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Traditionally Envelope Detection (ED) is implemented for detection of rolling element bearing faults by
extracting the envelope of band-passed vibration signal and thereafter taking its Fourier transform. The
performance of ED is highly sensitive to the envelope window (i.e. central frequency and bandwidth of
the passband). This paper employs Particle Swarm Optimisation (PSO) to select the most optimum envel-
ope window to band pass the vibration signals emanating from rotating driveline that was run in normal
and with faults induced rolling element bearings. The envelopes of band-passed signals were extracted
with the help of Hilbert Transform. The performance of ED whose envelope window was optimised by
PSO to identify various commonly occurring bearing faults such as bearing with Outer Race Fault
(ORF), Inner Race Fault (IRF) and Rolling Element Fault (REF) were checked under varying load conditions.
The performance of ‘ED enhanced by PSO’ was also checked with increase in the severity of defect. It was
shown that the improved ED method is successfully able to identify all types of bearing faults under dif-
ferent load conditions. It was shown that the by selecting envelope window by PSO makes ED especially
useful to identify bearing faults at the incipient stage of defect. It was also shown by presenting compar-
ative performance that by optimising the envelope window by PSO the performance of ED gets signifi-
cantly enhanced in comparison to the traditional ED method for bearing fault diagnosis.
� 2017 Society for Computational Design and Engineering. Publishing Services by Elsevier. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Rolling element bearings or ball/roller bearings are most com-
mon machine component of any rotating machinery used in indus-
try. Rolling element bearings endure heavy loads under industrial
operating conditions and structural faults, such as wear, pitting,
or spall may occur after a long period of running (Randall &
Antoni, 2011). A defect in bearing if remain undetected would
cause its break down and may ultimately cause catastrophic failure
of the machinery. Therefore early detection of bearing defects is
most important for effective condition monitoring of industrial
plant.

Changes in vibration signals are often an indication that fault is
developing in machinery. Measuring the vibration of machine with
the help of accelerometer mounted on the bearing housing and
monitoring changes in characteristic defect frequency is an estab-
lished method for machinery fault assessment. However, it is diffi-
cult to identify the bearing defect frequency in vibration spectrum
and Engineering. Publishing Servic
icense (http://creativecommons.org

Computational Design and

ahi).
as common bearing defects are pits or spalls located at outer race,
inner race and on the rolling element. These defects generate a ser-
ies of impacts as rolling element passes over the defect due to the
metal to metal contact. The resultant vibrations in time domain are
sharp peaky bursts. It is difficult to identify the defect frequency in
spectrum as these impact vibrations distributes their energy over
wide range of frequencies; the bearing’s characteristic defect fre-
quency contains low energy (Norton & Karczub, 2003) and hence
it get masked by broadband noise and other low frequency effects.

Simple frequency domain or time domain analysis of raw vibra-
tion signal is unable to detect the ball bearing faults (Mathew,
1984). Various researchers have tried to solve this problem using
wide range of techniques such as spectral kurtosis (Antoni,
2007), improving the SNR by use of adaptive noise cancelling
technique (Chaturvedi & Thomas, 1982). Wavelets have also been
used for bearing fault diagnosis due to its ability of generating
multi resolution analysis (Peng & Chu, 2004; Peter & Wang,
2013; Prabhakar, Mohanty, & Sekhar, 2002). However, Envelope
Detection (ED) also known as High Frequency Resonant Technique
(HFRT) has been used most successfully for bearing fault detection
over the years because the envelope signals provide much more
diagnostic insight than the raw signals (Tandon & Choudhury,
1999). A reviews of Envelope Detection have been presented by
es by Elsevier.
/licenses/by-nc-nd/4.0/).
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Nomenclature

u contact angle
a(t) envelope signal
Bd ball diameter
BPFI Ball Pass Frequency Inner Race
BPFO Ball Pass Frequency Outer Race
BPFR Pass Frequency Rolling Element
c1 self confidence factor
c2 swarm confidence factor
ED Envelope Detection
f fitness function
g constraint function
H(x) frequency response of Hilbert transform
HFRT High Frequency Resonant Technique

n Number of balls
Pd Pitch diameter
pgk position of the particle with best global fitness at cur-

rent move k
pi best position of particle i in current and all previous

moves
rand uniformly distributed rand variable between 0 and 1
vk position of particle i in the design space at time k
w inertia factor
xk position of particle i in the design space at time k
x(t) acquired vibration signal
hatx (t) Hilbert transform of x(t)
~~x (t) analytic signal
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Randall and Antoni (2011) and McFadden and Smith (1984). Every
time a rotating elements passes over the defect on mating element,
a pulse of short duration is generated that excites the resonances.
This excitation happens periodically at the characteristic frequency
that is related to the location of the defect. The resultant vibration
is and amplitude modulated signal with resonant frequency as the
carrier frequency whose amplitude is modulated at the character-
istic defect frequency. By demodulating at one of these resonances,
a signal indicative of the bearing condition can be obtained.

