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Abstract

In general, unexpected failures in sensorless brushless DC (BLDC) motors can
result in production downtime, costly repairs, and safety concerns. BLDC
motors are commonly used in home appliances, the medical sector, aerospace,
small-scale, and large-scale industries under uncertain operating conditions.
Therefore, the fault detection and diagnosis (FDD) of BLDC motor drives can
play a very important role in increasing their performance, reliability, robust-
ness control, and operational safety under uncertain operating conditions in
critical real-time applications. To satisfy these issues of hall effect sensor, mis-
placement of a hall-effect sensor, inverter IGBT open-switch fault diagnosis,
failure of hall effect sensor, lack of robustness speed control of BLDC motor,
which has received substantial interest in academic and industry sectors to
establish the proposed work optimization techniques approach FDD strategy
for speed control of sensorless BLDC motor under uncertain operating condi-
tions. The proposed optimization techniques such as Bat Algorithm (BA), Grey
Wolf Optimization (GWO), and Whale Optimization Algorithm (WOA)
approach FDD strategies for BLDC motor drives. These FDD strategies simu-
lated by the above optimization techniques on a sensorless BLDC motor with
numerical Matlab/Simulink 2020a simulation results are verified. From the
simulation results, out of three optimization techniques, the WOA-based FDD
strategies are very effective for both bearing and stator winding faults detection
and diagnosis in sensorless BLDC motor drives.

KEYWORDS

brushless DC motor drive, fault detection, fault diagnosis, optimization techniques,
sensorless speed control

List of Symbols and Abbreviations: N, set speed; u(t), control signal; n,, estimated speed; f.ost1, cost function; k, fast counter; N (t)set‘, set speed in

rad/s; N(t)

est;?

estimated speed of the BLDC motor; w,,, angular velocity of the rotor (in rad/s); ¢,, measurement of flux; ¢, air gap flux; T, electro-

magnetic torque; 6,, rotor position in radian; w,,, rotor speed in mechanical rad/s; ¢, indicates the current iteration; X " is the position vector of the
best solution; AE, acoustic emission; BA, bat algorithm; BLDC, brushless DC motor; CAGR, compound annual growth rate; FDD, fault detection and
diagnosis; GWO, grey wolf optimization; MCSA, motor current signature analysis; PM, permanent magnets; SF, single fault; WOA, whale

optimization algorithm.
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1 | INTRODUCTION

The brushless DC (BLDC) motors have become essential elements of modern production and manufacturing lines. In
many applications, the motors are operated in unfavorable environments involving high temperatures and over-
loading.' These stresses together with the aging of parts may lead to motor faults. Once a failure occurs, it usually
results in loss of productivity, downtime, and costly repairs. Condition monitoring leading to fault detection and diag-
nosis (FDD) in electric motors is therefore of a great value and has received much attention in the past few years.” The
BLDC motor is reported for the greater sales market share in 2017, and its expected sales market growth is at 10% com-
pound annual growth rate (CAGR) by 2026. The Figure 1 shows the electric motor expected sales market report.

Fault detection and diagnosis is a process where the condition of the equipment is monitored for signs of faults
or deterioration so that maintenance or repair can be performed to prevent system failures. Instrumentation is an
important consideration in FDD. Ideally, the scheme should minimize the requirement of additional sensors and
use existing signals. Furthermore, it needs to avoid false positives, be reliable, and provide a clear indication of
incipient faults on time. In this study, two FDD approaches were developed and implemented on a permanent
magnet synchronous motor. To demonstrate their effectiveness, the FDD methods were validated by physically
simulating fault conditions on a permanent magnet BLDC motor.> Figure 2 shows the percentage of failure of
BLDC motor components.

Faults can arise in the motor rotor/motor field, stator winding/armature winding, and mechanical components of
the BLDC motor. It has been shown that mechanical components cause 40% of the bearing faults, the stator winding
causes 35% of the problems, the permanent magnet rotor causes 15% of the problems, and “other” defects cause the
remaining 10%.*°

M Brushed DC Motors M Brushless DC Motors

4.2 6 *
3.7 :
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Years
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FIGURE 1 Electric motor expected sales market report. Source: Grand View Research

15%
Rotor Faults
35%
10%
Stator Others
Winding

Bearing Faults

40%

FIGURE 2 Percentage of failure of BLDC motor components
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The main goal of an FDD method is to detect a fault before the performance of the machine is compromised. The
absolute requirement is to detect the fault before the machine reaches catastrophic failure. In some applications, it is
important to notice a fault at an early stage before they are close to compromise the performance of the machine. An
example of this kind of application is the automotive industry, where performance issues will directly reduce the safety
of the driver and other road users. The automotive industry also requires online FDD as well as the possibility to find
fault in a disruptive environment. A disruptive environment means that signals such as mechanical torque, vibrations,
and acoustics might be difficult to read due to noise.’

