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Abstract

:

The induction motor (IM) is considered to be one of the most important types of motors used in industries. A sudden failure in this machine can lead to unwanted downtime, with consequences in costs, product quality, and safety. Over the last decade, several methods and techniques have been proposed to diagnose and detect faults in induction machines. In this paper, we present the development of a new algorithm based on the combination of both the Park’s vector approach (PVA) and the extended Park’s vector approach (EPVA) for broken rotor bars (BRBs) fault detection and identification. This fault can be detected using the PVA by monitoring the thickness and orientation of the park’s vector pattern and using EPVA by identifying specific spectral components related to the fault. For ability evaluation of our suggested algorithm, simulations and experiments are conducted and presented. The obtained results demonstrate that the proposed algorithm is accurate and effective and can be extensively used in IM fault detections and identifications.
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1. Introduction


1.1. Motivation and Incitement


Squirrel cage induction motors (SCIM) are types of electrical machines that are widely considered in modern industries [1,2,3,4,5], with power ranges from a few kilo-watts to numerous mega-watts. This is due to its reliability, hardiness, low cost, quasi-absence of maintenance, ease of starting, high efficiency, etc. [6,7,8,9,10]. During operation, these motors are subjected to many undesirable stresses and pressures [11,12,13,14], including electrical and mechanical [15,16,17,18,19], thermal, and environmental stresses, which may speed-up motor failure and reduce its lifetime sooner than expected [20,21,22,23]. The faults that can affect these machines are numerous. The most common are shortening or opening of one or more phase windings of the stator, breakage of end rings or rotor bars, dynamic or static eccentricities, and bearing defects [4,10,13]. An unexpected failure can lead to unwanted downtime and heavy financial losses to the industries regarding maintenance cost and profits [1].




1.2. Literature Review


Regular inspections and fault detections of electrical machines at early stages are considered essential in order to keep away from partial or total breakdown [24,25,26,27,28]. In the last 20 years, fault diagnosis and condition monitoring of electrical machines has gained substantial consideration. In the literature, several fault detection and localization approaches have been suggested. In [8,12], Messaoudi et al. applied the classical motor current signature analysis (MCSA) method to multiple fault diagnoses of IM. They improved the efficiency of the MCSA even if the motor operates under abnormal conditions [8,12]. In [7], the authors applied the fast Fourier transform (FFT) method to analyze the phase of the stator current in order to detect one BRB fault in IM operating under a low load. The efficiency of this method is degraded for the detection of partial breakage of the rotor bar. To enhance the diagnosis, the authors employed the Hilbert transform (HT). Pezzani et al. used the active and reactive current Park’s vector instead of the conventional Park’s vector to detect BRBs, even when there was a load oscillation with a frequency close to twice the slip frequency [11]. Casimir et al. utilized the pattern recognition methods to identify the induction motors’ faults. Then, they selected the most relevant features by applying the sequential backward algorithm [6]. In [5], an analytic signal concept method was used with the FFT to estimate the instantaneous angular speed (IAS). They demonstrated that the estimated IAS outperforms conventional vibration in the detection of rotor bar defects and shaft misalignment. Serrano et al. used and compared two artificial neural network methods for stator faults detection in IM, the support vector machine and back-propagation algorithm. By using the MCSA and the spectral Park’s vector, training patterns were obtained [9]. Pires et al. used the spectral analysis of the IM square current for BRB and rotor eccentricity faults diagnosis. They deduced from the result obtained that this method gives more information about the rotor faults than the classical MCSA approach [15]. In [24], the authors used both methods, the FFT and the Grey relational analyses, to enhance diagnosis results. They proved that this combination provides a quick and easy method for the detection of BRBs in IMs. Abd-el-Malek et al. [19] used the HT to extract the BRB fault signature from the stator current envelope. Then, they developed a formula based on the statistical analysis to determine the exact location of the fault in the IM rotor. In [22], the authors employed the discrete wavelet transform (DWT) method to analyze different electrical and mechanical control quantities. They deduced that the calculation of the stored energy in each decomposition level gives information about the BRBs’ fault, particularly for the active power energy. In [26], two monitoring systems were compared, which are type-1 and type-2 fuzzy monitoring systems, in which the robustness and performance were improved for the type-2 fuzzy monitoring system compared to type-1. In [27], the authors sensed vibration data from multiple MEMS accelerometers and utilized the Q method based on the neural network model forbearing and BRB fault detection in IM. Using the collected data, they developed an efficient method for multiple fault detection. Quiroz et al. utilized the random forests method for the rotor bars fault detection in LS-PMSM [23]. In their study, during the startup phase of the healthy and faulty motor, the transient current signal was collected, in which high correction rates of diagnosis were reached. In [17], after the application of elliptic and notch filters on the Park’s vector components, the higher harmonic index was monitored. The technique’s efficiency was proven independently from the induction motor rotor slot number. Glowacz used an acoustic-based fault diagnosis technique of the IM. Then, the nearest neighbor classifier, back-propagation neural network, and the modified classifier based on words coding were used for recognition [20]. In [21], the authors employed multiple signal classification techniques for IMs fault diagnosis. They deduced that the current signal square produces additional fault frequency components in the broken rotor bar and easily helps in diagnosing the half BRB fault at normal load conditions. Xie et al. developed a technique based on magnitudes of vibration signal spectrums for BRB detection in SCIM. The results have shown that broken-bar fault has a more direct impact on the electromagnetic force [25]. In [14], the authors analyzed two fault signatures: the Hilbert modulus current space vector (HMCSV) and the Hilbert phase current space vector (HPCSV) using the FFT. For all the studied faults, they concluded that the HPCSV spectrum is richer in harmonics than the HMCSV spectrum. Arredondo and his co-workers analyzed two types of signals: acoustic sound signals and vibration signals, to detect BRBs in IMs. They used the complete ensemble empirical mode decomposition to separate the signal into several intrinsic mode functions (IMF). After, they selected the most relevant IMFs to facilitate the BRBs’ fault detection [18]. In [28], the authors used the DWT and local binary pattern methods together to detect rotor and bearing faults of three-phase IMs. The support vector machine and the k-nearest neighbor algorithms are used to classify sounds. Both methods reached high classification accuracy. However, to the best of the authors’ knowledge, the combination of the Park’s vector approach (PVA) and extended Park’s vector approach (CPEPVA) have not been considered in any paper. Therefore, further studies should be carried out in order to show their advantages over other methods, which is the subject of this paper.




