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A Smart Sensing Unit for Vibration Measurement
and Monitoring

Wilson Wang, Senior Member, IEEE, and Ofelia Antonia Jianu, Student Member, IEEE

Abstract—A novel smart sensing unit is developed in this paper
for vibration measurement and machinery condition monitoring.
The microprocessor-based smart sensor can collect 2-D vibrations
and conduct signal analysis. When mounted in proximity of a bear-
ing housing (a general case), it can conduct online fault detection in
shafts and bearings. A correlation spectrum method is proposed as
a digital encoder to recognize shaft rotation speed. A wavelet energy
spectrum technique is adopted for bearing fault detection. A novel
strategy is suggested to extract representative features and enhance
feature characteristics by integrating the resulting wavelet energy
functions over different frequency bands. The effectiveness of the
developed smart sensor and the related fault detection techniques
is verified by experimental tests corresponding to different bear-
ing conditions. Test results show that the developed smart sensing
unit is an effective measurement and condition monitoring tool;
the wavelet energy spectrum technique is a robust bearing fault
detection method, especially for nonstationary feature extraction
and analysis.

Index Terms—Bearing fault diagnosis, shaft speed detection,
smart sensor, wavelet energy spectrum.

I. INTRODUCTION

RELIABLE online machinery condition monitoring sys-
A tem is very useful to a wide array of industries to recognize
an incipient machinery defect so as to prevent machinery perfor-
mance degradation, malfunctions, or even catastrophic failures.
An early fault warning can enable the establishment of a predic-
tive maintenance program, which is critical to those machines
(e.g., airplanes, power turbines, and chemical engineering fa-
cilities) to which an unexpected shutdown would cause serious
economic or environmental consequences. Fault detection can
be conducted based on information carriers such as the acoustic
emission, stress waveform, oil analysis, temperature variation,
vibration, etc. However, vibration is the most commonly used
information form in industrial applications because of ease of
measurement and analysis; vibration analysis will also be used
in this study.

A classical fault detection system consists of hardware such as
sensors, amplifiers, antialiasing filters, a data acquisition board,

Manuscript received May 21, 2008; revised December 22, 2008. First
published April 14, 2009; current version published November 18, 2009.
Recommended by Technical Editor M.-Y. Chow. This work was supported
in part by Materials and Manufacturing Ontario (Canada) and in part by
Mechworks Systems, Inc.

W. Wang is with the Department of Mechanical Engineering, Lakehead
University, Thunder Bay, ON P7B SEl, Canada (e-mail: wilson.wang@
lakeheadu.ca).

O. A. Jianu is with the Laboratory of Intelligent Mechatronics Systems
(LIMS), Lakehead University, Thunder Bay, ON P7B SEl, Canada (e-mail:
oajianu@lakeheadu.ca).

Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TMECH.2009.2016956

and a processing computer; it is not only expensive but also in-
convenient for implementation in real industrial applications. As
the microprocessors become cheaper and faster in processing,
smart sensors have been developed to integrate the related data
acquisition hardware (e.g., sensors, amplifiers, filters, and A/D
converters) onto electric chips, and if possible, to implement
some signal processing techniques (e.g., the fast Fourier trans-
form (FFT) and kurtosis) for data analysis. In this paper, a novel
smart sensing unit is developed for vibration measurement and
signal analysis. It is an extension to a sensing product the authors
developed before, in which the vibration is measured by micro-
electromechanical systems (MEMS) sensors. This new smart
sensor uses integrated circuit piezoelectric (ICP) accelerome-
ters that have wider frequency band (up to 20 kHz compared
to 5 kHz in MEMS sensors). It is also less sensitive to tem-
perature than MEMS sensors, which is important since most
machinery fault results in temperature increase. On the other
hand, since most vibration sensors are mounted in proximity of
bearing housings (based on mechanical impedance considera-
tions), bearing fault detection techniques will be implemented
for online bearing condition monitoring.

Many signal processing techniques have been proposed in
literature for machinery fault diagnosis [1], [2], and the authors’
research group has also proposed several approaches for fault
detection in gearboxes [3]-[6]. In this smart sensing unit, a
new technique is developed and implemented for bearing fault
diagnosis.

