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ABSTRACT As a powerful time-frequency signal analysis technique, empirical mode decomposition (EMD)

has been commonly applied in fault diagnosis. However, the cubic spline-curve often causes outstanding

over and undershoot problem, which significantly limits the performance of conventional EMD. To address

this problem, an improved EMD (I-EMD) based on adaptive weighted rational quartic spline is proposed.

Firstly, the original cubic spline interpolation in conventional EMD is replaced with the weighted rational

quartic spline interpolation (WRQSI) which has two adjustable shape control parameters. Secondly, a novel

parameter selection criterion termed envelope characteristic frequency ratio (ECFR) is designed to guide the

construction of the optimal local envelope. And simulation analysis proved that ECFR is not only sensitive

to the characteristic information but also robust to the weak noise and sudden impulses. Subsequently,

the optimal shape control parameter can be searched by grasshopper optimization algorithm (GOA) using

the maximum ECFR as the objective function. Then the sensitive modes selected via weighted Kurtosis

index are employed for further Hilbert envelope spectrum analysis. Finally, two case studies on rolling

bearing fault diagnosis are constructed to verify the rationality and effectiveness of the I-EMD method.

The results show that I-EMD method can evidently solve the over and undershoot problem and restrain the

mode mixing phenomenon. Moreover, I-EMD also performs better fault feature extraction ability under the

same conditions compared with EMD, VMD and CEEMDAN. So it is expected that I-EMD will serve as a

potential improvement for signal processing, fault feature extraction and fault diagnosis.

INDEX TERMS Vibration signal processing, fault diagnosis, weighted rational quartic spline, improved

EMD, envelope characteristic frequency ratio, parameter adaptive optimization.

I. INTRODUCTION

As a vital rotating machinery component, rolling bearings

are widely used in large and complex mechanical systems

of industries including aerospace, vehicles, ships and other

fields. However, rolling bearings usually serve under adverse

working conditions, which is prone to occur various cate-

gories of failure. At the same time, the failure often directly

influences the operational condition of the whole mechanical

system [1]–[5]. Therefore, condition monitoring and fault

diagnosis techniques of rolling bearings in the early stage

The associate editor coordinating the review of this manuscript and

approving it for publication was Ming Luo .

are very critical to guarantee reliability and safety. Vibration

signal processing-based method has been a most effective

fault diagnosis technique due to the definite relationship

between the rolling bearing health conditions and the col-

lected vibration signals. Hence, the fault feature information

can directly reflect the performance and health conditions of

rolling bearings [6]–[9].

In addition to the simple time or frequency-domain meth-

ods, wavelet transform (WT) [10], [11] and wavelet packet

transform (WPT) [12], [13] have also been developed. How-

ever, the proper wavelet basis function of WT and WPT

needs to be established in advance, so these two signal pro-

cessing methods are not completely self-adaptive [5], [14].
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After that, empirical mode decomposition (EMD) was pro-

posed as a completely self-adaptive signal analysis technique

in 1998 by Huang et al, which can decompose the complex

non-stationary signals into a series of intrinsic mode func-

tions (IMF) [15]. Gai and Hu [16] realized the numerical

recognition of bearing wear degree based on EMD-SVD

and FNN. Ben et al. [17] calculated the energy entropy of

the key IMFs as the learning samples of artificial neural

network (ANN), which can identify different fault types of

rolling bearings. However, some inherent problems in the

conventional EMD such as mode mixing exactly limits its

decomposition performance [18]. Therefore, many optimized

and improved strategies on EMD have been continuously

studied and applied. For noise-assisted signal analysis tech-

niques, Xiang and Zhong [19] proposed a diagnosis scheme

based on fast ensemble EMD (EEMD) and random decre-

ment technique (RDT) to extract the explicit fault features

of rotating machinery. Yang et al. [20] realized the adap-

tive diagnosis for bearings with unknown faults based on

EEMD and stochastic resonance (SR). Cheng et al. [21]

