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Abstract: This work presents the application of the technique named signal analysis based on chaos using density

of maxima to analyze brushless direct current motors. It uses a correlation coefficient estimated from the density of

maxima of the current signal. This study demonstrates in experiments the speed estimation of a brushless motor on

a testbench and failure detection in a small flying drone. The experimental results demonstrate that it is possible to
estimate the speed in 97.8% of the cases and to detect failure in 82.75% of the analyzed cases.
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1 Introduction

In the past years, there have been advancements
in unmanned aerial vehicle (UAV) applications and
commercialization (Kuzma et al., 2017; Mills, 2017),
in regulation worldwide (Stocker et al., 2017), and
in studies about safety and critical applications, for
example, autonomous control technology (Straub
and Huber, 2013). Research strives to achieve effi-
ciency and fault tolerance in brushless direct current
(BLDC) motors and drones (Lei and Wang, 2019;
Nguyen and Hong, 2019; Wang and Wang, 2019;
Zhang et al., 2020). Unexpected failures in these
motors can be catastrophic, causing financial and
human losses.
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This work presents the application of the tech-
nique named signal analysis based on chaos using
density of maxima (SAC-DM) to estimate the speed
of a brushless motor and to detect failures in a small
drone during flight, by analyzing the vibration sig-
nal captured by an accelerometer. The SAC-DM
technique estimates the correlation length coefficient
(CLC) obtained from the density of maxima. The
correlation length reflects the chaotic behavior of the
system, and it has been demonstrated by previous
work that the technique can estimate the correlation
coeflicient by the number of peaks in the period sig-
nal per time (Bazeia et al., 2017). This approach is
computationally simple, and demands a short signal
to express the chaotic behavior of the system.

Two contributions are presented in this study:
it demonstrates that it is possible to estimate the
speed of a BLDC motor on a testbench, calculat-
ing just the density of peaks in the vibration signal;
furthermore, it is possible to distinguish a healthy
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state from a failure in a more complex scenario with
a small flying quadcopter, all performed in the time
domain, demanding little computational effort. This
allows the applications in real time and for critical
scenarios.

The main novelty of the proposed method is
its simplicity. The proposed technique is based on
counting the number of peaks of the accelerometer
signal in the time domain. This means that a simple
micro-controller can be used and even a small drone
may carry the system without excessive payload. As
the approach is based on the chaotic behavior of the
system, it is highly sensitive to changes in previous
states. The experimental results demonstrate that
the accuracy is satisfactory even when a short sample
of one second is analyzed.

A new signal processing technique called SAC-
DM was devised to estimate the CLC (Medeiros
et al., 2018, 2019). These studies demonstrated that
it is possible to identify the speed at which the motor
is functioning and to detect the presence of an un-
balanced propeller by analyzing the motor current
signal with SAC-DM. In those cases, one analyzed
the current signal collected directly from the BLDC
motor. The principle used by SAC-DM comes from
nuclear physics, quantum transport in nanostruc-
tures, biological systems (Ramos et al., 2011; Bazeia
et al., 2017), and cryptography with quantum entan-
glement (Dietz et al., 2015).

In Veras et al. (2019), SAC-DM was success-
fully applied to sound signals to detect failures in
the same BLDC motor. In the current work, we vali-
date this technique, but to a different signal, using a
non-invasive approach that analyzes the mechanical
vibration generated by the rotation of the motor on
a testbench and the vibration caused by the four en-
gines of a quadcopter during flights, both collect by
an accelerometer. Considering the recent worldwide
growth in the applications of UAV systems (Kuzma
et al., 2017; Mills, 2017; Stocker et al., 2017), there
is demand for research and development of safe and
reliable solutions (Yuan et al., 2016; Xiao and Yin,
2017). A game model was applied to design strate-
gies to model the flight characteristics in a multi-
UAV scenario (Li et al., 2019).

The motors used in the drone need to receive
as much attention as possible. The BLDC motor
was used a great deal by industry in machines (Park
et al., 2011). Recently, BLDC motors were used as

the main alternative for commercial UAV (Solomon,
2007; Tefay et al., 2011; Koteich et al., 2013). The
main failures in BLDC motors are stator, rotor, bear-
ing, and inverter faults (Baek et al., 2008). There
have been important results in failure detection and
safe solutions using these motors. A possible solu-
tion is to use model reference adaptive control to
improve the speed control of UAV (Solomon, 2007).
Another is to use permanent magnet synchronous
motors instead of a BLDC motor (Koteich et al.,
2013). Also, traditional signal approaches are used a
lot, e.g., Fourier transform, motor current signature
analysis, wavelets, descriptor observers, and sliding
mode observer (Park et al., 2011; Hou et al., 2015;
Yang and Yin, 2019a, 2019b; Yang et al., 2020).