Rolling element bearings are commonly used in various ro-
tary mechanical and electrical systems. Bearing faults, as a mat-
ter of fact, are the most common cause of rotary machinery
failures. Several techniques have been proposed in literature
for bearing fault detection [1], [7] in the time domain [8], [9],
the frequency domain [10], [11], and the time—frequency do-
main [12], [13], respectively. In time-domain analysis, a bearing
fault is diagnosed with the help of some statistical indexes (e.g.,
rms value, crest factor, or kurtosis); however, most of these
monitoring indexes are sensitive to noise and operating con-
ditions. Frequency analysis may be the most fundamental ap-
proach for bearing fault detection. Bearing health conditions are
assessed by examining the fault-related characteristic frequency
components in the spectra [14] or some associated expressions
such as bispectrum and cepstrum maps [15], [16]. Frequency-
based techniques, however, are unsuitable for the analysis of
nonstationary signatures that are usually related to machin-
ery defects. Nonstationary or transient signals can be analyzed
using time—frequency domain techniques such as short-time
Fourier transform (FT) [17], Wigner—Ville distribution [18], or
wavelet transform (WT) [3]. In fault diagnosis, the WT is more
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suitable than either the Wigner—Ville transform that contains
some cross terms or the short-time FT that has a limited multires-
olution solution. According to signal decomposition paradigms,
the WT can be performed by the continuous WT [4], discrete
WT [19], [20], wavelet packet analysis [21], and extended WT
with postprocessing (i.e., using singularity [22], FT [23], [24],
and energy density [5], [25]). Although a wavelet packet map
can provide more information, its processing results are usually
difficult to explain especially when the bearing operates under
different load/speed operating conditions.

It should be stated that in machinery condition monitoring,
bearing fault diagnosis is one of the most challenging tasks be-
cause a bearing is not a simple mechanical component (e.g., a
gear or shaft), but a composite system comprising of inner/outer
rings and many rolling elements. Each bearing rotary compo-
nent generates a specific vibratory signal. The impact signatures
generated by a bearing defect are usually nonstationary in nature
and weak in magnitude, which are modulated by other rotary
components (e.g., gears and shafts). As a result, it is gener-
ally difficult to extract characteristic features related to bearing
health conditions. Consequently, besides the development of the
smart sensor, another objective of this paper is to develop and
implement a new technique, wavelet energy spectrum analysis,
to provide a more reliable approach for online bearing fault
detection.

The remaining of this paper is organized as follows. The de-
veloped smart sensor is briefly described in Section II. The
proposed bearing fault detection technique is discussed in
Section III. The effectiveness of the proposed techniques is veri-
fied experimentally in Section I'V, and some concluding remarks
are summarized in Section V.

II. DESCRIPTION OF THE SMART SENSING UNIT

The developed smart sensor is a microprocessor-based sens-
ing unit, which can collect 2-D vibrations, preprocess the data,
and analyze signal properties. When it is mounted in proximity
of a bearing housing, it can also conduct online fault detec-
tion in bearings and shafts. This smart sensor consists of both
hardware and software. The hardware is housed in a rugged en-
closure, and a prototype is shown in Fig. 1. Fig. 2 illustrates its
main constitute function blocks.

The sensing unit uses two ICP accelerometers (e.g., PCB 320
series) with sensitivity 1.02 mV/(m/s?) and measurement range
+4900 m/s® peak. Two sensors are mounted perpendicularly to
measure vibrations along z- and y-direction, respectively.

Signal conditioning functions (e.g., amplification, rectifica-
tion, and antialiasing filters) are implemented in IC filter chips
so as to reduce size and cost. The RAM is a data logger to
cache digital data after A/D conversion and the processing re-
sults in operations. Fault diagnostic software is implemented
for shaft and bearing fault detection. The Universal Serial Bus
(USB) interface acts as a serial port to the microcontroller to
communicate data in real time with other sources (e.g., a lap-
top computer). The optional blocks include the analog output,
power supply (battery) for stand-alone applications, and the

Fig. 1.

Prototype of the developed smart sensing unit.
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Fig. 2. Block diagram of the developed smart sensing unit.

alarm system (in sound or light) to notify health conditions of
the machinery system to be monitored.

The properties of this smart sensor can be reprogrammed
by a computer (e.g., a laptop) via the USB link, with the help
of a special software package. The reconfigurable parameters
include sensor ranges, sampling frequency, measuring ranges,
filter specifications, time delay, monitoring alarm thresholds,
etc.