1.3. Contribution


This paper is focused on a new technique based on the combination of two methods: The Park’s vector approach and the extended Park’s vector approach (CPEPVA) for BRB fault detection and identification. These faults can be detected using the PVA by monitoring the orientation and the thickness of the Park’s vector pattern and using the EPVA, by the identification of specific spectral components related to the fault. This technique utilizes the advantages of both methods to spot and identify an existing or incipient rotor failure of the motor. It is proved that (CPEPVA) technique can be considered to be one of the most reliable monitoring systems for the IM. Unlike the majority of techniques, CPEPVA can provide information about rotor health without requiring access to the motor.




1.4. Organization of the Paper


The rest of the article is structured as follows: Section 2 enumerates the factors leading to rotor faults. Section 3 introduces the theoretical study and the principles of the Park’s vector and the extended Park’s approaches. The application of the CPEPVA for BRBs’ fault detection and the performance evaluation of the proposed method, including the obtained results, are introduced in Section 4. Section 5 discusses the obtained results. Finally, the conclusion and future works are presented in Section 6.





2. Reasons for BRB and End-Ring Breakage


Many factors can lead to the breakage of rotor bars or the cracking of end rings. The combination of these factors can accelerate the rotor damage. These factors are classified as shown in Table 1 [4]:




3. Principles of Park’s and Extended Park’s Vector Approaches


The sum of the stator currents in a balanced three-phase induction motor is zero. Therefore, the main current does not contain a homopolar component; only two currents are sufficient for processing, while the third can be obtained from the other two phases. To describe the three-phase induction motor phenomena using mathematical equations, a presentation in two-dimensions can be constructed considering the current Park’s vector [1,2,3]. The current Park’s vector components (ids, iqs) can be described as a function of the main phase variables (ias, ibs, ics) as follows:


         i  d s          i  q s         =          2 3        −  1   6        −  1   6         0     1   2        −  1   2                 i  a s          i  b s          i  c s          



(1)







The three phases of currents under normal and balanced conditions produce Park’s vectors, with the following components [13,14]:


         i  d s          i  q s           =      6  / 2         cos    ω s  t         sin    ω s  t          I  max    



(2)







Under ideal conditions for a healthy motor, the Lissajous curve iqs = f (ids) has a circular shape centered at the origin and having a constant radius [1,16], as it is shown in Figure 1. This is a simple method that allows the detection of abnormal conditions by monitoring the deviations and the thickness of acquired patterns.