2 Signal analysis using chaos based on
density of maxima

The density of maxima approach is based on the
cyclic equilibrium behavior. In periodic and chaotic
systems, the density of peaks (maxima) reflects the
chaotic behavior. In the case used here, the chaos is
present in the vibration signal generated by a BLDC
motor. There have been important contributions in
the identification of chaos (Nowak and May, 1992;
Mitchell et al., 1993; Karolyi et al., 2005; Gosak
et al., 2008). However, previous experiments demon-
strated that even in a single and short-time sample,
the chaotic behavior can be estimated using the den-
sity of maxima (Bazeia et al., 2017; Medeiros et al.,
2018, 2019; Veras et al., 2019).

Initially, a quantitative approach that relates
the correlation length to the average density of max-
ima of a signal was presented (Bazeia et al., 2017),
where the signal represents the quantity of each bio-
logical species along with the simulation. The results
proved that the density of maxima can be used to as-
sociate the chaotic evolution of the species with the
correlation length. Later, the SAC-DM techique was
proposed, and it was shown that it can be used to
detect failures in BLDC motors using the current
signal (Medeiros et al., 2019) and the sound (Veras
et al., 2019).

Eq. (1) is applied to analyze samples from non-
periodic signals, where (p;) is theoretically calcu-
lated by the second and forth derivatives, which are
represented as d?C'/dt? and d*C/dt*, respectively,
of the auto-correlation function (C) in zero (Bazeia
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et al., 2017; Medeiros et al., 2018; Veras et al., 2019):
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By the principle of maximum entropy, it is possi-
ble to rewrite the normalized correlation function for
periodic and homogeneous time series using a cosine
function. Thus, Eq. (1) is reduced to

(r) = (2)

where (7) is the correlation length and (ps) is the
density of maxima found experimentally.

The result found in Eq. (2) presents the chaotic
behavior in stochastic systems. It is possible to es-
timate the characteristics of a system by calculating
(1) for subsets of the signal and analyzing it during
the time, or even simply, calculating only (p2). This
approach is called SAC-DM, which can be obtained
as follows:

1

SAC-DM = {r) = 5.

3)

3 Proving the chaotic behavior

The wavelet discrete transform (WDT) based on
the Mallat algorithm (Stéphane , 2009) was applied
on signals to extract only the chaotic components.
Observing the autocorrelation, the signals collected
at the speeds of 70%, 80%, and 90% were processed
using the WDT and decomposed into several levels of
detail (D). Among the levels of signal decomposition,
the detail that presented the chaotic behavior was
D5.

The behavior of the wavelet D5 autocorrelation
signal applied to the vibration signal of the motor at
the speeds of 70%, 80%, and 90% is set out in Fig. 1.
After using the filter, it is possible to observe the
noise reduction, improving the convergence of the
autocorrelation signals.

The CLC (ryp) can be seen in Fig. 2. It is the
value of = for y = 0.5 (half-height), which means
that the value (mp ) is 6.759 for the motor at 90% of
nominal speed:

THH:XB—XA:7.759—1:6.759. (4)

Fig. 3 presents part of the acceleration signals.
From that, it is possible to count 25 697 peaks for
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Fig. 1 Autocorrelation curves after filtering by
wavelet, with an electronic speed controller at the
nominal speeds of 70%, 80%, and 90%
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Fig. 2 CLC after filtering by the wavelet function for
a motor with the speed at 90% of the motor capacity
The value of Ty is represented as the value of = for y = 0.5,
which means CLC=6.759
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Fig. 3 Example of a vibration signal in zoom with
peaks at the speed of 90%, containing 25 697 peaks
and SAC-DM=6.4858

a total of 999999 samples. Calculating the value of
SAC-DM from Eq. (3), we have

SAC-DM = = 6.4858. (5)

25697
999 999

The error found between the CLC obtained from
Fig. 2 and the result approximated by SAC-DM in
Eq. (5) is 6.485%. When SAC-DM is calculated for
all signals, the error decreases to 4.0542%. These
results are shown in Table 1.

