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Abstract – This paper presents the application of new time frequency method, ensemble empirical mode
decomposition (EEMD), in purpose to detect localized faults of damage at an early stage. EEMD is a
self adaptive analysis method for non-linear and non-stationary signals and it was recently proposed by
Huang and Wu to overcome the drawbacks of the traditional empirical mode decomposition (EMD). The
vibration signal is usually noisy. To detect the fault at an early stage of its development, generally the
residual signal is used. There exist different methods in literature to calculate the residual signal, in this
paper we mention some of them and we propose a new method which is based on EEMD. The results given
by the different methods are compared by using simulated and experimental signals.
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1 Introduction

Fault diagnosis of gearboxes has shown a great devel-
opment in techniques based on the analysis of vibration
signals [1–6], because vibration signals carry a great deal
of information, which can be used to detect early faults in
rotating machines. However, vibrations signals are influ-
enced by vibration from many sources. Thus, the resulting
signals are non stationary and nonlinear. To analyze such
signals, time-frequency analysis has been applied to fault
diagnosis of gearboxes in order to combine the advantages
of both time and frequency domains.

Empirical Mode Decomposition (EMD) is a time-
frequency analysis method, recently proposed by Huang
et al. for the study of ocean waves [7, 8]. The method
has been developed and has been widely used [9–13].
In the field of fault diagnosis of rotating machines, the
EMD method has also been widely applied for identifica-
tion of faults [5, 14–20].

EMD is based on the local characteristic time scale of
a signal and could decompose the complicated signal into
a set of elementary signals called Intrinsic Mode Func-
tions (IMFs). The IMFs represent the nature oscillation
mode embedded in the signal and are determined by the
signal itself. Thus, EMD is a self adaptive signal process-
ing method and acts as a filter bank [21]. However, the
original EMD has some drawbacks [22,23]. One of major
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drawbacks of the original EMD is the frequent appearance
of mode mixing [22, 24], which is defined as a single in-
trinsic mode function (IMF), either consisting of signals
of widely disparate scales, or a single of a similar scale
residing in different IMF components. To overcome the
problem of mode mixing in EMD, a noise assisted data
analysis (NADA) method was proposed by Huang and
Wu [25], it was called ensemble empirical mode decompo-
sition EEMD. This method defines the true IMF compo-
nents as the mean of an ensemble of trials, each consisting
of the signal plus a white noise of finite amplitude. How-
ever, the measured signal is generally contaminated by
noise that hides the information which is in direct rela-
tion with faults and may increase the amplitude of noise
used by EEMD.

To alleviate these difficulties, in this work we use the
EEMD method to calculate the residual signal (RS). The
RS is obtained by removing some IMFs which represent
the noise, the harmonics of the tooth meshing frequency
and the regular signal.

By applying EEMD method in the calculation of the
residual signal, we can decompose the signal at different
levels and the change in the vibration signals caused by
the localized fault is even more visible and the damage
can be early identified.

The structure of the paper is as follows: Section 2
introduces the basic of EMD. Section 3 is dedicated
to EEMD method. Section 4 presents the method and
the procedure of the residual signal based on EEMD.
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In Section 5, we present examples of simulated signals
to illustrate the behavior of the proposed algorithm. In
Section 6, the method is applied for gearbox faults diag-
nosis. In Section 7, a conclusion of this paper is given.

2 Empirical mode decomposition
(EMD) method

2.1 Review stage

The empirical mode decomposition EMD is basically
the output of an iterative algorithm [7, 8], it admits no
analytical definition. The signal x(t) can be decomposed
as follows:

1. Identify all the local extrema, and then connect all
the local maxima by a cubic spline line as the upper
envelope.

2. Repeat the procedure for the local minima to produce
the lower envelope. The upper and lower envelopes
should cover all the data between them.

3. The mean of upper and lower envelopes value is desig-
nated as m1(t), and the difference between the signal
x(t) and m1(t) is h1(t)

h1(t) = x(t) − m1(t) (1)

4. If h1(t) is an IMF, then h1(t) is the first component
of x(t).

5. If h1(t) is not an IMF, h1(t) is treated as the original
signal and repeat steps (1–3); we got:

h11(t) = h1(t) − m11(t) (2)

in which, m11(t) is the mean of upper and lower en-
velopes value of h1(t).

6. After repeated sifting process K times, h1k(t) becomes
an IMF, that is

h1k(t) = h1(k−1)(t) − m1k(t) (3)

then, it is designated c1(t) = h1k(t) as the first IMF
component from the original data. c1(t) should contain
the finest scale or the shortest period component of the
signal.