The implemented software includes general signal analysis
algorithms such as the FFT, kurtosis, different digital filters, as
well as some available and developed techniques for following
fault detection.

1) Shaft unbalance: It is based on characteristics such as high
spectral amplitude related to shaft speed (but with fewer
harmonics), phase relationship (around 90°) between the
two sensors, and the dependence on shaft speed.

2) Misalignment: It is based on characteristics such as high
spectral amplitude related to the second harmonic of the
shaft speed (with many higher order harmonics) and high
axial vibration responses.

3) Bearing fault detection: It is based on kurtosis analysis,
spectral analysis, as well as the proposed wavelet energy
spectrum analysis discussed in the following section.
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III. NEW TECHNIQUE FOR BEARING FAULT DETECTION

A. Shaft Speed Detection

Shaft rotation speed f, is the fundamental parameter not only
for fault diagnosis but also for modeling and control applica-
tions. If the shaft speed input cannot be provided in applications,
areliable “digital encoder” is very useful to estimate the related
shaft speed. On the other hand, even if an approximate speed can
be provided in some monitoring applications, accurate speed in-
formation from a digital encoder can also be used to improve
processing results.

Although shaft speed could be recognized in some spectral
maps, the recognized information is not robust but sensitive to
noise and operating conditions. In this paper, based on vibrations
from two perpendicular directions, a new method is proposed
for shaft speed recognition.

Consider two signals z(¢) and y(¢) along z- and y-direction,
respectively, measured from the smart sensor. The correlation
function will be

Coy(l) = Elz@)y"(t +1)] (M

where F[-] is an expectation function and [ is the lag index.
The correlation spectrum will be

o(f) = R(SHR(S) )

where R(f) = F[Cyy(1)], F[] is the FT function, and R*(f) is
the complex conjugate of R(f).

In analysis, the bandwidth should be at least two times the
highest shaft speed of interest, which depends on applications
(e.g., 100 Hz in this case).

Shaft speed can then be recognized by examining the resulting
spectral map. Fig. 3 shows some examples corresponding to
different bearing conditions. The shaft speed (f, = 30 Hz in
this case) and its harmonics can be clearly identified from the
spectra. Other analytical techniques, such as those illustrated
in Section III-B, cannot achieve consistent speed information
results.

B. Bearing Fault Detection Based on Energy Spectrum

A faulty bearing in operation will generate both stationary
and nonstationary impacts that excite the bearing and its sup-
port structures. The related resonance signatures are usually
weak and buried in other high-amplitude vibration signals. The
proposed bearing fault detection technique is to recognize these
characteristic features. It is an extension from that suggested
in [5]: it employs a novel information integration strategy and
eliminates the limitations in center frequencies. This technique
consists of three procedures: demodulating resonance features
by wavelet analysis, integrating the resulting wavelet energy
functions to highlight bearing characteristic features, and ana-
lyzing correlation spectrum of the synthesized energy function
for bearing fault diagnosis.

1) Determination of Wavelet Energy Functions: Consider a
rolling element bearing with a fixed outer ring (the most com-
mon case in applications). Suppose that a defect (e.g., a fatigue
pit) has happened on a bearing component. Each time the de-
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Fig. 3. Examples of shaft speed recognition from (a) a healthy bearing, (b) a
bearing with an outer race defect, (c) a bearing with an inner race defect, and
(d) a bearing with a rolling element defect.

fect strikes or is struck by another bearing component, an im-
pulse is generated, which excites vibration resonances of the
bearing and its surrounding structures. The magnitudes of the
impulse transients and the excited resonance modes vary with
time. Therefore, it is more suitable to apply the WT for signal
analysis.

Consider a time signal z(t), t = 1, 2,..., n, where n is
the number of samples in the signal; the wavelet functions are
determined by

Tt s) = /_OC 2(F)Ew (—s(t — 7))dr 3)

o0

where w*(t) is the complex conjugation of basic (or mother)
wavelet function w(t), and s and ¢ are the respective scale and
time variables.

