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Rolling bearing is a critical part of machinery, whose failure will lead to considerable losses and disastrous consequences. Aiming
at the research of rotating mechanical bearing data, a fault identification method based on Variational Mode Decomposition
(VMD) and Iterative Random Forest (iRF) classifier is proposed. Furthermore, EMD and EEMD are used to decompose the data.
At the same time, three mainstream classifiers were selected as the benchmark model. *e results show that the proposed model
has the highest recognition accuracy.

1. Introduction

Rolling bearing is a kind of precise mechanical component
which can change the sliding friction between the running
shaft and the shaft seat into rolling friction so as to reduce
the friction loss [1]. It is one of the most widely used and
easily damaged parts in mechanical equipment. Whether the
rolling bearings work properly or not is directly related to
the safety and efficiency of equipment production [2].

However, the vibration signals of rolling bearings col-
lected from the field of mechanical equipment are disturbed
by serious background noise and other random signals,
resulting in the obtained signals having the characteristics of
nonlinear, nonstationary, non-Gaussian, and low signal-to-
noise ratio [3]. Time-frequency analysis is a very effective
method for processing nonlinear and nonstationary signals.
Wavelet analysis is one of the time-frequency analysis
methods [4] and has been used in fault diagnosis many times
[5, 6]. But, the wavelet transform analysis method has its own
defects in theory, and it lacks of adaptability. Huang et al. have
proposed the Empirical Mode Decomposition (EMD)
method, which is an adaptive decomposition method [7].
Since its introduction, it has beenwidely used in various fields,
including fault diagnosis [8, 9]. Inevitably, the EMD method
itself has problems such as modal aliasing and endpoint

effects, sensitivity to noise, and selection of interpolation
methods. Smith proposed a local mean decomposition (LMD)
method for nonlinear and nonstationary signals, which has
the same adaptability as EMD [10]. In some respects, the
performance of LMD is better than that of EMD. For example,
the endpoint effect and modal aliasing are slightly weaker
than EMD [11, 12], but it also has some drawbacks such as the
lack of fast calculation when the smooth step size cannot be
determined to be optimal. On the basis of EMD, Wu and
Huang proposed the Ensemble Empirical Mode De-
composition (EEMD) method [13]. *is method applies
noise-assisted analysis to empirical mode decomposition,
promotes antialiasing decomposition, and solves an impor-
tant defect mode aliasing phenomenon in EMD, reflecting the
superiority of EEMD [14, 15]. Recently, a new signal adaptive
decomposition method called Variational Mode De-
composition (VMD) was proposed by Dragomiretskiy and
Zosso [16]. *e biggest advantage of this method is that it
overcomes the lack of mathematical theory support for EMD
and is not particularly sensitive to noise as EMD. At the same
time, VMD avoids the cumulative error of envelope esti-
mation caused by recursive mode decomposition and over-
comes the endpoint effect. Since it was proposed, it has
attracted much attention and has been proved that the
performance of data decomposition is better than other
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adaptive data decomposition methods [17]. Since VMD de-
compositionmethod was proposed, it has been widely used in
various research fields, including fault diagnosis. It has been
proved that the performance of VMD is better than other
adaptive decomposition methods [18, 19].

As we all know, it is the data-driven era nowadays , so
many machine learning methods have been applied to fault
recognition. *ese methods include decision tree [20],
support vector machine (SVM) [21], random forest (RF)
[22], and so on. Among the existing classification methods,
there are different performances in fault diagnosis. Ran-
dom forest is constructed on the basis of decision tree, so
the classification accuracy of the former is better than that
of the latter [23, 24]. As far as support vector machine is
concerned, the classification accuracy of random forest is
usually higher than that of it, but RF is more time con-
suming [25]. Unfortunately, in the operation of RF al-
gorithm there may be many similar decision trees, which
hide the real results. *erefore, it is easy to cause
underfitting or overfitting. At present, on the basis of RF,
Basu et al. reweighted the selected features and then
proposed the iRF method, which made the classification
results more reasonable and had higher recognition and
prediction ability [26].

