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In order to improve the diagnosis accuracies of the current diagnosis methods, a novel fault diagnosis method of automobile
gearbox based on novel successive variational mode decomposition and weighted regularized extreme learning machine is
presented for fault diagnosis of gearbox in this paper. +e novel successive variational mode decomposition (SVMD) is presented
to improve the traditional variational mode decomposition, which finds modes one after the other, and this succession helps
increase convergence rate and also not extract the unwanted modes; weighted regularized extreme learning machine (WRELM) is
presented to improve the traditional extreme learning machine, which uses the weight of each sample with the nonparametric
kernel density estimation and can find the optimal weight for each sample. +e test results indicate that the diagnosis accuracy of
SVMD-WRELM for gearbox is better than that of VMD-WRELM, VMD-ELM.

1. Introduction

Gearbox is the key component of automobile, and condition
monitoring and fault diagnosis for automobile gearbox are
very significant [1–4]. Recently, artificial neural networks
(ANNs), support vector machine (SVM), etc. have been
successfully applied to diagnose the faults of gearbox. For
instance, Qiu et al. presented a deep convolutional neural
network model for intelligent fault diagnosis of a gearbox
under different operational conditions [5]. Jedliński and
Jonak presented an early fault detection method in gear-
boxes based on support vector machines and multilayer
perceptron with a continuous wavelet transform [6]. Ex-
treme learning machine (ELM) is a simple and efficient
single hidden layer feedforward network [7–9]. Compared
with ANNs and SVM, ELM has better generalization ability
[10], so ELM has a good application prospect in the field of
fault diagnosis for gearbox. In order to improve the per-
formance of ELM, weighted regularized extreme learning
machine (WRELM) is the new extreme learning machine

using the weight of each sample with the nonparametric
kernel density estimation and can find the optimal weight for
each sample. +us, WRELM is used to classify the states of
gearbox.

In addition, the feature extraction of the vibrational
signal of gearbox has a great influence on the accuracy of
fault diagnosis of gearbox. Recently, empirical mode de-
composition (EMD), variational mode decomposition
(VMD), etc. have been successfully applied to extract the
features of gearbox. Hongmei Liu et al. applied empirical
mode decomposition in the feature extraction of the vi-
brational signal of gearbox [11].Vikas Sharma and Anand
Parey applied variational mode decomposition in the feature
extraction of the vibrational signal of gearbox under varying
speed [12]. +ere are problems such as mode mixing in
EMD; VMD is a new multicomponent signal decomposition
method based on Wiener filtering and Hilbert transform,
which aims to make decomposition of a target signal into a
set of modes with sparsity properties being achievable
[13–15]. In order to improve the performance of VMD,
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successive variational mode decomposition (SVMD) finds
modes one after the other, and this succession helps increase
convergence rate and also not extract the unwanted modes.

+us, in order to improve the diagnosis accuracies of the
current diagnosis methods, a novel fault diagnosis method
based on successive variational mode decomposition and
weighted regularized extreme learning machine (SVMD-
WRELM) is presented for fault diagnosis of automobile
gearbox in this paper. +e four states of automobile gearbox
including normal state, wear and tear, pitting fault, and
snaggletooth fault are used in this experiment. +e testing
results indicate that the diagnosis accuracies of SVMD-
WRELM for gearbox are better than those of VMD-
WRELM, VMD-ELM.

2. Successive Variational Mode Decomposition

Variational mode decomposition can decompose the signal
f(t) into a set of VMDSs ul(t) around the center frequencies
ωl according to the following equation [16]:

min
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where zt denotes the gradient operator, ∗ denotes the
convolution operator, and ρ(t) denotes the Dirac
distribution.

+e minimization problem of eq (1) is transformed into
the following optimization problem:
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where α denotes the constraint factor and λ(t) denotes the
Lagrangian multiplier.