The BRBs fault will produce additional sideband components at frequencies of (1 − 2·s) fs and (1 + 2·s) fs in the motor supply current spectrum, where fs and s are the fundamental supply frequency and the rotor slip, respectively. Then, Equation (2) becomes invalid [3]. Equation (3) is as follows:


         i  a s    t         i  b s    t         i  c s    t        =       cos    ω s  t −  θ f        cos     1 − 2 · s    ω s  t −  θ l        cos     1 + 2 · s    ω s  t −  θ u          cos    ω s  t −  θ f  −   2 π  3        cos     1 − 2 · s    ω s  t −  θ l  −   2 π  3        cos     1 + 2 · s    ω s  t −  θ u  −   2 π  3          cos    ω s  t −  θ f  +   2 π  3        cos     1 − 2 · s    ω s  t −  θ l  +   2 π  3        cos     1 + 2 · s    ω s  t −  θ u  +   2 π  3                 i f   t         i l   t         i u   t         



(3)







The additional components at frequencies of (1 − 2·s) fs and (1 + 2·s) fs in the motor supply current will also be present in the two-motor current Park’s Vector components (ids, iqs), as shown in Equation (4):


         i  d s          i  q s         =    3 2          cos    ω s  t −  θ f        cos     1 − 2 · s    ω s  t −  θ l        cos     1 − 2 · s    ω s  t −  θ l          sin    ω s  t −  θ f        sin     1 − 2 · s    ω s  t −  θ l        sin     1 + 2 · s    ω s  t −  θ u                 i f         i l         i u         



(4)







Using Equation (4), the square of the current Park’s vector modulus will be given by Equation (5).


        i  d s   + j ·  i  q s     2  =  3 2     i f 2  +  i l 2  +  i u 2    + 3 ·  i f  ·  i l  · cos   2 · s ·  ω s  · t −  θ f  +  θ l        + 3 ·  i f  ·  i u  · cos   2 · s ·  ω s  · t +  θ f  −  θ u    + 3 ·  i l  ·  i u  · cos   4 · s ·  ω s  · t +  θ l  −  θ u       



(5)







It can be clearly seen that the spectrum of the current Park’s vector modulus contains a DC level, produced essentially by the fundamental component of the motor supply current, plus two additional terms, at frequencies of 2·s·fs and 4·s·fs caused by the rotor fault. The extended Park’s vector approach is a variation of the Park’s vector approach. In this method, the spectrum of the Park’s currents’ modulus is used and analyzed to detect and localize a motor fault instead of using the Lissajous curve. Each fault creates spectral components at specific frequencies. In BRB fault, the sideband created by this fault is located at 2·s·fs frequency.




4. Application of the Combined Park’s and the Extended Park’s Vector Approaches for Fault Diagnosis


The purpose of this work is to develop a low-cost procedure to decide whether there is a rotor fault. Figure 2 shows the steps describing our method, starting by measuring the three-phase currents. This can be conducted in an easy and non-intrusive manner. Next, the Park’s vector components are computed. After, within the thickness of the Lissajous curve, the decision whether the motor is healthy or faulty can be made. This can be considered as a first sign or preliminary indication of the existence of the fault from the operator’s viewpoint. Lastly, the modulus of the Park’s vector is calculated, and its spectrum is analyzed after the application of the fast Fourier transformer (FFT) to determine the fault’s gravity by monitoring the amplitude of the 2·s·fs spectral component. This is useful mainly for applying this technology in real industrial applications as well as for simplifying the automation of the monitoring process, which is important for its realization in portable fault detection devices.



4.1. Simulation Results


It is recognized that the apparition of a rotor fault will create spectral components in the left and the right sides of the fundamental frequency of the line currents spectrum located at (1 ± 2·s)·fs. The appearance of these sidebands in the current spectra will produce, as a consequence, an increase in the Lissajous curve thickness as shown in the simulation results in Figure 3 and those obtained in the experiment in Figure 4. The comparison between Figure 3a with Figure 3b, and Figure 4a with Figure 4b, shows obviously that the rotor failure is facilely detected by monitoring the Park’s vector pattern and the surveillance of the increment of its thickness. As seen from Figure 3 and Figure 4, some variations in the thickness of the Park’s vector pattern can be remarked, and there is no change of shape.



