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Accurate diagnosis of rolling bearing fault on the normal operation of machinery and equipment has a very important significance.
Amethod combining Ensemble EmpiricalModeDecomposition (EEMD) andRandomForest (RF) is proposed. Firstly, the original
signal is decomposed into several intrinsic mode functions (IMFs) by EEMD, and the effective IMFs are selected.Then their energy
entropy is calculated as the feature. Finally, the classification is performed by RF. In addition, the wavelet method is also used in
the proposed process, the same as EEMD. The results of the comparison show that the EEMD method is more accurate than the
wavelet method.

1. Introduction

As the common components in rotating machines, the
rolling bearings play an increasingly important role in the
industry. Faults occurring in the bearingsmay lead to the fatal
breakdown of machines and inestimable economic losses [1].
Therefore, it is significant to detect the existence and severity
of a fault in the bearing fast, accurately, and easily [2]. Several
methods have been fully established and developed about
bearing fault throughout these last years [3].

The common methods used for the research of fault
diagnosis are divided into two types.One type of research is to
identify the status of the bearing, to distinguish between good
and faulty bearings, and to indicate the defective components.
Another is to separate the bearing related signal from other
components and to minimize the noise that may mask the
bearing signal, especially in the early stage of the rolling
element bearing fault.The first type is the most wide research
area and is the focus of this paper. The methods used
in the past include fast Fourier transform (FFT) analy-
sis, cepstrum analysis, the envelope spectra technique [4],
the high frequency resonance technique (HFRT), time-
frequency analysis, and higher order statistics. Since the sig-
nals of faulty rolling bearing have the character of nonlinear

and nonstationary, the above methods are not suited for
these signals. Wavelet is an approach suitable for nonlinear,
nonstationary signal but has its own flaws in theory. It
lacks adaptability, since the sampling frequency and the
decomposition scale of thewavelet are determined in advance
instead of according to the characteristics of the signal itself.
The essence of wavelet analysis is to form the original signal
using a set of wavelet basis functions. However, the wavelet
basis function is also selected in advance and therefore could
not be a good representation of each local feature. Recently,
a method called Empirical Mode Decomposition (EMD)
proposed by Huang et al. offers a different approach to
signal processing. Since it is based on the local characteristic
time scales of a signal and could self-adaptively decompose
the complicated signal into some intrinsic mode functions
(IMFs) [5], EMD can overcome the deficiencies of some
methods. Then EMD became a popular method in signal
processing, particularly in fault diagnosis of rolling element
bearings since its occurrence. However, EMD has an open
problem, the mode mixing, which resulted from signal inter-
mittency. Mode mixing is defined as a single IMF with oscil-
lations that include a wide variety of scales or components
with similar scales in different IMFs. When the problem of
mode mixing occurs, an IMF can cease to have physical
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meaning by itself, suggesting falsely that there may be
different physical processes represented in a mode [6].

Wu and Huang proposed a new method called Ensemble
Empirical Mode Decomposition (EEMD) in 2009, which is
an improvement of EMD, aiming to eliminate the mode
mixing problem of EMD automatically by application noise-
assisted analysis to EMD and promote antialiasing decompo-
sition. Then EEMD has attracted widespread attention and
has been proven to be better than EMD in decomposing
vibration signals of rotating machinery in the decomposing
of vibration signals for rotating machinery [7, 8]. EEMD is
a tool for decomposing nonstationary signals, it can also be
used to extract the features and reveal the signal characteristic
information accurately based on IMFs. When different types
of faults occur in the same parts of the rolling bearing,
the signal energy value in different frequency bands can be
changed and can used to judge fault degree by calculating
the energy entropy of different IMFs. Ozgonenel et al. [9]
investigated performance of EEMD and made a comparison
between it and classical EMD for feature vector extraction.
Zhang et al. [10] extracted two types of features referred
to as singular values and AR model parameters based on
EEMD and then inputted these features to particle swarm
optimization support vector machine to diagnose faults for
rolling element bearings. An et al. use EEMD and Hilbert
transform to extract the fault features of bearing pedestal
looseness of wind turbine effectively [11].