The ED technique involved bandpassing the vibration signal
while keeping the central frequency of passband at one of the res-
onance and using the filter of bandwidth equal to 3 to 4 times the
highest characteristic defect frequency of the bearing (McFadden
and Smith (1984). Although the ED has been proved to be an effec-
tive technique for detection of bearing faults but its performance
degrade if the selected central frequency and bandwidth of band-
pass filter is not optimum. It has been shown by Bechhoefer and
Menon (2009) that instinctively placing the envelope band at the
resonant frequency is fraught with danger of misidentification of
bearing fault and may lead to catastrophic failure. A selective
envelope detection method that places the envelope window out-
side of the structural resonance has been reported in Courrech
(2000), Barkov, Barkova, and Mitchell (1995). A spectral kurtosis
method for selection of optimum envelope window was presented
in Bechhoefer, Menon, and Kingsley (2011).

Particle Swarm Optimization (PSO) is a technique used to
explore the search space of a given problem to find the settings
or parameters required to maximize a particular objective
(Blondin, 2009). Working of PSO is inspired by the collaborative
behavior of bird flock or school of fish (Poli, Kennedy, &
Blackwell, 2007). Ever since its introduction PSO has been enor-
mously successful. In past two decades many successful applica-
tions of PSO have been reported from disparate and wide ranging
fields such as Biological and pharmaceutical applications (Selvan
et al., 2006), bandwidth and channel allocation in communication
system (Zhang, Hu, & Zhu, 2010), clustering and classification
(Huang, 2011), control (Gaing, 2004), power system optimization
(AlRashidi & El-Hawary, 2009). Recently various researchers have
presented hybrid methods where PSO was combined with other
soft computing techniques for diagnosis of machinery faults (Liu,
Cao, Chen, He, & Shen, 2013; Quan, Yongqian, & Yongping, 2012;
Sun, Huang, & Huang, 2013; Xiang, Huang, Huang, & Hu, 2006).
Inspiration behind this paper is to present a Particle Swarm Opti-
mization based method that will enable selection of optimum
envelope window. That will enable diagnosis of bearing fault in
the spectrum of the enveloped vibration signal, with high success.
It is shown in this paper how PSO optimizes the performance of ED
by selecting the most optimum envelope window (i.e. the central
frequency and bandwidth of band-pass filter) to band-pass the
vibration signal prior to extraction of its envelope.

Experimental setup included an electric motor rotating a drive-
line that was connected to dynamometer and rested on ball bear-
ings. Faults of varying size were artificially introduced in outer
race, inner race and rolling element of bearings and vibration data
were collected at various loads. It has been shown that the ED
improved by PSO is able to perform better than the traditional
ED method and it was also shown that the improved ED method
is able to detect all three types the bearing faults at various stages
of defect.

2. Defective bearing and its vibration signal

Rolling element bearings produces vibrations and noise even if
they are in good condition. As the bearing rotates the position of
balls/rollers of bearing change their position relative to the load.
This change in relative position of load and balls (with rotation
of the bearing) causes vibrations due to change in total stiffness
of bearing assembly (Liu & Shao, 2015). Apart from the inherent
bearing vibrations due to changing stiffness; emergence of loca-
lised discreet defect such as pit, spall or crack on outer race, inner
race or on the rolling element causes an increase in overall vibra-
tion levels. As and when rolling element (ball/roller) passed over
localized discreet defect on outer or inner race of bearing, there
is an abrupt change in the contact stresses at the edge. This gener-
ates a high-level short duration (impulsive) force. This impulsive
force excites the bearings structural resonance resulting in high
frequency damped oscillations (refer Fig. 1) that are periodically
repeated at the frequency of rolling element passing over the
defect.

The bearing characteristic defect frequencies are calculated
from geometric dimensions of the bearing, number of balls and
shaft frequency as given below:

Ball Pass Frequency Outer Race

BPFO ¼ n
2
RPM
60

1� Bd

Pd
cos ;

� �
Ball Pass Frequency Inner Race

BPFI ¼ n
2
RPM
60

1þ Bd

Pd
cos ;

� �
Pass Frequency Rolling Element

BPFR ¼ Pd

2Bd

RPM
60

1� Bd

Pd

� �2

cos2 ;
" #



Fig. 1. Vibration signal from bearing with outer race fault.

Fig. 2. Spectrum of bearing with outer race fault.
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where Bd is Ball diameter, Pd is Pitch diameter, n is number of balls
and u is the contact angle (Randall & Antoni, 2011).

