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ABSTRACT
Rotating machinery plays a significant role in industrial applications and covers a wide range of mechanical equipment. A vibration analysis using signal processing techniques is generally conducted for condition monitoring of
rotary machinery and engineering structures in order to prevent failure, reduce maintenance cost and to enhance
the reliability of the system. Empirical mode decomposition (EMD) is amongst the most substantial non-linear and
non-stationary signal processing techniques and it has been widely utilized for fault detection in rotary machinery.
This paper presents the EMD, time waveform and power spectrum density (PSD) analysis for localized spur gear
fault detection. Initially, the test model was developed for the vibration analysis of single tooth breakage of spur
gear at different RPMs and then specific fault was introduced in driven gear under different damage conditions.
The data, recorded by means of a wireless tri-axial accelerometer, was then analyzed using EMD and PSD techniques and the results were plotted. The results depicted that EMD algorithms are found to be more functional than
the ordinarily used PSD and time waveform techniques.
Keywords: spur gears, tooth breakage, vibration amplitude, empirical mode decomposition, power spectrum density, time waveform.

INTRODUCTION
Rotary machines like industrial gearboxes,
aircraft engines, power stations, etc. are an essential element of various mechanical systems.
The transverse vibrations are produced due to
fatigue, in many rotor elements of rotor dynamic
systems, which can result in severe damage and
catastrophic failure of the machinery. The stationary vibration signals are generated due to
certain machine component defects like belt and
pulley, rotor unbalance, looseness, shaft bow and
cracks, rotor hub, misalignment, and coupling
defects [1]. Wear, cracking, pitting, scuffing and
spelling are frequently occurring gear damages,
which induce complex transient vibration signals due to gearbox resonance, tooth meshing,
gear and pinion shaft rotation. Multistage gearboxes vibrational signals are transient in nature
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because of impulses, high frequency faults and
random noises [2].
Ordinary techniques, incorporating power
spectrum and cepstrum estimation, crest factor,
kurtosis, time-domain averaging, demodulation,
have turned out to be successful in fault detection and are currently well-established. However,
their major disadvantage is that they are based on
presumption of stationarity and linearity of the
signal generation process [3÷7].
The developed signal processing techniques are
being induced on vibration signals to detect, locate
and identify faults and based on this, lifespan of a
machine can also be estimated including neural network, genetic programming and algorithms, fuzzy
logic, wavelet transform and machine support vectors [6]. Waveform analysis consists in recording
data time history and is useful for non-steady conditions and short transient impulses analysis.
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Cooley and Tukey developed FFT algorithmic rule in 1965 which lessens the range of
computations entailed for N points from 2N2 to
2Nlog2 (N), wherever log is that the base-2 index. Spectral density is the Fourier Transform of
auto correlation function. FFT analyzes the vibration signals with limited number of ascendant
frequency components, whereas power spectral
densities (PSD) are used for random vibration
signals. PSD is governed by multiplying each
frequency bin by its complex conjugate, in FFT,
which ends up in the real spectrum of amplitude
in g2. The fundamental purpose of PSD is to
make it more proficient than an FFT for random
vibration analysis, involving normalization of
this amplitude value to the frequency bin width
to obtain units of g2/Hz. The vibration levels in
signals of different lengths can be obtained by
normalizing the results and hence, disposing of
the dependency on bin width [8÷10]. The most
significant time frequency analysis techniques
for transient signal include Hilbert Huang
Transform (HT), Short Time Fourier Transform
(STFT), Continuous Wavelet Analysis (CWT),
and Winger Ville Distribution (WVD).
In a STFT technique, windowing function is
utilized to initially break the signal into different uniform segments and then FFT is applied
on each segment of the signal. However, the major drawback of this technique is poor time frequency resolution and to overcome this problem,
WVD evolved to strengthen the time frequency
resolution. However, the main disadvantage of
the technique is the generation of cross terms in
the time frequency domain. Thus, for the further
advancement in the time frequency resolution,
the CWT technique is used [11÷13]. Haung et al.
proposed a new time frequency analysis method,
known as EMD, in 1998 to extricate all the oscillatory modes embedded in a signal without any
requirement of data linearity. A signal is decomposed using EMD, into a limited sum of elements
known as intrinsic mode functions (IMF) [14].
The time-frequency representation of Hilbert
spectrum is achieved by the implementation of Hilbert transform to the IMFs. EMD is comparatively
a far better technique than the other time and frequency domain techniques and finds application in
numerous fields, such as nuclear physics [15], image processing [16], biomedical diagnostics [17],
ocean and seismic engineering [18, 19] and structural testing [20]. EMD is used for mechanical and
rotary machinery faults diagnosis such as beam