Commonly, a classification method is used for fault iden-
tification after feature extraction. The common classification
methods used in previous studies are decision tree, neural
network, nearest neighbor algorithm, naive Bayes, support
vector machine, and so on. But a single classifier will often
appear to be the problem of low accuracy or overfitting.
Random forest (RF), introduced by Breiman, is an integrated
tree classifier that is composed of several decision trees. It
is an ensemble method which uses recursive partitioning to
generate many trees and then aggregate the results [12]. The
average value over all individual trees is output, since only
continuous values are relevant in this case.

This paper proposes a newmethod combiningEEMDand
RF for diagnosis of rolling bearing. First, the original signal
is decomposed into a number of IMFs with EMD, and it is
also decomposed into other IMFs with EEMD. Comparing
the IMFs produced by the two methods, which can show the
superior performance of EEMD on the mode mixing, the
part IMFs produced by EEMD are selected and their energy
is calculated. The signal is also decomposed into the same
number of levels as the IMFs by EEMD. Finally, the energy
entropy is used to extract features of signals to identify the
fault state by RF.

The paper is organized as follows. Section 2 is dedicated
to introduce the EEMD method and energy entropy. In the
Section 3, we are going to explain the RF. Section 4 presents
the results of the empirical analysis. Finally, the conclusion is
drawn in Section 5.

2. EEMD and Energy Entropy

2.1. EEMD. EEMD is the improvement of EMD, while EMD
is a method which can smooth the signal and decompose
the fluctuation and trend of different scales into a series of

intrinsic mode functions (IMF). An IMF should satisfy the
following two conditions. (1) The number of extremes and
the number of zero-crossings must be either equal or differ
by at most one over the whole data set. (2) At any point, the
mean value of the envelope defined by the local maxima and
the envelope defined by the local minima are zeros.

The EMD algorithm is described as follows:
(1) Define 𝑗 = 0 and

𝑥 (𝑡) = 𝑥0 (𝑡)
𝑟0 (𝑡) = 𝑥0 (𝑡) .

(1)

(2) Find all the maxima and minima of 𝑥(𝑡).
(3) Connect all the local maxima (resp., minima) with a

line known as the cubic spline lines, and it is the upper
envelope 𝑒max(𝑡) (resp., the lower envelope 𝑒min(𝑡)).

(4) Calculate the mean value of upper and lower
envelopes point by point; that is,

𝑚𝑗 (𝑡) = [𝑒max
𝑗 (𝑡) + 𝑒min

𝑗 (𝑡)]
2 . (2)

(5) Let

𝑑1 (𝑡) = 𝑥 (𝑡) − 𝑚 (𝑡) (3)

and replace 𝑥(𝑡) by 𝑑1(𝑡).
(6) If 𝑑1(𝑡) meets the IMF conditions and the stoppage

criterion of the sifting process is fulfilled, then 𝑑1(𝑡) is
the first IMF. Otherwise, repeat steps (2)–(5) 𝑘 times
until 𝑑1𝑘(𝑡) is eligible, and 𝑑1𝑘(𝑡) is the first IMF,
named 𝑐1(𝑡).

(7) Drive 𝑐1(𝑡) from 𝑥(𝑡)
𝑟1 (𝑡) = 𝑥 (𝑡) − 𝑑1 (𝑡) . (4)

(8) Repeat steps (1)–(6), until 𝑑𝑁+1(𝑡) is a monotonic
function or constant, then the decomposition of 𝑥(𝑡)
ends, and we get 𝑁 IMFs and one trend term

𝑥 (𝑡) =
𝑁

∑
𝑗=1

𝑐𝑗 (𝑡) + 𝑟𝑁 (𝑡) . (5)

As for EEMD, its essential characteristic is adding finite
white noise to the investigated signal. EEMD is amoremature
tool for nonlinear and nonstationary signal processing. The
principle of the EEMD is simple: the addedwhite noise popu-
lates the whole time-frequency space uniformly, facilitating a
natural separation of the frequency scales, which reduces the
occurrence of mode mixing. The mechanism of this idea is
that the signal regions of different scales will be automatically
mapped to the appropriate scales signal associated with the
white noise background when adding the white noise of
uniform distribution. As it should be, each independent test
may produce noisy results because each signal contains the
signal itself and the noise. Since the noise is different in each
individual test, the noise will be offset when using enough
overall mean for test. Ultimately, the only constant part is the
signal itself. The specific process of EEMD is as follows.
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(1) Add the target signal 𝑥(𝑡) with a set of white noises
𝑤𝑖(𝑡), whose mean is 0 and standard deviation is 1, to
construct a hybrid sequence 𝑋𝑖(𝑡):

𝑋𝑖 (𝑡) = 𝑥 (𝑡) + 𝑤𝑖 (𝑡) , (6)

where 𝑤𝑖(𝑡) is the 𝑖th added white noise series,
𝑖 = 1, 2, . . . ,𝑀 and 𝑀 is the initialized number of
ensembles.