As illustrated in Fig. 2 the bearing’s characteristic defect fre-
quencies are not evident in the frequency spectrum. The spectrum
of defective bearing typically shows energy concentration and
large peaks in high frequency range (>2 kHz) as the impacts excite
various structural resonances of the bearing.
3. Envelope detection (ED)

To solve this problem of non-detection of bearing characteristic
defect frequencies in direct spectrum of vibration signal; envelope
detection (also known as High Frequency Resonant Technique
[HFRT]) have been employed for bearing fault detection (Barkov
et al., 1995; Bechhoefer & Menon, 2009; Bechhoefer et al., 2011;
Courrech, 2000; McFadden & Smith, 1984; Randall & Antoni,
2011; Wang, Miao, Fan, & Huang, 2009). The main premise behind
ED is that the impulsive force due to passage of rolling elements
over the defect excites the bearings structural resonance. The res-
onances are thus amplitude modulated at the characteristic defect
frequency and by demodulating one of these resonances, envelope
signal indicative of the bearing condition can be recovered.

There are three main steps involved in implementation of ED. In
first step vibration signal is band-passed which removes the high
frequency random noise as well as the ‘large’ low-frequency com-
ponents and only the burst of high frequency vibrations remains as
shown in Fig. 3(a) and (b). Next, an ‘‘envelope” of band passed sig-
nal is traced around the bursts in the time waveform (Fig. 3(c)) by
using the Hilbert Transform. In last step, the envelope signal is con-
verted into frequency domain (Fig. 3(d)) for analysis. In the con-
ventional ED techniques the central frequency of band pass filter
is selected to coincide with the resonance in frequency spectrum
and choose the passband equal to 2–4 times the highest character-



Fig. 3. Envelope detection process. (a) Unfiltered time domain signal, (b) band passed signal, (c) envelope of band passed signal, (d) spectrum of envelope.
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istic defect frequency (McFadden & Smith, 1984; Norton &
Karczub, 2003; Tandon & Choudhury, 1999).

ED is a good technique but traditional method of automatically
placing the envelope window (i.e. selected central frequency and
bandwidth of bandpass filter) at the resonant peak in vibration
spectrum frequency can lead to misidentification. A case of catas-
trophic failure of an utility helicopter oil cooler fan bearing was
reported in Bechhoefer and Menon (2009). The failure was caused
by due to placement of envelope analysis window at resonance
that was not excited by bearing faults. Apart from possible
misidentification problem another significant aspect is degradation
in performance the ED system if the envelope window is not
selected properly.

Various researchers have improvised the conventional ED by
hybridizing it with SVM (Yang, Yu, & Cheng, 2007) or with Wave-
lets (Fan & Zuo, 2006; Wang et al., 2009). A selective envelope
detection method that places the envelope window outside of
the structural resonance has also been reported in Courrech
(2000) and Barkov et al. (1995). Bechhoefer et al. (2011) presented
a method to select the bearing envelope analysis window using
spectral kurtosis technique. Tang, Wang, and He (2016) used
cuckoo search algorithm to maximize the maximum correlated
kurtosis deconvolution method to extract each fault signal from
the compound fault signals.

Work presented in this paper started with the hypothesis that
possible reason why sometimes the performance of ED is not ade-
quate is because the conventional ED relies on preselecting the
central frequency and bandwidth of band-pass filter. The reso-
nance frequency that is selected to match the central frequency
of band-pass filter may not have been excited by bearing fault. Res-
onance could get excited by impulses from other machine ele-
ments, such as the meshing of gears, may also excite the
resonance. This defeats the main purpose of the ED.
ptem
ber 2023
4. Particle Swarm Optimisation (PSO)

Ideally, to select most optimum combination of band-pass filter
central frequency and bandwidth full gamut of frequency spread of
the vibration spectrum forms the possible solution space. The vast
spread of bearing vibration spectrum (typically 0–40 kHz) necessi-
tates use of a suitable optimization technique to select the central
frequency and bandwidth that would maximize the performance
of ED.

Particle Swam Optimization (PSO) is an evolutionary computa-
tion technique that was proposed by Kennedy and Eberhart in
1995 (Eberhart & Kennedy, 1995). PSO is inspired by the social
behavior of flock of bird or school of fish. PSO is an algorithm based
on the group (swarm) behavior. The algorithm searches for the
optimal value by sharing the cognitive and social information
among the particles in the solution space.

There are three main steps in the PSO algorithm. First step is to
generate particles with their positions and velocities, in second
step the particle velocities are updated, and lastly the positions
of particles are updated (Hassan, Cohanim, De Weck, & Venter,
2005). The particles are spread all over the search space and they
update their position in each iteration based on interaction with
all other particle in the swarm. In the first step the initial positions,
xik, and velocities, vik, of complete swarm of particles are randomly
generated so as to lie within upper and lower limits of the variables
values i.e. xmin and xmax; as given below:

xi
0 ¼ xmin þ randðxmax � xminÞ

vi
0 ¼ position

time
¼ xmin þ randðxmax � xminÞ

Dt

Above equations initializes the swarm by distributing the parti-
cle randomly in complete search space of variable subject to upper
and lower bounds.