Considering that the values of the errors in all
measurements are less than 7%, it can be stated that
the vibration signal analyzed and discussed here has
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a chaotic behavior and can be driven by calculations
involving Eq. (3).

4 Methodology

The approach applied to this work is divided
into four steps. First, an accelerometer connected to
a 32-bit RISC-V microcontroller unit (MCU) collects
the vibration signal. Then, the vector sum « + y is
calculated. Thereafter, the result is used to calculate
SAC-DM from Eq. (5). Finally, from the values of
SAC-DM, one can estimate the speed of the BLDC
motor and detect failures in a small UAV.

4.1 Accelerometer signal acquisition

A testbench was built to collect data and vali-
date the results. Fig. 4 shows the experimental setup
of the BLDC motor. Table 2 presents the specifica-
tions of the testbench.

The testbench consists of the following: (1)
a BLDC motor of 1400 kV; (2) an accelerometer
Adafruit ADXL345; (3) a node MCU ESP 8266 12F

Fig. 4 Testbench to collect vibration generated by
the BLDC motor

(a) BLDC motor; (b) accelerometer;
(d) ESC; (e) 10.4-inch propeller

(¢) microcontroller;

Table 1 Values for CLC collected from the autocor-
relation function, i.e., SAC-DM in Eq. (3), and the
respective error

Speed (%) CLC SAC-DM Error (%)
70 6.7215 6.4526 3.9992
80 6.8880 6.4634 6.1636
90 6.4858 6.7599 4.0542

Table 2 BLDC motor specifications

Description  Value  Unit H Description Value Unit
DC voltage 12 \% Weight 59 g
Rated speed 930  r/min Power 270 W
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Arduino based microcontroller, to set the speed sent
to the electronic speed controller (ESC); (4) an ESC
of 30 A; (5) a 10.4-inch propeller.

4.2 SAC-DM

With the sum of the acceleration vectors,  + vy,
the density of maxima of a predefined group of sam-
ples was calculated. Eq. (5) was applied and SAC-
DM was obtained. SAC-DM was calculated accord-
ing to Eq. (3) for each subset of the time series col-
lected by the accelerometer.
each subset, it was checked whether the value of
SAC-DM was within the expected range for a bal-
anced motor. If not, it returned that it is unbal-
anced. From the calculated SAC-DM, the estimated
motor speed was returned.

After calculation for

5 Speed detection

After data collection, five experimental scenar-
ios were defined to evaluate the system, with differ-
ent numbers of samples per time for the calculation
of SAC-DM, and each executed with three different
speeds (70%, 80%, and 90%):

group 1: SAC-DM calculated for each 200
samples; group 2: SAC-DM calculated for each 400
samples; group 3: SAC-DM calculated for each 600
samples; group 4: SAC-DM calculated for each 800
samples; group 5: SAC-DM calculated for each 1000
samples.

From the tests, a total of one million and eight
hundred thousand samples were collected for each
speed (70%, 80%, and 90%), with a sampling fre-
quency of 520 Hz, totaling five million and four hun-
dred thousand samples.

Using the ADXL345 from
Adafruit, it is possible to collect data under three
actuation axes (X, Y, and Z). Considering that
the Z axis was directed to the depth dimension of
the bench, it was ignored for SAC-DM calculations.
Thus, the sum of the vectors, & + y, was used to
calculate SAC-DM.

Other essential conditions for the experimental
scenario are acquisition rates and accelerometer cal-
ibrations. The accelerometer worked in the range of
1 to 3.2 kHz, and the responsiveness from 2G to 16G
for the experiment was used with an acquisition rate
of 1.6 kHz and sensitivity of 16G (here, G means the
gravity force).

accelerometer
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In the experiment, SAC-DM was calculated for
every 1000 samples of the acceleration vector. It is
possible to identify an accuracy greater than 97% in
all scenarios.

In Fig. 5, the values of SAC-DM for each group
of 1000 samples are shown for speeds of 70%, 80%,
and 90%. It is possible to see the distribution of
SAC-DM values and the intersection between them.
These approximations and overlaps are ranges where
the speed estimate is less accurate.

Fig. 6 shows the distribution of the SAC-DM
values for every 1000 samples. The intersection area
between the histograms relate to cases where speed
estimate would be less accurate. Such regions corre-
spond to 0.3% between the speeds of 70% and 80%
and 4.1% between the speeds of 80% and 90%, which
means 97.8% of accuracy on average.