This article aims to model and simulate a faulty BLDC motor for the automotive industry. The fault should then be
detected by an FDD method at an early stage. To find a suitable FDD method to predict fault with, several different
methods will be considered. The most suitable FDD methods will be implemented and tested to ensure their reliability.
The overall features and contributions of this study are summarized as follows:

« The bearing and stator winding issues of BLDC motor, which employs optimization approaches such as Bat Algo-
rithm, Grey Wolf Optimization (GWO), and Whale Optimization Algorithm (WOA), dramatically improve the per-
centage of accuracy, robustness speed control, quick response time, reduced the percentage of fault reduction, and
better transient performance of the proposed systems.

« To determine bearing fault using vibration sensor through wavelet analysis and determine stator winding fault/
sensorless speed estimation using Kalman filter algorithm.

This article is organized as follows. Section 2 reviews the main literature on the fault diagnosis of electric motors,
including mechanical and electrical faults. In Section 3, the methods and materials of the proposed FDD for speed con-
trol of BLDC motor are described in detail. A classification of FFD for permanent magnet BLDC motor drive based on
wavelet denoising is also provided. The proposed intelligent FDD approach for speed control of sensorless BLDC motor
drive using optimization techniques is presented in Section 4. In Section 5, simulation results are presented with com-
parisons and discussions on the performance of the proposed methods. It is shown that all simulated fault conditions
were successfully detected, which demonstrates the effectiveness of the proposed methods in motor FDD with recom-
mendations for future research. Concluding remarks are provided in Section 6.

2 | PRELIMINARY WORKS

This section focuses on the literature on FDD and their application to motors, particularly in BLDC motors. As a key
component, their malfunction can harm the production line or even have severe consequences and cause heavy finan-
cial losses. For that reason, the development of FDD tools for electric motors has received much attention since the
1920s.” Several survey articles have been published and can be found in Reference 8. The major faults of electric motors
can be broadly classified into two groups: mechanical faults such as the bearing faults, broken rotor bar, and bent shaft
and electrical faults such as opening and shorting of a stator phase winding. A recent study revealed that the main cau-
ses of failure in electric motors are bearing (69%), stator windings (21%), rotor bar (7%), and shaft/coupling (3%).° The
various types of fault in the BLDC motor are shown in Figure 3.

The bearing failure mechanism has been studied for almost four decades.'® As such, the theoretical foundation of
bearing failure modes has been considered comprehensively.'' While there are monitoring techniques based on differ-
ent measurement sources, such as acoustic emission (AE) and motor current signature analysis (MCSA), vibration
monitoring is probably the most widely used approach.

Vibration in an electric motor can come from many sources including bearings, electromagnetic forces, unbalanced
rotors, etc. Each will have its signature in the frequency domain that can manifest itself as discrete frequency bands. To
extract fault signatures buried in vibration signals from the machine, advanced signal processing techniques are com-
monly used. These include filtering and feature extraction of the vibration data.'?

In the analysis of vibration measurement, signal modulation effect and noise are two major barriers in detecting the
presence of bearing faults at early stages. Due to the amplitude-modulated effect, the BPFs usually appear as sidebands
of resonance frequency in the spectrum. This makes identifying the specific frequency components difficult. Thus, an
effective signal demodulation technique should be used. Meanwhile, weak signatures produced by incipient bearing
faults can easily be masked by noise in a real environment, making fault detection even more difficult. Hence, a
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Types of Fault in BLDC motor
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FIGURE 3 Types of fault in BLDC motor

denoising algorithm is also necessary to enhance the extraction of characteristic features of bearing faults. To overcome
these barriers, numerous studies have been conducted on signal processing techniques for bearing diagnosis.'*'*

During electrical fault in BLDC motors, the permanent magnets replace the rotor windings, thus the electrical faults
are mostly stator-related. Two mains classes of stator winding fault are: (a) the open-phase fault and (b) the shorted turns
or the turn-to-turn insulation fault. The former may allow the machine to operate with reduced torque, while the latter
can quickly develop into an insulation failure and the complete breakdown of the machine. An insulation failure nor-
mally starts with an interturn short circuit, which induces a high current and much heat that burns the insulation. If left
undetected, turn-to-turn faults will propagate to the stator core and lead to phase-phase or phase-ground failure.'> This
failure can occur within 60 seconds for small low-voltage motors and usually lead to irreversible damage to the machine.