(2) Decompose the hybrid sequence 𝑋𝑖(𝑡) via the EMD
algorithm

𝑋𝑖 (𝑡) =
𝑁

∑
𝑗

𝑐𝑖𝑗 (𝑡) + 𝑟𝑖𝑗 (𝑡) , (7)

where 𝑗 = 1, 2, . . . , 𝑁, 𝑁 is the number of IMFs,
and 𝑐𝑖𝑗(𝑡) represent the IMFs (𝑐𝑖1, 𝑐𝑖2, . . . , 𝑐𝑖𝑁) which
include different frequency bands ranging from high
to low.

(3) Repeat step (1) and step (2) for𝑀 times with different
scales of white noise series each time to obtain an
ensemble of IMFs:

[{𝑐1𝑗 (𝑡)} , {𝑐2𝑗 (𝑡)} , . . . , {𝑐𝑀𝑗 (𝑡)}] . (8)

(4) Calculate the ensemble means of the corresponding
IMFs of the decomposition as the final result:

𝑐𝑗 (𝑡) = 1
𝑀
𝑀

∑
𝑖=1

𝑐𝑖𝑗 (𝑡) . (9)

Furthermore, some studies concluded that added noise
may help extract more proper components from the original
data. Wu and Huang (2009) proved a well-established statis-
tical rule for controlling the effect of the added noise:

𝜀𝑚 = 𝜀
√𝑀, (10)

where 𝑀 is the ensemble number, 𝜀 is the amplitude of
the added white noise, and 𝜀𝑚 is the standard deviation of
the error, which is defined as the difference between the
input signal and the corresponding IMFs. Previous work has
suggested that an ensemble with a few hundredmembers and
an added white noise with a fixed amplitude at 0.2 times the
standard deviation of the original signal will lead to an exact
result. Unfortunately, until recently, no previous studies have
presented amethod for determining the best amplitude of the
added white noise. We set the number of ensemble members
to 100 and select the optimal standard deviation of the white
noise series from 0.1 to 0.2 using the 𝑘-fold cross-validation
method [13].

2.2. Energy Entropy. When the different parts of the rolling
bearing fault, the frequency distribution of the vibration
signal will change, and the energy of fault vibration signal will
also change [14]. Generally, the energy distribution in signals

of normal bearing is even and uncertain and thus bigger than
fault one. Hence, the EEMD energy entropy can be used to
specify whether the bearing has faults or not.

Since some IMFs are beneficial for fault diagnosis, we
select effective IMFs before calculating the energy entropy.
The correlation coefficient in statistics can be used for this
analysis. The correlation coefficient represents the degree of
correlation between sequences and hence can be used to
select the proper component. Assume the number of effective
IMFs is 𝑛. The energy entropy of IMFs is calculated by the
following steps:

(1) Calculate the energy of 𝑖th IMF

𝐸𝑖 =
𝑚

∑
𝑗=1

𝑐𝑖𝑗

2 , (11)

where 𝑚 is the length of a IMF.
(2) Calculate the total energy of these 𝑛 efficient IMFs

𝐸 =
𝑛

∑
𝑖=1

𝐸𝑖. (12)

(3) Calculate the energy entropy of IMFs

𝐻en = −
𝑛

∑
𝑗=1

𝑝𝑖 log (𝑝𝑖) , (13)

where 𝐻en is the energy entropy in the whole of the
original signal and 𝑝𝑖 = 𝐸𝑖/𝐸 is the percentage of the
energy of the IMFnumber 𝑖 relative to the total energy
entropy.