designed an improved CEEMDAN algorithm for vibra-

tion signal processing and fault detection of rolling bear-

ings. Although the above-mentioned methods have already

achieved gratifying results in the application, if used improp-

erly, there are also some negative impacts such as the

pre-added Gauss white noise can’t be eliminated entirely,

which will affect the decomposition accuracy. Besides, as an

improvement of EMD, some variational mode decompo-

sition (VMD) based strategies are also widely applied in

fault diagnosis of rotating machinery [22]–[24]. Meanwhile,

many researchers believe that a major and fundamental

reason of mode mixing in conventional EMD is the over

and undershoot problem caused by the cubic spline-curve

[25], [26], so they still continue to optimize and improve

the sifting process of EMD. Xia and Zhang et al modified

the local extrema by designing a doubly iterative EMD to

improve the decomposition performance [27]. In addition,

various effective interpolation methods, such as trigonomet-

ric interpolation [28], B-spline interpolation [29] and cubic

Hermite interpolation [30] have also been studied and applied

to replace the cubic spine interpolation. However,

in [28]–[30], the shape of interpolation is uncontrollable,

which can’t adaptively adjust the changeable curve in the

dynamic sifting process. By adding a shape control param-

eter, Li et al. [31] proposed a cubic trigonometric B-spline

interpolation based EMD method, but the flexible shape

parameter in this paper was adjusted by experience and con-

stant trying, which will limit the performance of the improved

method. Consequently, the adaptive and accurate selection of

shape parameter is another critical problem for improving

the EMD method, because if the parameter itself is not

enough suitable, it will lead an absurd decomposition result.

Li et al. [32] developed a novel improved EMDmethod based

on rational Hermite interpolation, and the optimal shape

parameter is obtained by analyzing the geometric meaning of

envelope curve. Guo and Deng [33] constructed the envelope

curve with a new rational spline interpolation method, and

the envelope curve length as well as frequency bandwidth is

employed as the parameter selection criterion. In [32], [33],

the rational Hermite and rational spline interpolationmethods

are employed to construct the envelope curves successfully.

Meanwhile, it has been exactly proved that spline-based

envelope curve is more smooth and stable than the Hermite-

based envelope curve [33]. Inspired by the previous research,

a novel interpolationmethod termedweighted rational quartic

spline interpolation (WRQSI) is designed in this paper to

construct more flexible envelope curves. Compared with the

previous interpolation methods, WRQSI has the following

two advantages: 1) WRQSI is C2 continuous, and it has good

shape-preserving and approximation properties; 2) Besides

the shape control parameters, WRQSI also introduces a

weighted coefficient, which can properly solve the problem

that no suitable envelope curves will be obtained due to the

lack of flexibility under some certain conditions. On the

other hand, the shape control parameter selection criterion

proposed in [32], [33] totally concentrate on the geometrical

form and physical meaning of the envelope curve itself. This

kind of selection criterion is exactly meaningful, however,

the high-quality IMF components which conclude abundant

and explicit fault feature information are also desirable to be

obtained in the engineering practice. Thus, inspired by the

redefined signal to noise ratio (SNR) in [34], a novel envelope

characteristic frequency ratio (ECFR) is proposed to select

the optimal shape parameter and obtain the more satisfactory

IMF components in this paper. ECFR represents the propor-

tion of fault characteristic frequency information in the whole

signal, which is pretty sensitive to the impact properties.

When the periodic impact properties becomemore obvious in

the vibration signal, the ECFR will be larger, which denotes

a better decomposition performance, vice versa. Considering

the excellent global optimization performance comparedwith

other search algorithms, grasshopper optimization algorithm

(GOA) [35], [36] which was proposed in 2017 is employed

to search the optimal shape parameter in this paper.

The remaining sections of the paper is outlined as follows.

The limitation of conventional EMD is clarified in Section II.