7. Separate c1(t) from x(t), we could get:

r1(t) = x (t) − c1(t) (4)

8. r1(t) is treated as the original data, and repeat the
above processes, the second IMF component c2(t) of
x(t) could be got.

9. Let us repeat the process as described above for n
times, then n-IMFs of signal x(t) could be got. Then,

r1(t) − c2(t) = r2(t)
...

rn−1(t) − cn(t) = rn(t)
(5)

10. The decomposition process can be stopped when rn

becomes a monotonic function, from which no more
IMF can be extracted. By summing up (4) and (5),
we finally obtain

x (t) =
n∑

j=1

cj(t) + r n(t) (6)

the residue rn(t) is the mean trend of x(t).

2.2 The IMFs must satisfy the following definition

– In the whole data set, the number of extrema and the
number of zero-crossings must either be equal or differ
at most by one.

– At any point, the mean value of the envelope defined
by local maxima and the envelope defined by the local
minima is zero.

3 Ensemble empirical mode decomposition
(EEMD) method

The major drawback of the original EMD is the mode
mixing [24, 25], which is the consequence of signal inter-
mittence. The intermittence could cause the aliasing prob-
lem and makes the physical meaning of the IMF inclear.
To overcome the mode mixing separation problem, a new
noise-assisted data analysis (NADA) method is proposed.
This method is named the Ensemble EMD (EEMD) [25],
it defines the true IMF components as the mean of an en-
semble of trials, each consisting of the signal plus a white
noise of finite amplitude.

The proposed EEMD is defined as follows:

1. Add a white noise y(t) to the original signal x(t) to
generate a new signal:

xk(t) = x(t) + βk.y(t) (7)

βk is a fraction of the standard deviation of the origi-
nal signal x(t).

2. Use the EMD to decompose the generated signals
xk(t) into n IMFs cjk(t), j = 1, . . . , n, where cjk(t)
is the jth IMF of the kth trial.

3. Repeat steps (1) and (2) K times with different white
noise series each time to obtain an ensemble of IMFs:
cjk(t), k = 1, . . . , K.

4. Determine the ensemble mean of the K trials for each
IMF as the final result:

cj(t) = lim
K→∞

1
K

K∑

k=1

cjk(t), j = 1, . . . , n (8)

To remove the influence of some indesired components
as the noise and to show clearly the signal components
generated by the crack damage, we propose to use the
residual signal.
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There exist different methods to calculate the residual
signal, in this work, first we give a preview on some meth-
ods that already exist and then we propose a new method
based on the ensemble empirical mode decomposition.

4 Residual signal

The idea of residual signal was first proposed by
Stewart [26] in 1977. The purpose of the residual signal
is to eliminate the components which occur at the fun-
damental and harmonics of the tooth meshing frequency
from the time average. The time domain averaging is
based on obtaining a signal describing one revolution of
the considered gear by averaging the vibration signal over
a number of revolution. It used to eliminate all the com-
ponents not synchronized to the shaft including noise.

Then the objective of getting the residual signal is to
remove the influence of the noise and the regular vibration
components and show the signal components generated
by crack damage.

For healthy gears, the gear meshing frequency, its har-
monics, the shaft rotation frequencies and their harmonics
dominate the vibration spectrum.

When a local gear fault such as a crack in a tooth is
present, the vibration signal in a complete revolution will
be modified by the effects of a short duration impact im-
pulse. In order to detect the fault features in the vibration
signal, the regular components need to be removed; the
rest is called the residual signal, which is supposed to be
more sensitive to crack growth.

In this study, we will examine three different methods
of generating residual signals.

(a) The first method is based on removing the mesh
harmonics from the time synchronous average signal
(TSA).

xres(t) = xTSA(t) − 1
z

z−1∑

i=0

x(t + iTe) (9)

where, xres is the residual signal, x is the vibration
signal, Z is the number of teeth of the gear, Te is the
mesh period and xTSA is the time synchronous average
signal that is given by the next equation.

xTSA(t) =
1
N

N−1∑

i=0

x(t + iT ) (10)

where, T is one rotation period and N is the number
of periods.

(b) The second method is based on the signal when there
is no crack that can be considered to be the regular
signal, and the residual signal is obtained by remov-
ing the regular signal from the cracked vibration sig-
nals [27]. In our work, we consider that the signal of
the second day correspond to the signal without crack.

