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Abstract:



A novel technique named Signal Analysis based on Chaos using Density of Maxima (SAC-DM) is presented to analyze Brushless Direct Current (BLDC) motors behavior. These motors are vastly used in electric vehicles, especially in Drones. The proposed approach is compared with the traditional Fast-Fourier Transform (FFT) and the experiments analyzing a BLDC motor of a drone demonstrates similar results but computationally simpler than that. The main contribution of this technique is the possibility to analyze signals in time domain, instead of the frequency domain. It is possible to identify working and faulty behavior with less computational resources than the traditional approach.
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1. Introduction


Considering the growth in the application of Unmanned Aerial Vehicles (UAV) systems around the world [1,2,3], it is mandatory the research and development of safe and reliable solutions [4,5]. The motors used in UAV must receive more attention as possible. Brushless Direct Current (BLDC) motors are formed by synchronous generators with permanent magnets and stationary armatures. It has rotating magnets with magnets axially facing the armatures, e.g., hub-type cycle dynamos [6]. They are vastly used by industry in machines, e.g., [7], and as the main alternative for electrical vehicles such as commercial UAV [8,9,10].



There are some possible causes of failures in BLDC motors, like stator, rotor, bearing and inverter faults [11], and many approaches to implement fault tolerant aerial vehicles. Solomon [9] shows that the speed control scheme primarily made up of standard proportional integral controllers presented loss of altitude and exacerbate thrust when the system was operated in speed control mode. Thus, he proposes a new solution based on Model Reference Adaptive Control (MRAC) to improve the speed control and improvement in flight performance of the UAV system.



In [10], the authors study a solution to control of permanent magnet synchronous motors (PMSM) instead of BLDC. However, it shows interesting concepts as the difference between sinusoidal and trapezoidal back EMF; Extend Kalman Filter (EKF) and Sliding Mode Observer (SMO). It is an efficient approach, however, the usage of filter adds computational complexity to the analysis. Our approach does not require filters for the analysis of electrical current signal.



Other authors investigate the analysis and diagnosis of Brushless Direct Current (BLDC) motors. The work from Hou et al. [12] proposes the use of Local Polynomial Fourier Transform (LPFT) to perform the Motor Current Signature Analysis (MCSA) to detect failures in BLDC motors. In [7], the authors analyze operating characteristics of BLDC motors and propose a simple fault diagnosis system. All these solutions analyze the signal in frequency domain, which requires an extra computational effort, while our approach is based on the analysis in time domain.



Here, we propose a technique named Signal Analysis based on Chaos using Density of Maxima (SAC-DM) to analyze Brushless Direct Current (BLDC) motors generally used in Drones. This technique demonstrated potential to characterize motors with a simple computational approach from the electric current signal, enabling its application in time-critical applications (presented in Section 2). The characterization tested in the experiments here is the detection of the loose stator and the rotation direction, though other characterization would also be possible, e.g., speed detection, unbalanced propeller identification and out-of-order vibration.



The proposed approach presented here applies ideas developed in nuclear physics, quantum transport in nanostructures and biological systems [13] to study the characteristics of Brushless Direct Current (BLDC) used in drones. Recent experimental applications of the method include the study of chaotic dynamics in electromagnetic resonant cavities that may serve to cryptography, emulated quantum entanglement, etc. [14] and chaos study in biological systems [13], but in this paper, we present a novel signal analysis method to characterize the chaos in BLDC motors of drones.



Two contributions are presented in this paper: (i) to demonstrate that the same behavior detected from current signal of Brushless Direct Current (BLDC) motors using FFT could also be captured from the chaotic behavior of the system; (ii) to propose a novel approach to determine the chaotic behavior of BDLC motors from the correlation coefficient based on density of maxima.



At first, The SAC-DM approach is presented (Section 2). To demonstrate its potential, an experiment is presented where a small BLDC motor with a propeller is tested in different conditions (Section 3). The results of the proposed technique are compared with two traditional approaches: Fast-Fourier Transform (FFT) and analysis of chaos calculating the length at half-height from the auto-correlation function (see Section 4). The results with SAC-DM are demonstrated is Section 5 and present the equivalence of the proposed approach with the traditional ones, demonstrating its potential for signal analysis in general. Final considerations are presented in Section 6.




2. Signal Analysis using Chaos based of Density of Maxima (SAC-DM)


In previous work, it was demonstrated that the number of maxima can be related to the correlation length, due to the intrinsic chaotic behavior of the density of individuals in a bio-diversity scenario [13]. The cyclic equilibrium behavior is the central issue of that work and is used to identify the chaotic behavior even in a single and short time of the system, as it is assured by the maximum entropy principle and the ergodic theorem.



