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Electric motors condition monitoring.




Abstract


Electric motors condition monitoring is a field of paramount importance for industry. In recent decades, there has been a continuous effort to investigate new techniques and methods that are able to determine the health of these machines with high accuracy and reliability. Classical methods based on the analysis of diverse machine quantities under stationary conditions are being replaced by modern methodologies that are adapted to any operation regime of the machine (including transients). These new methods (especially those based on motor startup signal monitoring), which imply the use of advanced signal processing tools, have shown great potential and have provided spectacular advantages versus conventional approaches enabling, among other facts, a much more reliable determination of the machine health. This paper reviews the background of this recent condition monitoring trend and shows the advantages of this new approach with regard to its application to the analysis of electrical quantities. Examples referred to its application to real motors operating in industry are included, proving the huge potential of the transient-based approach and its benefits versus conventional methods.
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1. Introduction


According to some surveys, there are more than 300 million electric motors worldwide [1]. Most of them are used to drive diverse types of industrial machinery in a wide range of industrial areas (steel, paper, cement, petrochemical, mining industries…). However, their use also expands to other applications that play a capital role for the development of today’s societies, such as electric vehicles, traction systems, aerospace applications, or even robotics. In 2017, the global electric motor market size reached $96,967.9 million [2], which gives an idea of the significance of these machines in modern societies.



Due to the vast utilization of electric motors, the monitoring of their condition is an area of capital importance for industry. Large electric motors are especially relevant due to their high costs (a single MW motor can reach a cost above $1 million), criticality, and complex repairs. An inspection of a large motor can imply expenses of several thousands of dollars, especially if it requires motor disassembly. Moreover, unexpected faults in these machines may lead to losses in the range of millions of dollars, as reported in some applications [3], due to production downtimes and repair costs, among others. If these facts were not enough, the presence of anomalies or defects in a machine, even if not leading to machine shutdowns, also affect its efficiency, leading to significant decrements that may make the selection of high-efficiency motors (class IE4, IE5…) useless in the applications in which they intervene. In this regard, recent works proved that the existence of rotor problems, stator asymmetries, cooling system defects, bearing faults, or coupling system problems may yield important drops in the efficiency of the machine [4], which is a repercussion that reinforced the importance of a proper knowledge of the health of these machines.



Despite electric motors being quite reliable machines in general (especially the induction motors that are the most widespread in industry), they are prone to suffer different types of failures. Several surveys have pointed out that bearing failures and stator insulation faults are the most frequent [5], but other failures, such as rotor damages, core defects, or cooling system problems may also have very negative consequences for the motor integrity and performance.



Over recent decades, there has been an increasing effort oriented toward the development of predictive maintenance techniques to determine the condition of certain parts of the machines. These techniques rely on monitoring different motor quantities (currents, vibrations, temperatures, fluxes, partial discharges…) and analyzing them properly to detect possible evidences of the development of the fault. After many years of investigations in this area, one of the most important conclusions is that there is no method relying on a single quantity that is able to determine the integral condition of the whole motor, since each specific technique has shown good results for the diagnosis of certain faults but not for others. For instance, vibration data analysis is universally accepted as an excellent technique for the detection of mechanical failures, but its sensitivity is much worse when detecting other types of faults. As a result of the previous facts, the current trend is to develop intelligent systems that combine the information obtained from the application of diverse techniques based on the analysis of different quantities. The fact of relying on multiple and complementary informational sources enables reaching a more accurate and robust conclusion of the integral motor health. This idea is illustrated in Figure 1.