(c) The third method which is proposed in this paper, is
based on the EEMD method. The residual signal is

obtained by removing some IMFs which represent the
harmonics of the tooth meshing frequency, the noise
and the regular signal.

In this section, we present a brief description of the algo-
rithm used to get the residual signal from EEMD method.
Figure 1 shows the block diagram of the method, which
comprises the following steps:

1. The EEMD algorithm is used to decompose the signal
into intrinsic mode functions, IMF 1 . . . IMFn, where
n is the number of IMFs.

2. We calculate the time synchronous average of each
IMF by applying the next equation:

IMFTSA(t) =
1
N

N−1∑

i=0

IMF (t + iT ) (11)

3. We calculate the residual IMF, by applying the next
equation:

IMFres(t) = IMFTSA(t) − 1
Z

Z−1∑

i=0

IMF (t + iTe)

(12)
4. Kurtosis is used in the measurement of impulsiveness,

for this purpose we calculate the Kurtosis of each
residual IMF. In this stage, the residual IMFs that
have a Kurtosis less or equal to 3 were eliminated.

5. We calculate the residual signal by adding together
all the residual IMFs that have a Kurtosis superior
than 3.

xres(t) =
n∑

j=1

IMFresj(t) (13)

6. Calculate the Kurtosis of the residual signal to check
if there are any impulses in the residual signal.

5 Simulation

This section provides validation of the efficiency of the
method used in this paper to get the residual signal.

5.1 Example 1

Let us consider a vibration signal x(t) consisting of
two components x1(t) and x2(t) (Fig. 2), where x1(t) rep-
resents the periodic components in the vibration signal,
given by:

x1(t) = sin (2π50t) + sin (2π120t) 0 ≤ t ≤ 0.06 s (14)

and the term x2(t) represents the transient component
produced by the fault, given by:

x2(t) = A1(t).A2(t) 0 ≤ t ≤ 0.06 s (15)
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Fig. 1. Diagram of the EEMD residual signal.

where, A1(t) = 0.05 sin(2π2000 t) and

A2(t) = e(t−0.005)2/10−6
+e(t−0.025)2/10−6

+e(t−0.045)2/10−6

(16)
The Kurtosis value of x(t) is 2.28, this value does not in-
dicate the presence of any impulse. The FFT spectrum of
the signal is given in Figure 3. It shows only the frequen-
cies which represent the periodic part of the signal.

By using EMD, the signal x(t) is decomposed and the
results shown in Figure 4 are obtained. It is obvious that

Table 1. Kurtosis values of each IMF for the normal gear.

IMF Signal IMF1 IMF2 IMF3
Kurtosis 2.501 2.13 2.03 1.53

the IMFs obtained by EMD are distorted seriously and
the mode mixing is occurring between IMFs.

The simulation signal in Figure 2 is decomposed
again using EEMD. The decomposition result is shown
in Figure 5. From this figure, it is seen that the compo-
nents included in the signal are decomposed into separate
IMFs perfectly. The first IMF corresponds to the transient
component; the second IMF and the third IMF indicate
the periodic components, and the last IMF corresponds
to the residue. Then, the different components embedded
in the signal can be extracted accurately using the EEMD
method.

We can see also that the Kurtosis of the first IMF
(Ku = 16.88) is greater than 3, and the Kurtosis of the
other IMFs is less than 3, which allows us to calculate the
residual signal by taking only the first IMF (Ku > 3).

5.2 Example 2

Consider a normal pair of gears meshing under a con-
stant load and speed, and which have different number of
teeth. Suppose that the teeth on each gear are identical
and are free of eccentricity. The vibration signal generated
by the gears can be represented as [28, 29]:

xNG(t) =
M∑

m=0

Xm cos (2πmZfrt + ϕm) (17)

where, M is the number of tooth-meshing harmonics, Xm

and ϕm are, respectively, the amplitude and the phase of
the mth meshing harmonic, Z is the number of gear teeth,
t is time, fr is the shaft rotation frequency, and fm =
Z.fr is the meshing frequency. Equation (17) indicates
that the vibration signal acquired from a normal gearbox
generally exhibits predominant frequency components at
the meshing frequency and its harmonics. Figure 6 shows
the EEMD decomposition of a simulated vibration signal
from a normal gearbox that have the same features that
the experimental test bench (a gear with 21 teeth and
rotational frequency is 16.67 Hz, the meshing frequency is
333 Hz, the number of harmonics is M = 3, the sampling
frequency is fe = 20 000 Hz, N = 4096 points, and the
number of sidebands M1 = 5). Table 1 gives the Kurtosis
values calculated for each IMF.