(4) Thus, the feature vector can be constructed:

[𝐻en, 𝐸1𝐸 , . . . , 𝐸𝑛𝐸 ]

= [𝐻en, 𝐻enIMF1, 𝐻enIMF2, . . . , 𝐻enIMF𝑛] ,
(14)

where 𝐻enIMF𝑖 is energy entropy in the whole of the
IMF number 𝑖.

3. Random Forest

Random Forest is a kind of integrated tree classifier [15, 16].
The flow chart of Random Forest is shown in Figure 1: the
detailed algorithm is as follows.

(1) Take a random sample of 𝑛 observations from the
data set with replacement of the complete set of 𝑚
observations using bootstrap resampling technique.
This sample forms a new classifier. Some observa-
tions, nearly 2/3, will be selected more than once,
and the rest will not be chosen. The remaining 1/3 of
the cases is called “out of bag” (OOB). New random
selection of cases is performed for each constructed
tree.
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Figure 1: The flow chart of RF.

(2) Construct a tree (to the maximum size and without
pruning) using the cases selected in the previous step.
During this process, only consider a subset of the
total set of predictor variables every time that it is
needed to split a node.The set of predicted variables is
selected as a random subset of the total set of available
predictor variables. Perform a new random selection
for each split. For each split, some prediction results
(including the best) cannot be considered, but the
prediction results excluded in one split can be used
by other splits in the same tree.

(3) Repeat steps (1) and (2) to construct a forest, that is, a
collection of trees.

(4) Run the example through each tree in the forest and
record the predicted value to score a case. Use the
predicted categories for each tree as “vote” for the
best class, and use the class with the most votes as the
predicted class.

When we use the previous algorithm to construct a RF,
about 1/3 of the cases are excluded from each tree in the
forest. These cases are called “out of bag” (OOB); each tree
will have a different set of OOB cases. The OOB case is not
used to construct a tree or to constitute a separate test sample
of the tree. The OOB cases for each tree are run through
the tree and the error rate of the prediction is computed, to
measure the generalization error of the forest. The error rates
for the trees in the forest are then averaged to give the overall
generalization error rate for the decision tree forest model.

RF has two random elements: (1) the selection of data set
used as input for each tree; (2) the set of predictor variables
considered as candidates for each node split. These randomi-
sations, along with combining the predictions from the trees,
significantly improve the overall predictive accuracy.This is a
significant advantage to dealing with the engineering practice
[17]. Another point of concern is the random selected subset
of features. It makes the structure of the tree less complete
and greedy and increases the possibility that some weak
features can have access to the tree and combine with other
features. Thus, the local characteristics of each sample can be

magnified and the probability of wrong judgement caused by
information loss can be reduced. All the votes by trees have a
comprehensive assessment for a sample [18].

RF uses the Gini index as a measure of optimal segmen-
tation selection, which measures the relative impurity of a
given element relative to the remaining classes (Breiman et
al., 1984).Thus, the decision tree grows to itsmaximumdepth
(without pruning) by using a given combination of features
[19].

RF can handle data with many features and distinguish
which features are more important in the classification. In
addition, it will not be overfitting. The model generalization
ability is very strong since the generalization of the error
is unbiased estimate when creating a Random Forest. For
unbalanced data sets, RF can balance the error. If a large part
of the feature is lost, it can still keep its accuracy high enough
[20–22].

4. Application

The flow chart of the fault diagnosis in this paper is shown in
Figure 2.

4.1. Empirical Data. In this paper, all the data of roller bearing
vibration are from the website of Case Western Reverse Lab
[23]. The website provides access to ball bearing test data
for normal and faulty bearings. Experiments were conducted
using a 2 hp Reliance Electric motor, and acceleration data
was measured at locations near to and remote from the
motor bearings. Motor bearings were seeded with faults
using electro-discharge machining (EDM). Faults ranging
from 0.007 inches in diameter to 0.040 inches in diameter
were introduced separately at the inner raceway, rolling
element (i.e., ball), and outer raceway. Faulted bearings
were reinstalled into the test motor and vibration data was
recorded for motor loads of 0 to 3 horsepower (motor speeds
of 1797 to 1720 RPM). Data was collected for normal bearings,
single-point drive end (DE), and fan end (FE) defects.