Condition monitoring and fault diagnosis of electric motors are important features that can improve the reliability
of industrial machinery. In general mechanical faults and electrical faults of electric motors, with a special focus on
bearing and stator winding faults. In terms of bearing faults, vibration-based techniques are the most reliable.'® To
enhance the characteristic features of a fault, several signal processing techniques have been proposed. Among them,
the wavelet analysis has shown its superiority in signal denoising and feature extraction. In terms of stator winding
faults, the model-based parameter estimation techniques were found to be most promising. These methods are non-
intrusive and can track the variation of actual physical parameters. Most of the reviewed literature, however, only con-
siders the bearing faults or the stator winding faults exclusively.'”

A combined strategy that can handle both of these faults would be more capable for practical use. Besides, for the
wavelet-based methods applied on bearing diagnosis, the merits of complex wavelet transform in improving the signal
denoising performance are not fully exploited. Moreover, the influence of modeling uncertainties on the parameter esti-
mation of electric motors should be considered to provide a robust fault diagnosis scheme.'® Accordingly, FDD strategy
based on wavelet analysis and robust state estimation techniques was proposed in this article; the implementation of
the proposed methods on a BLDC motor was also investigated. Details of the proposed strategy and its implementation
will be discussed in the following sections.

2.1 | Formula for the cost function

The sampling frequency is defined as fsample = 1/sample, which functions as a fast counter k in this example. The com-
mutation interval can be “counted” by the fast counter k, which is reset at each change of the Hall sensor state, yielding
the saw-tooth curves. The time interval from the last commutation instant can be computed using this fast counter k as

follows:

feost1 :T:k-Tsample- (1)
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The setting a threshold for the value of is important for diagnosing abnormal circumstances. This limit is defined in
relation to the predicted or average value, which may be determined using the preceding 180 electrical degrees as

3

fcostlzrnzng(n_i)' (2)

i=1

After the single defect has been identified, the average value of commutation intervals should be adjusted to main-
tain the BLDC motor drive's FFD. When a single defect occurs, one of the Hall sensors' transitions evaporates, leaving
only two commutation intervals for 180 electrical degrees. As a result, (3) can be changed to n, with the superscript
“SF” denoting a single fault.

fcostlzTnSF:%ZT(n_i)' (3)

T,, equals Ty in a steady-state operation, hence Equation (4) can be reduced to:

1 T, .
Wy = j/ — T.cos (wct)dt = wy, 7]7)Ccsm(wct)’ (4)

— (5)
5(6*wref)’

65— (6)
op = ,
h px ATy

=3 (7)
wsect—p*ATy-

3 | METHODS AND MATERIALS

Methods and materials of the proposed FDD strategy of sensorless approach speed control of BLDC motors are studied
in this section. As well as the formation of objective functions, bearing faults, stator winding fault, electrical faults,
vibration, and noise estimation of sensorless BLDC motors are discussed. The fault taxonomy of BLDC motor derives is
shown in Figure 4.

General Faults Taxonomy for BLDC motor Drives

v

v e v
Hardware _ Optimization Interaction
—» Hall effect Sensors —» Decision Marking |_» Humans
— Controllers —» Algorithm —» Environment
— Power Converter -IGBTs —» Implementation — Timing
—» Communication Cables —» Perception —» Conflict
—» Motor Components Ly Timing — Other Agents

FIGURE 4 Fault taxonomy for BLDC motor drives
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FIGURE 5 Proposed fault detection and diagnosis scheme for BLDC motor

3.1 | Formation of objective functions

« The objective of this research has been to develop optimization techniques (a) BA-, (b) GWO-, (c) and WOA-based
FDD strategy for sensorless BLDC motor bearing faults and motor winding faults at their inception.

+ These bearing and motor winding faults were numerically simulated on a sensorless BLDC motor using matrix labo-
ratory 2020a.