In the second step velocities of particles at k + 1th iteration is
updated by calculating fitness values of all particles which depends
upon current positions of particles in search space at iteration k.
Fitness function value is calculated for all particles at each itera-
tion. With this the particle that has best global value in the swarm
is identified. Hence, pg

k the position of global best particle in iter-
ation k is also identified. Also individual best position of each par-
ticle pi in current iteration and all previous iterations is
determined. The equation (given below) for velocity update of par-
ticles uses these two details and adds pg

k and pi to the velocity vec-
tor vik for each particle in the swarm, to provide a new search
direction, vik+1, for k + 1 iteration. New velocity vik+1 is influenced
by three parameters such as current velocities of particles vik, par-
ticle’s own memory (i.e. personal best pi), and swarm influence (i.e.
position of global best particle pg

k). All these three components are
summed up as per velocity update equation shown below. The
velocity update equation is the weighted sum of current velocity,
particle’s own memory and swarm influence by multiplying them
respectively with inertia weight ‘w’, cognitive parameter ‘c1’ and
social scaling parameter ‘c2’:

vi
kþ1 ¼ wvi

k

zffl}|ffl{current motion

þc1 rand
ðpi � xi

kÞ
Dt

zfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflffl{partcle memory influence

þc2 rand
ðp g

k � xi
kÞ

Dt

zfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflffl{swarm influence

The factor wvi
k in above equation denotes current motion of particle

i. It is the velocity of ith particle at iteration k multiplied by inertia
weight w. The inertia weight was decreased linearly from about 0.9
to 0.1 during run of algorithm to improve the optimisation perfor-
mance of algorithm (Eberhart & Shi, 1998).

The factor rand
ðpi�xi

k
Þ

Dt represents influence of ith particle’s own
memory. It is consisting of position vector of the difference in par-
ticle’s previous best position pi (in present all past iterations) and
xik that is the position of ith particle in the search space at iteration
k. The own memory influence of particle is multiplied with cogni-
tive parameter ‘c1’ which is varied between 1.5 and 2 (Hassan
et al., 2005; Shi & Eberhart, 1998).

The factor rand
pg
k
�xi

kð Þ
Dt represents swarm influence on particle i.

It is made up of difference in position vector pg
k (global best posi-

tion) and xik (position of ith particle in the search space at iteration
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k). The swarm influence is multiplied with social scaling parameter
‘c2’ that was varied between 2 and 2.5 for best results (Hassan
et al., 2005; Shi & Eberhart, 1998).

In each iteration the position update of particles is the third and
last step. New position of particle is calculated using the updated
velocity and adding to the current position as shown below:

xi
kþ1 ¼ xi

k þ vi
kþ1Dt

All three steps PSO are repeated iteratively until the stopping crite-
ria is met. The stopping criteria is generally the lower bound of
change in value of objective function e in each iteration that is given
by:

jf ðp g
k Þ � f ðp g

k�qÞj 6 �; q ¼ 1;2; . . . S

In the PSO algorithm that is implemented in this paper uses the
specified number of moves, S = 100 and e = 10�5.

Optimization by evolutionary computation techniques such as
PSO or genetic algorithms (GAs) is quite effective as they ensure
convergence to global minima. PSO was selected as optimizer in
this paper as PSO has simpler implementation, lower computa-
tional complexity, faster convergence rate than GA (Hassan et al.,
2005; Kennedy, Kennedy, Eberhart, & Shi, 2001). However the most
important consideration to select PSO was that PSO has very few
parameters to adjust that require very slight variations (or none
at all) and works well in a wide variety of applications (Shi,
2001). In fact PSO has some advantages over GA such as interaction
in the group enhances progress toward the solution rather than
detracting as in case of GA.

Further, a particle swarm system has memory, which the
genetic algorithm has in limited sense when elitism is employed.
In particle swarm optimization, individuals who ‘fly past’ optima
are pulled to return toward them as knowledge of good solutions
is retained by all particles. Due to these reasons many researchers
have used PSO for machinery fault diagnosis (Kanović, Rapaić, &
Jeličić, 2011; Samanta & Nataraj, 2009; Yuan & Chu, 2007). PSO
has been successfully used specifically for bearing fault diagnosis
(Liu et al., 2013; Xu & Chen, 2013; Zhu, Song, & Xue, 2014).