Successive variational mode decomposition is a method
which finds modes one after the other, and this succession
helps increase convergence rate and also not extract the

unwanted modes. In successive variational mode decom-
position, the combination of quadratic penalty term and
Lagrangian multiplier can be used to establish the aug-
mented Lagrangian function as
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After using Parseval’s equality, eq (4) is transformed into
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By letting the first variation vanish for the positive
frequencies by minimizing eq (5),

u
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By minimizing eq.(6), f
n+1
u (ω) will be described as
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+e equation for updating the Lagrangian multiplier λ is
achieved by the dual ascent method:
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where τ denotes the update parameter.
By replacing f

n+1
u (ω)with eq (8), λ

n+1
will be described as
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As shown in Figures 1 and 2, the six decomposition
signals (SVMDSs) described as SVMDS1∼ SVMDS6 of the
vibrational signal of gearbox are obtained based on SVMD.
+e features of the vibrational signal of gearbox are obtained
by calculating the Shannon entropy of SVMDS1∼SVMDS6.
In Figure 1, abscissa values are the sampling data, and or-
dinate values are the amplitudes of the vibrational signal of
gearbox; in Figure 2, abscissa values are the sampling data,
and ordinate values are the amplitudes of SVMDS1∼
SVMDS6 of the vibrational signal of gearbox, respectively.

Figure 3 gives the comparison among the feature values
of normal state of the vibrational signal of gearbox obtained
by SVMD, the feature values of fault state of the vibrational
signal of gearbox obtained by SVMD, the feature values of
normal state of the vibrational signal of gearbox obtained by
VMD, and the feature values of fault state of the vibrational
signal of gearbox obtained by VMD, and abscissa values are
the six features and ordinate values are the values of the six

features, which indicates that there are more obvious dis-
tinctions between the feature values of normal state and fault
state of gearbox by SVMD than those by VMD.

3. Weighted Regularized Extreme
Learning Machine

Assume N hidden nodes in extreme learning machine and a
sample pair Xi, Pi  , and the output of extreme learning
machine can be expressed as followings:

f Xi(  � 
N

n�1
αnH φn, Xi, bn( , i � 1, 2, . . . , N, (10)

where H(·)denotes the activation function,φn denotes the
input weight vector, αn denotes the nth output weight, and bn

denotes the corresponding bias.
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where P denotes the output vector.
In order to get the estimation for the parameter α, the

objective function is used as following:

argmin‖P − P‖
2
2 � argmin‖Hα − P‖

2
2, (12)

where P denotes the observed data.
+e objective function of weighted regularized extreme

learning machine is expressed as

argminC‖σε‖22 +‖α‖
2
2, (13)

subject to the conditions,

P � Hα + ε, (14)

where σ denotes a diagonal matrix, ε denotes the vector of
regression error, and C denotes a regularization term.

Lagrange multipliers are introduced to solve the above
minimization problem, and the corresponding solution for
αis given as
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Figure 1: +e decomposition of the vibrational signal of gearbox based on SVMD.
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Figure 2: Six SVMDs.
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4. Experimental Analysis

Figure 4 gives the framework of fault diagnosis for gearbox,
which includes motor, coupling, gearbox, acceleration
transducer, load motor, brake, data acquisition board, and
computer. +e vibrational signals of gearbox are measured
with acceleration transducer, and the vibrational signals of
gearbox are obtained by data acquisition board. Sampling
frequency is 10KHz, and the load is 1N.m. +e common
faults of gearbox are wear and tear, pitting fault, and
snaggletooth fault: wear and tear indicates the loss, injury of
tooth surface due to suffering from pressure in the process of
operation; pitting fault indicates local corrosion of tooth
surface due to fatigue of tooth surface; and snaggletooth fault
indicates crack of tooth.

+e four states of gearbox including normal state, wear
and tear, pitting fault, and snaggletooth fault are used in this

experiment, among which normal state is denoted as state 1
of gearbox, wear and tear is denoted as state 2 of gearbox,
pitting fault is denoted as state 3 of gearbox, and snaggle-
tooth fault is denoted as state 4 of gearbox. 320 training
samples include 80 samples denoting state 1 of gearbox, 80
samples denoting state 2 of gearbox, 80 samples denoting
state 3 of gearbox, and 80 samples denoting state 4 of
gearbox. 200 testing samples include 50 samples denoting
state 1 of gearbox, 50 samples denoting state 2 of gearbox, 50
samples denoting state 3 of gearbox, and 50 samples
denoting state 4 of gearbox.+ere is no intersection between
the 320 training samples and the 200 testing samples.