Moreover, as known in the case of BRB, the spectrum of the current absorbed by the induction motor contains lateral components whose frequencies are given by the relation (1 − 2·k·s) fs. These components will therefore be present in the Park’s currents’ id and iq. Under these conditions, it is easy to show that the spectrum of the modulus of the Park’s current contains only a DC component generated by the fundamental component of the stator current in the case of a healthy motor, as shown in Figure 5a and Figure 6a. In the case of BRB, other sideband components at frequencies 2·k·s·f appear as shown in Figure 5b and Figure 6b. We note the similarity between the results obtained by simulation and those obtained by experimentation. Ideally, in a healthy machine, the modulus of these vectors should only include a DC component, whereas under abnormal conditions, components related to the fault should appear.




4.2. Experimental Results


The experimental laboratory setup consists of a 1.5 kW three-phase squirrel-cage motor, a three-phase autotransformer, a variable resistor, a DC motor used as a separate DC generator feeding a variable resistor, and a dSPACE 1104 data acquisition board, as in Figure 7. The load torque changes by varying the DC excitation current and the load resistor. The acquired current is sampled at a 10 kHz sampling rate. At first, the motor is tested with its intact cage in order to obtain the Park’s vector trajectory of the motor with no-fault. This shape is utilized as a reference for the other faulty cases. The three-phase currents are measured using three current transformers. The BRB faults are created manually by drilling holes in the bars of the rotor cage. The acquired current is analyzed and treated using the MATLAB/Simulink software. Figure 8 shows the hole drilled in one bar of the motor cage, and the experimental setup in case of unloaded motor is presented in Figure 7.




4.3. Influence of the Load Torque Variation on the Rotor Bar Fault Signature


The load level is one of the most vital factors that can have important influences on the rotor fault detection of an IM using the condition monitoring system. For this reason, many simulated and experimental tests were performed at different load level conditions. Figure 9 illustrates Park’s vector spectra of a motor with BRB and under different load conditions: (a) unloaded motor, (b) under 20% of nominal load, (c) under 50% of nominal load, (d) under 70% of nominal load, (e) under 100% of nominal load, and (f) under 120% of nominal load. Figure 10a,b illustrate the amplitudes and the frequencies of the 2·s·fs spectral component under different load conditions, respectively. It is evident that as the motor load is increased, the amplitude of the 2·s·fs sideband increases and becomes more visible. The advantage of this strategy relies on the fact that in the spectrum of the Park’s vector modulus, only the components related to the fault appear in the low-frequency range. Table 2 shows the amplitudes and frequencies of 2·s·fs spectral components under different load conditions. It is clear that in the case of an unloaded or low-loaded motor, the 2·s·fs spectral component due to rotor fault does not appear in the Park’s current spectrum, as shown in Figure 9a,b.



Figure 11 illustrates the Park’s vector patterns for a motor with constant rotor fault’s degree and under different load torque conditions. It is interesting that the IM presents a distinct increase in the Park’s vector pattern thickness as the load torque increases as presented in Table 3. When the motor functions under its full load, the stator current is raised, and as a consequence, the Lissajous curve took the form of a large circle in comparison with the unloaded motor case.



Figure 12 shows the influence of the load torque on the thickness of the Park’s vector pattern of a motor with a BRB. As expected, it is clear that Park’s vector pattern thickness increases as the load torque increases.




4.4. Influence of Fault’s Degree under Constant Load Condition on the Rotor Bar Fault Signature


Figure 13 shows the spectrum of the PV modulus in the case of the motor with no-fault and motor with different fault conditions. The evolution of the magnitudes and frequencies of the 2·s·fs sidebands components with the rotor faults severity are given in Table 4 for all studied cases. A closer inspection of the spectrum of the EPV modulus shows the clear augmentation of the amplitude of the expected BRB fault signature with the increment in the fault severity. It is evident that these signatures amplitudes can be considered as a reliable indicator of BRB fault severity. In Figure 13, the degree of fault (%) is equal to the number of broken bars * 100/number of total bars.



A closer look at Figure 14 reveals that the trajectory of the amplitude of the 2·s·fs components increases as the degree of fault increases, and inversely, the frequencies of the 2·s·fs components decreases as the degree of fault increases and approaches to the DC component.