« The FDD strategies involving wavelets and state estimation were successfully implemented. Numerical simulation
results are confirmed that the proposed optimization techniques based FDD schemes were very effective in detecting
bearing and winding faults in BLDC motors. The proposed FDD scheme for the BLDC motor is shown in Figure 5.

3.2 | Bearing fault of BLDC motor

Rolling bearings of various kinds are widely used in industrial machines. They provide fundamental mechanical sup-
port for rotating parts. Most rotating shafts use a rolling element bearing. To ensure the effectiveness and robustness of
these bearings, their performance under various and extremely demanding conditions has been extensively studied.'®
While there are various kinds of rolling bearings in the market, their associated fault detection approaches are analo-
gous. Therefore, one of the most commonly used types of bearings, the single-row deep-groove radial ball bearing, is
selected in this research. These bearings consist of an inner ring, an outer ring, rolling elements (balls), and a cage
(retainer). The inner ring has a groove on its outside diameter with a smooth finishing surface and extremely tight toler-
ances to form a path for the balls.

The inner ring is mounted on the shaft of the motor and rotates with the shaft at the same speed. The outer ring is
the counterpart of the inner ring and has a groove on its inside diameter with a high precision finish. The outer ring is
placed into the housing on the motor case and thus held stationary concerning the motor. The rolling balls are located
between the inner ring and outer ring. These balls have slightly smaller diameters than the grooved ball track, which
allows them to contact the rings at a single point.?® This point contact enables the bearing to rotate with minimal fric-
tion. To achieve point contact, the tolerances are strictly controlled to a micro inch level, as well as the dimensions of
the balls and rings. Accordingly, the performance of a bearing is closely related to the critical surfaces, particularly
those entering the load zone at a given time.*’ The structure of the ball bearing in the BLDC motor is shown in
Figure 6.

3.3 | Stator winding fault

The control of a BLDC motor has become easy and reliable, allowing the motor to be operated over a wide range of
speeds with ease. It has several advantages, including excellent speed-torque characteristics, decent static and dynamic
characteristics, high performance, higher speed ranges up to 10 000 rpm, long service life, and quiet operation. The sta-
tor winding of the BLDC motor is made of stacked laminated steel.>* There are two types of connections: star relation
and delta. The star connection provides high starting torque at slow speeds, while the delta connection provides low
starting torques at slow speeds. The BLDC motors can run on single-phase, two-phase, or three-phase alternating cur-
rents. The three-phase BLDC motor is well-known and widely used.*
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FIGURE 6 Structure of ball bearing in BLDC motor
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FIGURE 7 Schematic diagram of the stator winding in BLDC motor. (A) Connecting type of winding. (B) Structure of stator winding

The rotor parts are made of permanent magnets (PM), which are composite or ferrite magnets that can be used in
2 to 8 pm pole arrangements with the north pole and the south pole alternating. The magnetic flux interaction in the
rotor varies depending on the magnetic material used. The best magnetic material available increases performance. The
majority of rotors used recently are rare earth alloy PM. Figure 7 depicts the schematic diagram of the stator winding in
the BLDC motor.

Furthermore, these alloy magnets improve the size-weight ratio and provide more torque for the same size. The
BLDC motor's commutation is operated electronically using an electronic commutator. The stator windings A1A2,
B1B2, and C1C2 must be energized to operate the BLDC motor. Sensors and sensing elements installed into the stator
winding side at 120° displacement are used to detect the location of the PM rotor. Knowing the location of the PM rotor
using Hall Effect sensors to determine the stator winding (A1A2, B1B2, and C1C2) would be energized first.

3.4 | Electrical faults

For BLDC motors, the permanent magnets replace the rotor windings, thus the electrical faults are mostly stator-related.
Two mains classes of stator winding fault are: (a) the open-phase fault and (b) the shorted turns or the turn-to-turn insula-
tion fault. The former may allow the machine to operate with reduced torque, while the latter can quickly develop into an
insulation failure and the complete breakdown of the machine. An insulation failure normally starts with an interturn
short circuit, which induces a high current and much heat that burns the insulation. If left undetected, turn-to-turn faults
will propagate to the stator core and lead to phase-phase or phase-ground failure. This failure can occur within 60 seconds
for small low-voltage motors and usually lead to irreversible damage to the machine.**

3.5 | Vibration and speed estimation using kalman filter

A Kalman filter evaluates the past estimate and the most current input data to create new estimate data using the recur-
sive approach. As a consequence, the filter just needs to save the previous estimate and may fit the real-time
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requirements of the system.>*> Furthermore, the Kalman filter is a computer-implemented recursive method. The vibra-

tion and rotor speed of the BLDC motor are determined by using the Kalman filter.