The weighted rational quartic spline interpolation, the opti-

mal parameter selection criterion termed ECFR and its supe-

rior properties, the basic algorithm of GOA are introduced in

section III, and then the I-EMD is proposed. In section IV, two

cases on rolling bearing fault diagnosis and the corresponding

comparative analysis are presented to verify the proposed

method. Finally, Section V concludes the whole paper and

reiterates the highlights.

II. THE LIMATATION OF CONVENTIONAL

EMD ALGORITHM

From the detailed description in [15], we can conclude that

the core idea of EMD algorithm is subtracting the local mean

iteratively to obtain the IMFs. It should be noted that the

local mean is totally determined and generated by the upper

and lower envelope curves. Hence, the proper construction
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of envelope curve is very essential to obtain a satisfactory

decomposition result. However, the cubic spline-envelope

curve in conventional EMD will cause outstanding over and

undershoot problems which are denoted by arrows in Fig. 1.

This over and undershoot phenomenon is regarded as the

inherent errors, it can further transfer into the whole sifting

process when calculating the local mean, which eventually

distort the physical meaning of IMF components and signif-

icantly influence the decomposition results [29]. The lack of

flexibility in cubic spline-envelope curve is the exact reason

for causing the over and undershoot problems [32]. There-

fore, more flexible and accurate interpolation methods are

desirable to be developed to improve the conventional EMD,

which motivates the following research of this paper.

FIGURE 1. The over and undershoot problem of the cubic spline-curve.

III. THE IMPLEMENTATION OF IMPROVED

EMD ALGORITHM

In this section, the weighted rational quartic spline interpo-

lation for replacement is introduced firstly. Based on this,

the adaptive optimized weighted rational quartic spline based

EMDmethod is designed. Themain thought of this optimized

method is to obtain the optimum mode by searching for the

optimal shape control parameters α and β, which includes

two essential points: 1) The construction of optimal parameter

selection criterion, and 2) Parameter optimization by GOA.

The two points are introduced prior to the proposed I-EMD

method.

A. A NEW INTERPOLATION METHOD: WEIGHTED

RATIONAL QUARTIC SPLINE INTERPOLATION

A novel interpolation method termed weighted rational quar-

tic spline interpolation is designed in this subsection to

construct more flexible envelope curves. This interpolation

function is C2 continuous, and it has good shape-preserving

and approximation properties, which can alter the splines

shape under different conditions through changing the shape

parameters.

For a given {(ti, gi, di) , i = 0, 1, . . . , n}, gi, di repre-

sents the function and derivative value of g(t) at ti, and

a = t0 < t1 < · · · < tn = b, li = ti+1 − ti, θ = (t − ti)/li,

1i = (gi+1 − gi)/li are defined. α > 0, β > 0 represents

the shape control parameters. Now, the interpolation basis

functions for fitting the envelope curve can be constructed

as follows:

R(t) = µR∗(t)+(1−µ)R∗(t)=
ri(t)

si(t)
, i = 0, 1, . . . , n− 2

(1)

ri(t) = (1 − θ )4αigi + θ(1 − θ )3Ui + θ2(1 − θ )2Vi

+θ3(1 − θ )Wi + θ4βigi+1

si(t) = (1 − θ)αi + θβi (2)

Ui = (µαi + 2αi + βi)gi + µαilidi + (1 − µ)αigi+1

Wi = (αi + 3βi)gi+1 − µβilidi+1 − (1 − µ)βili1i+1 (3)

where µ denotes the weighted coefficient, and 0 < µ < 1 is

defined.

And the basis function R(t) also satisfy the following

relationships

R(ti) = gi,R
′(ti) = µdi + (1 − µ)1i, i = 0, 1, . . . , n (4)

Further, when the following equation is assumed:

R′′(ti+) = R′′(ti−), i = 1, 2, . . . , n− 1 (5)

where ti+ and ti− represent the right and left limits of ti,

respectively.