6 Fault detection

An experiment was assembled to collect the val-
ues of SAC-DM calculated from the vibration via
the accelerometer, and to submit all the data to a
database service to allow real-time visualization and
future analysis (Fig. 7). The experiment was divided
into two parts, the cloud service and the hardware
embedded on the drone.

On the drone side, an ESP8266 micro-controller
with an accelerometer was embedded to capture the
vibration and calculate the SAC-DM value. It sent
all the data instantly to the cloud service through a
WiFi connection. On the cloud service side, there
was a back-end hosted in the firebase service that
received the SAC-DM values, stored and then sent
them to the client-side interface, which built a visual-
ization in real time. The specification of components
used in the experiment is presented in Table 3.

The experiments consist of five flights of 5 min
each, controlled by the same person who tried to
perform the same movements (only smooth move-
ments). Among the five flights, three were presented
with two types of drone failures, one with the combi-
nation of two defeats, and one with the drone in the
stable state, without problems.

For the first flight, all the drone propellers were
balanced, and the battery was in the central posi-
tion to keep the center of gravity in the right place,
representing the drone in the stable state.

The first failure added to the drone was with a

Souza et al. / Front Inform Technol Electron Eng 2021 22(7):1002-1009

0.62F——Engine 70%

—— Engine 90%]

0-46'I|| ol kL " o buii il

044l 1 i .I.'If“‘f’il'f.'l b

0 100 200 300 400 500 600 700 800 900 1000
Number of samples

TS R YA Wi ¥ Ay

Fig. 5 SAC-DM values for acceleration with nominal
speeds of 70%, 80%, and 90% of a motor

50 4 n E==— Engine 70%
II' '-1 E=—=] Engine 80%
@ Wl Engine 90%
o]
- 40 | <
£ [ ! Mean  StDev N
3 er' 1 0.4470 0.007 749 1000
8 30 1 1 0.4989 0.01043 1000
=) | d 0.5565 0.02210 1000
- ] ol
w ; g
8_ 20 1 ] %
> | :
iz i ] /
5 10{ | )
o /| {
,I? | - ‘ l S

0= T T
042 045 048 0.51 054 057 060 0.63
SAC-DM
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Fig. 7 Architecture to collect data from the UAV,
with an access point to connect the Internet via
TCP/IP, a database (firebase), and a web interface
for real-time visualization

Table 3 Small UAV specifications

Parameter Value
Frame size (cmXcm) 46x 46
Motor voltage (kV) 920
Propeller size 10
Propeller pitch 45
Weight (kg) 1.02
Max thrust (kg) 3.44 (860 g per motor)
Battery 3 cells with 2800 mA-h

Flight controller

APM 2.8

APM: Ardupilot module

10 cm piece of tape glued on the top of the frontal

right propeller,

generating a propeller unbalance



Souza et al. / Front Inform Technol Electron Eng 2021 22(7):1002-1009

failure. The second failure was changing the center
of gravity. For this, the battery was moved 7.5 cm
from the drone center. For the third unstable condi-
tion, the tape was applied on the propeller and the
battery position for both failures.

For all tests, a threshold in the amplitude of
10% was adopted to calculate the density of maxima
(SAC-DM). It means that a hill in the signal will be
counted as a peak only if the top is 10% higher than
its basis. This approach reduced the error caused
by noise. The values from the accelerometer were
captured at 500 Hz, and at each second, 500 values
are used to compute one SAC-DM value. It was
observed that the results obtained from SAC-DM
calculated from vibration in the X and Z axes were
accurate in detecting failures related to unbalanced
propellers, even analyzing over only 1 s.

The dispersion of the SAC-DM values for the
X and Z axes is presented in Figs. 8 and 9, respec-
tively. In both cases, the gravity center (GC) was
correctly in the center of the drone, but one of the
propellers was unbalanced, first with one tape, and
then with two tapes. Observing the X axis shown in
Fig. 8, we can see that, it is possible to differentiate
an imbalance in a propeller with SAC-DM. There
was a visible difference between the stable scenario

® GC-OK Prop-OK eGC-OK Prop-2 tapes ® GC-OK Prop-1 tape
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Fig. 8 Dispersion of SAC-DM values for vibrations in
the X axis when the propeller has one or two tapes
(threshold=10% and rate=500 Hz)

Three scenarios are presented, with the regular propeller and
the unbalanced propeller with one or two tapes
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Fig. 9 Dispersion of SAC-DM values for vibrations
in the Z axis when the propeller has one or two tapes
(threshold=10% and rate=500 Hz)

The gravity center (GC) is not changed. Three scenarios
are presented, with the regular propeller and the unbalanced
propeller with one or two tapes
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and the unbalanced propeller scenarios. This differ-
ence was even more evident when we analyzed the
results from the Z axis (Fig. 9). When the drone
was stable, values of SAC-DM were between 0.21
and 0.31, while those for the unbalanced propeller
with one tape were between 0.18 and 0.25, and those
with two tapes were between 0.12 and 0.20.