The control strategy of a Kalman filter based on line back—EMF and the terminal voltage model of the BLDC

motor as

d(ig_i L

€AB = UaG — uBc;—(L—M) ( 3[ B>—R(IA,IB)
d(ig_i L

eac = UaGg — Mcg*(L—M) ( 2[’ C)fR(lA,lc),
d(ig_i L.

eépc = Upg — Llcc;—(L—M) ( fh’ C)—R(IB_lc)

€pc = €Ac — €4B-
The voltage model is simplified as
d
2 R+E(L—M) 0
U,= d d I, +E;.
R+—(L-M 3|R+—(L—M
-2 3(RegE-m)

State model is established as
Xi1=DrKi+ R Ui + G w(k),
Vi = HiXye +v(k),
where,

Xk = [iap(k) inc(k) eap(k) eac(k) w(k)]T,

T T T
R 2(L-M) 6(L-M) 000
k:
0 r 000
3(L—M)
Uk = [uag (k) uac(k)]",
Vi = lian(k) iac(k)],
[ __RT T 0 0
L-M 2(L—M) T
- 0
0 i T 3(L—M)
®, — L—-M 6(L—M) o 0
0 0 1
0 0 0 1 0
.0 0 0 0 1

(10)

(17)
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where,
ty.1—state equation and estimation error covariance matrices.
ty—state equation and inputs at time.
The state equation is

XK+1|K:‘D’<XK|K—1+K"(yk_HkXK|K—1> (19)
= (Pr— KiHi)X |K-1 + K- (20)
In which,
-1
Ky = ®kPyj 1 Hy (HePyy 1 HY +Re) . (21)

The estimation error covariance matrix prediction equation is,

-1
Pryije = @k [Pk\k—l — Py Hy, (HkPyk—1 Hj, +Ry) HkPk\k—l}q)Iz"‘ GkQG;. (22)
The estimation and the error covariance can be updated by
X =X + P HE (HePr 1 HE +R) (v — HiX (23)
K|K “K|K-1 =1k =1k k K|K-1)
-1
Pk = Pije—1 — Pik—1Hy (HkPix—1Hy +R)  HiPype, (24)

Thus, based on the line back-EMF and vibration estimated by a Kalman filter, a novel commutation strategy is
obtained.

4 | FDD-BASED SPEED CONTROL OF SENSORLESS BLDC MOTOR DRIVE
USING OPTIMIZATION TECHNIQUES

This section firstly presents the various categories of fault in BLDC motor and proposed FDD for speed control of
sensorless BLDC motor drive are discussed. Secondly, the FDD methods to implement in BLDC motor drives are pres-
ented in detail and thoroughly discussed. Figure 8 shows the taxonomy of FDD.

41 | Optimization algorithms

The BA or bat-inspired algorithm was introduced by Yang,"” and GWO is an optimization algorithm is developed by
Mirjalili.'"* The GWO imitates the hierarchy hunting leadership of grey wolves for survival in nature. Grey wolves are
naturally a powerful predator of prey, and it has a characteristic to live in a group size of 5 to 12 wolves.

Seyedali Mirjalili and Andrew Lewis proposed important optimization techniques, namely WOA."**° It is a similar
procedure for the hunting behavior of whales®! that identifies the finest search agent to chase the prey and uses a spi-
rally simulated. The humpback whale can detect the distance and surrounding coverage location with the desired tar-
get. It is noted that humpback whale able to migrate up a coiled track at a depth of about 15 m with the diverse size of
bubbles. It covers the desired target tightly with a massive spider-knotted web and makes the desired target toward the
middle of the coverage location.*>**

The optimal search as shown in Equations (17) and (18)
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D=|C. X" (1) - X (1),

X(t+1)=X"(t)—A.D.

The paths A and C are considered as follows

Humpback is created as shown in the following equation

X(t+1)=D".e" cos (221) + X*(t).

Keep informed of the position as follow

X*(t)—A.D ifp<0.5

X(t+1)=
(t+1) {D’.ebl. cos (2zl) + X*(t) if p>0.5

The equation of the exploration phase as follows
D= |C-Xrand _le

X(t41) =Xyana —A.D,

Fault Detecti(iu and Diagnosis

v v .