Figure 15 illustrates the Park’s vector patterns for the motor with different degrees of rotor fault and under constant load torque (nominal). It is interesting that the IM presents a distinct increase in the Park’s vector pattern thickness with the increase in the fault severity as expected. The magnitude of the thickness of Park’s vector patterns for different fault levels is shown in Table 5. It is remarkable that the thickness of the Lissajous curve gradually rises as the severity of the rotor fault rises. The rotor defects can be facilely detected by monitoring the relative thickness of Park’s vector patterns. In a real industrial application, the visual examination of the Lissajous curve by a non-expert operator can be considered as the first reliable fault existence indicator.



It is remarkable that the thickness of Park’s vector pattern is an ascending function that gradually rises with the increase in the rotor fault severity, as shown in Figure 16.





5. Discussion


Using the PVA, the visual examination of the Lissajous curve thickness by a non-expert person can be considered as the first reliable fault existence indicator. However, this method cannot provide precise information about the fault severity. In a healthy machine, the modulus of the extended Park’s vector (EPVA) only includes a DC component, whereas under abnormal conditions, spectral components related to the fault would appear. The exact frequencies of the appeared sidebands due to faults should be known in advance. This results in the approach requiring an expert to be interpreted. The monitoring of the amplitude of the 2·s·fs frequency component can provide accurate information about the fault severity. Compared to the classical MCSA, this method overcomes the overlap problem of the frequencies. The CPEPVA gathered the advantages of both methods to spot and identify an incipient or already existing failure in the motor. Unlike the majority of techniques, CPEPVA can provide accurate information about rotor health without requiring access to the motor. The main disadvantage of this method is the lack of information on the severity of the fault when the IM is unloaded or lightly loaded even though the fault is detected.




6. Conclusions


The analysis of the Park’s vector patterns allows for obtaining a simple graphical view of the presence of abnormal operating conditions. This is an efficient method to detect an incipient rotor bar fault easily and early on without the need of the user expertise to interpret the obtained diagnosis results. This is crucial to facilitate the automation of the diagnosis process in real industrial systems. However, the pattern does not give an accurate quantitative idea as to the magnitude of the problem. For this reason, the analysis of the Park’s vector modulus is used to extract accurate information about the 70 BRB faults in the IM by monitoring the amplitude of the 2·s·fs signature in the PV modulus frequency spectrum. The obtained simulation and experimental results affirm the efficiency and the potential for extension to other faults of the presented methodology. The main limitation of the extended Park’s vector approach is that it fails to detect a BRB when the motor is unloaded or has a low load. Therefore, further studies should be carried out in order to improve the detection of the BRB, even with no load or a low load.
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Nomenclatures




	
Abbreviations




	
BRB

	
Broken Rotor Bar




	
CPEPVA

	
Combined Park’s and Extended Park’s Vector Approach




	
DWT

	
Discrete Wavelet Transform




	
EPVA

	
Extended Park’s Vector Approach




	
FFT

	
Fast Fourier Transform




	
HMCSV

	
Hilbert Modulus Current Space Vector




	
HPCSV

	
Hilbert Phase Current Space Vector




	
IM

	
Induction Motor




	
IMF

	
Intrinsic Mode Function




	
LS-PMSM

	
Line Start-Permanent Magnet Synchronous Motor




	
MCSA

	
Motor Current Signature Analysis




	
MEMS

	
Micro Electro Mechanical System




	
PVA

	
Park’s Vector Approach




	
SCIM

	
Squirrel Cage Induction Motor




	
Parameters and Variables




	
ias, ibs, ics

	
Three-phase stator currents, [A]




	
ids, iqs

	
Quadratic and direct stator currents components, respectively, [A]




	
Imax

	
Maximum value of the supply phase current, [A]




	
fs

	
Angular supply frequency, [rad/s]




	
ωs

	
Ordinary supply frequency, [s−1]




	
t

	
Time variable, [s]




	
s

	
Motor slip




	
if

	
Maximum value of the fundamental supply current, [A]




	
il

	
Maximum value of the current’s lower sideband component, [A]




	
iu

	
Maximum value of the current’s upper sideband component, [A]




	
θf

	
Initial phase angle for the fundamental supply current, [rad]




	
θl

	
Initial phase angle for the current’s lower sideband component, [rad]