The choice of an appropriate basic wavelet depends on the
signal property and the purpose of analysis. In bearing fault de-
tection, the interest is to analyze the resonance features induced
by a bearing fault. Therefore, the basic wavelet should possess
a similar characteristic as a fault-related transient. By tests, it
is found that the Morlet wavelet gives superior results in this
application [5]

2

w(t) = exp (—thg> exp(j2m fot) )

where b, is the spread of the wavelet function and f; is the
center frequency that is usually selected as the shaft rotation
frequency f,.
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To meet admissibility of the WT [26], the following relation-
ship should be satisfied:

1
b f; = &)
J v2In2
where ¢ = 0, 1, ..., m—1, and m is the number of frequency

bands to be considered, and b; and f; are the respective spread
and center frequency of the ith wavelet function.
The WT in (3) will be implemented by

T, (t,s) = VsF~ [ X(f)W;(f)] (6)

where F'~1[-] denotes the inverse FT, X (f) is the FT of 2(¢), and
W, (f) = biV2mexp [(—2b?72(f — fi)?] is the FT of dilated
wavelet w(st). The wavelet energy function will be

Gu(t,s) =T (t,9) = [VsEH X(HW(HI|. (D

To implement (7) over a designated frequency band, the center
frequencies f; should be properly selected. If the 3-dB band-
width around f; is selected for analysis, starting from f, = f,,
the center frequencies can be determined by

fi=——7""—— i=12,....m—1 (8)
where N is an integer to prevent the influence of shaft-related
defects (e.g., misalignment and unbalance), which is N = 8
in this case, and o ~ 0.156 is a constant determined by 3-dB
bandwidth analysis.

The frequency of the analysis is up to 0.5f,, where f; is
the sampling frequency. For example, if f, = 30 Hz and f; =
20 000 Hz, eight frequency bands (i.e., m = 8) will be used for
signal decomposition with center frequencies of 30, 248, 389,
533,701, 1001, 1371, 4792 Hz, respectively.

2) Integration of Wavelet Energy Functions: In general,
bearing-defect-related features will spread over several wavelet
frequency bands. Therefore, to enhance feature characteristics
and reduce feature size to facilitate real-time monitoring appli-
cations, the resulting wavelet energy functions among different
frequency bands should be properly integrated. In this paper,
the integration is performed by adopting an information entropy
function [27].

Suppose G, (t, s;) = (1/0:)G. (t, s;) is anormalized wavelet
energy function, where o; is the spread of G, (¢, s;) over the
ith frequency band; the purpose of normalization is to make

G, (t, s;) independent of scales. The summation is taken by

m—1
H(t) = Z [K;G,(t,si)logs Gy (t,s:)] )
i=0

where s; is the ith selected scale, and the term logg G (2, s;)
is the Harley information of G (%, s;), which can be interpreted
as the information content of the outcomes ¢ and s;. The loga-
rithm base 5 = 2-8 is used to scale wavelet coefficient function
G.(t,s;); by simulation, 3 = 2 is used in this case. The de-
fined entropy function (9) is the average amount of information
contained in random variables ¢ and s; [27].

In general, fault detection is conducted based on the exami-

nation of feature irregularities. Usually, an abrupt change (e.g.,

increase or decrease) in magnitude and/or phase corresponds to a
fault-related feature. Considering that G, (t, s;) is a normalized
G, (t, s;) by the spread o;, the signature irregularity over the ith
band is evaluated with respect to 3o, i.e., if G (¢, s;) > [o;, it
is believed that there exists some feature irregularity (i.e., some
imperfection) that will be highlighted by (9). The synthesis of
these wavelet coefficient functions by (9) can integrate the con-
tributions over different frequency bands and enhance the fault
feature characteristics.

On the other hand, the amplitude probability density (APD)
function is somehow insensitive to many variations of the signal
patterns. There is often a “universal” kind of behavior for time
histories of variables related to failure: isolated peaks appear
first, and then, frequency of appearance increases until the peaks
exhibit a more “distributed” character. The sharp peaks affect the
tails of the APD function, and the factors sensitive to such pattern
variations are of interest in pattern classification operations.
Since moments of the APD function are sensitive to changes
occurring at its tail, they are possible to be used for faulty feature
recognition. Test results have shown that the kurtosis factor is
more robust to random functions and signature “outflyers” than
other related moments such as the crest factor (the first moment)
and skewness factor (the third moment) [8]. Accordingly, the
kurtosis factor K; is used in this study [in (9)] to describe the
“peakness” of the APD functions, which is defined as

K, —E [(C_Jz(usi) —ui)“} (10)
where 4; is the mean of G, (¢, s;) over the ith band.