Using the maximum entropy principle and extensions of chaos theory, we propose a procedure for characterizing the chaos in brushless motors analyzing a generic amount [image: ]. Our solution solves the problem of how to characterize problems featuring a small amount of data and identifies the presence of chaos in seemingly random series of information [image: ].



The signal [image: ] evolves in time and fluctuates to produce local maximum in the interval [image: ], for sufficiently small [image: ], so one has [image: ] and [image: ] where prime stands for the time derivative, such that, [image: ]. The joint probability [image: ] can be used to calculate the average density of maxima [image: ] through the simple route: the probability to find a maximum in the interval [image: ] is proportional to the integral spanning the region defined above, such that


[image: ]



(1)







The fact that the statistical properties of the mean number of peaks are invariant under time translations indicates that both [image: ] and [image: ] have vanishing average values. Moreover, the properties of [image: ] can be obtained from the smallest momenta of [image: ] and [image: ], and the variances of [image: ] are directly related to the correlation function


[image: ]



(2)







We can then obtain the several momenta, in particular


[image: ]



(3)







The principle of maximum entropy can be used to construct the joint probability distribution for [image: ] and its derivatives from the previous equations. After implementing the algebraic calculations, integration on [image: ] leads to [image: ] which gives


[image: ]



(4)







The main results are shown in the previous Equations and can be used to write [image: ] in the form


[image: ]



(5)







Due to the chaotic properties of stochastic systems, the approach was reduced to obtain the correlation length as a simple formula that considers only the density of maxima of the original signal. Using Equations (3) and (5) for periodic functions, the normalized correlation function can be written in terms of a cosine function and allows us to reduce it to a very simple equation relating the correlation length with the simple density of maxima as follows


[image: ]



(6)




where [image: ] is the correlation length and [image: ] is the density of maxima.



This result offers a new quantity that arises from the chaotic behavior imprinted in the stochastic data. This method calculates the average of the density of maxima of the samples. It allows us to estimate properties of a system even when a unique and short temporal series is available and to estimate the correlation coefficient.




3. Experimental Scenarios


In practice, current sensors measure the stator current of BLDC motor for a one electrical degree rotation.



A three-phase BLDC motor testbench designed for electric motor application is used as a practical test motor. Experimental setup of BLDC motor that is used to validate simulation model is shown in Figure 1.


Figure 1. Testbench represantation.
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It is formed by (1) Brushless DC Motor with a propeller; (2) Electronic Speed Controller (ESC); (3) National Instruments (NI) Data Acquisition Device (DAQ) model USB 6215; (4) Current sensor. The Data Acquisition device has been used to test the technique. Actually, a system is being developed to be embedded in drones for real-time data acquisition and diagnosis.



The specification of the BLDC motor is presented in Table 1, which was used in four different execution, as can be seen in Table 2.


Table 1. BLDC Motor Specifications.





	Description
	Value
	Unit





	DC Voltage
	12
	V



	Rated Speed
	930
	RPM



	Poles
	12
	-








Table 2. Experimental scenarios.





	Scenario
	Motor
	Direction
	Direction Status





	S1
	1
	counterclockwise
	Right



	S2
	1
	clockwise
	Wrong



	S3
	2
	counterclockwise
	Right



	S4
	2
	clockwise
	Wrong









Using 2 different motors (one being defective) and one propeller rotating in the clockwise (CW) and counterclockwise (CCW) directions. Motor 1 is in perfect conditions and motor 2 is defective due to the loose stator. For each scenario, 1,000,000 samples were collected at a rate of 10,000 samples per second. All scenarios running at constant speed at 600 rpm.




4. Signal Analysis Using Traditional Approaches


In this section, the results are analyzed using two traditional approaches. First, using Fast Fourier Transform (FFT) and then using the analysis of chaotic behavior using the Correlation Length Coefficient (CLC). After that, In Section 5 is possible to compare these results with SAC-DM results.



4.1. Fast Fourier Transform (FFT)


In the first stage of the experiment, the signal was collected through the current sensor connected to one of the phases of the motor. Figure 2 presents one example of a signal acquired for each scenario. The signals are presented in Amperes. As can be seen, there is some difference in phase among the signals due to minimal differences in fundamental, or main frequency, as presented as following.


Figure 2. Stator Current signal from each scenario.



[image: Drones 02 00014 g002]






In this chart, it is possible to observe that the acquired signal presents trapezoidal characteristics and a phase difference between the scenarios, due to the essence of the BLDC motors, and some amplitude reduction for scenario S1 (motor1-CCW)



Once the data were collected and analyzed in the time domain, they were submitted to a Fast Fourier Transform (FFT) for analysis in the frequency domain. The signals in the frequency domain for each scenario are shown in Figure 3.