During recent decades, it has been discovered that under some situations, very well-established condition monitoring techniques (such as current or vibration analysis) may fail, even when diagnosing the faults for which they are theoretically more suitable. This can be due either to an erroneous utilization of the technique or to the individual characteristics or operation conditions of the machine. For instance, the classical method based on the analysis of motor currents, known as Motor Current Signature Analysis (MCSA) [6] has led to erratic diagnostic conclusions when diagnosing rotor damages under variable speed conditions (e.g., in mining applications, as reported in [7]). Moreover, during recent years, some researchers have discovered that certain constructive characteristics of the motor (e.g., existence of cooling axial ducts, rotor core magnetic anisotropy issues, double cage rotors…) and certain operational conditions of the machine (e.g., operation under reduced slips, existence of load torque oscillations, passing frequencies of the components of certain types of loads…) may lead to false indications (positive or negative) when MCSA is applied to the detection of rotor asymmetries [8,9] and other faults. This situation is illustrated in Table 1 that shows how there are cases in which this consolidated technique may yield erroneous diagnostics. This lack of reliability is also common for other predictive maintenance methods that are widespread in industry.



Due to the aforementioned constraints of the techniques currently available in industry, there has been intense research activity oriented toward the development of new methodologies that can overcome the drawbacks of these existing technologies. In this context, one of the most promising trends that has emerged in the condition monitoring area over recent years relies on the development of advanced techniques that are based on the analysis of quantities under any operation regime of the machine (including transients, i.e., operation regimes during which the speed of the machine varies such as motor starting, plug stopping, load variations…) [9]. Indeed, it been proven that the analysis of transient quantities can provide very useful information for the diagnosis, avoiding false indications of classical methods. The underlying idea of this new approach is simple: unlike the classical stationary methods that rely on the analysis of steady-state quantities (currents, vibrations, fluxes…) and the further detection of fault-related harmonics in the resulting Fourier spectra, the new transient-based methods are based on the identification of the time-frequency evolutions that are followed by the fault-related components during the transient [9]. To detect these evolutions, it is necessary to analyze the corresponding transient signals by applying advanced signal processing tools, which are known as time-frequency transforms. To sum up, this new diagnosis trend relies on identifying characteristic evolutions caused by fault components in the time-frequency maps resulting from the analysis of transient signals. Over recent years, this new approach has been applied with success to transient current, stray flux, and even vibration signals, yielding important advantages versus conventional approaches. These advantages can be synthesized in the following points:




	-

	
Avoidance of false indications: the time-frequency analyses of starting currents or fluxes have proven to be immune to some phenomena that may yield false indications when classical approaches are employed (e.g., presence of cooling ducts, existence of load torque oscillations, diagnosis of outer cage breakage in double cage rotors, existence of rotor magnetic anisotropy, influence of blade pass frequencies caused by certain loads…).




	-

	
High reliability in the diagnostic: since the diagnosis is based on the identification of the time-evolutions of frequency components, it is much more reliable than that relying on the assessment of single frequency components in the Fourier spectra; in other words, the time-frequency (t-f) patterns raising in the resulting t-f maps are less likely to be masked or interfered by other phenomena than a specific peak in the spectrum. If this were not enough, the diagnosis does not rely on a single evolution but on the multiple evolutions caused by the fault harmonics under the considered transient.




	-

	
Suitability for different operation regimes: the analysis of transient quantities yields correct diagnosis conclusions regardless of the load level of the machine. Therefore, it is perfectly valid for machines operating under reduced slip conditions, provided that the transient is long enough. This does not happen with the conventional methods, such as MCSA. Moreover, the new methodology is especially valid for applications subjected to frequent transients (traction systems, renewable energy applications), since the employed tools are especially suited for these regimes. Again, the conventional methods, such as MCSA, are restricted to stationary conditions, providing possible wrong diagnostics in applications in which either the speed or the supply frequency changes during the capture [7].









The previous advantages are especially relevant in the case of large motors in which a correct diagnostic conclusion is critical. On the one hand, the decision of inspecting the machine is not trivial, since significant transportation and disassembly costs are involved (leaving aside the costs associated to the interruption of the production): hence, possible false positive indications must be avoided, because these could lead to unnecessarily incur in these costs. At the same time, it is crucial to detect the presence of the fault if it exists, since eventual false negative indications (i.e., fault remains undetected) may imply even higher losses for the company due to unplanned production downtimes. In this context, the application of these modern and powerful technologies plays a crucial role to reach a diagnosis with maximum reliability.