Model-Based Knowledge-Based Data Based
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FIGURE 8 Taxonomy of fault detection and diagnosis
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where, t is the current iteration, X* is the position vector, X indicates the position vector of a solution, r is random vector, A is
a random value, b is a constant, p is a random number, X4 is @ random position path, and A and C are coefficient paths.

4.2 | Bearing fault diagnosis using wavelet transforms

The signal denoising methods based on wavelet shrinkage and Dual-Tree Complex Wavelet Transform are described.
Moreover, the kurtosis and the envelope analysis are introduced, both of which are essential tools in bearing fault

"
D¢ —* ThreePhase Bridge */ BLDC
P ) Circuit Inverter "\ Motor
i A A A A g 7 ‘ v Yy
Power S
PWM Pulse Measurements Vibration
Generator & Analyzer Sensor
4
Speed & State Wavelet
Intelligent Estimation using Analysis
Controller Kalman Filter
Set Speed Stator Winding | Bearing Fault I
(Ns) Control Fault
Signal
u(t) v
Gisiierate Fault Detection and Diagnosis Using

Control Signal

Optimization Techniques
(BA, GWO, and WOA)

FIGURE 10 Functional blocks of optimization techniques-based FDD for speed control scheme of BLDC Motor Drive

Signal

BLDC Signal
Motor Acquisition Processing

Optimization = Fault
Techniques Diagnosis

FIGURE 11 Representation of knowledge-based fault diagnosis

TABLE 1 Parameters of optimization algorithm

Bat algorithm (BA)
Population size (Xi)
No of dimension
Number of iteration
Loudness (A)

Pulse rate (R)
Changing frequency
Echolocation

Wavelength

10

10

90

[1, 10]
1-90 kHz
8-10 ms
2-14 mm

Grey wolf optimization (GWO)

Population

S. diffusion

Number of iterations
Lower bounds
Upper bounds

Random walk

10

2

10

[0.001 0.001 0.001]
[20 20 20]

0.75

Whale optimization algorithm (WOA)

Population size (Xi) 10
Random vector 0;1
Number of Iterations 10
Random number (p) —1;+1
Reference whale >1or<1
Probability percentage 50%
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TABLE 2 Bearing and BLDC motor parameters

Bearing parameters Values BLDC motor parameters Values

Model number (N.O) 6207NSE Rated speed (o,) 3000 rpm

Outer diameter (D) 72 mm Number of poles (P) 8

Inner diameter (d) 35 mm Moment of inertia (J) 4.8 x 107% kgm?®
Width (B) 17 mm Torque constant (Kr) 1.52 Nm/A
Number of rolling balls (N,) 11 Voltage constant (Ke) 0.77 V/(rad/s)
Contact angle (0) 0° Winding resistance (R) 48 x 10 *H

l (N) T T T T T T T T

Current [A]

1 i 1 A

=100 - - . :
3978 398 3982 3984 3986 3988 399 3992 3994 3996 3.99%8

Time [s]

FIGURE 12 shows the three-phase currents

diagnosis.”® The implementation of these tools on the fault diagnosis of bearings is discussed. The bearing and stator
winding faults of FDD using optimization techniques are shown in Figure 9.

4.3 | Proposed FDD for speed control of sensorless BLDC motor drive using
optimization techniques

The optimization techniques approach FDD for speed control of sensorless BLDC motor are mainly focused on
two important faults; (a) bearing faults and (b) stator winding faults. The ball or rolling element bearings are used
in the majority of electrical equipment. Each bearing is made up of two rings: an inner and an outer ring. Inside
these rings, a set of balls or rolling components are positioned in raceways and revolve. The mechanical stress fail-
ures can occur even under normal operating circumstances with a balanced load and acceptable alignment. Bear-
ing flaking or spilling can occur when minor components of the bearing come off due to mechanical stress. Other
sources of bearing failure include vibration, intrinsic eccentricity, and bearing currents, in addition to regular
internal working loads.?’

The switching timing is determined by the switching logic. In the sensorless technique, voltage and current values
are measured, and the actual rotor speed is estimated by the Kalman filter algorithm.?® Figure 10 shows the functional
blocks of the FDD for sensorless speed control of the BLDC motor.