5. Hilbert transform

The Hilbert transform is defined as convolution of time domain
signal x(t) with function 1/pt (Carcaterra & Sestieri, 1997). It is
time-domain transform that maps a real-valued time domain sig-
nal x(t) to another time domain signal hatx (t) as given below:

x̂ðtÞ ¼ 1
p

Z þ1

�1

xðtÞ
t � s

ds

Hilbert Transform in frequency domain act as p/2 phase shifter. All
positive frequencies get a �90� phase shift and all negative frequen-
cies of a signal get a +90� phase shift. The frequency response func-
tion of a Hilbert Transformer has the following property:

HðxÞ ¼ �j for x > 0
j for x < 0

�
Because Hilbert transform is a frequency-independent 90� phase
shifter, the non-stationary characteristics of the modulating signal
are not influenced by taking Hilbert transform of the signal. Demod-
ulation which is extraction of functions of amplitude modulation as
well as phase modulation can be achieved by forming a complex

valued time-domain signal ~~x (t) that is called as analytic signal.
The analytic signal is obtained by summing up the phase shifted
and original signals as follows:

~~xðtÞ ¼ xðtÞ þ jx̂ðtÞ ¼ aðtÞej;t
Envelope and phase can be extracted from this analytic signal as
follows:

aðtÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x2ðtÞ þ ~~x2ðtÞ

q

;ðtÞ ¼ tan�1 x̂ðtÞ
xðtÞ

� �

Analytic signal is a complex time series. Envelope ac be obtained
from this by taking magnitude of analytic signal added with the
original time domain signal x(t). The modulations present in the
signal are revealed in the envelope (Fan & Zuo, 2006). The modula-
tions caused by faulty bearings in band-passed signal can also be
revealed in this way. The frequency of impacts can thus be obtained
by taking FFT of the envelope.
6. Experimental setup

Vibration signals used in this research were provided by the
CWRU bearing data center (Loparo). The experimental test stand
is shown in Fig. 4, the test stand comprised of a 4 hp motor driving
a shaft on which a torque transducer and a dynamometer were
mounted. The bearing under analysis supported the motor shaft
at the drive end. The bearings under analysis were introduced with
only one type of fault at only one location. Fault measuring 7 mils,
14 mils and 21 mils in diameters were introduced to the bearings
using spark erosion method. The fault depth was kept at 0.011 mils
for all type of faults. Bearing type 6205-2RS JEM SKF, deep groove
ball bearing was used for analysis and it was installed at the motor
drive end. Geometric details and characteristic defect frequencies
of bearing are given in Table 1.

Vibration data (acceleration) was collected for 5 s duration at a
sampling frequency of 48,000 samples per second. The data was
collected by magnetically mounting accelerometers on the bearing
housing. Accelerometers were located at the 6 o’clock position on
the bearing housing. Outer raceway faults (ORF) are the stationary
type of faults and therefore they are sensitive to the relative loca-
tion of fault and accelerometer. During recording of vibration data
for ORF the position of both fault and the accelerometer was kept
at 6 o’clock which lies in the load zone of bearing. Vibration data
was recorded for four discreet motor loads of 0, 1, 2 and 3 hp. With
increase in load the motor speeds reduced from 1797 to 1720 RPM.
Three types of faults i.e. Outer raceway faults (ORF), Inner raceway
fault and Rolling element fault (REF) were studied. Total 36 cases of
various combinations of load, fault type and fault severities were
formed. The details of 36 different cases are given in Table 2.
Fig. 4. Experimental setup.



Table 1
Bearing geometric details and characteristic defect frequencies.

Size: (mm)

Inside Diameter Outside Diameter Thickness Ball Diameter Pitch Diameter

25 52 15 7.94 39.04

Defect frequencies: (multiple of running speed in Hz)
Outer race fault (ORF) Inner race fault (IRF) Rolling Element fault (REF)
3.5848 5.4152 4.7135

Table 2
Different cases formed by combinations of bearing fault type, size and load.

Case Fault Type Fault diameter Load (hp) RPM Defect frequency (Hz)

1 ORF 0.00700 0 1797 107.6
2 ORF 0.00700 1 1772 106.3
3 ORF 0.00700 2 1750 104.9
4 ORF 0.00700 3 1730 103.4
5 ORF 0.01400 0 1797 108.1
6 ORF 0.01400 1 1772 106.0
7 ORF 0.01400 2 1750 105.2
8 ORF 0.01400 3 1730 103.7
9 ORF 0.02100 0 1797 107.6
10 ORF 0.02100 1 1772 106.0
11 ORF 0.02100 2 1750 104.6
12 ORF 0.02100 3 1730 102.9
13 IRF 0.00700 0 1797 162.2
14 IRF 0.00700 1 1772 159.9
15 IRF 0.00700 2 1750 157.9
16 IRF 0.00700 3 1730 156.1
17 IRF 0.01400 0 1797 162.2
18 IRF 0.01400 1 1772 159.9
19 IRF 0.01400 2 1750 157.9
20 IRF 0.01400 3 1730 156.1
21 IRF 0.02100 0 1797 162.2
22 IRF 0.02100 1 1772 159.9
23 IRF 0.02100 2 1750 157.9
24 IRF 0.02100 3 1730 156.1
25 REF 0.00700 0 1797 141.2
26 REF 0.00700 1 1772 139.2
27 REF 0.00700 2 1750 137.5
28 REF 0.00700 3 1730 135.9
29 REF 0.01400 0 1797 141.2
30 REF 0.01400 1 1772 139.2
31 REF 0.01400 2 1750 137.5
32 REF 0.01400 3 1730 135.9
33 REF 0.02100 0 1797 141.2
34 REF 0.02100 1 1772 139.2
35 REF 0.02100 2 1750 137.5
36 REF 0.02100 3 1730 135.9
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7. Improving ED by optimisation of envelope window