For rotating machinery fault data, a diagnosis method
based on variational mode decomposition and iterative
random forest is proposed. Firstly, the vibration signals of
rotating machinery are decomposed into different modal
functions by empirical mode decomposition, global em-
pirical mode decomposition, and variational mode de-
composition, so that the time domain eigenvalues of each
component can be extracted. *en C5.0, SVM, RF, and iRF
are used to identify the fault state. Finally, the recognition
accuracy of different models is compared.

*e paper is organized as follows: Section 2 is dedicated
to introduce the VMDmethod. In the Section 3, we are going
to explain the iRF. While in Section 4, empirical analysis and
comparison are carried out. Finally, the conclusion is drawn
in Section 5.

2. VMD and Characteristic Value

2.1. VMD. VMD is a new signal adaptive decomposition
method that can realize nonlinear and nonstationary signal
analysis. At the same time, it solves the problems of modal
aliasing, endpoint effects, and sensitivity to noise caused by
EMD decomposition. *e essence of the VMD method is a
plurality of adaptive Wiener filter sets and exhibits better
noise robustness. In terms of modal separation, VMD de-
termines the frequency center and bandwidth of each
component by iteratively searching for the optimal solution
of the variational model, adaptively realizing the frequency
domain splitting of the signal and the effective separation of
the VMD of each component.

*e VMD algorithm decomposes the signal into a series
of Intrinsic Modal Functions (IMF), and each IMF can be
represented as an AM modulated signal.

uk(t) � Ak(t)cos ϕk(t) , (1)

where Ak(t) is the instantaneous amplitude,
Ak(t)≥ 0; cos[ϕk(t)] is the instantaneous frequency; and
ϕk
′(t) � ωk(t) is the instantaneous angular frequency,
ωk(t)≥ 0.

For an input signal f, the ultimate goal of the VMD
decomposition method is to decompose this input signal
into a number of subsignals uk, that not only reproduce the
input, but also ensure sparsity.

Steps to construct a variational model:

(1) Obtaining the analytical signal of each modal
function uk by Hilbert transform

(2) Correcting the respective estimated center frequency
ωk exponentially

(3) Perform Gaussian smoothing on the demodulated
signal to obtain the bandwidth of each segment.
Assuming that the signal is decomposed into K IMFs
by VMD, the constrained variational model is
constructed as

min
uk{ }, ωk{ }
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where uk � u1, . . . , uk  is a set of modal components, and
ωk � ω1, . . . ,ωk  is a set of central frequencies.

In order to obtain the optimal solution of the variational
model, namely the modal function (IMF), the penalty factor
α is introduced, and the augmented Lagrange function is
constructed:

L uk , ωk , λ(  � α
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(3)

*e Lagrange function is transformed from the time
domain to the frequency domain, and the extremum is
obtained to get the frequency domain expression of the
modal component uk and the center frequency ωk,
respectively.

u
n+1
k (ω) �

f(ω) − i≠kun+1
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2dω

.

(4)

*en, the alternating direction multiplier algorithm
(ADMM) is used to find the optimal solution of the con-
strained variational model, so that the original signal is
decomposed into K narrowband modal components.
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2.2. Number of Decomposition. In the implementation of
VMD decomposition, the determination of de-
composition number is very important. On the basis of
many experiments, it is found that the iteration termi-
nation condition ε of VMD decomposition increases
suddenly and then decreases with the increase in de-
composition number, while the sum of squares of errors
(ERROR) decreases gradually.

*erefore, a threshold is given to select the minimum K
that can make both of them reach at the same time, which
will make the best effect of data decomposition. So, this
paper presents a threshold method for determining the K
value, and the specific steps are as follows:

(1) Decompose the data set n times, respectively, where
K ∈ (5, 6, . . . , 15)

(2) Record the iteration termination condition ε of each
decomposition

(3) Calculate ERRORn after each decomposition,
ERRORn � (f − 

K
i�1IMFi)

2, where n is the number
of attempts to decompose

(4) Given the threshold condition c � 0.1, the K value
satisfying ERROR< c is chosen as K′

(5) Finally, choose the K that minimizes ε from K′

2.3.CharacteristicValue. When the fault location of rolling
bearing is different, the frequency distribution of vibra-
tion signal will change, and the time domain character-
istics of the fault vibration signal will also change [14].
*erefore, feature extraction of the vibration signal is very
important.