crack detection [21], structural health monitoring
[22], rolling bearings fault diagnosis [23÷25], gear
fault diagnosis [19, 26÷27, 28], rub signal analysis
and rotor startup signal processing [29].
The functionality of EMD in the fault detection of spur gear was studied by Loutridis [19]. The
energies of IMF were compared during the fault
analysis which revealed high susceptibility to gear
damage. Parey et al. [30] determined the gear fault
severity performing both experimentation and
simulation to authenticate the efficiency of EMD
approach. The fault diagnostic information was enhanced by utilizing the statistical variables such as
crest factor and kurtosis of the EMD signal.
Parey and Tandon [27] exhibited a systematic
model, associating the vibration signal to the defect size on the flank of gear tooth. Defect development was accessed utilizing kurtosis and rms
values of the intrinsic modes of the disintegrated
vibration signals. Kurtosis of the EMD signal
depicted better affectability contrasted with vibration signal kurtosis for the fault seriousness.
However, EMD is characterized by certain drawbacks, involving recurring appearance of mode
mixing, which can be overcome by using ensemble empirical mode decomposition (EEMD) to
minimize this effect. EMD perhaps over-decays
a signal due to the noises effect in a way that few
intrinsic mode functions are deformed and are unable to symbolize the signal features. Combined
mode function (CMF) was recommended to sort
out this problem. EMD is an adaptive filter bank
in its nature, whereas the CMF method redesigns
the filter bank [31, 32]. The objective of this paper is to analyze the vibrations produced by various faults of gear. The results depict better fault
diagnostic information in spur gears transference
system by utilizing the suggested methods, thereby enhancing the condition monitoring potentiality of the designed geared system.

EMD BASIC ALGORITHM
The EMD method decays a time-series into
a limited set of oscillatory functions known as
IMF. An IMF function assures the following
conditions:
•• The number of zero crossings and the number
of extrema should either be equal or differ at
most by one;
•• At a certain point, the running mean value
of the envelopes is zero, defined by the local
maxima and the local minima.
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Within a signal, the IMFs indicate the simple
oscillation mode where, EMD is a ”sifting” operation, attuned to extricate the IMFs by the steps
illustrated below:
Firstly, m1 is consigned as the two envelopes
mean, and ℎ1 as the contrast between the signals x(t)
and m1, which is taken as the first component, i.e.
(1)
x(t) − m1 = h1
Then disparate the first IMF c1 from x(t) by

(2)
x(t) − c1 = r1
Use residue r1 as the original signal and then
put it through the same process as above, so that
we can achieve other IMFs, c1, c2, c3, …., cn,
which yields
(3)

The signal x(t) is then disintegrated into n intrinsic modes and a residue rn. Figure 1 elaborates
the flow diagram of EMF algorithm.

EXPERIMENTAL TEST RIG
The tests were conducted on a single-stage
spur gear using a single phase induction motor with the output of 0.5 HP, which is running
at variable RPMs speed i.e. 1386 and 1462 rpm
along with a variable frequency driver to vary the
speed of the system. Horizontal milling machine
with a module of 2 was used to fabricate the gears.
The gear system has two parallel gears having low speed gear with 12 teeth number and the
pinion teeth number is 36. The highspeed shaft
pinion is faulty gear in the test rig. The defect was

Fig. 1. EMD Flow Chart [33]

Fig. 2. Experimental test rig with gears and pulley system [34]
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induced by eliminating one tooth of the spur gear
with percentage of 25, 50, 75 and 100%, respectively. Figure 2 shows the experimental test rig.
G-Link tri-axial accelerometer, developed
by MICROSTRAIN Corp. was used to gather
the data for the vibration analysis for horizontal, vertical and axial direction. The readings
acquired from accelerometer were evaluated
using SIGVIEW and MATLAB software. Figure 3 shows different stages of data collection
and analysis.

EXPERIMENTAL RESULTS
Time waveform analysis
The most powerful and conventional technique to diagnose gear faults is the time waveform. Following are the time waveform graphs
for 25, 75 and 100% for 1462 RPM for first
tooth breakage and it can be observed that an
increase in the amplitude of the generated impacts has a direct relation with the increase in
the intensity of a fault. Upon each revolution
there will be one impact if one tooth is defected
and two impacts per revolution in case if two
teeth are defected.
It is clear from the graphs that for 25% of
tooth breakage, the impulse amplitude is small,
and it occurred once per revolution. As the intensity of fault impulse grows, the amplitude increased up to 100% of tooth removal; hence, the

(a)

(c)