The restraint condition of C2 continuity is expressed as (6):

l2i αi[Vi−1 − 3αi−1gi − 3βi−1gi + µαi−1li−1di

+2µβi−1li−1di+(1−µ)αi−1li−11i+2(1−µ)βi−1li−1di]

= l2i−1βi−1[Vi−αigi − 2βigi−2µαigi−µβigi − 2µαilidi

−µβilidi − 2(1 − µ)αigi+1 − (1 − µ)βigi+1],

i = 1, 2, . . . , n− 2 (6)

As is described, the shape parameters α and β can inde-

pendently influence the shape of envelope curve, while the

weighted coefficient µ only jointly affect it by the form of

µα, µβ, (1 − µ)α and (1 − µ)β. That is to say, if the µ

is given in advance, once the optimal combination of shape

control parameters α and β are obtained by the optimization,

the µα, µβ,µ(1 − α) and µ(1 − β) are also optimal. Hence,

we just consider the optimization of α and β, while µ = 0.8

is assigned in advance.

Fig. 2 displays the weighted rational quartic spline-based

envelope curves with different shape parameters. Obviously,

the over and undershoot problem is effectively restrained

compared with cubic spline curve shown in Fig. 1. We can

also see that the shape of envelope curve changes with dif-

ferent α and β, so the proper shape control parameters will

bring the most satisfactory decomposition results. Hence,

the shape parameter optimization process is very crucial to

the improved EMD method.
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FIGURE 2. The weighted rational quartic spline-based envelope curves
with different shape parameters.

B. THE CONSTRUCTION OF PARAMETER SELECTION

CRITERION: ECFR

1) DEFINITION AND CALCULATION OF ECFR

The Hilbert demodulation analysis is a powerful and effec-

tive method to detect and diagnose the local fault of rolling

bearings. An envelope signal byHilbert transform can be con-

sidered as the combination of the valuable fault characteristic

frequency information and some other interference compo-

nents. ECFR represents the proportion of fault characteristic

frequency information in the whole envelope signal, when

the envelope signal contains more fault feature information

associated with the impact properties, the ECFR value will

be larger, vice versa. Thus, we establish the ECFR in this

subsection to quantify the quality of the IMF components

by comparing the proportion of fault feature information

they contained, and then determine the optimal shape control

parameter. For a vibration signal X (t), the Hilbert transform

is expressed as (7):

X̃ (t) =
1

π

∞
∫

−∞

X (τ )

t − τ
dτ (7)

The analytic signal is obtained as (8):

Z (t) = X (t) + jX̃ (t) = H (t)ejω(t) (8)

The envelope signal H (t), phase modulation signal ω(t)

can be calculated as (9) and (10), respectively:

H (t) =

√

X2(t) + X̃2(t) (9)

ω(t) = arctan
X̃ (t)

X (t)
(10)

Subsequently, we can easily obtain the characteristic fre-

quencies associated with all fault categories through Hilbert

transform and FFT, so the ECFR is expressed as (11):

ECFR =

M
∑

i=1

N
∑

j=1

En(fij)

En(A)
(11)

where En(fij) represents the energy of the ith harmonic and jth

type of characteristic frequency which we focus on, M and

N denotes the number of the harmonic components and the

characteristic types we select, respectively, E(A) is the energy

of the whole envelope signal. The localized defects emerged

on the bearingswill cause the transient impacts. Since the pro-

posed ECFR is defined based on the Hilbert transform, so the

high frequency components in the obtained IMFs will be

demodulated to the low frequency. Therefore, the whole enve-

lope signal, the fault characteristic frequency components and

their harmonics are all analyzed within 1000Hz in this paper.

As an effective parameter selection criterion, ECFR is not

only sensitive to the characteristic information but also robust

to the weak noise and sudden impulses. Simulation analysis is

conducted in the next two subsections to illustrate its superior

properties.