Part of the eigenvalues in this paper is obtained by
calculating the simple statistics of each IMFs. It includes
mean, standard deviation (Std), median, trimmed mean,
median absolute deviation (Mad), maximum, minimum,
range, kurtosis, skewness, the standard errors of mean (Se),
and corrected sum of squares (CSS).

*e above statistics can be directly calculated by soft-
ware. In addition, it is necessary to calculate the other four
eigenvalues which includes coefficient of variation, fluctu-
ation index, energy entropy, and information entropy.

2.3.1. Coefficient of Variation. *e coefficient of variation
will measure the change in degree of the vibration signal
amplitude of rolling bearings. For those signals whose
amplitude changes regularly, the variation coefficient is a
relatively smaller value.

CV �
σ2

μ2
, (5)

where μ � 1/ll
j�1|IMF(j)| and σ �

���������������������������
1/ll

j�1(IMF(j) − 1/ll
j�1IMF(j))

2


,
l is the length of the intrinsic mode function.

2.3.2. Volatility Index. *e volatility index can measure the
intensity of signal change. Generally, when the rolling

bearing fails, signal fluctuations will be more intense than
normal fluctuations. It is defined as

Fi �
1
l



l

jj�1
IMF(j+1) − IMF(j)



. (6)

2.3.3. Energy Entropy. In order to extract the feature, the
energy entropy is selected to represent the difference of the
characteristics of different types of intrinsic modal functions.
According to the definition of Shannon Entropy in in-
formation theory, the energy of intrinsic mode function
IMFi can be calculated, and t1 and t2 are signal start time and
signal end time, respectively.

E1 � 
t2

t1

IMF2i (t)dt. (7)

*e energy entropy can be defined as

H � − 
n

i�1
PilogPi. (8)

Among them, Pi � Ei/E is the proportion of the energy
of the j intrinsic mode function to the whole signal energy,
and E is the energy of the whole rolling bearing vibration
signal.

2.3.4. Information Entropy. *e average amount of in-
formation excluding redundancy in information is called
“information entropy,” which can reflect the uncertainty of
the system. Faults of rolling bearings will lead to changes in
information entropy. Hypothesis X is a random variable, and
information entropy can be defined as

H(x) � E I xi(   � E log 2,
1

p xi( 
  

� −  p xi( log 2, p xi( ( , i � 1, 2, . . . , n.

(9)

3. Iterative Random Forest

Iterative Random Forest was proposed by Basu et al. [26].
*e basic idea of iRF is to obtain random forests with
characteristic weights by “iteration reweighting” on the basis
of random forests. *en, generalized random intersection
trees (RITs) is used to the random forest (RF) with feature
weight, and the high-order interaction of features is iden-
tified. At the same time, it can ensure that the iRF has high
prediction ability.

*e implementation of the iRF algorithm consists of
three parts, and the detailed steps are as follows:

(1) Iteratively Reweighted RF: given the number of it-
erations M, M feature-weighted RFs are generated
iteratively on the data D, which is denoted as
RF(wm), m � 1, . . . , M. For iterations m � 1, set
w(1) � (1/p, . . . , 1/p) and store the importance
(mean decrease in Gini impurity) of the p features as
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v(1) � (v
(1)
1 , . . . , v(1)

p ). For iterations k � 2, . . . , K, set
w(m) � v(m− 1). In other words, the setting of the
weight is equivalent to the feature importance of the
RF in the last iteration.

(2) Generalized RIT Act on RF(wm): appling the gen-
eralized RIT to the RF with feature-weighted gen-
erated by the Kth iteration produces a collection of
interactions S.

(3) Bagged Stability Scores: use an “outer layer” of
bootstrapping to evaluate the stability of recovered
interactions, specifically referred to as generating
bootstrap samples data D(b), b � 1, . . . , B. Fit
RF(wm) on each bootstrap sample data D(b), and use
generalized RIT to identify interactions S(b) across
each bootstrap sample. *e stability score of an
interaction S can be defined as

sta(S) �
1
B



B

b�1
I S ∈ S(b) , (10)

where S ∈ ∪Bb�1S(b).