The present paper intends to review the basic operation of the modern transient-based methodologies that have been proposed over recent years to electrical quantities of the motor, emphasizing their application to starting current and stray flux signals. Moreover, the paper includes several examples that prove the reliability of these approaches and demonstrate their usefulness, even in cases in which the classical techniques, such as MCSA or vibration data analysis, may fail. The paper is intended to provide the researchers involved in the electric motors condition monitoring area a reference document that gives them the guidelines of this powerful methodology that is changing the vision of the electric motors faults diagnosis community.




2. Foundations of the Transient Analysis of Electrical Quantities


The underlying idea of the new diagnosis approach based on transient analysis relies on the fact that the fault harmonics, which fall at specific frequency values at steady-state (provided that the slip remains constant), change in frequency and time under transient operation. The most illustrative example of this fact is the Lower Sideband Harmonic (LSH), which is typically associated with rotor damages and the frequency of which is given by Equation (1), where s is the slip of the machine (s =       n s    −   n    n s     , with ns = synchronous speed and n = motor speed) and f is the supply frequency.


   f  L S H     =   f ⋅ ( 1 − 2 ⋅ s )  



(1)







At steady state, the frequency of the LSH is constant, and both s and f remain stable always. However, under any transient regime provoking a variation of either s or f, the frequency of this harmonic will change in a characteristic manner, in coherence with the variation of these parameters. A typical example is the direct on-line starting of an induction motor: under that transient, the slip decreases from s = 1 (when the motor is connected) to near zero (when the steady-state regime is reached). Consequently, the frequency of the LSH (fLSH) will evolve accordingly, namely: it will drop from fLSH = f (when s = 1, at the beginning of the starting) to fLSH = 0 and it will later increase again to fLSH ≈ f (when s ≈ 0 at steady-state). Therefore, fLSH will follow a very characteristic evolution during the starting that resembles a V-pattern. The detection and quantification of this evolution, which has been well characterized in many previous works [8,10], is a reliable evidence of the presence of the harmonic and therefore of the existence of rotor damage.



In order to detect this type of time-frequency evolution of fault-related harmonics (such as the LSH), suitable signal processing tools must be applied to the considered transient quantities. These tools, detailed in the next section, are known as time-frequency transforms and extract the time-frequency content of the analyzed signal, so that they enable visualizing, not only which frequencies are present in that signal, but also how they evolve over time.



The following subsections describe the way in which the explained transient-based methodology is applied to diverse motor quantities, such as currents and stray-fluxes, which are captured during the transient operation of the motor.



2.1. Transient Analysis of Motor Currents


The transient-based methodology described before was firstly applied to the analysis of transient motor currents. The procedure relies on capturing the current demanded by the motor under transient operation of the machine. Although the methodology has been successfully applied to different types of transient currents (load variations, plugging stop, deceleration, supply frequency changes…), the starting transient is the one that has summoned most of the attention. Many works in the last decade have deepened the investigation and characterization of the evolutions of the fault harmonics present in the starting current for the detection of different faults [8,9,10].



The main advantages of the analysis of starting currents are derived from the benefits that are inherent to the analysis of motor currents: unlike other quantities, the current can be measured without the need to access the motor (e.g., in the motor control center (M.C.C) or motor panelboard), hence enabling the remote monitoring of the motor condition. Moreover, the measurement can be carried out in the secondary windings of current transformers (CTs) that are employed for measurement devices with maximum safety and comfortability conditions. The equipment needed for the signal acquisition is simple: a single current clamp and an oscilloscope with minimum requirements are enough, and only one phase current is required. Finally, the current analysis enables a broad fault coverage (bearing always in mind that no quantity enables the integral monitoring of the whole motor condition) [18].