2) SENSITIVENESS TO THE PERIODIC IMPULSES

A mathematical model of bearing with localized defect [37]

expressed as (12) is employed in this subsection to demon-

strate ECFR is pretty sensitive to the periodic impulses aswell

as the fault characteristic information. Meanwhile, the Kurto-

sis index is also calculated for comparison.



















x(t) =
L
∑

i=1

Ais(t − iT − τi) + ω(t)

Ai = A0 cos(2π fr t + ϕ) + CA

s(t) = exp(−Bt) sin(2π fnt + ϕω)

(12)

where x(t) denotes the simulated vibration signal, L denotes

the number of fault impulse, T is the impulse repetition

period, τi is the random slippage of roller, ω(t) denotes

the white Gaussian noise (WGN), Ai is the modulation sig-

nal, and s(t) represents a discrete oscillation impulse signal.

And in this case, the SNR of WGN is -1dB, the natural

frequency fn = 3000Hz, the inner race fault frequency

fi = 123Hz, the rotation frequency fr = 33Hz, and the data

points is 8192.

Fig. 3 (a) and (c) displayed the original simulation wave-

form with 1◦ and 30◦ random slippage of roller τi, respec-

tively, and (b), (d) represent their envelope spectra. A

smaller random slippage of roller τi indicates more obvi-

ous harmonic characteristic information and stronger peri-

odic impulses. As shown in (b) and (d), the ECFR value

reduces obviously when the periodic impulses is weakened

by the increase of random slippage, while the Kurtosis

value is almost constant. Consequently, this simulation can

effectively illustrate ECFR is more sensitive to the periodic

impulses.
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FIGURE 3. Sensitiveness to the periodic impulses: (a) The original simulation waveform with 1◦ random slippage of
roller, (b) its envelope spectrum, (c) The original simulation waveform with 30◦ random slippage of roller, (d) its envelope
spectrum.

3) ROBUSTNESS TO THE WEAK NOISE AND SUDDEN

IMPULSES

Another simulation model is also conducted to illustrate

ECFR is robust to the weak noise and sudden impulses. And

the mathematical model can be expressed as (13):

y(t) = y0 exp(−ξ fnt) sin fn

√

1 − ξ2t + n(t) (13)

where y(t) represents the simulated vibration signal, y0 = 5

is the displacement constant, the natural frequency fn =

3000Hz, damping coefficient ξ = 0.1, the outer race

fault frequency fi = 233Hz, and n(t) denotes the WGN.

Fig. 4 (a), (c), (d) displayed the original simulation wave-

form of bearing outer race fault which added the WGN with

SNR =0dB, -1dB, and -2dB, respectively, and the wave-

form shown in Fig. 4 (b) is generated by adding a sud-

den impulse whose amplitude is 19m/s2 on the basis of the

waveform shown in (a). Through the comparative analysis

among Fig. 4(a), (c) and (d), we can conclude that both

ECFR and Kurtosis are robust enough to the weak noise, but

the ECFR value is much more stable when the weak noise

slowly increases. When a sudden impulse is added, as shown

in Fig. 4 (b), ECFR is also almost constant, while the Kurtosis

is sharply increased, that is to say, if a sudden shock appears

on the test rig, Kurtosis index is highly possible to make a

ridiculous selection of the optimal IMF components or even

cause a false alarm for the condition monitoring of bearings.

In summary, two simulations fully prove that ECFR is

an effective and stable criterion to select the optimal shape

control parameter and further help to obtain the satisfactory

decomposition results.

C. PARAMETER OPTIMIZATION USING GOA

After constructing the optimal parameter selection criterion,

an excellent optimization algorithm is also very essential.