The first step of conventional ED process is band-passing bear-
ing vibration signal that is obtained in Section 6 above. Conven-
tionally, the envelope window is kept at one of the bearing’s
resonance. The resonance central frequency of the bandpass filter
is tuned to the resonant frequency in the spectrum while keeping
the passband equal to thrice the highest defect frequency of bear-
ing. The basic idea to select the resonance is that the impulsive
force due to passage of rolling element over the defect excites
the bearings structural resonance. The vibration at resonance fre-
quency are thus amplitude modulated and by demodulating the
bandpass signal one can obtain a signal that contains impact occur-
ring frequency. The performance of conventional ED degrades sig-
nificantly if central frequency and band width are not correctly
chosen (refer Figs. 6 and 7). Further, the conventional ED works
on premise that resonances are caused by bearing faults, which
is not always the case. In running machinery resonance captured
by accelerometer may not be bearing resonance and could have
been caused by impulse type of force due to a machinery compo-
nent not related to bearing (Bechhoefer & Menon, 2009).

The amplitude of envelope spectrum is dependent upon the
central frequency (Fcf) of bandpass filter, bandwidth (W) of the
passband by which the signal has been passed prior to extraction
of envelope. Since the spectrum is a plot of amplitude vs. fre-
quency; the amplitude of envelope spectrum varies with the fre-
quency. However, the amplitude at the bearing characteristic
defect frequency (Acdf) such as BPFO, BPFI and BPFR are the func-
tion of the central frequency (Fcf) of bandpass filter and its band-
width (W):

Acdf ¼ f ðFcf ;WÞ
In this paper selection of envelope window is done by using PSO. As
peak at defect frequencies in the envelope spectrum varies with
variation of central frequency and bandwidth of band-pass filter;
the PSO is implemented by maximising the peak of the bearing
characteristic defect frequency Acdf in the envelope spectrum. The
central frequency (Fcf) and bandwidth (W) were kept as indepen-



Fig. 5. Improved ED process flow.
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dent variables. The central frequency and bandwidth of band-pass
filter were optimised by PSO so as to achieve highest peak at the
desired bearing characteristic defect frequency in envelope
spectrum.

The complete process of improved Envelope Detection is sum-
marised in flow diagram in Fig. 5. The initial three steps of the
improved ED process are same as that of traditional ED process.
The envelope of vibration signal is extracted by keeping the envel-
ope window at resonance and thereafter spectrum of envelope is
taken. In fourth step peaks at corresponding defect frequency is
selected for maximising by searching for most optimum central
frequency and bandwidth by using PSO. In fifth step, envelope is
obtained after bandpassing the vibration signal through the opti-
mised envelope window that was obtained in previous step. There-
after, spectrum of envelope is extracted and peaks at defect
frequencies are checked for how much amplification and Peak to
Mean Ratio (PMR) has been attained (refer details in Section 8).
In sixth step the amplification and PMR obtained are checked if
they both are found more than 10 and 3 respectively then output
that bearing is having Outer race fault/Inner race fault/Rolling Ele-
ment Fault is given out otherwise it indication that bearing is in
good condition is produced.



Fig. 6. Envelope window as per conventional and improved ED processes.

Fig. 7. Comparison of envelope spectrum as per improved and conventional ED.

Table 3
PSO parameters.

Parameter Symbol Value

Lower bound of variable search
(VarMin)

Fcf 2000 Hz
W 20 Hz

Upper bound of variable search
(VarMax)

Fcf 25000 Hz
W 4000 Hz

Self confidence factor c1 2
Swarm confidence factor c2 2
Inertia factor w 0.99 and reducing in each

iteration by 0.01 up to 0.4
Swarm size – 100
Lower bound of change in value

of objective function
– 1.0 e�06
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In the improved ED process the envelope is obtained by making
the analytic signal of the bandpassed signal using Hilbert trans-
form as explained in Section 5. Thereafter the envelope signal is
converted to frequency domain for analysis. PSO parameters used
in the improved ED process are as per Table 3.