Fig. 3. Stages of data collection and analysis [34]

amplitude will be at maximum. Similarly, in case
of increased tooth damage, the time waveform
will show multiple impulses per revolution.
Power spectrum density analysis
The gearbox vibration signals are casually
noisy and periodic. The PSD technique showed
a much better fault identification. The experiment was conducted for variable speeds of 1386
and 1462 RPM for a broken tooth and the results
are illustrated in Figure 5. For the corresponding
RPM, we have Gear Rotational Frequency (GRF)
(Xg=11.55 Hz, 12.18 Hz), Gear Pinion Frequency
(GPF) (Xp = 23.1 Hz, 24.36 Hz) and Gear Mesh

(b)

(d)

Fig. 4. Time domain plots for first tooth breakage percentage of (a) 0% (b) 25% (c) 75% (d) 100%
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(a)

(c)

(b)

(d)

Fig. 5. PSD plots for tooth breakage percentage of (a) 0% (b) 25% (c) 75% (d) 100%

frequency (GMF = 277.2 Hz, 292.8 Hz). The amplitude of GMF, GNF, GPF increases up to 75%
of tooth breakage and then decays upon complete
tooth removal whereas, sidebands level will enhance throughout with fault intensity.
Gear Natural Frequency (GNF) also rises
in its amplitude with an increase in fault severity, thus causing the instability in the system.
The results depicted that sidebands occurred
due to tooth breakage are more sensitive as
compared to the Gear Mesh Frequency (GMF).
That means when there is no tooth, there will
be less vibration from it depending upon the
teeth mesh, but sidebands will predominantly
increase in amplitude [30, 35]. Figure 5 shows
the Fourier transform zoomed in plot, which
indicates numerous sidebands around the
specified gear mesh frequency along with its
second and third harmonics for both speeds.
Remarkably, the existence of sidebands of
gear rotational frequency at 9.4 Hz for 1464
RPM around the gear mesh frequency with its
harmonic components is near to the gear rotational frequency. This approximates the viable
subsistence of a confined gear defect.
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Empirical mode decomposition analysis
Five IMFs (IMF1 to IMF5) with residual
were enumerated at 1464 RPM for different
gear tooth fault intensities and the corresponding PSD spectrum was contemplated to extract
diagnostic information.
Figure 6 (a) and 6 (b), indicate the neighboring
impulses average time spacing is about 0.003420 s
or 292.397 Hz, indicating damaged gear meshing
frequency. Transient frequencies range from 200
Hz to about 320 Hz, including sidebands of the
meshing frequency of the gear pair corresponding
to transmission path. The indicated features confirm the existence of a localized defect on the gear
pair pinion. From the results of EMD decomposition in Figs. 6 and 7, the IMF1 is mainly a highfrequency component, which is predominantly between 120 Hz and 980 Hz and is mainly composed
of modulating the gear mesh frequency and its side
band. IMF2 comes from the high-speed shaft gear
meshing and its frequency belongs to the interference component. IMF3 to IMF7 are low-frequency
components, including generator frequency and
some other interference frequency. Therefore, the
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(a)

(b)

Fig. 6. Gear break fault signal EMD decomposition results for tooth percentage (a) 25% (b) 75%

fault characteristics of the middle speed pinion are
mainly concentrated in the three signals of IMF1,
IMF2 and IMF3 [26, 36, 37].
Figure 7 elaborates why the frequency spectrum of the signal using EMD has performed better than PSD. Fig. 7 (c) indicates that the generated
sidebands by impact overlap the rotating frequency
spectrum lines of driver shaft and the half rotating
frequency of driven shaft because of half reduction gear pair mechanism. It is challenging to diagnose the fault by extracting the fault characteris-

tics from spectrum. EMD is an adaptive band-pass
filter bank as mentioned earlier, the bandwidth of
which is determined by the local characteristic
time scales signal features. In addition to EMD
Adaptive filter bank, CMF approach can also be
utilized to the spectrum lines and sideband of the
driver and driven shaft, respectively [33, 38].
However, comparing the analyzing results of
using Time waveform (Fig. 4), PSD (Fig. 5), and
EMD (Fig. 6 and Fig. 7), EMD can extract the fault
characteristics from this signal more effectively.
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GMF and pinion
rotational frequency
sidebands

Interference components
frequency

(b)

( a)

Low frequency interference
components
Gear pinion frequency with
harmonics

(c)

(d)

Residual spectrum

( f)

(e)

Fig. 7. Spectrum of IMF components (a) IMF1 (b) IMF2 (c) IMF3 (d) IMF4 (e) IMF5 (f) Residual

CONCLUSION
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