4. Application

*e structure framework of the fault diagnosis process is
shown in Figure 1. In this flow chart, IE is the abbreviation of
important eigenvalues, and classifiers include C5.0, SVM,
RF, and iRF. In the experimental part, two data sets with
different bearing fault locations will be used to verify the
significance of the proposed method.

4.1. Empirical Data. *e experimental data of rolling
bearings studied in this paper are from the website of
Case Western Reserve University. Based on motor ex-
perimental platform, torque sensor, power meter, and
electronic control equipment, it provides experimental
data of normal and fault bearings. *e data we use are
generated by motors with a rotational speed of about
1797 rpm and fault diameter of 0.014 inches. *ey
contain data of normal bearings, single-point drive end
(DE) and fan end (FE) defects, and the sampling fre-
quency is set to 12 khz. *ere are 168 data samples in this
study, including 7 bearing states, and each sample has
5000 data points. Partial data for different fault states are
shown in Figure 2.

Case 1. Models are built based on normal bearing data and
three kinds of fault state data of single-point DE, which
includes normal baseline (NOR), ball fault (BF), inner race
fault (IRF), and outer race fault (ORF). Case 2. *e ex-
perimental data consist of NOR and three kinds of FE data
(BALL, IR, and OUTR).

Based on Case 1, draw the first sample sequence diagram
in each state as shown in Figure 2. It can be clearly seen from
Figure 2 that the signal fluctuation trend and amplitude in
the fault state are different from those in the normal state.

*erefore, it is necessary to extract features from different
state samples for effective fault diagnosis.

4.2. Parameter Setting. It is well known that the success of a
model depends largely on the setting of the parameters. In this
paper, data decomposition is realized by MATLAB 2016, while
eigenvalue calculation and the classification model are imple-
mented by R 3.6.1. *erefore, after repeated experiments and
multiple optimizations, the result of parameter setting that
maximizes the accuracy of each classificationmodel is obtained.

(1) EEMD: Nstd� 0.01 and NE� 100
(2) VMD: alpha� 1000; tau� 0; K� 12; DC� 0; init� 1;

and tol� 1e − 7
(3) C5.0: trials� 7 and CF� 0.25, control�C5.0Control

(winnow� F, no GlobalPruning�T, and
minCases� 20)

(4) SVM: kernel� “radial,” type� “Cclassification,”
gamma� 0.5, and cost� 25

(5) RF: ntree� 500, mtry� 1, replace�TRUE, prox-
imity�TRUE, and importance�TRUE

(6) iRF: n.iter� 7, ntree� 1000, n.core� 1, depth� 5, and
n.bootstrap� 50

4.3. Case 1. Fault diagnosis and recognition are carried out
based on normal state data and three kinds of fault state data
of DE.

4.3.1. Data Decomposition. In the process of data de-
composition, three different adaptive decomposition
methods are adopted.*ey are EMD, EEMD, and VMD. For
EMD and EEMD, the program automatically gives the
number of data decomposition. When it comes to VMD, the
determination of K value is a key step. Too little or too much
decomposition will affect the establishment of the model and
the accuracy of subsequent fault diagnosis. *erefore, the
number of K is determined according to the threshold
method mentioned in Section 2.2, and K� 12. Finally, for
Case 1, the EMD was decomposed into 1092 IMF, while the
EEMD and VMD were, respectively, 1152 IMFs.

Taking the first sample of spherical faults as an example,
some IMFs of three different decomposition methods are
shown in Figures 3–5. In Figures 3 and 4, the frequency of
each IMF component obtained by decomposing the signal
through EMD and EEMD is arranged from high to low, and
it can be seen from the figures that both IMF8 components
have obvious end effect. But, when it comes to VMD, each
component is sequentially distributed from low frequency to
high frequency. IMF1 is a low frequency component, and the
remaining 3 components exhibit a more regular repetitive
impact characteristic. In a word, VMD can clearly separate
high frequency and low frequency components and obtain
meaningful signals, thus avoiding mode mixing and end-
point effect. At the same time, the fact that VMD has strong
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adaptability in signal decomposition is verified. *e next
step is feature extraction.