The improved ED process has suggested different central fre-
quency and bandwidth than that of conventional ED. Fig. 6 displays
the spectrum of vibration signal recorded for case 1 i.e. ORF with 7
mils dia fault size and 0 hp load. Two distinct resonances (at
3446 Hz and 2800 Hz) can be seen in the spectrum shown in
Fig. 6. Red rectangles depict the envelope window of the conven-
tional ED process. The PSO improved process has suggested a dif-
ferent envelope window (i.e. central frequency and bandwidth)
as shown in green rectangle in Fig. 6. The envelope spectrum
obtained from conventional ED process and by the PSO improved
ED process is shown in Fig. 7. It can be seen in Fig. 7 that by using
the improved ED process the peak (at BPFO) has been significantly
increased in magnitude in comparison to traditional ED process.
Fig. 8 presents the peak magnitude at bearing defect frequencies
in envelope spectrum obtained for ORF, IRF and REF in traditional
manner (blue colour) and compared with peak magnitude
obtained by using PSO to select optimum pass band. Fig. 8 displays
the increase in peak at defect frequencies of envelope spectrum



Fig. 8. Comparison of envelope spectrum peaks at defect frequency for traditional ED and ED process improved by PSO.
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that is achieved by using the PSO enhanced ED process for twelve
cases with defect size Ø of 7 mils. It is evident that the ‘PSO
enhanced ED process’ has significantly increased amplitude for
11 out of all 12 cases presented.

8. Performance of improved ED process

Fig. 9 presents plots of spectrums of bearing signals without
extracting the envelope along with spectrum of its corresponding
envelope. Fig. 9. presents analysis for case 1 (ORF at 0 hp load
and defect size 7 mils) and case 25 (REF at 3 hp load defect size
21 mils). It can be seen from Fig. 9 that it is not possible to detect
the characteristic defect frequency in spectrum of vibration signal
without extracting the envelope. However, in the spectrum of
envelope that has been extracted by employing the PSO enhanced
‘improved ED’ process the bearing characteristic defect frequency
is clearly visible. The use of improved ED process has ‘magnified’
the peak at the characteristic defect frequency and made it possible
to detect the bearing condition.

For case 1; the magnitude of peak at bearing characteristic fre-
quency in vibration spectrum (without envelope) is 0.0012 g
whereas, in envelope spectrum the magnitude of peak is
1.1081 g. Hence, the use of improved ED process has amplified
the peak by 923 times. This amplification at characteristic defect
frequency has enabled the detection of bearing characteristic
defect frequency in the envelope spectrum.

Fig. 10 presents the amplification achieved in all 36 cases (as
per Table 2) that were studied. The improved envelope process
has amplified the amplitude of defect frequency peak in the envel-
ope spectrum for all 36 cases. The amplification is achieved for all
types of cases irrespective of type of fault, fault size and load. For
ORF the amplification varied from minimum 26 in case 6 to max-
Fig. 9. Performance of im
imum 923 in case 1. For IRF the amplification varied from mini-
mum 30 in case 18 to maximum of 397 in case 23. For Rolling
Element Fault (REF) the amplification achieved varied from mini-
mum 11 in case 32 to 108 in case 33. The amplification achieved
for fault on rolling element is least (case Nos. 25 to 36). This could
possibly due to nature of ball (rolling element) fault. In case of ball
fault the impulsive vibration occur whenever the fault on ball
strikes the outer or inner races of the bearing. Due to the spherical
shape of the ball; mating of defective pit on ball with both the
races on each spin of ball is not certain. Further, the impact due
to ball defect takes place alternatively on inner race and outer race.
This causes difference in the vibration that is received at the
accelerometer, which is quite different due to different system
response. The difference in system response for strike that takes
place on different races of bearing is due to the different path of
travel taken by vibration to reach the vibration pickup.

Amplification alone is not true measure of effectiveness of the
defect identification. Peak to Mean Ratio (PMR) which is a measure
of how much high the peak at the characteristic defect frequency
stands in comparison to its mean peak level in spectrum of envel-
ope is a matter of great relevance. Fig. 11 displays envelope spec-
trum for ORF at zero load and fault size of 7 mils (case 1). Fig. 11
shows how PMR of 89.7 was achieved in case1. Fig. 12 shows the
PMR that was achieved in all 36 cases that were studied in present
research. It can be seen from the plot that high PMR 5 to 200 was
achieved by outer race fault defect (ORF). PMR was also high (2 to
200). However, the inner race faults (IRF) the PMR achieved was
low (less than 5). Eight out of twelve inner race defect cases stud-
ied (case No. 13 to 24) had PMR values less than 3. These cases
could have been misclassified as good bearing if only the criterion
of PMR > 3 had been applied. Although, by use of PSO the peak at
the BPFI was amplified substantially still the PMR remained low.
proved ED process.

23



Fig. 10. Amplification of characteristic defect frequency peak by using improved ED.