The analysis of starting currents begins with the registration of the current waveform under a starting of the electric motor; this signal is later transferred to a computer for its analysis. The application of suitable time-frequency transforms to this signal enables obtaining the t-f maps, where the possible evolutions of fault components will be identified. Moreover, appropriate fault severity indicators are computed based on certain parameters of these maps (for instance, the energy density at strategic t-f regions), which enable determining the level of failure. Depending on the fault that is diagnosed, different harmonic evolutions must be identified in the maps. For instance, in the case of rotor damages, the most relevant evolutions are those of the LSH (V-shaped pattern described above) and that of the Upper Sideband Harmonic (USH), the frequency of which starts at 3 f and ends at near f at steady-state. However, apart from these, there are different families of harmonics that are also amplified by this failure, and since each harmonic has its own evolution, there will be additional patterns caused by these components that may serve to ratify the presence of the fault [8].



On the other hand, in case of eccentricities or misalignments, rather different components evolutions will appear. The most relevant are those of the components f − fr and f + fr that evolve from the supply frequency (f) toward their final frequencies at steady state (approximately f/2 and 3·f/2) for a machine with two pole pairs) [19]. Figure 2 shows the expected evolutions for the most relevant harmonics associated to rotor damages (denoted by frot) and eccentricities/misalignments (denoted by fecc) that are present in the motor starting current, considering a direct on-line starting.



Note that, similarly with what happened with rotor damages or eccentricities, other types of failures will yield their corresponding evolutions under starting. This is the case of bearing failures or even coupling system problems (faults linked to belt/pulleys systems or gear reducers) [20]. This confers an additional potential to the approach, since it may be applied to a wide range of potential motor faults.



It is also important to remark that the aforementioned evolutions are valid for the case of direct on-line starting of electric motors. However, some works have proven that they are also valid under other types of starting methods [21]: startup with auto-transformer, startup with stator resistors, star-delta startup, or even soft-started motors. In this latter case, a higher harmonic content is detected in the signals, but the fault-related patterns still appear [22]. A different question arises when the motor is started via Variable Speed Drive (VSD). In that case, since the supply frequency usually changes, the patterns linked with the fault components are different, but once they are characterized, the methodology is perfectly applicable, as reported in previous works that considered motors driven by a frequency converter [23,24].




2.2. Transient Analysis of Stray Fluxes


During these recent years, the transient-based methodology approach that had been successfully applied to motor currents (and, more specifically, to starting currents) was extrapolated to the analysis of other electrical quantities, such as stray fluxes. Since the early 2000s, it had been observed that the installation of external coil sensors attached to the motor frame and the further analysis of the electromotive force (emf) signals that the stray flux induces in these sensors is a powerful source of information for the diagnosis of many faults [25,26,27]. Different authors demonstrated the theoretical expressions of the harmonics that were amplified by rotor damages, eccentricities, stator faults, and even coupling system problems at the induced emf signals under the steady-state regime. Most of these harmonics are slip-dependant, and many of them are coincident with those appearing in the stator current spectra. Therefore, the analysis of steady-state stray flux signals became an interesting alternative for the diagnosis, following a similar procedure than that employed for MCSA.



With the advent and development of the transient-based diagnosis approaches and the better knowledge of the signal processing tools that are available for the analysis of non-stationary signals, some works proposed the use of this technology for the diagnosis of emf signals that were induced by the stray flux under the transient operation of the machine. Some authors [28,29,30] deepened the study of the transient emf signals that were induced under starting, proving that this analysis is a robust source of information for the diagnosis of many faults such as rotor asymmetries (both in cage and in wound rotor induction motors), eccentricities, and misalignments.



In comparison with the current analysis, the advantages of analyzing stray flux signals rely on the much richer harmonic content of the registered signals (this means that many more evolutions can be identified in the time-frequency maps and employed to diagnose the fault) and the lower influence of load-related problems, a fact that may help to discriminate between motor and load-related anomalies (e.g., eccentricities and misalignments) [31,32]. Moreover, some motor manufacturers are incorporating embedded flux sensors in their machines, which will enhance the potential penetrability of the technique in the industry in the near future [33,34].