4.3.2. Effective Feature Extraction. For various classifiers, to
get accurate classification results, the setting of model pa-
rameters is very important, and the effective selection of
feature values is also the most important. Bearing fault
diagnosis is not an exception. Extracting more essential
variables as input features can greatly improve the accuracy
and efficiency of fault diagnosis.

Firstly, the eigenvalues of IMF are calculated according
to the contents in Section 2.3.*en, the importance function
of variables in the RF package is used to select effective
features. *e principle of selecting important variables in
this paper is to maximize the fault identification accuracy of

each decomposition method. *erefore, the number of ei-
genvalues varies with the decomposition method. Table 1
summarizes the importance of eigenvalue variables gener-
ated based on the VMD method.

With mean decrease gini as the criterion, given a
threshold of 35, the eigenvalues greater than 35 are selected
as input variables. *rough the selection of important ei-
genvalue variables corresponding to EMD, EEMD, and
VMD, three eigenvector matrices with dimensions of
1092×10, 1152×10, and 1152×12 are finally obtained.

4.3.3. Classification. In the part of fault diagnosis, the
eigenvector is divided into a training set and test set
according to 9 : 1 to construct the model, and the validity
of different classification models is compared. *e
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Figure 2: Time series diagram of the sample set under four fault conditions in Case 1. (a) Normal base line. (b) Ball fault. (c) Inner race fault.
(d) Outer race fault.
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Figure 1: Flow chart of fault diagnosis experiment based on VMD-iRF.
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randomly selected training sets were successively input
into C5.0, SVM, RF, and iRF, and then the model was
detected with the test set. *e accuracy of these models for
test sets is as shown in Table 2.

Table 2 shows the classification accuracy of 12 different
models. Obviously, the recognition accuracy of the model
VMD-iRF proposed in this paper is the highest. On the
premise of the same classifier, the classification accuracy of
VMD decomposition is higher than that of EMD and
EEMD. *is just right proves that the method proposed in
this paper is effective. In this paper, the CPU runtime of each

model is recorded during the experiment. From the per-
spective of runtime, due to the complexity of the algorithm,
the time of the iRF is higher than others in various de-
composition methods. However, its time did not exceed 0.2
seconds.
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Figure 3: Partial IMFs of BF1 decomposed by EMD.
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Figure 4: Partial IMFs of BF1 decomposed by EEMD.
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Figure 5: Partial IMFs of BF1 decomposed by VMD.

Table 1: *e importance of eigenvalues under the VMD.

Characteristic
variables

Mean decrease
accuracy

Mean decrease
gini

Mean 36.1008 69.7278
Std 25.8246 53.9403
Median 19.7956 11.3099
Trimmed 23.7853 33.9644
Mad 23.4675 47.0163
Min 20.5300 52.2737
Max 21.9004 46.3639
Range 20.2021 50.0970
Skew 20.9814 20.4321
Kurtosis 40.1319 81.4969
Se 27.2219 55.9879
CV 36.4835 69.7447
CSS 24.2071 51.2260
Volatility index 9.7392 7.0719
Energy entropy 50.6705 115.4719
Information entropy 25.2835 48.0819

Table 2: Accuracy of fault diagnosis for various models.

Decomposition method
Classification accuracy

C5.0 SVM RF iRF
EMD 0.8087 0.7217 0.8000 0.8348
EEMD 0.7864 0.8058 0.9709 0.9806
VMD 0.7921 0.8119 0.9802 1.0000
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*e feature set based on EMD is randomly divided into
the training set and test set according to the ratio of 9 : 1.
*e test sample consists of 115 samples (NOR: 25 samples,
BF: 24 samples, IRF: 31 samples, and ORF: 35 samples).
*e sampled training set is input into three benchmark
classifiers (C5.0, SVM, and RF) and iRF, respectively, and
then the model is validated with the test set. *e confusion
matrix of the four classifier test sets is shown in Figure 6.
As can be seen from Figure 6, the total number of iRF
misjudgments is the least. *e effect of other classifiers is
relatively poor.