+e flow chart of fault diagnosis method based on
SVMD-WRELM is described in Figure 5. In the experiment,
the running speed of VMD for the vibrational signal of a
sample of gearbox is about 0.75 s, and the running speed of
SVMD for the vibrational signal of a sample of gearbox is
about 0.35 s, which testifies the fast convergence of SVMD.

Several repeated experiments were performed, and the
experimental results were identical. +e comparison be-
tween actual results and diagnosis results for gearbox by
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Figure 3: +e comparison among the feature values of normal state of the vibrational signal of gearbox obtained by SVMD, the feature
values of fault state of the vibrational signal of gearbox obtained by SVMD, the feature values of normal state of the vibrational signal of
gearbox obtained by VMD, and the feature values of fault state of the vibrational signal of gearbox obtained by VMD.
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Figure 4: Framework of fault diagnosis for gearbox.
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SVMD-WRELM are given in Figure 6, and the diagnosis
accuracy of SVMD-WRELM for gearbox is 99%. +e
comparison between actual results and diagnosis results for
gearbox by VMD-WRELM is given in Figure 7, and the
diagnosis accuracy of VMD-WRELM for gearbox is 97%.
+e comparison between actual results and diagnosis results
for gearbox by VMD-ELM is given in Figure 8, and the
diagnosis accuracy of VMD-ELM for gearbox is 93.5%. In
Figures 6–8, abscissa values are the sample number, and
ordinate values are the four states including normal state,

wear and tear, pitting fault, and snaggletooth fault, among
which normal state is denoted as state 1 of gearbox, wear and
tear is denoted as state 2 of gearbox, pitting fault is denoted
as state 3 of gearbox, and snaggletooth fault is denoted as
state 4 of gearbox.

As shown in Table 1, the diagnosis accuracies of SVMD-
WRELM for gearbox are better than those of VMD-
WRELM,VMD-ELM, and the diagnosis accuracies of VMD-
WRELM are better than those of VMD-ELM. It can be seen
that SVMD is superior to VMD, and WRELM is superior to
ELM. +erefore, fault diagnosis for gearbox by SVMD-
WRELM is feasible.

Data acquisition

Successive variational moded ecomposition for the
vibrational signal of gearbox

Feature extraction of the vibrational signal of gearbox

Fault diagnosis of gearbox by weighted regularized
extreme learning machine

Experimental testing

Figure 5: +e flow chart of fault diagnosis method based on
SVMD-WRELM.
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Figure 6: +e comparison between actual results and diagnosis
results for gearbox by SVMD-WRELM.
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Figure 7: +e comparison between actual results and diagnosis
results for gearbox by VMD-WRELM.

St
at

e o
f g

ea
rb

ox

Actual results
Diagnosis results of VMD-ELM

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

50 100 150 2000
No

Figure 8: +e comparison between actual results and diagnosis
results for gearbox by VMD-ELM.
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5. Conclusions

A novel fault diagnosis method based on SVMD and
WRELM is presented for fault diagnosis of automobile
gearbox in this paper. SVMD finds modes one after the
other, and this succession helps increase convergence rate
and also not extract the unwanted modes, and WRELM uses
the weight of each sample with the nonparametric kernel
density estimation and find the optimal weight for each
sample. +e diagnosis accuracy of SVMD-WRELM for
gearbox is 99%, the diagnosis accuracy of VMD-WRELM for
gearbox is 97%, and the diagnosis accuracy of VMD-ELM
for gearbox is 93.5%. +e testing results indicate that SVMD
is superior to VMD, and WRELM is superior to ELM. It can
be concluded that the diagnosis accuracies of SVMD-
WRELM for gearbox are better than those of VMD-
WRELM,VMD-ELM.
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