GOA, which is newly proposed in 2017, is a superb optimiza-

tion algorithm inspired by the grasshoppers swarming behav-

ior in nature [35]. Compared with the conventional swarm

intelligence algorithm, GOA has fewer adjustment parame-

ters and higher convergence accuracy. In this algorithm, adult

grasshoppers are responsible for exploring the entire global

search space to obtain better food source areas, while the

larval ones are responsible for exploiting an adjacent area

of a particular location. The whole algorithm maintains a

balance between the exploration of adult grasshoppers and

the exploitation of larval ones, which gradually approximate

the optimal solution. Finally, grasshoppers with the optimal

fitness converge and approach the best solution. Actually,

the position of grasshoppers Xi is affected by social inter-

action Si, gravity force Gi and wind advection Ai. However,

when solving the practical optimization problems, we need
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FIGURE 4. Robustness to the weak noise and sudden impulses: (a) The simulation waveform SNR = 0dB, (b) The
simulation waveform SNR = 0dB with a sudden impulse, (c) The simulation waveform SNR = −1dB, (d) The simulation
waveform SNR = −2dB.

to ignore the gravity effect and assume the wind direction

in advance. Hence, the position of grasshoppers is updated

according to (14) [35], [36]:

Xdi = c(

K
∑

j=1,j 6=i

c
ubd − lbd

2
s(

∣

∣

∣
Xdj − Xdi

∣

∣

∣
)
Xj − Xi

dij
)+T̂d (14)

ubd and lbd represent the upper bounds and lower bounds,

respectively, dij = |xi − xj| means the distance between

grasshoppers, K is the population size. T̂d means the local

optimal solution, s(·) denotes the function for calculating the

social forces of grasshoppers, and its calculation formula is

as follow:

s(r) = fe−r/l − e−r (15)

f and l denote the strength of attraction and attractive

length scale, respectively, and f = 0.5 and l = 1.5 are

adopted in this paper.

c is mainly responsible for shrinking to the appropriate

range in iteration process, c is updated as (16):

c = c_max − l
c_max − c_min

L
(16)

From the above discussion, we can see that the advantage

of GOA is that the updating of each individual location

depends on the participation of all individuals in the whole

optimization process, so as to improve the convergence

accuracy.

The optimization process using GOA is summarized as

follows. Firstly, initialize the population and related param-

eters; Secondly, evaluate the fitness of all current individ-

uals and mark the best individual; Subsequently, update

each individual’s position according to (14), and determine

whether the iteration number reaches the termination con-

dition. Grasshopper individual moves in the direction of

the optimal solution in each search process, and gradually

approaches the global optimal solution.

D. THE PROPOSED I-EMD ALGORITHM

After constructing optimal parameter selection criterion and

selecting the optimization method, the adaptive weighted

rational quartic spline based EMD method is completely

designed. And the objective function is expressed as the form

of (17).















fitness = min
γ=(α,β)

{−ECFR}

s.t. α ∈ [1, 5]

β ∈ [1, 5]

(17)

where fitness represents the objective function,

and γ = (α, β) are the shape control parameters to be

optimized. And in this paper, α, β takes the real number in
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the interval of [1,5], respectively. The specific steps of the

I-EMD algorithm can be concluded as follows:

1) Input the rolling bearing vibration signal, its dispersed

sequence can be expressed as X (j)(j = 1, 2 . . . ,Ns), Ns
represents the data length of the vibration signal. Set the

range of the shape control parameters α, β, calculate the fault

characteristic frequencies and their harmonics. Subsequently,

initialize the GOA parameters (Search agents H = 30,

maximum iterations I = 15.

2) Construct the envelope curves of the vibration signal

using the optimized weighted rational quartic spline interpo-

lation with the initial parameter. And calculate the envelope

mean m(t), the difference h(t) between x(t) and m(t). If h(t)

satisfies the IMF conditions [15], the first order component

is preliminarily obtained.

3) Calculate the fitness of the first order components with

each individual parameter in all agents and iterations. Then,

the optimal component which has the minimum fitness is

searched by GOA, and the first order improved IMF (I-IMF)

c1(t) is obtained finally.