The data we used is generated by the motor whose speed
is about 1750 RPM, the fault diameter is 0.014 inches, and
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Figure 2: Fault diagnosis based on EEMD and RF and comparison with wavelet.
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Figure 3: Vibration signals of normal bearing and faults of drive end (DE).

normal bearings, single-point drive end (DE), and fan end
(FE) defects are all contained.

There are 168 data samples, including seven working
states, that is, normal bearings and three fault types (inner
raceway, rolling ball, and outer raceway fault) of DE defect
and FE defect. The following items defined by the author can
indicate the seven working states:

NOR: normal baseline data

DEIR: inner race fault of DE defects

DEBall: element (i.e., ball) fault of DE defects

DEOUTR: outer race fault of DE defects

FEIR: inner race fault of FE defects

FEBall: element (i.e., ball) fault of FE defects
FEOUTR: outer race fault of FE defects.

Each working state contains 24 data samples, and each
sample has 5000 data points.

It shows the time-domain waveforms of vibration signals
for the first sample of the seven working states in the
Figure 3. Each form has its own characteristics, but we need
to distinguish them quantitatively. The next step is feature
extraction.

The idea of this paper is to decompose the signal first
and then extract the characteristics of each component.
The commonly used decomposition method is wavelet and
EMD, but there exist physical meaning confusing and mode
mixing phenomenon that would also confuse the component
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Figure 4: Partial details of DEBall decomposed by wavelet.
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Figure 5: Partial IMFs of DEBall decomposed by EMD.

characteristics. EEMD could make better performance than
EMD on mode mixing.

4.2. Comparison Analysis. Considering the sample size is too
large, we only use the first sample of DEBall to demonstrate
the process of comparison and feature extraction. Figures 4,
5, and 6 show partial details or IMFs decomposed by EMD
and EEMD, respectively. The subgraphs in Figure 4 do not
show significant physical meaning because the wavelet basis
function is predetermined and not suitable for the signal.
Each subgraph contains more than one frequency compo-
nent showing an obvious mode mixing. The components

in Figure 5 are better than those in Figure 4, but IMF6
and IMF 8 still contain more than one regular frequency
and show the mode mixing phenomenon in EMD. Finally,
the corresponding IMFs in Figure 6 eliminate the different
frequencies obviously. It shows that EEMD can avoid mode
mixing because it could separate high frequency and low
frequency components clearly and obtain the meaningful
signal sufficiently. It can also prove that EEMDmaintains the
adaptability in signal decomposition.

4.3. Feature Extraction and Classification. The result of
EEMD decomposition has 11 IMFs and one trend term. The
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Figure 6: Partial IMFs of DEBall decomposed by EEMD.

Table 1: The correlation coefficient between each IMF and unresolved signals.

IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 IMF9 IMF10 IMF11 trend
Correlation coefficient 0.8979 0.2694 0.3109 0.2383 0.0793 0.0105 0.0038 0.0016 0.0008 0.0004 0.0006 0.0000

Table 2: Energy entropy of each bearing state for the first sample.

Working state Normal state Inner
race fault

Outer
race fault Ball fault

Energy entropy 0.6811 0.1636 0.2641 0.3176

first few IMFs contain enough physical meaning and are
called effective intrinsic functions (EIMF). The last few IMFs
that do not contain enough physical meaning are called false
intrinsicmode function (FIMF) components. Next we should
do is to judge whether a IMF is the EIMF and remove the
FIMF. The method proposed in this paper is to calculate
correlation coefficients between each IMF and original signal.

The correlation coefficients are shown in Table 1, which
can show that the first six IMFs have a strong correlation with
the original signal since these six correlation coefficients are
greater than 0.01 and can be chosen as effective IMFs. Process
all the 96 samples in the sameway and choose 6 IMFs for each
sample and then calculate their energy entropy.

According to the calculation method in Section 2.2, the
results are shown in Table 2, in which the energy entropy
is for the first sample of DEBall. It shows that the energy
entropy of the normal state is indeed bigger than the fault
states. When the bearing fails, the specific frequency band
will appear to be corresponding resonance frequency. Then
energy is concentrated in this band, so that the uncertainty
of the energy distribution is reduced; finally the entropy is
reduced.