	
θu

	
Initial phase angle for the current’s upper sideband component, respectively, [rad]
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Figure 1. Representation of the motor current Park’s vector and motor current Park’s vector modulus. 
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Figure 2. Proposed flow chart of the CPEPVA. 
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Figure 3. Park’s vector trajectories: (a) healthy motor and (b) motor with simulated BRB. 
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Figure 4. Park’s vector trajectories: (a) healthy motor and (b) motor with one BRB (experimental result). 
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Figure 5. Park’s vector spectrum: (a) healthy motor and (b) motor with simulated BRB. 
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Figure 6. Park’s vector spectrum: (a) healthy motor and (b) motor with one BRB (experimental result). 
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Figure 7. Experimental setup. 
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Figure 8. Seeded BRB fault. 
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Figure 9. Park’s vector spectra of a motor with BRB and under different load conditions: (a) unloaded motor, (b) under 20% of nominal load, (c) under 50% of nominal load, (d) under 70% of nominal load, (e) under 100% of nominal load, and (f) under 120% of nominal load. 
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Figure 10. Influence of the load torque on the (a) amplitude and the (b) frequency of the 2·s·fs spectral components. 
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Figure 11. Park’s vector trajectories of a motor with BRB and under different load conditions: (a) unloaded motor, (b) under 20% of nominal load, (c) under 50% of nominal load, (d) under 70% of nominal load, (e) under 100% of nominal load, and (f) under 120% of nominal load. 
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Figure 12. Influence of the load torque on the thickness of the Park’s vector pattern of a motor with a BRB. 
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Figure 13. Park’s vector spectra of stator current at nominal load and under different degrees of fault conditions: (a) healthy motor, (b) under 1% degree of fault, (c) under 2% degree of fault, (d) under 3% degree of fault, (e) under 4% degree of fault, and (f) under 5% degree of fault. 
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Figure 14. Influence of the degree of faults on the (a) amplitude and the (b) frequency of the 2·s·fs spectral components. 
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Figure 15. Park’s vector trajectories of a motor at nominal load and under different fault degree conditions: (a) healthy motor, (b) under 1% degree of fault, (c) under 2% degree of fault, (d) under 3% degree of fault, (e) under 4% degree of fault, and (f) under 5% degree of fault. 
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Figure 16. Influence of the degree of the rotor fault on the Park’s vector pattern thickness. Based on results from Table 5. 
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Table 1. The factors that can lead to rotor bar and end-ring breakage.
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	Main Factors
	Examples of the Factors





	Thermal factors:
	
	
hot spot



	
thermal aging and thermal overloading








	Environmental factors:
	
	
moisture



	
contamination



	
oxidation








	Magnetic factors:
	
	
asymmetry of electromagnetic forces



	
electromagnetic noises








	Mechanical factors:
	
	
bearings defect



	
component fatigue








	Dynamic factors:
	
	
centrifugal forces



	
axial oscillating torques








	Residual factors:
	
	
fabrication problems



	
poor brazing of rotor bars with the end rings








	Operating factors:
	
	
pulsating load



	
frequent switching operations
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Table 2. Amplitudes and frequencies of the 2·s·fs spectral components under different load conditions.
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	Load Torque (%)
	0%
	20%
	50%
	70%
	100%
	120%



	Amplitudes of 2·s·fs Sideband (dB)
	-
	-
	74.81
	75.02
	75.82
	76.25



	Frequencies of 2·s·fs Sideband (Hz)
	-
	-
	0.9
	1.3
	1.8
	2.2
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Table 3. The thickness of the Park’s vector pattern of a motor with BRB and under different load conditions.
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	Load Torque (%)
	0%
	20%
	50%
	70%
	100%
	120%



	Thickness of Park’s Vector Pattern (A)
	0.188
	0.424
	0.538
	0.59
	0.642
	0.66
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Table 4. Amplitudes and frequencies of the 2·s·fs spectral components at nominal load and under different degrees of rotor fault conditions.
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	Degree of Rotor Faults (%)
	0%
	1%
	2%
	3%
	4%
	5%



	Amplitudes of 2·s·fs Sidebands (dB)
	-
	66.14
	74.49
	79.21
	82.33
	84.5



	frequencies of 2·s·fs Sidebands (Hz)
	-
	2
	1.9
	1.8
	1.7
	1.6
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Table 5. The thickness of the Park’s vector pattern of a motor at nominal load and under different degrees of rotor fault conditions.
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	Degree of Rotor Faults (%)
	0%
	1%
	2%
	3%
	4%
	5%



	Thickness of Park’s Vector Pattern (A)
	0
	0.333
	0.642
	1.008
	1.415
	1.757
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