Suppose that the gearbox has a tooth fault then the
generated signal is modulated by the gear rotating fre-
quency and contains amplitude and phase modulations
that are periodic with the rotating frequency of the faulty
gear.

The modulation of the meshing frequency gener-
ates sidebands, which are frequency components equally
spaced around the carrier frequency. Changes in vibra-
tion generated by a faulty gear tooth can be represented
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Fig. 4. The decomposition result with EMD.
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Fig. 5. The decomposition result with EEMD.
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Fig. 6. The decomposition results of a simulated vibration signal from a normal gearbox.

by the following amplitude and phase-modulating func-
tions, am(t) and bm(t), respectively:

am(t) =
M1∑

n=0

Amn cos (2πnfrt + αmn)

bm(t) =
M1∑

n=0

Bmn cos (2πnfrt + βmn) (18)

where M1 is the number of sidebands around tooth-
meshing harmonics, Amn and Bmn are amplitudes at the
nth sidebands of amplitude and phase-modulating signals,
respectively, around the mth meshing harmonic, αmn and
βmn are phases at the nth sideband of amplitude and
phase-modulating signals, respectively, around the mth
meshing harmonic. The combined modulated vibration

signal x(t), produced by a pair of meshing gears with a
tooth fault, is given by

x(t) =
M∑

m=0

Xm(1 + am(t)). cos (2π m Z frt + ϕm + bm(t))

(19)
Figure 7 shows the time domain and the frequency do-
main of a simulated vibration signal from a faulty gear-
box. The time domain presents a signal in the form of
impacts. In the same time the frequency domain is con-
sists of the meshing frequency and its harmonics and side-
bands around them, in the same time, we can see that the
spread of the peaks is larger than the normal condition.

Figure 8 shows the EEMD decomposition of the simu-
lated vibration signal from a faulty gear tooth, we see that
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Fig. 7. Simulated vibration signal from a faulty gear tooth, (a) time domain, (b) frequency domain.
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Fig. 8. The decomposition results of a simulated vibration signal from a faulty gear tooth.

the first IMFs are in the form of impacts. The Kurtosis
values of each IMF of the cracked signal are given in
Table 2, the IMFs from 8 to 11 are characterized by a
very low amplitude, for this reason, we have added them
to the residue.

To explain the idea of the application of the residual
signal, we have applied the three methods to calculate the
residual signal, and then we have calculated the Kurtosis
of the residual signal for normal and faulty gear. In the
same time, we have calculated the Kurtosis of the resid-
ual IMFs (Tab. 2) given by the use of Equation (12). By
applying the three methods, we have got the results sum-
marized in Table 3.

These results show that all the three methods give
good results but, the third method based on EEMD per-
mits to decompose the signal at different levels and cal-
culate the Kurtosis of different bands of frequency, which
allow us to follow the advancement of default in high and
low frequency.

Table 2. Kurtosis values for the raw and the residual IMFs
of the faulty gear.

IMFs
Kurtosis

Raw signal Residual signal
IMF1 9.67 21.30
IMF2 3.62 13.64
IMF3 3.19 16.62
IMF4 3.34 18,14
IMF5 2.27 10.13
IMF6 1.99 7.67
IMF7 2.01 5.09
IMF8 2.89 2.34
IMF9 2.97 2.18
IMF10 2.68 2.42
IMF11 1.66 1.50

6 Application to experimental data

The vibration signals used in this work were carried
out at CETIM, France [3, 17].
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Table 3. The Kurtosis values of residual signals.

Residual Ku Ku Ku
signal 1st method 2nd method 3rd method

Faulty gear 21.91 6.84 21.90

The system under test is composed of a pair of spur
gears which have a number of teeth respectively Z1 =
20 teeth and Z2 = 21 teeth, the 20 teeth gear has a rota-
tion speed of 1000 rpm, the experiment was carried out
for 13 days length and the measurements were collected
every 24 h, on the last day the fault was in an advanced
stage close to the breakage of the tooth.

The rotating speed of the input shaft is: fr1 =
16.67 Hz and the rotating speed of the output shaft is
fr2 = 15.87 Hz, the meshing frequency is fe = Z1.fr1 =
Z2.fr2, then fe = 333 Hz.