After the calculation of energy entropy is completed, a
168 × 6 matrix of energy entropy is obtained. Before the
classification, we want to explore an interesting question,
which is, can the proposed EEMDmethod extract character-
istics of the signal more accurately than the classical method,
such as wavelet? To answer it, we also decompose each
sample with wavelet. In order to ensure compliance with the
process of EEMD and feature extraction, we use the wavelet
to decompose the signal in each sample into 12 levels and
calculate the energy entropy using the first six levels. Finally,
another 168 × 6 matrix based on wavelet decomposition is
also obtained. Then the Random Forest classification can
carry out 10000 trees that are set here.

First, we put the feature matrix based on wavelet into
RF classifier. The result shows that the OOB estimate of
error rate is 1.2%, which means there are two observations
being misclassified. Detailed classification results are shown
in Table 3. Rows and columns in the table are true result
and forecasting result, respectively. The first misclassified
observation is in the second row, which originally belongs
to the DEIR, but identified as the FEBall. It means different
components and different types of faults are confused. The
second misclassified observation is in the third row; it
originally belongs to the DEBall and is wrongly identified as
theDEIR.The last column is the error ratewhich indicates the
ratio of false classification of the true classes, the error rate of
DEIR is 0.042, and the error rate of DEBall is also 0.042.

Secondly, we put the feature matrix based on EEMD into
classifier.The result shows that theOOB estimate of error rate
is 0.60%, which means there is only one observation being
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Table 3: Random Forest classification results of wavelet matrix.

NOR DEIR DEBall DEOUTR FEIR FEBall FEOUTR class.error
NOR 24 0 0 0 0 0 0 0.00
DEIR 0 23 0 0 0 1 0 0.042
DEBall 0 1 23 0 0 0 0 0.042
DEOUTR 0 0 0 23 0 0 0 0.00
FEIR 0 0 0 0 24 0 0 0.00
FEBall 0 0 0 0 0 24 0 0.00
FEOUTR 0 0 0 0 0 0 24 0.00

Table 4: Random Forest classification results of EEMDmatrix.

NOR DEIR DEBall DEOUTR FEIR FEBall FEOUTR class.error
NOR 24 0 0 0 0 0 0 0.00
DEIR 0 24 0 0 0 0 0 0.00
DEBall 0 0 23 1 0 0 0 0.042
DEOUTR 0 0 0 24 0 0 0 0.00
FEIR 0 0 0 0 24 0 0 0.00
FEBall 0 0 0 0 0 24 0 0.00
FEOUTR 0 0 0 0 0 0 24 0.00

Table 5: The effect of energy entropy on accuracy and Gini index.

Mean decrease accuracy Mean decrease Gini
HenIMF1 0.1621 12.6351
HenIMF2 0.0745 5.9200
HenIMF3 0.1200 9.6163
HenIMF4 0.1835 14.7869
HenIMF5 0.1834 13.6057
HenIMF6 0.1756 13.8648

misclassified. The confusion matrix of the two classification
processes is shown in Table 4. Similarly, the misclassified
observation originally belongs to the DEBall but is identified
as the DEOUTR. The value of the false classification ratio of
DEBall is 0.042.

It shown the effect of energy entropy on accuracy and
Gini index of DE defects in the Table 5.The greater the value,
the greater the effect. It can conclude that HenIMF4 has the
greatest effect on both accuracy and Gini index, meaning it is
themost important factor of the classifier. It indicates that the
IMF4 contains the features that represent the original signal
best.

Since there are seven types of working state, which are
collected in chronological order, their characteristics may be
affected by its own trend. 5-fold cross-validation has been
taken on the energy entropy matrix. We divided the sets of
each working state into five randomly and then reassembled
them into five subsets. In the 5-fold cross-validation, a subset
was used as test set and the rest were used as training sets.
Repeat the cross-validation for 5 times until all subsets have
been tested; then calculate the average recognition rate and
error rate as a result. It shows that the errors of the training
set and the test set are both 0. Therefore, the error rate

of classification has reached a quit low level. That is, the
classification result is accurate.