3) Autocorrelation Spectrum: The proposed spectrum anal-
ysis takes two processes: autocorrelation for the integrated
wavelet coefficients H (t) and spectral analysis to enhance the
involved periodic features. Specifically,

Coe() = E[H®H (t+1)], 1=0,1,2,...,n—1
(11)
where [ is the lag index and H*(-) is the complex conjugate of

H().

The fault detection is based on spectral analysis (i.e., the FT)
of Cy, (1) in (11). In implementation, an averaged spectrum over
several segments of measured signals (over ten segments in this
case) can be used to eliminate some random noise. Bearing
health conditions are diagnosed by analyzing the characteristic
frequency information on the resulting correlation spectra, as
illustrated in the next section.

IV. PERFORMANCE EVALUATION

The effectiveness of the smart sensor as well as the proposed
wavelet energy spectrum technique will be evaluated experi-
mentally in this section.

A. Experimental Setup

The experimental setup employed in this paper is shown in
Fig. 4. The system is driven by a 3-hp induction motor, with
the speed ranging from 20 to 4200 r/min. The shaft rotation can
be controlled by a speed controller. An optical sensor is used
to measure shaft speed. Two ball bearings are fitted in the solid
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Fig.4. Experimental setup. (1) Motor. (2) Encoder. (3) Smart sensing unit. (4)
Bearing housing. (5) Misalignment controller. (6) Adjustable rig. (7) Unbalance
disc. (8) Static load. (9) ICP accelerometers. (10) Dynamic load drive.

housings and tested. The smart sensor is mounted on one of the
bearing housings for real-time bearing condition monitoring.
To make a comparison, three ICP accelerometers are mounted
along three directions on the bearing housings. The dynamic
load is applied by a magnetic brake system through a belt drive,
and the static load is applied by two heavy disks. The unbalance
loads are provided by a pair of thin disks. Misalignment errors
can be introduced by an adjustable rig. The signals from the
smart sensor are fed to a computer through a USB port. A data
acquisition board (NI PCI-4472) is employed for signal collec-
tion from the ICP accelerometers and the optical sensor; the
board has built-in antialiasing filters with the cutoff frequency
set at half of the sampling rate.

B. Performance Evaluation

Ball bearings (type MB ER-10K) are tested in this paper,
with four bearing conditions: healthy bearings, bearings with
outer race defects, inner race defects, and rolling element faults.
The defect size ranges from 0.2 to 1.6 mm?. Each bearing is
tested under different shaft speeds (100-3200 r/min) and load
conditions (0.5-2.3 N-m). The tested bearings have fixed outer
races. The sampling frequency is 20 000 Hz, and the data size
is 100 000 (i.e., over 5 s).

The smart sensing unit provides two vibration signals along
x- and y-direction. As stated in the previous sections, the cor-
relation analysis of these two signals can be used for shaft
speed recognition and fault detection in shaft systems such as
misalignment and unbalance. In bearing fault detection, the vi-
bration from the x-sensor will be used for analysis, whereas
another signal from y-sensor is employed for two purposes: 1)
the processing results can be used to confirm the diagnostic
results based on the z-sensor so as to improve bearing fault de-
tection reliability and 2) the redundant information can be used
for sensor fault detection, such as sensor damage or connection
looseness.

To quantify the fault condition of the bearing of interest, a
monitoring index S, is applied to characterize the fault fea-
ture properties in the resulting wavelet energy spectrum. The
monitoring index S, € [0, 1] is defined as the normalized max-
imum spectral magnitude of the characteristic frequency and its
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Fig. 5. Part of the measured vibration signals from (a) a healthy bearing, (b)
an outer race defect bearing, (c) an inner race defect bearing, and (d) a rolling
element damaged bearing.

second and third harmonics. The maximum magnitude is mea-
sured by a multibandpass filter, whose center frequencies are
the theoretical characteristic frequency and its second and third
harmonics. By simulations, the passband of the multipassband
filter is selected as 5% f,., where f,. is the shaft rotation speed.

Fig. 5 shows part of the collected vibration signals corre-
sponding to different bearing conditions. It is usually difficult to
diagnose bearing health conditions by directly examining origi-
nal vibration signals. Although Fig. 5(a) contains lower sparks,
this indication is not robust for bearing fault detection.