Similarly, the set of feature attributes is divided into
training set and test set in 9 :1 ratio by EEMD de-
composition. Figure 7 is an obfuscation matrix diagram of
the test set. *e test sample consisted of 103 samples (NOR:
25 samples, BF: 29 samples, IRF: 19, and ORF: 30). As can be
seen from Figure 7(d), the number of iRF misjudgments is 2,
which is the least in the four models. At the same time, the
diagnostic accuracy of RF classifier in Figure 7(c) is also very
high, but second to that of iRF. *e classification results of

C5.0 and SVM are not ideal. Overall, the accuracy of EEMD
classifiers is higher than that of EMD classifiers.

Figure 8 shows the confusion matrix of the test set after
VMD decomposition under different classifiers. *e total
number of test sets is 101. *e sample sets of the four states
are 27, 20, 32, and 22, respectively. Figure 8(d) is the result of
iRF, all of which are correctly classified. 8(c) is the result of
RF classifier, in which there are two data judgment errors. In
8(a) and 8(b), not only normal state is misjudged as fault but
also fault state is misjudged as normal, especially C5.0
classifier. Every state’s data have been misjudged. *e
classification results of RF classifier and iRF classifier are
similar, but iRF classifier is better than iRF classifier. Next,
the cross-validation method is used to further verify the
superiority of this model.

Given the ratio of training set to test set in advance, it is
easy to cause the contingency of experimental results. At the
same time, a large number of literatures prove that cross-
validation can better reflect the advantages of the proposed
method. *e essence of cross-validation is to group the
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Figure 6: Confusion matrix comparisons of EMD: (a) the result of C5.0 classifier, (b) the result of SVM classifier, (c) the result of RF
classifier, and (d) the result of iRF classifier.
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original data in a sense, one part as the training set and the
other part as the validation set. Firstly, the classifier is trained
with the training set, and then the training model is tested
with the verification set to evaluate the performance of the
classifier. So, the cross-validation is a convincing method to
test the validity of the model. Based on the 12 classification
models used in this experiment, multi-fold cross-validation
is carried out. Repeat 10 times, and then record the average
error rate and summarize it in Table 3.

*e error rate of each model obtained by cross-valida-
tion is summarized in Table 3, and the minimum values
corresponding to different folds are coarsened.*ere are five
minimum values in the table, four of which are derived from
the model proposed in this paper. *e other minimum value
is 0.0190, which is calculated by the VMD-RF model, while
the value of the VMD-iRF model is 0.0191. *ere is little
difference between them. Referring to the results of other
models, it is found that their classification accuracy is far less
than that of the method proposed in this paper. By com-
paring the results of Table 3, it is easy to get results that the
error rate of the VMD-iRF fault diagnosis method which was

proposed in this paper is much lower than that of others in
all cross-validations. In summary, themethod for identifying
fault state of rotating machinery proposed in this paper is
effective, accurate, and competitive.

4.4. Case 2. *is section is an empirical analysis of another
data set that is based on FE fault status data and normal state
data for troubleshooting. *is article will not be as com-
prehensive as Case 1. *e specific data can be found in
Supplementary Materials (available here).

*e second data set is also decomposed by EMD, EEMD,
and VMD, and then 1100, 1152, and 1152 IMFS can be
obtained, respectively. Next, through the screening of im-
portant variables, the three feature matrices with dimensions
1100×11, 1152×12, and 1152×14 are finally obtained. *e
three input matrices are randomly divided into a training set
and a test set according to a ratio of 9 :1. *en, C5.0, SVM,
RF, and iRF models are established, respectively, and the
model is detected by the verification set. *e accuracy and
runtime of each model are shown in Table 4.
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Figure 7: Confusion matrix comparisons of EEMD: (a) the result of C5.0 classifier, (b) the result of SVM classifier, (c) the result of RF
classifier, and (d) the result of iRF classifier.
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It is apparent from Table 4 that the recognition accuracy
of each model is high (greater than 0.85). Firstly, regardless
of the decomposition method, when only considering the
accuracy, we will find that the performance of iRF is always

the best, and the order of other classifiers is RF, SVM, and
C5.0. When it comes to CPU time, the iRF’s is not short, but
it is less than 0.3 seconds.*e speed of the SVM is the fastest,
and the CPU running time of C5.0 and RF is almost the
same. Taking the decomposition method into consideration,
it is not difficult to find that through the upgrading of
decomposition algorithm, the performance of each classifier
is getting better and better, among which the classification
accuracy of VMD-iRF reaches 100%. *e above experi-
mental results show that the proposed VMD-iRF has good
classification performance.