5. Conclusions and Discussion

A fault diagnosis method based on EEMD and RF is put
forward in this paper. EEMD method is suitable for analyz-
ing complex multicomponent signals. For the fact that the
vibration signal is nonlinear and unstable, EEMD method
is chosen to precondition the vibration signal of the roller
bearing to produce a set of IMF components. EMD and
wavelet are chosen too, to highlight the advantages of EEMD
in dealing with nonlinear signal and mode mixing. In this
paper, the energy entropy is introduced and EEMDmethod is
combined with RF. We calculate energy entropy of the IMFs
components and take them as the inputs of a RF classifier
for classification. As a comparison, we replaced EEMD with
wavelet and then repeated the process of feature extraction
and classification. The results of the application on the real
data show that the accuracy of classification based on wavelet
is high, but the EEMDbasedmethod is higher; that is, EEMD
method can effectively extract the signal feature effectively. In
addition, the 5-fold cross-validation for EEMDbasedmethod
is performed; we can obtain that the errors of training set and
test set are both small. It also proves that RF classification is
accurate.

EEMD is a good choice when the signal needs time-
frequency analysis, especially when the signal is nonlinear
and nonstationary. Since it can keep the advantages of EMD
and avoidmodelmixing, it can accurately capture the features
of the signal. Its application can be seen in different areas,
such as gears, electricity, weather, and medicine. For RF,
beyond fault diagnosis, it can also be used in corporate credit
assessment, document retrieval, medical diagnostics, image
recognition, and so on.



Shock and Vibration 9

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Acknowledgments

This work is partially supported by the National Natural
Science Foundation of China (nos. 11301036, 11226335, and
11571051) and the Scientific Project of Education Department
of Jilin Province (nos. 2014127 and JJKH20170540KJ). The
authors are very grateful for the support.

References

[1] S. Zhao, L. Liang, G. Xu, J. Wang, and W. Zhang, “Quantitative
diagnosis of a spall-like fault of a rolling element bearing by
empirical mode decomposition and the approximate entropy
method,”Mechanical Systems and Signal Processing, vol. 40, no.
1, pp. 154–177, 2013.

[2] X. Zhang and J. Zhou, “Multi-fault diagnosis for rolling element
bearings based on ensemble empirical mode decomposition
and optimized support vector machines,” Mechanical Systems
and Signal Processing, vol. 41, no. 1-2, pp. 127–140, 2013.

[3] A. Djebala, M. K. Babouri, and N. Ouelaa, “Rolling bearing
fault detection using a hybrid method based on empirical
mode decomposition and optimized wavelet multi-resolution
analysis,”The International Journal of Advanced Manufacturing
Technology, no. 79, pp. 2093–2105, 2015.

[4] R. B. Randall, J. Antoni, and S. Chobsaard, “The relationship
between spectral correlation and envelope analysis in the
diagnostics of bearing faults and other cyclostationary machine
signals,”Mechanical Systems and Signal Processing, vol. 15, no. 5,
pp. 945–962, 2001.

[5] N. E. Huang, Z. Shen, S. R. Long et al., “The empirical mode
decomposition and the Hilbert spectrum for nonlinear and
non-stationary time series analysis,” Proceedings of The Royal
Society A: Mathematical, Physical and Engineering Sciences, vol.
454, no. 1971, pp. 903–995, 1998.

[6] Z. H. Wu and N. E. Huang, “Ensemble empirical mode decom-
position: a noise-assisted data analysis method,” Advances in
Adaptive Data Analysis, vol. 1, no. 1, pp. 1–41, 2009.

[7] Y. G. Lei, Z. J. He, and Y. Y. Zi, “EEMD method and WNN for
fault diagnosis of locomotive roller bearings,” Expert Systems
with Applications, vol. 38, no. 6, pp. 7334–7341, 2011.

[8] Y. Zhou, T. Tao, X. Mei, G. Jiang, and N. Sun, “Feed-axis gear-
box condition monitoring using built-in position sensors and
EEMD method,” Robotics and Computer-Integrated Manufac-
turing, vol. 27, no. 4, pp. 785–793, 2011.

[9] O. Ozgonenel, T. Yalcin, I. Guney, and U. Kurt, “A new
classification for power quality events in distribution systems,”
Electric Power Systems Research, vol. 95, pp. 192–199, 2013.

[10] Y. Zhang, H. Zuo, and F. Bai, “Classification of fault location and
performance degradation of a roller bearing,”Measurement, vol.
46, no. 3, pp. 1178–1189, 2013.