In total, 126 tests have been recorded corresponding to differ-
ent bearing defect conditions, shaft speed, and load level com-
binations. Only two defect cases (a small and a medium fault)
in each bearing condition, with a shaft speed of 1800 r/min (i.e.,
fr = 30 Hz) and load of 2.2 N-m, are used to demonstrate the
effectiveness of the proposed wavelet energy spectrum. The cor-
responding bearing characteristic frequencies are f,q = 91.57
Hz (outer race defect), fiq = 148.43 Hz (inner race defect), and
fea = 119.52 Hz (rolling element defect), which are computed
based on the formulas listed in the Appendix. Its performance
will be compared with two related techniques: the one-scale
WT [24] and the max-envelope method [25].

1) Healthy Bearings: Due to the relative motion, bearing
components generate vibratory signals in operation. Fig. 6
shows the processing results for a healthy bearing by using
the related fault detection techniques. It is seen that the domi-
nant frequency components are related to shaft rotation speed
(f» = 30 Hz in this case). Apparently, the spectral map based on
the proposed wavelet energy technique provides the highest res-
olution. The shaft speed indicator can also be recognized on the
maps from the max-envelope approach [Fig. 6(b)], even though
it has lower resolution due to extra spectral components. The
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Fig. 6. Healthy bearing processing results using (a) the proposed method, (b)
the max-envelope approach, and (c) the one-scale WT. The arrows indicate shaft
speed and its harmonics.

results from the one-scale WT [Fig. 6(c)], however, may lead to
a false diagnosis since the third harmonic of shaft speed (90 Hz)
is very close to the outer race defect characteristic frequency
(foa = 91.57 Hz). On the other hand, comparing Fig. 3(a) with
the processing results in Fig. 6, it is clear that the suggested
digital encoder method [in Fig. 3(a)] generates the best speed
recognition information.

2) Outer Race Fault Detection: In theory, if the bearing
is damaged, the corresponding characteristic defect frequency
and/or its harmonics could be recognized in its spectra. Figs. 7
and 8 show the processing results for bearings with a small outer
race defect (about 0.2 mm?) and a medium outer race defect
(about 0.5 mm?), respectively. The characteristic frequency is
foa = 91.57 Hz. Itis seen that each technique can recognize the
presence of the bearing fault in this case, because the resonance
modes corresponding to a defect on the fixed outer race do not
change dramatically in operation. Although both the proposed
wavelet spectrum technique and the max-envelope method can
provide clear fault detection information, the proposed wavelet
energy method generates higher spectral magnitudes because of
its feature enhancement effects. In addition, when the defect size
becomes larger, the second harmonic of the defect characteristic
frequency is highlighted by the one-scale WT [Fig. 8(c)].

On the other hand, shaft speed information cannot be recog-
nized anymore from the spectra in Figs. 7 and 8.

3) Inner Race Fault Detection: As stated before, the detec-
tion of a fault on an inner race and a rolling element is more
challenging than on a fixed outer ring because the modes of the
generated impulse resonance features vary with time. Figs. 9 and
10 illustrate the fault detection results corresponding to bearings
with a small inner race defect (about 0.2 mm?) and a medium
inner race defect (about 0.5 mm?), respectively. The character-
istic frequency is fiq = 148.43 Hz in this case. It is clear that the
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Fig.7. Outer race fault detection (with a defect about 0.2 mm?) using (a) the
proposed method, (b) the max-envelope approach, and (c) the one-scale WT.
The arrows indicate the characteristic frequency and its harmonics.
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Fig.8. Outer race fault detection (with a defect about 0.5 mm?) using (a) the
proposed method, (b) the max-envelope approach, and (c) the one-scale WT.
The arrows indicate the characteristic frequency and its harmonics.

proposed wavelet energy technique can provide consistent fault
diagnostic results; it outperforms another two classical tech-
niques. When the defect becomes larger, the related resonance
energy increases, and its monitoring index increases accordingly
[from Sjq = 0.89 in Fig. 9(a) to Sjq = 0.93 in Fig. 10(a)].
Although the max-envelop method can also detect the bear-
ing defect in this case [Sjq = 0.65 in Fig. 9(b) and Sijq = 0.71
in Fig. 10(b)], its spectra contain many extra spectral compo-
nents that make the fault detection more difficult. In the spectral
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Fig. 10. Inner race fault detection (with a defect about 0.5 mm?) using (a)
the proposed method, (b) the max-envelope approach, and (c) the one-scale WT.
The arrows indicate the characteristic frequency.