Figure 3. Signals of all scenarios in the Frequency Domain.
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The signal in frequency demonstrates that the fundamental, or main frequency of scenarios S1 (motor1-CCW) and S4 (motor2-CW) are similar, with 766.3 Hz and 764.4 Hz, respectively. The scenario S3 also presents a similar fundamental frequency, with 795.7 Hz. The value for Scenario S2 is less similar, with 668.2 Hz.



As expected, characteristics of the system (propeller, rotation, and defect in motors) might result in changes in the fundamental frequency of the current signal. These results will be used as a reference to the approach proposed in this work, where the characteristics of the system are analyzes based on the chaotic behavior of the signal.




4.2. Correlation Length Coefficient (CLC)


As an alternative to analysis using FFT, we apply the chaotic behavior analysis method using the correlation probability, which uses the initial correlation coefficient of the signal as a measure to quantify the chaotic behavior of the system. This technique is based on the fact that chaotic systems auto-correlate over time, different from random systems, which autocorrelation function tends to not converge.



For a signal [image: ] which represents a stationary process with the mean [image: ] and variance [image: ], and its covariance [image: ] only depend on time difference [image: ].



To illustrate the computation of the samples using the Auto-correlation Function, consider the following distribution of the signal [image: ]. Where the time [image: ] ; and [image: ] represents the quantity of samples at each time. Organizing the values of [image: ] per line in a matrix, we have M:


[image: ]



(7)







Thus, the auto-correlation function (ACF) of the signal is defined as [15]:


[image: ]



(8)







Applying the matrix M (7) in the function [image: ] (8), we have the Auto-correlation matrix as result. However, to calculate the Correlation Length Coefficient (CLC) it is necessary to calculate the Partial Auto-correlation Function (PACF).



For this, first it is calculated [image: ] as the best linear estimation in the mean square sense of [image: ]:


[image: ]



(9)




where [image: ] with [image: ] is the mean squared linear regression coefficient. Then, the correlation condition [image: ] is called the Partial Auto-correlation Function (PACF), denoted as [image: ].


[image: ]



(10)







Finally, the process returns the autocorrelation function ([image: ]) as shown in Figure 4. The descending amplitude of the autocorrelation function during the time is an expected behavior from chaotic periodic systems.


Figure 4. PACF computation result.
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Figure 5 presents the autocorrelation function presented in Figure 4, but only for X from 1 to 3.5. To prove that the system is chaotic, the length at half-height is calculated from [image: ]. Considering the points [image: ] and B has [image: ] in Figure 5. This value is called Correlation Length Coefficient (CLC) [image: ], where:


[image: ]



(11)






Figure 5. Correlation Length.
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The system can be considered chaotic if [image: ] observed in the autocorrelation function (Figure 5) is the same as the obtained counting the density of maxima and applying Equation (6). In Figure 5 the observed value is [image: ].



The Correlation Length Coefficient [image: ] obtained using the half-height technique (observed from autocorrelation function) are presented in Table 3. It presents the correlation coefficients obtained from 4 different executions (E) for each of all scenarios(S). In addition, it presents the mean ([image: ]), variance([image: ]) and standard deviation([image: ]) of the obtained results.


Table 3. Correlation Length Coefficients (CLC).















	
	E1
	E2
	E3
	E4
	[image: ]
	[image: ]
	[image: ]





	S1
	2.136
	2.080
	2.076
	2.096
	2.097
	[image: ]
	0.0274



	S2
	2.413
	2.452
	2.306
	2.312
	2.371
	[image: ]
	0.0731



	S3
	1.988
	2.033
	2.040
	2.083
	2.036
	[image: ]
	0.0389



	S4
	2.125
	2.106
	2.093
	2.121
	2.111
	[image: ]
	0.0147









The first contribution of this work is to demonstrate that the same behavior detected using FFT could be captured from the chaotic behavior of the system. From FFT it was presented that the fundamental frequency of scenario S1 is similar to S4, which are 766.3 Hz and 764.4 Hz (see Figure 3), respectively. Scenario S3 is also not so different, with 795.7 Hz. The scenario with a greater difference in its fundamental frequency is S2, with 668.2 Hz. From Table 3 it is possible to see the same pattern. S1 and S4 have the more similar correlation length coefficient calculated, which are about 2.087 and 2.116, respectively. Similar to FFT, S3 has a coefficient close the ones from S1 and S4, with 2.045. Also, S2 was the scenario with a more distant coefficient, with about 2.393. It important to note that the fundamental frequency in FFT and the correlation coefficient are inversely proportional.



Though the method is efficient to detect some anomalies in the system, a large amount of data is necessary and the computing cost to calculate the correlation function is high. As an alternative, we propose the application of a novel approach to calculate the correlation coefficient based on the density of maxima, which is the second and main contribution of this paper.