Fig. 11. PMR calculation for case 1.

Fig. 12. Case wise PMR of envelope spectrum.
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Reason for low PMR for inner race faults is possibly due longer and
complicated path of travel of vibrations from defect site till the
accelerometer. This causes much diminished peak at defect fre-
quency (BPFI) in the conventional envelope spectrum. The applica-
tion of PSO enhanced method is unable to enhance the peak to the
extent that will make PMR > 3 in most of the cases of inner race
faults.
Table 4
Amplification and PMR achieved for bearing in good condition by maximising
characteristic defect frequency peaks.

Peak frequency
maximised by PSO

Corresponding
defect

Load Amplification PMR

105.9 Hz ORF 0 hp 7.9 1.79
162.7 Hz IRF 0 hp 1.74 2.07
142.1 Hz REF 0 hp 26.0 1.97
106.7 Hz ORF 1 hp 7.6 11.58
159.9 Hz IRF 1 hp 1.18 3.61
140.1 Hz REF 1 hp 11.6 2.18
104.9 Hz ORF 2 hp 6.41 5.52
157.5 Hz IRF 2 hp 0.12 3.00
137.7 Hz REF 2 hp 18.2 1.53
103.4 Hz ORF 3 hp 9.4 2.5
156.2 Hz IRF 3 hp 1.31 1.55
135.5 Hz REF 3 hp 8.4 2.21

Fig. 13. Envelope spectrum of bea

Fig. 14. Envelope spectrum of b
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The amplification and PMR achieved in case of bearings in good
condition is placed at Table 4. The amplification and PMR for good
bearing are calculated for those frequencies which correspond to
the defective outer race, inner race and rolling element defects.
Although, there were no defect but the characteristic defect fre-
quencies were selected and were maximised by optimising the
bandwidth and central frequency of bandpass filter. The process
that was followed is depicted in Fig. 5. It can be seen that the
amplification of defect frequency that was achieved for good bear-
ing is generally less than 10 which is far less in comparison to that
of defective bearings. PMR of the maximised peaks was less than 3
in case of good bearings. There were few exceptions to these val-
ues. The bearing condition can be assessed to be in good condition
so long as both amplification and PMR are less than 10 and 3
respectively.
loaded from
 https://academ
9. Effect of fault size and load

How increase in defect severity impacts the performance of the
fault detection technique is an important practical consideration.
The effect of fault size on performance of detecting bearing condi-
tion by using the PSO improved ED process was studied. Cylindrical
faults of diameters of 7 mils, 14 mils and 21 mils having 11 mils
depth were created in the outer race, inner race and the rolling
rings with varying fault size.

earings with varying load.
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element of the test bearings using electro-discharge machining.
The Fig. 13 presents the envelope spectrum of all three type of
bearing faults with varying fault size while keeping the load at zero
hp. For the outer race fault (ORF) the increase in defect severity
tends to decrease the peak at the defect frequency in envelope
spectrum. This is possibly due the fact that with advance in fault
severity, the defect frequencies may become submerged in the ris-
ing background level of the spectrum (McFadden & Smith, 1984).
This may happen due to the reduced severity of impacts which
are generated so frequently that the leading edge of the impact is
buried in the decay of the previous impact. However, for inner race
fault (IRF) and rolling element (REF) fault, with increase in damage
the peak in envelope spectrum increased. This could be due to the
fact that for IRF and REF vibrations have to travel a longer path to
reach accelerometer. Hence higher impact is needed for detecting
these faults.

Fig. 14 presents the envelope spectrum of all three type of bear-
ing faults under increasing load from 0 hp to 3 hp while keeping
the fault size same at 7 mils. It can be seen that with increase in
load the peak at the defect frequency reduces. This could be due
to the fact that with advance in fault severity, the defect frequen-
cies may become submerged in the rising background level of the
spectrum. As the peak at the defect frequency reduces with
increase in load, hence the effectiveness of the improved ED pro-
cess also reduces.

10. Conclusion

A novel improved envelope detection method that uses particle
swarm optimisation for identification of rolling element bearing
faults is presented here. The method employs PSO to optimise
selection of central frequency and bandwidth of the bandpass filter
prior to extraction of envelope. It was shown that by optimising
the central frequency and bandwith of filter with the help of PSO
the performance ED is enhanced in comparison to the conventional
ED process. It was also shown that by using improved ED process
the peak at characteristic defect frequency is substantially ampli-
fied in the spectrum of envelope than direct spectrum of vibration
signal. It has also been shown that in the envelope spectrum the
ratio of peak at characteristic defect frequency and mean spectrum
level is quite high which makes identification of bearing fault very
effective. Further, it has been shown that as the defect severity
increases the identification of bearing faults becomes progressively
difficult and the increase in load on bearing also adversely affect
the bearing fault identification.
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