maps from the one-scale WT method, the dominant frequency
components become the shaft speed, even though the defect
characteristic frequency can also be recognized [Siq = 0.67 in
Fig. 9(c) and S;q = 0.81 in Fig. 10(c)]. It should be stated that
unclear or confusing processing results may lead to false or
missed alarms in real world monitoring applications.

On the other hand, compared with Fig. 3(c), the proposed
digital encoder technique outperforms these three methods in
this case for shaft speed recognition.
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Fig. 11. Rolling element fault detection (with a defect about 0.3 mm?) using
(a) the proposed method, (b) the max-envelope approach, and (c) the one-scale
WT. The arrows indicate the characteristic frequency.
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Fig. 12. Rolling element fault detection (with a defect about 0.6 mm?) using
(a) the proposed method, (b) the max-envelope approach, and (c) the one-scale
WT. The arrows indicate the characteristic frequency.

4) Rolling Element Fault Detection: Figs. 11 and 12 illus-
trate the processing results corresponding to bearings with a
small rolling element defect (about 0.3 mm?) and a medium el-
ement defect (about 0.6 mm?), respectively. The representative
frequency is f.q =119.52 Hz in this case. Apparently, both the
max-envelop and the one-scale WT techniques cannot recog-
nize the bearing defect and have missed the bearing fault under
these test conditions. The proposed wavelet energy spectrum
technique is the only method that can detect the existence of
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the bearing fault even though the resulting defect characteristic
spectral components do not dominate the corresponding spec-
tra. If the defect is small [Fig. 11(a)], the resulting resonant fea-
tures are very weak (S.q = 0.59). As the defect becomes larger
[Fig. 12(a)], the impact resonance features become more pro-
nounced, and the characteristic frequency component increases
accordingly (Siq = 0.73).

As a summary, from the aforementioned systematic experi-
mental investigation, it is found that it is usually difficult for
classical bearing fault detection techniques to clearly recog-
nize characteristic defect frequencies from nonstationary fea-
tures such as those generated by bearing defects on the inner
races or rolling elements. The proposed wavelet energy spec-
trum technique can provide consistent fault detection results in
these test cases due to its efficient feature enhancement charac-
teristics.

V. CONCLUSION

A new type of smart sensing unit was developed in this paper
for vibration measurement and machinery condition monitor-
ing. It is a microprocessor-based smart monitor that can col-
lect, preprocess, and analyze vibration signals for fault detec-
tion in shafts and bearings. A digital encoder based on correla-
tion spectrum analysis is suggested to automatically recognize
shaft speed information. A new signal processing technique
(i.e., wavelet energy spectrum) is proposed and implemented
for bearing fault detection. Bearing resonance signatures are
first demodulated by using wavelet analysis, then the resulting
wavelet energy functions are integrated to enhance feature char-
acteristics, and finally, a correlation spectrum is employed to
highlight bearing-fault-related feature characteristics. The ef-
fectiveness of the smart sensor and the related fault detection
techniques has been verified by a series of experimental tests
corresponding to different bearing conditions. Test results have
demonstrated that the adopted wavelet energy spectrum method
is a robust bearing fault detection technique. It outperforms
other related classical bearing fault detection methods (e.g., the
max-envelop method and one-scale WT technique), especially
for nonstationary feature extraction and analysis.

APPENDIX

For a bearing with a fixed outer ring and rotating at shaft
speed of f,, the characteristic frequencies corresponding to a
defect on the inner race (fiq), a rolling element (f.q), and the
outer race (f,q) are as follows:

foa = Z2f7" (1 — %cos 0> (A1)

fia = Z2f7~ (1 + %cos 0> (A2)
2

fod = D df’ : <1 — % cos? 9) (A3)

where Z is the number of rolling elements, d is the rolling
element diameter, D is the bearing pitch diameter, and 6 is the

contact angle. For bearing MB ER-10K, Z = 8, d = 7.937 mm,
D =33.503 mm, and § = 0.
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