However, the technique relying on the analysis of the stray flux has drawbacks also. One of them is the strong influence of the sensor position in the results; it has been proven that depending on the sensor location, the flux captured can be primarily radial or axial, and hence, the corresponding components (axial/radial) will be more observable in the resulting time-frequency maps. The point is that combining the information coming from different sensor locations can enhance the diagnosis, since more fault components of different nature can be identified [35]. On the other hand, the fault severity thresholds based on flux analysis are still less mature than those based on currents, which have been validated over the years.



Usually, the most common locations for the stray flux sensors are those depicted in Figure 3. As reported in several works [36,37], depending on the sensor position, a higher portion of axial or radial flux will be captured, and therefore, the corresponding components (axial or radial) will be present in the results of the analyses of the corresponding signal. In this regard, at Position A, the sensor mainly captures axial flux. On the contrary, the flux captured at Position C is primordially radial. Finally, Position B captures a portion of axial and a portion of radial flux.



The authors of different works have demonstrated that each particular fault may lead to the amplification of components of different nature in the stray flux signals. For instance, the presence of rotor damages amplifies two types of components in the stray flux spectrum [36]: axial components (the most representative are those located at s·f and 3·s·f) and radial components (the most relevant are the sideband components, LSH and USH). On the other hand, the existence of eccentricities yields components at f ± fr, but these are less affected by misalignments or load problems than the corresponding ones in the current spectrum, as reported in some works [38].





3. Signal Processing Tools


The application of the new transient-based diagnosis approaches implies the use of special signal processing tools that are able to provide a time-frequency representation of the analyzed transient signal (e.g., starting currents or fluxes). These are known as time-frequency transforms, and they enable tracking the time-frequency evolutions of the fault components during the corresponding transient as well as to compute the corresponding fault severity indicators based on these evolutions. There is a wide variety of available time-frequency transforms, each of them having its respective advantages and drawbacks. The research carried out in the last years has yielded two main groups of t-f transforms: discrete and continuous [40]. Table 2 shows the respective advantages and drawbacks and specifies some representative examples of each group (note: DWT = Discrete Wavelet Transform; UDWT = Undecimated Discrete Wavelet Transform; WP = Wavelet Packets; CWT = Continuous Wavelet Transform; HHT = Hilbert–Huang Transform; WVD = Wigner–Ville Distribution; CWD = Choi–Williams Distributions). Based on the comments specified there, the discrete transforms seem to be better suited for online diagnosis systems or portable condition monitoring devices where an instantaneous diagnosis is required, whereas the continuous transforms are more suitable for off-line and detailed diagnostics of the motor condition.




4. Results


This section presents examples of the application of transient-based diagnostics to the diagnosis of different faults in induction motors. The results shown in the section includes both the application of starting current and starting flux analysis to laboratory motors, as well as different cases referred to the application of transient analysis of electrical quantities to field machines.



4.1. Results in Laboratory Motors


Several tests were carried out in the laboratory using different 1.1 kW, 4 pole cage induction motors with different levels of rotor failure and misalignment [10]. In the experiments, the tested motor was coupled to a DC that had the function of load. In each test, the motor was started direct on-line, and it operated until the steady-state regime was well reached; the phase current waveform under the starting was captured by means of a current clamp that was connected to the oscilloscope. In addition, a self-built flux sensor (manufactured at Universitat Politecnica de Valencia, Valencia, Spain) based on a coil with 1000 turns was attached to the external part of the motor frame [28]. The waveform of the electromotive force (emf) induced in the sensor by the stray flux was registered by means of the previous oscilloscope. Different tests were performed for the motor operating under various levels of failures and under different loading conditions. Moreover, different locations of the coil sensor were considered (the three considered positions are those shown in Figure 3). Both the starting current and the stray flux signals were registered using a sampling rate of 5 kHz. The registered waveforms were later transferred to a computer where they were analysed by applying a specific time-frequency transform: the Short-Time Fourier Transform (STFT). Figure 4 shows a picture of the test bench (built at Universitat Politecnica de Valencia, Valencia, Spain) and of two of the considered positions of the stray flux sensor.