A similar result was achieved when the GC was
changed in Fig. 10. Here, there was an even more
apparent difference between the balanced and un-
balanced propeller scenarios. In Fig. 11, the values
of SAC-DM in the Z axis for the situation with a bal-
anced propeller were in a range separated (between
0.2 and 0.3) from the unbalanced cases (between 0.15
and 0.20). Nevertheless, the values for one and two
tapes presented a higher intersection.

These results are summarized in Table 4. It
presents the success rate when SAC-DM was used
as a reference to detect failures in the small UAV.
The approach applied here to classify each value was
based on the range of average SAC-DM, more or
less the standard deviation. Only two classes were
defined, a failure or not a failure. For each analysis,
only one value of SAC-DM was used for classification.

For example, once the GC was correctly set,

® GC-bad Prop-OK e GC-bad Prop-2 tapes @ GC-bad Prop-1 tape
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Fig. 10 Dispersion of SAC-DM values for vibrations
in the X axis when GC is not centralized (bad GC,
threshold=10%, and rate=500 Hz)

Three scenarios are presented with GC modified, with the
regular propeller and the unbalanced propeller with one or
two tapes
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Fig. 11 Dispersion of SAC-DM values for vibrations
in the Z axis when GC is not centralized (bad GC,
threshold=10%, and rate=500 Hz)

Three scenarios are presented with GC modified, with the
regular propeller and the unbalanced propeller with one or
two tapes
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for 99.1% of the SAC-DM values, the classifier
successfully detected the failure in the UAV when
two tapes were glued on the propeller, and classified
the failure correctly in 87.6% of cases with one tape.
On average, when the GC was correct, the classifi-
cation was successful in 88.37% of the cases. The
same analysis was presented when the GC was not
the center of the UAV. The detection when the pro-
peller was balanced was successful only in 33.1% of
the cases, returning, however, the correct classifica-
tion in 100% and 98.3% of the cases with one and two
tapes on the propeller, respectively. In general, the
success rate of detection was 82.75%. It means that
in 82.75% of the cases, only SAC-DM=1 is enough
to identify whether the UAV has a failure or not.

Table 4 Accuracy in the failure detection considering
SAC-DM from the Z axis, grouped by change in the
propeller and in the gravitation center

Propeller Accuracy Average
GC-OK GC-bad

OK 78.4% 33.1% 55.75%

One tape 87.6% 100% 93.80%

Two tapes 99.1% 98.3% 98.70%

Average 88.37% 77.13% 82.75%

The results in bold represent the average accuracy for each line
and column

7 Conclusions

When analyzing the BLDC motor isolated, the
average of SAC-DM is 0.4470 for the speed at 70% of
the maximum power, 0.4989 for 80%, and 0.5565 for
90%. Although the percentages were different, it is
possible to see that there was a short range of values
where SAC-DM was the same for 80% and 90%. This
result proves the possibility of applying the presented
technique to estimate the speed of a motor using a
computationally simple approach, counting only the
density of peaks in the time domain, without any
filtering.

Accuracies of 82.75% on average and 100% in
the best case were achieved for the tests with a small
UAV, which demonstrates the efficiency of the pro-
posed method. The algorithm used to detect failure
is based only on testing whether a value is in a fixed
range or not. Five hundred samples of acceleration
in the time domain were used to calculate each value
of SAC-DM at each second. In other words, only one
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second is enough to achieve the accuracy of 82.75%,
and it could be increased if more extended analy-
sis with more values was used. A limitation of the
method is its difficulty in failure diagnosis. Due to
its sensibility, even weak disturbances in the system
can be detected. This might reduce the accuracy
in failure diagnosis. Nevertheless, the accuracy is
high to simply detect whether there is a failure or
not. In future work, we plan to apply SAC-DM in-
tegrated with artificial neural networks to minimize
this limitation.
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