The WOA approach is used for the following two purposes: (a) To reduce the error value(s) between given set speed
(Ns) and obtained estimated speed (N,) from system models. A variety of diagnostic procedures have been developed to
date to diagnose BLDC motor defects.
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FIGURE 13 (A) Fault detection for stator current in stator winding of BLDC motor. (B) Fault detection for stator current in stator
winding of BLDC motor. (C) Fault detection for stator current in stator winding of BLDC motor. (D) Fault detection for stator current in
stator winding of BLDC motor
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TABLE 3 Simulation test results under variable speed conditions

Optimization Number of Maximum
S. No Operating conditions techniques misclassifications misclassification time (s) Response time (s)
1 500 rpm, variable load BA-FDD 2 0.08 0.20
GWO-FDD 2 0.13 0.28
WOA-FDD 1 0.06 0.30
2 1000 rpm, variable load BA-FDD 3 0.52 0.36
GWO-FDD 1 0.43 0.36
WOA-FDD 1 0.28 0.42
3 1500 rpm, variable load BA-FDD 3 0.64 0.55
GWO-FDD 2 0.51 055
WOA-FDD 1 0.43 0.67
4 2000 rpm, variable load BA-FDD 2 0.79 0.64
GWO-FDD 2 0.64 0.72
WOA-FDD 1 0.56 0.76
5 2500 rpm, variable load BA-FDD 2 0.88 0.77
GWO-FDD 1 0.72 0.84
WOA-FDD 1 0.65 0.88
6 3000 rpm, variable load BA-FDD 1 0.95 0.86
GWO-FDD 1 0.75 0.95
WOA-FDD 1 0.60 0.96

TABLE 4 Simulation test results under variable load conditions

Optimization Number of Maximum misclassification Response

S. No Operating conditions techniques misclassifications time (s) time (s)

1 20% load, variable speed BA-FDD 3 0.7 1.08
GWO-FDD 3 0.75 1.16
WOA-FDD 2 0.68 1.18

2 40% load, variable speed BA-FDD 4 1.14 1.24
GWO-FDD 2 1.05 1.24
WOA-FDD 2 0.9 1.3

3 60% load, variable speed BA-FDD 4 1.26 1.43
GWO-FDD 3 1.13 1.49
WOA-FDD 2 1.05 1.55

4 80% load, variable speed BA-FDD 3 1.41 1.52
GWO-FDD 3 1.26 1.6
WOA-FDD 2 1.18 1.64

5 100% load, variable speed BA-FDD 3 1.5 1.65
GWO-FDD 2 1.34 1.72
WOA-FDD 2 0.99 1.76

44 | Knowledge-based fault diagnosis

The knowledge-based method uses artificial intelligence (AI) techniques to achieve fault detection through machine
learning, reasoning, and decision making, without the need for a mathematical model of the PM machine. BA, GWO,
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(A) WOA-based fault diagnosis for stator current in stator winding of BLDC motor. (B) WOA-based fault diagnosis for

stator current in stator winding of BLDC motor. (C) BA-, GWO-, and WOA-based fault diagnosis for sensorless BLDC motor
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FIGURE 15 (a) WOA-based fault diagnosis for stator back EMF of BLDC motor. (B and C) WOA-based fault diagnosis for stator back
EMF of BLDC motor

and WOA are some of the most often adopted. The representation of knowledge-based fault diagnosis is shown in
Figure 11.

Deals with the BA, GWO, and WOA approached FDD for speed control of BLDC motor drive under varying load
conditions, varying set speed conditions, and integrated conditions. The effectiveness of the BA-, GWO-, and WOA-
based FDD MATLAB simulation results is analyzed.

5 | RESULTS AND DISCUSSION

This section provides MATLAB/Simulink simulation results of the FDD methods applied to a sensorless BLDC motor,
for the bearing faults and the stator winding faults. In terms of bearings, previous studies show that 90% of faults that
occur in rolling bearings are due to cracks in the inner and outer races.”® Accordingly, four bearing conditions were
considered in this study, namely the normal condition, the outer race fault, the inner race fault, and the presence of
both the inner and outer race faults.>® The vibration of the machine was measured, and optimization techniques were
applied for the diagnosis of these faults. The parameters of the optimization algorithm are shown in Table 1.