Figure 5 shows the time-frequency maps resulting from the application of the STFT to the starting current signals for three different fault conditions of the motor: healthy motor, motor with one broken bar, and motor with two broken rotor bars. All experiments were carried out at at Universitat Politecnica de Valencia, Valencia, Spain. Note the clear differences between all three maps; the evolutions of the fault harmonics are clearly evident for the faulty cases. In particular, the evolutions of the main sideband harmonics (f·(1 − 2·s) and f·(1 + 2·s)) are especially clear. In addition, the evolutions of higher-order rotor fault-related harmonics, such as f·(5 − 4·s) and f·(5 − 6·s), are clearly noticeable. These are clear indicators of the presence of the rotor damage. Finally, note how the intensity of the patterns created by the fault harmonic evolutions are higher when the level of rotor failure increases.



On the other hand, Figure 6 and Figure 7 show the time-frequency analyses of the stray flux signals under starting for the healthy motor and for the motor with two broken bars for two considered positions of the coil sensor: position A and position B. In comparison with Figure 5, note the much richer harmonic content of the stray flux maps depicted in Figure 6 and Figure 7. This illustrates an interesting advantage of stray flux analyses: since more evolutions can be identified in the time-frequency maps, the diagnosis will be more reliable, since it will rely on multiple harmonic evolutions rather than on evolutions of a few fault components. Moreover, note the clear differences between the healthy and faulty cases; much more harmonic evolutions are discernible in these latter cases. This is because the patterns caused by the evolutions of the fault harmonics are clearly amplified in these latter cases. More specifically, note the clear evolutions of the axial components, given by s·f and 3·s·f, that are amplified by the rotor damages. These components are already present in healthy condition (since they can be created by inherent eccentricities in the motor), but their respective amplitudes are clearly incremented when the fault is present. These components (that are not observed in the starting current analyses, see Figure 5) can be visualized in the graphs of Figure 6 and Figure 7 because these two sensor positions (position A and B) are those capturing a major portion of axial flux, as commented above (see Figure 3). On the contrary, note that the evolutions of the radial components such as f·(1 − 2·s) and f·(1 + 2·s) are less observable.



In conclusion, the time-frequency analyses of stray flux signals under starting yields time-frequency maps with higher harmonic content (hence with more potential for the diagnosis but also requiring a more complex interpretation) and with high sensitivity with respect to the sensor position since, according to the predominant portion of captured flux (axial/radial), the corresponding components can be better tracked. The determination of the optimum position of the flux sensor is a goal pursued in several works [28]. In this regard, position B shown in Figure 3 and Figure 4 seems to be a preferred option, since apart from being more accessible in practical applications (in comparison with other options), it captures both axial and radial flux and, therefore, a higher number of potential evolutions can be tracked in the analyses. Very recent papers have proposed the use of triaxial sensors to separately measure different stray flux portions in a single sensor [35].




4.2. Results in Field Motors


This section presents several examples of application of the electrical monitoring under transient conditions to diagnose the condition of field induction motors. All examples refer to starting current analysis.



4.2.1. Cage Motors in Water Intake Facility (3.8 MW, 6.6 kV)


Several High Voltage (H.V.) cage motors were diagnosed in a water intake facility [41]. To this end, starting current analyses were employed. The results revealed that all diagnosed motors had a certain level of damage in their rotor cages. However, the severity of the damage significantly changed from one motor to another. Figure 8 shows the time-frequency analyses for two of the diagnosed motors: while the motor A was diagnosed as healthy (no fault components evolutions were found in the time-frequency map), motor B was diagnosed with a severe level of rotor failure (see clear V-shaped pattern caused by the transient evolution of the f·(1 − 2·s) component). This latter motor was inspected in the repair shop and a significant number of broken bars were found in the rotor cage (more than 1/4 of the rotor bars were damaged) [41]. On the other hand, note how the time-frequency map for motor A shows a vertical line that is indicative of the commutation of the supply voltage under starting (the motor was started using an auto-transformer). This example clearly shows how the approach is highly reliable to detect rotor damages in cage motors.