This test bed has been studied by other researchers [3,
17, 30, 31]. They have used new signal processing tech-
niques.

In the first paper, Capdessus et al. [3] have used the
cyclostationarity analysis. They have used the synchro-
nised averaging (first–order cyclostationarity) in order
to eliminate all the components not synchronised to the
shaft including random noise. The fault on the gear was
detected from the ninth day.

In the second paper, Parey et al. [17] have used for
early detection of this localized tooth defect, EMD and
a statistical analysis based on Kurtosis. First, they have
decomposed the signal in IMFs, and then they have calcu-
lated directly the Kurtosis of these IMFs. They have not
used any technique to remove the noise. So, the fault was
detected from the tenth day, and then, the elimination of
noise gives best results.

In third paper Badaoui et al. [30] have used the power
cepstrum and a new indicator which is not affected by
the signal amplitude and the signal-to-noise ratio. And
from the evolution of this indicator they conclude that
the pinion was developing a defect from the eighth day.

In the last work [31], the author has shown that the
spectral correlation could detect the default at an early
stage (sixth day).

Figure 9 shows the acceleration signals in time do-
main, the signals correspond to five days of the experi-
ment (2nd day, 6th day, 9th day, 11th day and 13th day).
The time trend of the vibration signals corresponding to
2nd day, 6th day, 9th day, 11th day indicate that it is not
possible to detect the fault of the gear only by looking
at the time trend plot, since the firsts impulses due to
appearance of faults are masked by the noise. For the vi-
bration signals corresponding to the last day 13th, we can
see that the fault is characterized by periodical impulses
caused by cracked teeth. Then the fault is in advanced
stage.

In this study, first we have calculated the Kurtosis
values for acceleration signals from day 2 to 13 (Tab. 4),
then each signal was decomposed by the EEMD method,
Figures 10–12 display IMFs given by EEMD which cor-
respond to the 2nd day, the 9th day and the last day. We

Table 4. Kurtosis values for raw and residual signals.

Days Ku of the Ku of the residual
raw signal signal (3rd method)

2 2.734 3.14
3 2.686 3.35
4 2.963 3.99
5 2.776 5.27
6 3.084 4.19
7 2.989 4.41
8 2.972 4.30
9 2.870 4.66
10 3.169 4.27
11 3.118 4.33
12 12.64 13.64
13 13.44 15.77

Table 5. The expert report

Days Observations
2 First day of acquisition, no anomaly
3 No anomaly
4 ////
5 ////
6 ////
7 Chipping tooth 1/2
8 No evolution

Tooth 1/2 no evolution
9 Tooth 15/16 beginning of chipping
10 Evolution of chipping tooth 15/16
11 ////
12 ////
13 Chipping over all the width of tooth 15/16

have obtained 12 IMFs for each signal, we have presented
only nine IMFs, the last IMFs are added to the residue.
These figures show that the first IMF indicates the highest
frequencies contained in the signal and we have remarked
that rotation frequency is presented by IMF 8 or IMF 9.

After that, we have calculated the residual IMFs from
Equation (12). By subtracting the residual IMFs that the
Kurtosis is less than 3, we have obtained the residual sig-
nal. Finally, we have calculated the Kurtosis values for
the residual signals (Tab. 4).

The variation of the Kurtosis values indicates that the
fault was started from the fifth day. Also we can dis-
tinguish clearly three different stages (Fig. 13), the first
one starts from day 2 to day 4 and it corresponds to the
no anomaly, the second period starts from day 5 to day
11 this stage corresponds to the appearence of the fault
which is a chipping tooth and finaly, the last stage where
the default is in advanced stage and corresponds to the
evolution of chipping tooth. These results are justified by
the expert report given in Table 5.

7 Conclusion

The EEMD decomposition provides a powerful tool for
non-stationary and non-linear signal analysis. The results
presented in this study demonstrate that the combination
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Fig. 9. Analyzed vibration signals of the 2nd day, 6th day, 9th day, 11th day and 13th day.
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Fig. 10. EEMD of the signals of the 2nd day.
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Fig. 11. EEMD of the signals of the 9th day.
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Fig. 12. EEMD of the signals of the 13th day.
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Fig. 13. Kurtosis values variation.
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Fig. 14. Figure 13 zoomed.

method of EEMD and residual signal can be used to iden-
tify early damage in gear boxes. These results prove that
the method can increase the precision of results given by
the two methods EEMD and residual signal by reducing
noise and preserving signal information.
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