associated with a given type of bearing failure. The operation of this part of the program consists in determining the theoretical value of the frequency faf according to (6), and then searching the spectrum in the surroundings of this frequency and detecting the frequency associated with the largest amplitude. The above analysis was carried out for three directions of vibration, the considered types of damage, various methods of signal processing, modulation coefficients m and values of the coefficient k. This resulted in a multidimensional set of results that can be analyzed in many ways.




5. Analysis of Measurement Data Using Selected Signal Processing Methods


The use of additional vibration signal processing methods, apart from the frequency analysis (FFT), was to improve (facilitate) the extraction of fault frequencies fbf and their basic multiplicities which in diagnostics are more significant than frequencies with amplitudes strengthened by the resonance phenomenon. Figure 8 presents the idea of searching for fault symptoms in bearing construction elements. With the aim of facilitating the analysis, apart from the axis scaled in Hz, a relative frequency axis was introduced, it was standardised with regards to rotor rotational frequency fr. This allows us to analyse cases in which supply frequency changes took place and, in consequence, the rotational frequency (motor controller operated without speed controller).



The arrows visible in Figure 8, mark frequencies determined as per dependencies (2–5), (1). According to the Figure 9 legend, colourful arrows mark frequencies which are the fault symptoms of particular elements.



In particular, pink arrows refer to the fault frequencies of the rolling element, dark green—outer raceway, blue—inner raceway. The arrows differ in length and thickness. The more evident ones (longer and thicker) refer to fault frequencies and their multiplicities, while the shorter ones—rotational frequency modulated components. Moreover, in Figure 8, black arrows mark the position of the basic harmonic (fs) of the current supply to the motor and rotational frequency (fr).



Figure 10, Figure 11, Figure 12 and Figure 13 present the results of analyses conducted for the considered methods:




	
Figure 10—signal frequency analysis of vibration acceleration at axis X (FFT(x)),



	
Figure 11—frequency analysis of module signal vibration acceleration at axis X (FFT{ABS(x)}),



	
Figure 12—frequency analysis of module signal after transformation (Hilbert transform) of vibration acceleration at axis X (FFT{HILB(x)}),



	
Figure 13—frequency analysis of signal vibration acceleration at axis X, TKEO filtered (FFT{TKEO(x)}), according to the relationship (20).








Due to the used standardized frequency axis, in the description only the values which were the multiplicities of factors Cbf, resulting from fbf/fr (1) division were marked. For the new bearing (No. 1), a different vertical axis scale was used do as to show the low level of fault components.



Additional signal processing methods emphasize an increase in the amplitudes of characteristic fault frequencies in modified bearings in comparison with the classical spectrum analysis (FFT). The most important changes can be observed for basic fault frequencies and a few of their subsequent multiplicities. In the case of the bearing with cut outer raceway, one can observe a strong influence of the amplitude modulation of rotational frequency. In the remaining cases the said rotational frequency modulation effect is not so clear, hence Figure 14 presents a summary collation of data taking into consideration only fault frequency changes from the basic to the fifth multiplicity.



The collation shows the vibration amplitudes of axis X determined using the four considered methods for three tested faults of bearing construction elements (BPFO, BSF, BPFI). The spectra were analysed to find amplitudes near   k ⋅  f  b f     frequencies (m = 0 acc. (6)), additionally, the initial search area had a width of 1 Hz and at the place of the expected band it was successively widened. The curves referring to each of the four tested bearings were marked with different colours, according to descriptions in Figure 10, Figure 11, Figure 12 and Figure 13. The laboratory research was conducted a number of times for a given fault type, this is why in the figure, there are many curves in the same colour. The collation presents the results in relative units where the base value was the average value of characteristic fault frequencies for an unfaulty bearing. The analysis of the summary collation (Figure 14) confirms the conclusion formulated on the basis of Figure 10, Figure 11, Figure 12 and Figure 13, namely, that the use of additional vibration signal processing strengthens the amplitudes of initial fault frequency multiplicities, which decisively facilitates fault detection and bearing condition assessment. In the case of selective faults (bearing No. 4—cut outer raceway), the largest amplitude changes were observed for frequencies k·fr·C(BPFO). Non-selective faults (bearings No. 2 and No. 3) were characterised by an increase in the amplitudes of all fault frequencies. It was related to the way of damaging a bearing because all of its construction elements underwent degradation during sanding or surge current flow. The largest amplitude changes were observed for the TKEO method in this case. The comparison shows that the smallest changes in the amplitudes of the characteristic fault frequencies were observed for the classic FFT analysis of vibration acceleration signals. In the presented case, a 10 ÷ 30-fold increase in the amplitudes of characteristic frequencies was observed. The use of additional proposed signal processing methods caused an approximately 200-fold increase in the amplitudes of characteristic fault frequencies for the damage to the outer race (FFT {ABS (x)}, FFT {HILB (x)}). The largest changes in the amplitudes of characteristic frequencies were observed for the TKEO method. In this case, the largest amplitudes were even approx. 4000 times greater than for an intact motor. In the case of rolling element faults, the most significant vibration acceleration amplitude increases occurred for the even multiplicities of fault frequencies (k = 2, k = 4 column BSF) in the three analysed methods. This is in accordance with the results of other research, among others, is presented in [20].