4.2.2. Cage Motor in a Sewage Treatment Plant (30 kW, 400 V)


Several cage induction motors of a sewage treatment plant were diagnosed by applying the transient-based current methodology. Figure 9 depicts the time-frequency analyses for one of these motors (considering two different frequency ranges in the y-axis for a better visualization of the fault components). After a careful analysis of this map, it is observed that not only the components linked with rotor damages are present in that map (note the existence of the V-shaped pattern caused by the transient evolution of the f·(1 − 2·s) component), but also other evolutions corresponding to harmonics caused by other factors. In this regard, we note the presence of the evolutions linked with eccentricity components (fecc), as well as some other harmonics that are caused by problems in the coupling system (fcoupl). The presence of these harmonics enabled diagnosing, on the one hand, the existence of a slight eccentricity in the motor and, on the other hand, the presence of a certain level of degradation in the coupling system (which in this motor was based on gear reducers).




4.2.3. Wound Rotor Induction Motor in a Cement Plant (1.5 MW, 6.6 kV)


Figure 10 shows the time-frequency analyses (two graphs with different frequency ranges are shown in the y-axis for a better fault harmonic identification) corresponding to a H.V. wound rotor induction motor that was driving a ball mill in a cement production factory [42]. The motor was suspected to have a certain level of rotor winding asymmetry. Therefore, the starting current analysis was carried out in order to confirm this diagnostic. The maps shown in Figure 10 reveal a significant level of rotor winding asymmetry: the evolution of the lower sideband given by f·(1 − 2·s) is clearly evident. Moreover, other higher-order harmonics such as the upper sideband (f·(1 + 2·s)) are also present. All these evidences led to diagnosing a severe level of rotor winding asymmetry. As a consequence, the rotor winding was inspected, and a deficient contact was found between the slip rings/brushes system of one phase [42], which was causing the asymmetry. This problem, which could have had very negative repercussions for the company, was properly detected and corrected thanks to the application of the starting current analysis.






5. Conclusions


This paper has been intended to provide an overview of electrical monitoring under transient conditions, which is a new approach that is drawing the attention of many researchers and companies in the electric motors condition monitoring area.



Unlike the classical fault diagnosis methods that are based on the analysis of electrical quantities under steady-state operation of the motor by applying conventional signal processing tools, the new condition monitoring philosophy relies on registering the corresponding electrical quantity (i.e., current or flux) under transient operation of the machine (e.g., under starting) and analyzing it using time-frequency transforms. The ultimate objective is to identify, in the time-frequency maps resulting from these transforms, the characteristic patterns caused by the evolutions of fault-related components during the considered transient. It has been proven that these patterns are reliable ‘signatures’ of the fault, since they are very unlikely caused by other phenomena that do not correspond to the failure. This fact enables avoiding false indications that are typical not only of classical electrical-based techniques but also of other predictive maintenance methods (e.g., vibration data analysis). These statements are proven by the results obtained during these last years in a wide range of motors in which the transient-based techniques have proven their accuracy regardless of the constructive characteristics of the machine (e.g., presence of rotor cooling ducts, double cage rotors, rotor magnetic anisotropy…) and of its operating conditions (e.g., reduced slip operation, presence of load torque oscillations, blade pass vibrational frequencies due to the load…).



The paper has shown the main foundations and underlying ideas of the transient-based analysis of electrical quantities, emphasizing its advantages versus classical methods. Moreover, it has brought several examples, which referred to both laboratory and industrial motors (of different typology) that illustrate how the methodology is applied.