In order to further verify the rationality and effectiveness
of the method presented in this paper, cross-validation will
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Figure 8: Confusion matrix comparisons of VMD: (a) the result of C5.0 classifier, (b) the result of SVM classifier, (c) the result of RF
classifier, and (d) the result of iRF classifier.

Table 3: Summary of cross-validation results for each classification
method.

Model
Cross-validation fold

2 folds 4 folds 6 folds 8 folds 10 folds
EMD-C5.0 0.2802 0.2436 0.2463 0.2637 0.2418
EMD-SVM 0.1987 0.1987 0.1987 0.1987 0.1987
EMD-RF 0.1976 0.1963 0.1966 0.1971 0.1975
EMD-iRF 0.2063 0.1795 0.1719 0.1733 0.1678
EEMD-C5.0 0.1656 0.1194 0.1000 0.0844 0.0953
EEMD-SVM 0.1909 0.1909 0.1909 0.1909 0.1909
EEMD-RF 0.0875 0.0903 0.0890 0.0903 0.0889
EEMD-iRF 0.0840 0.0409 0.0307 0.0356 0.0259
VMD-C5.0 0.0755 0.0651 0.0590 0.0564 0.0590
VMD-SVM 0.1094 0.1094 0.1094 0.1094 0.1094
VMD-RF 0.0190 0.0196 0.0194 0.0195 0.0197
VMD-iRF 0.0191 0.0174 0.0156 0.0154 0.0151

Table 4: Accuracy and time for various models.

Decomposition method
Classification accuracy

C5.0 SVM RF iRF
EMD 0.8793 0.9051 0.9482 0.9741
EEMD 0.9000 0.9083 0.9500 0.9750
VMD 0.9596 0.9839 0.9919 1.0000
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be carried out next. Based on the 12 fault diagnosis models
established in case 2, 2, 4, 6, 8, and 10 times of folding and
cross-validation were, respectively, conducted, and each
cross-validation was repeated 10 times to record the average
error rate. *e results are shown in Table 5.

Table 5 is a summary of the average error rate of cross-
validation of each model, and the bold value is the minimum
value for each cross-validation. *ree of the five values are
derived from VMD-iRF. *e others are derived from the
VMD-RFmodel, and the two values correspond to the 2-fold
and 4-fold cross-validation, respectively. It illustrates that
the VMD-iRF model is more effective in the case of large
samples. *e error rate of the other two benchmark models
is higher than that of VMD-iRF. All in all, the result of Case 2
also proves that the fault identification method proposed in
this article is reasonable.

5. Conclusions and Discussion

A fault diagnosis method based on VMD and irf is proposed.
VMD is an adaptive decomposition method that can process
nonstationary, nonlinear data, and its decomposition per-
formance is better than other decomposition methods, which
has been proved. VMD has been widely used in various fields
since it was put forward. *e iRF is a new algorithm which is
an improved version of RF. *eoretically, the high classifi-
cation ability of iRF is guaranteed. Besides, EMD and EEMD
are also used for data processing. C5.0, SVM, and RF clas-
sifiers are used as benchmark models. After determining the
decomposition number of VMDby the thresholdmethod, the
eigenvalues of each component are calculated and the im-
portant feature attributes are extracted. *en, IE is input into
each classifier for fault diagnosis. In this paper, fault diagnosis
is implemented for two data sets with different fault locations.
*e results show that the classification effect of VMD-iRF is
the best whether the ratio of training set to test set is 9 :1 or
multi-fold cross-validation. *erefore, this paper not only
proves the validity of VMD decomposition but also proves
that IRF has high classification accuracy.

*ere are a lot of nonstationary nonlinear data in real
life.*e time-frequency analysis method is a new idea to deal
with these data. Its application can be seen in different fields

such as electricity, meteorology, medical treatment, and so
on. *erefore, the method proposed in this paper can be
extended to other fields.
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