The bearing and BLDC motor parameters are shown in Table 2. The evaluate the performance of FDD for sensorless
BLDC motor using optimization techniques such as BA, GWO, and WOA in terms of different simulation setup. Those
optimization techniques are used for the FDD in speed control of the BLDC motor. The proposed design is
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TABLE 5 Accuracy of FDD in sensorless BLDC motor using optimization techniques

Percentage of accuracy (%)

Orthogonal fuzzy
Operating  Optimization Principle component Empirical mode Dynamic neural neighborhood
S.No conditions techniques analysis decomposition networks discriminant analysis
1 1000 rpm BA-FDD 86.5 89.5 91 92.5
GWO-FDD 87.5 90.5 91.5 93.5
WOA-FDD 87.5 91 93 94
2 2000 rpm BA-FDD 85 88 91.5 93
GWO-FDD 85 88.5 92.5 93.5
WOA-FDD 86 90 93 95
3 3000 rpm BA-FDD 85 89 94 94
GWO-FDD 87 91.5 95 95.5
WOA-FDD 88.5 91.5 93 96
4 No Load BA-FDD 84 89 91 92.5
GWO-FDD 84 89 93 93
WOA-FDD 86 91 93 94.5
5 50% Load BA-FDD 84 88 92 93
GWO-FDD 85 89.5 92.5 93.5
WOA-FDD 86 90 93 95
6 100% Load BA-FDD 88 91 92 95
GWO-FDD 88.5 91 93.5 96
WOA-FDD 89.5 92 93.5 97

TABLE 6 Accuracy of bearing fault under various operating conditions

S.No Operating conditions Bearing faults = Percentage of accuracy in simulation test Percentage of fault reduction

1 1000 rpm Inner 98.60 6
Outer 97.54 5
Ball 96.23 6
2 2000 rpm Inner 97.56 6
Outer 96.11 5
Ball 95.25 6
3 3000 rpm Inner 96.47 5
Outer 95.72 5
Ball 95.12 6
4 No load Inner 96.33 6
Outer 97.52 5
Ball 95.61 6
5 50% Load Inner 96.23 5
Outer 95.14 6
Ball 95.06 7
6 100% Load Inner 97.25 6
Outer 96.45 7
Ball 95.36 9
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TABLE 7 Results of 10 consecutive fault diagnosis in the MATLAB simulations

Accuracy of optimization techniques iteration (%)

Operating conditions Optimization techniques 1 2 3 4 5 6 7 8 9 10 Average
1000 rpm BA-FDD 88.5 865 845 826 856 874 86,5 895 89.0 836 864
GWO-FDD 88.6 894 876 925 965 948 928 934 956 914 923
WOA-FDD 915 926 905 936 975 949 956 968 965 96.0 94.6
2000 rpm BA-FDD 89.3 873 853 834 864 882 873 903 89.8 844 871
GWO-FDD 89.3 902 883 933 973 956 936 942 964 922 93.0
WOA-FDD 923 933 913 944 983 956 964 976 973 96.7 953
3000 rpm BA-FDD 90.7 887 86.6 847 877 89.6 887 917 912 857 885
GWO-FDD 90.8 91.6 89.7 948 989 972 951 957 98.0 93.7 94.6
WOA-FDD 93.8 949 928 959 999 972 98.0 992 99.0 984 96.9
No Load BA-FDD 885 86.5 845 826 856 874 86.5 895 89.0 83.6 864
GWO-FDD 88.6 894 876 925 965 948 928 934 956 914 923
WOA-FDD 91.5 926 905 936 975 949 956 968 96.5 96.0 94.6
50% Load BA-FDD 90.7 88.7 86.6 847 877 89.6 8387 917 912 857 88.5
GWO-FDD 90.8 91.6 89.7 948 989 972 951 957 98.0 937 94.6
WOA-FDD 93.8 949 928 959 999 972 98.0 992 99.0 984 969
100% Load BA-FDD 920 900 879 859 890 909 900 931 926 869 89.8
GWO-FDD 921 930 911 962 970 986 96.5 971 994 951 956
WOA-FDD 952 963 942 973 965 986 970 973 976 99.8 97.0
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FIGURE 17 Simulated vibration signal from faulty bearing
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FIGURE 18 Simulated vibration signal from a faulty bearing

implemented using MATLAB/SIMULINK simulation tool. The performance of the proposed FDD methods is compared
with the existing techniques in sensorless speed control of BLDC motor using BA, GWO, and WOA techniques.
Figure 12 shows the three-phase current in the BLDC motor.
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