5. Results with SAC-DM


The same data used in Section 4 was reused to identify faulty behavior and validate the SAC-DM approach, now using the Equation (6). The same behavior detected with traditional Correlation Length Coefficient (CLC) approach (Table 3) was captured by the SAC-DM method, as presented in Table 4. In addition, It presents the mean ([image: ]), variance([image: ]) and standard deviation([image: ]) of the obtained results.


Table 4. SAC-DM - 1,000,000 samples.















	
	E1
	E2
	E3
	E4
	[image: ]
	[image: ]
	[image: ]





	S1
	2.168
	2.180
	2.177
	2.184
	2.177
	[image: ]
	0.0065



	S2
	2.502
	2.499
	2.502
	2.521
	2.506
	[image: ]
	0.0105



	S3
	2.079
	2.098
	2.089
	2.089
	2.089
	[image: ]
	0.0077



	S4
	2.189
	2.186
	2.187
	2.190
	2.188
	[image: ]
	0.0020









Although the values are not same, the behaviors detected with FFT and Correlation Length Coefficient (CLC) are maintained with SAC-DM. That is, scenario S2 has the highest value, followed by S4, S1, and S3 (in FFT this order is inverse).



It is also possible to see that with SAC-DM the same similarities with FFT are detected, as presented in Table 5, sometimes with results even more similar to FFT than the ones obtained using length at half-height, e.g., in SAC-DM the relation between scenarios S3 and S4 with S2 are more similar with FFT than in Correlation Length Coefficient (CLC).


Table 5. Relation between the FFT, Correlation Length Coefficient (CLC) and SAC-DM.





	
Scenario

	
FFT

	
CLC

	
SAC-DM




	
(Si)

	
(Si/S2)

	
(S2/Si)

	
(S2/Si)






	
S1

	
1.1468

	
1.1466

	
1.1529




	
S2

	
1

	
1

	
1




	
S3

	
1.1908

	
1.1702

	
1.2018




	
S4

	
1.1440

	
1.1309

	
1.1473










This result is important because it demonstrates that SAC-DM returns values equivalent to the ones produced by the approach based on Correlation Length Coefficient (CLC). However, the SAC-DM processes the original signal without any filtering, and the second approach obtains the coefficient from the autocorrelation function, which is computationally much more expensive than the density of maxima.



The similarities between FFT, CLC, and SAC-DM are clearer when seeing the values of each scenario in comparison with S2 (scenario with lowest fundamental frequency in FFT). This comparison can be seen in Table 5. The fundamental frequency in FFT of each scenario is divided by the value of scenario S2. The FFT is inversely proportional to correlation length, the value of S2 is divided by the ones from each scenario collected using CLC and SAC-DM. The values demonstrate that using SAC-DM, even with no identical values in comparison with CLC, the essential characteristics of the signals are preserved.



In order to evaluate the behavior of SAC-DM along the time, the correlation coefficient was calculated for every 1000 values for the whole dataset with 1,000,000 samples, resulting in 1000 SAC-DM coefficients as result, as shown Table 6.


Table 6. SAC-DM for 1000 samples.












	
	Mode
	[image: ]
	[image: ]
	[image: ]





	S1
	2.1645
	2.1772
	[image: ]
	0.0173



	S2
	2.5253
	2.5089
	[image: ]
	0.0257



	S3
	2.0833
	2.0887
	[image: ]
	0.0192



	S4
	2.1930
	2.1875
	[image: ]
	0.0184









These results are presented in Figure 6. The probability distribution is Gaussian for all four scenarios, with lower Variance in scenarios S1 and S2, and higher in S3 and S4.


Figure 6. Gaussian distribution of correlation coefficient using SAC-DM for scenarios S1 (red), S2 (blue), S3 (green) and S4 (gray).



[image: Drones 02 00014 g006]






This analysis demonstrates another important feature of the proposed SAC-DM approach. The correlation coefficient calculated with our approach is distributed following a Gaussian distribution with low variance, which means even few values (1000 in this case) are enough to generate a correlation coefficient similar to those ones calculated using the length at half-height using 1 million values and input. This turns SAC-DM into an approach even less computationally intensive than FFT and CLC.




6. Conclusions


The main contribution of this paper is to propose the application of the density of maxima to analyze Brushless Direct Current (BLDC) motors commonly used in Drones by the electrical current signal from the stator. This approach is called Signal Analysis using Chaos based on Density of Maxima (SAC-DM), which describes a simplification to obtain the correlation coefficient of stochastic functions.



In this work, the SAC-DM approach was demonstrated to efficiently characterize brushless motors, when through the signal of electric current of the stator it is possible to differentiate the behavior of the motor between the working and the faulty condition. The innovative method proved to achieve similar results as Fast-Fourier Transform but using a shorter amount of data and lesser calculation. Due to the low demand for computing resources, this opens the possibility to apply this technique also to diagnose Brushless Motors in real-time using a simple micro-controller. This new application is being investigating for future works.
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