Today, one of the most dynamic research lines is focused on the automatic identification of the fault patterns arising in the time-frequency maps resulting from the application of the transforms. In this regard, modern investigations are making use of artificial intelligence methods and pattern recognition algorithms to automatically identify the mentioned patterns, hence avoiding the necessity of user intervention. The development and optimization of these algorithms increases the possibility of implementing these technologies in portable condition monitoring devices or autonomous diagnostic systems that enable obtaining a direct diagnosis of the motor condition. The implementation of these expert systems in smart sensors is also a hot topic in the area [35]. The paper content may be of interest for researchers involved in the electric motors predictive maintenance area who want to be aware of the potential of this new technology that is expected to have a strong penetration in industry during the coming years.
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Nomenclature




	CWD
	Choi-Williams Distributions



	CWT
	Continuous Wavelet Transform



	DWT
	Discrete Wavelet Transform



	HHT
	Hilbert-Huang Transform



	LSH
	Lower Sideband Harmonic



	MCSA
	Motor Current Signature Analysis



	STFT
	Short Time Fourier Transform



	UDWT
	Undecimated Discrete Wavelet Transform



	USH
	Upper Sideband Harmonic



	VSD
	Variable Speed Drive



	WP
	Wavelet Packets



	WVD
	Wigner-Ville Distribution
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Figure 1. Recent trend in the electric motors condition monitoring area based on the integration of the monitoring of different motor quantities for the development of intelligent diagnostic systems. 
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Figure 2. Theoretical evolutions of the most relevant harmonics associated to rotor damages (denoted by frot) and eccentricities/misalignments (denoted by fecc) that are present in the motor starting current, considering a simulated direct on-line starting on an induction motor. 
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Figure 3. Nature of the flux captured at each coil sensor position [36,39]. 
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Figure 4. Experimental test bench and two considered positions of the flux sensor [28]. 
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Figure 5. Time-frequency maps of the starting current for different rotor fault conditions. 
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Figure 6. Time-frequency maps of the electromotive force (emf) signals induced by the stray flux at sensor position A for the two considered fault conditions. 
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Figure 7. Time-frequency maps of the emf signals induced by the stray flux at sensor position B for the two considered fault conditions. 
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Figure 8. Time-frequency maps of the starting current for two H.V. cage motors of the water intake facility. 
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Figure 9. Time-frequency maps of the starting current for a Low Voltage (L.V.) cage motor of the sewage treatment plant. 
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Figure 10. Time-frequency maps of the starting current for a H.V. wound rotor induction motor of a cement plant. 
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Table 1. Comparison between the diagnostic conclusion provided by Motor Current Signature Analysis (MCSA) and the real machine condition: sources of possible false positive and false negative indications.
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Real Machine Condition

	
Diagnostic Conclusion MCSA




	
Healthy

	
Faulty






	
Healthy

	
CORRECT

	
FALSE POSITIVE:

	-

	
Load torque oscillations [10,11]




	-

	
Cooling axial ducts [12,13]




	-

	
Rotor core magnetic anisotropy [14]




	-

	
Blade pass frequency vibrations [15]










	
Faulty

	
FALSE NEGATIVE:

	-

	
Non-adjacent bar breakages [16]




	-

	
Outer bar breakages in double cage rotors [17]




	-

	
Erroneous speed estimation




	-

	
Diagnosis under reduced slip conditions [10]







	
CORRECT
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Table 2. Main time-frequency tools for the application of transient-based diagnosis approaches [40]. CWD: Choi–Williams Distributions; CWT: Continuous Wavelet Transform; DWT: Discrete Wavelet Transform; HHT: Hilbert–Huang Transform; UDWT: Undecimated Discrete Wavelet Transform; WP: Wavelet Packets.
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	Type of t-f Tool
	Advantages
	Drawbacks
	Examples





	Discrete
	
	-

	
Low computational burden.




	-

	
Simplicity.




	-

	
Easy utilization.




	-

	
Easy introduction of fault severity indicators.






	
	-

	
Less clear representation of fault component evolutions.






	DWT, UDWT, WP



	Continuous
	
	-

	
Easier tracking of fault components evolutions.




	-

	
Ideal for discrimination between faults and versus other phenomena.






	
	-

	
Higher computational burden.




	-

	
More complex tools.




	-

	
Their optimization is often required.






	CWT, HHT, WVD, CWD
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