Summarizing, the comparative studies of the methods discussed in this article show that the use of additional processing methods allows us to obtain a large amplification of the characteristic frequencies amplitudes in comparison to the amplitudes obtained with the classic FFT, which is especially important when analyzing damage to bearings in this class and power motors. Therefore, bearing condition assessment is more efficient.




6. Summary


This paper presents the results of research on vibration in a PM BLDC motor embedded in a wheel directed to finding a simple method allowing to detect the faults in bearing construction elements. The analysis was conducted on a vibration acceleration signal measured with a three-axial sensor. Additionally, for the purpose of determining the supply frequency and motor rotational frequency, one of the phase currents was registered and analysed. In the research, four bearings were used, including one new and three modified ones. The cases recorded during motor operation without load at high rotational speed indicate that for each of the considered faults the characteristic fault frequencies related to bearing geometry occurred. The assessment of the amplitudes of these frequencies with the use of the classical FFT spectrum analysis was limited even in the case of large faults (a few or more than ten-fold relative amplitude changes). This is why the focus was on searching for other simpler methods of vibration signal analysis, which would better distinguish characteristic frequencies and facilitate the assessment of their amplitudes. It was shown that the use of an additional signal processing method, based on the Hilbert transform, TKEO filter or the absolute value transform, allows to better monitor bearing condition. The relative amplitude increased during the observations conducted using these methods, the changes were at the level of several dozen and several hundred times, and sometimes, in the case of TKEO—several thousands. The proposed methods were not demanding in terms of calculations (with the exception of the Hilbert transform which requires additional integration) and in the microprocessor implementation they can be used as bearing fault detectors operating in the online mode. Thus, the authors believe that the comparison and assessment of the effectiveness of the known methods of processing the vibration signal generated by bearings built into the wheel (inverted treadmill motion) driven by a low-power PM BLDC motor, presented in this paper, can be regarded as a novelty in this field of research.



The research results presented in this article concerned the case of an unloaded motor operating at a constant rotational speed. The impact of load torque, variable speed and track condition will be taken into account in subsequent tests. The development of a simple autonomous diagnostic system, in which the assessment of bearing condition, based on vibration and other signal analysis, will constitute an important part, is also planned. These activities can include, among others, experience in condition monitoring of railway tracks systems [35].
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Figure 1. Analysis results for sample signal x for various additional processing methods: (a) time waveforms, (b) signal spectra after selected processing methods. 
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Figure 2. Block scheme of the laboratory setup. 
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Figure 3. View of the setup used in tests: (a) general view, (b) tested motor interior with the disc on which tested bearings were placed, (c) aerial view with marked accelerometer measurements axes directions. 






Figure 3. View of the setup used in tests: (a) general view, (b) tested motor interior with the disc on which tested bearings were placed, (c) aerial view with marked accelerometer measurements axes directions.



[image: Energies 12 04212 g003]







[image: Energies 12 04212 g004 550] 





Figure 4. Photos of rolling bearings used in the research. 
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Figure 5. Vibration acceleration waveform registered for an unloaded motor with a new bearing. 
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Figure 6. Vibration acceleration waveform registered for unloaded motor with the bearing with cut outer raceway. 
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Figure 7. Vibration acceleration amplitude spectrum (fast Fourier transform (FFT) analysis) for low frequency band recorded for unloaded motor with various bearings: (a) new bearing (No. 1), (b) bearing damaged by sandblasting (No. 2), (c) bearing damaged with welder surge current (No. 3), (d) bearing with cut outer raceway (No. 4). 
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Figure 8. Amplitude spectrum of vibration acceleration for axis X for bearing No. 3 during operation without additional load at maximum speed with marked characteristic fault frequencies. 
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Figure 9. Additional legend for Figure 8 and Figure 10, Figure 11, Figure 12 and Figure 13. 
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Figure 10. Amplitude spectrum of vibration acceleration for axis X–FFT method, bearing No. 1–No. 4. 
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Figure 11. Amplitude spectrum of vibration acceleration for axis X—FFT{ABS(x)} method, bearings No. 1–No. 4. 
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Figure 12. Amplitude spectrum of vibration acceleration for axis X—FFT{HILB(x)} method, bearings No. 1–No. 4. 
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Figure 13. Amplitude spectrum of vibration acceleration for axis X—FFT{TKEO(x)} method, bearings No. 1–No. 4. 
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Figure 14. Summary collation of multiplicity amplitudes of fault frequencies obtained using various signal processing methods in ball pass frequency of inner ring (BPFI), ball pass frequency of outer ring (BPFO) and ball spin frequency (BSF) faults (vibration acceleration analysis at axis X). 
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