[11] X. An, D. Jiang, S. Li, and M. Zhao, “Application of the ensem-
ble empirical mode decomposition and Hilbert transform to
pedestal looseness study of direct-drive wind turbine,” Energy,
vol. 36, no. 9, pp. 5508–5520, 2011.

[12] K. K. Kandaswamy, K. Chou, T. Martinetz et al., “AFP-Pred: a
random forest approach for predicting antifreeze proteins from

sequence-derived properties,” Journal ofTheoretical Biology, vol.
270, no. 1, pp. 56–62, 2011.

[13] Q. Zhou, H. Jiang, J. Wang, and J. Zhou, “A hybrid model for
PM2.5 forecasting based on ensemble empirical mode decom-
position and a general regression neural network,” Science of the
Total Environment, vol. 496, pp. 264–274, 2014.

[14] Y. Yu, D. J. Yu, and J. S. Cheng, “A roller bearing fault diagnosis
method based on EMD energy entropy and ANN,” Journal of
Sound and Vibration, vol. 294, no. 1-2, pp. 269–277, 2006.

[15] L. Breiman, “Random forests,”Machine Learning, vol. 45, no. 1,
pp. 5–32, 2001.

[16] P. Bonissone, J. M. Cadenas, M. C. Garrido, and R. A. Dı́az-
Valladares, “A fuzzy random forest,” International Journal of
Approximate Reasoning, vol. 51, no. 7, pp. 729–747, 2010.

[17] T. Han and D. Jiang, “Rolling bearing fault diagnostic method
based on VMD-AR model and random forest classifier,” Shock
and Vibration, vol. 2016, Article ID 5132046, 11 pages, 2016.

[18] N. Morizet, N. Godin, J. Tang, E. Maillet, M. Fregonese,
and B. Normand, “Classification of acoustic emission signals
using wavelets and random forests: application to localized
corrosion,”Mechanical Systems and Signal Processing, vol. 70-71,
pp. 1026–1037, 2016.

[19] V. F. Rodriguez-Galiano, M. Chica-Olmo, F. Abarca-
Hernandez, P.M.Atkinson, andC. Jeganathan, “RandomForest
classification of Mediterranean land cover using multi-seasonal
imagery and multi-seasonal texture,” Remote Sensing of Envi-
ronment, vol. 121, pp. 93–107, 2012.

[20] C. Strobl, A.-L. Boulesteix, T. Kneib, T. Augustin, and A. Zeileis,
“Conditional variable importance for random forests,” BMC
Bioinformatics, vol. 9, no. 1, pp. 1–11, 2008.

[21] M. Khalilia, S. Chakraborty, and M. Popescu, “Predicting
disease risks fromhighly imbalanced data using random forest,”
BMCMedical Informatics and DecisionMaking, vol. 11, no. 1, pp.
51–58, 2011.

[22] A. Verikas, A. Gelzinis, and M. Bacauskiene, “Mining data
with random forests: a survey and results of new tests,” Pattern
Recognition, vol. 44, no. 2, pp. 330–349, 2011.

[23] K. A. Loparo, Bearings Vibrtion Dataset, Case Western Reserve
University, http://csegroups.case.edu/bearingdatacenter/pages/
download-data-file.

http://csegroups.case.edu/bearingdatacenter/pages/download-data-file
http://csegroups.case.edu/bearingdatacenter/pages/download-data-file


Robotics
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

 Active and Passive  
Electronic Components

Control Science
and Engineering

Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

International Journal of

Rotating
Machinery

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation 
http://www.hindawi.com

 Journal of

Volume 201

Submit your manuscripts at
https://www.hindawi.com

VLSI Design

Hindawi Publishing Corporation
http://www.hindawi.com Volume 201

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Shock and Vibration

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Civil Engineering
Advances in

Acoustics and Vibration
Advances in

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Electrical and Computer 
Engineering

Journal of

Advances in
OptoElectronics

Hindawi Publishing Corporation 
http://www.hindawi.com

Volume 2014

The Scientific 
World Journal
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Sensors
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Modelling & 
Simulation 
in Engineering
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Chemical Engineering
International Journal of  Antennas and

Propagation

International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Navigation and 
 Observation

International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Distributed
Sensor Networks

International Journal of