4) Repeat the steps 1)-3) until the decomposition stop

criterion is satisfied [15], and the optimal I-IMFs ci(t) of the

other orders are obtained successively.

Subsequently, a quantitative indicator termed weighted

Kurtosis index (KCI) [36] which combines the advantages of

Kurtosis and correlation coefficient is used to select the sen-

sitive modes for further Hilbert envelope spectrum analysis in

this paper. The calculation formula is expressed as (18)-(20).

Ku =

1
Ns

Ns
∑

j=1

(X (j) − X̄ )4

[ 1
Ns

Ns
∑

j=1

(X (j) − X̄ )2]2

(18)

C =

Ns
∑

j=1

[ci(j) − c̄i][X (j) − X̄ ]

√

Ns
∑

j=1

[ci(j) − c̄i]2
Ns
∑

j=1

[X (j) − X̄ ]2

(19)

KCI = Ku · |C| (20)

where Ku represents the Kurtosis index of the specific mode,

C denotes the correlation coefficient between the ith I-IMF

mode ci(t) and raw vibration signal X (t), and ci(j), X (j)

are their dispersed sequence, c̄i, X̄ represent their sample

mean, respectively. KCI means the weighted Kurtosis index.

A larger KCI value denotes better impact characteristics

which also implies a more sensitive mode with abundant fault

feature information [36].

The flowchart of I-EMD algorithm is presented in Fig. 5.

IV. CASE VALIDATION

In this section, two cases on bearing fault diagnosis with

different failure categories using different test devices are

implemented to verify the proposed method. Furthermore,

the comparative analysis with other popular signal processing

FIGURE 5. The flowchart of I-EMD algorithm.

methods (i.e. the conventional EMD, VMD and CEEMDAN)

highlight the superiority of the I-EMD method.

FIGURE 6. The test device of CWRU.

A. CASE 1: BEARING INNER RACE FAULT DIAGNOSIS

USING CWRU DATA

The vibration signal is collected from the Bearing Data Cen-

ter of CWRU [38], [39], which is especially popular for

verification of newmethod in fault diagnosis. Fig. 6 displayed
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TABLE 1. The related information of the experiment in case 1.

the experimental rig, for a detailed description of the entire

test and data, please refer to [38], [39]. This case only focuses

on the bearing with inner race fault and its vibration signals,

the related information are illustrated in Table 1. Although

this data base is pretty pure and ideal, it is still really perfect

for verifying the method presented in this paper.

FIGURE 7. The original vibration signal in case 1: (a) Time-domain
waveform, (b) frequency-domain spectrum.

1) SIGNAL PROCESSING-BASED FAULT DIAGNOSIS USING

I-EMD METHOD

Time-domain graphic and its FFT spectrum of the studied

vibration signal is displayed in Fig. 7, and no obvious and

definite characteristic information can be clearly identified

due to the existence of interference components.

Firstly, operate I-EMD on the raw vibration signal, and the

decomposition results of the first five I-IMF are displayed in

Fig. 8. Obviously, there is no mode mixing in these obtained

components.

And the quantitative measurement index KCI of the first

five modes are also calculated and marked in Fig. 8, and

the first three I-IMF components which have the larger KCI

values are considered as the sensitive I-IMFs for further fault

feature extraction by Hilbert envelope spectrum, which is

displayed in Fig. 9.

From the result in Fig. 9, the rotation frequency fr , the inner

race fault characteristic frequency fi and harmonics frequen-

cies (2fi, 3fi, 4fi, 5fi) can be clearly extracted from the mode

I-IMF1. Moreover, due to the modulation and demodulation

FIGURE 8. The first five I-IMF components generated by I-EMD method in
case 1.

FIGURE 9. The Hilbert envelope spectrum of the sensitive I-IMF
components in case 1.

effect, fi+ fr and fi− fr can also be identified, which indicates

the serious local inner race defect has occurred. Meanwhile,

the fault feature frequency information can also be observed

in the second and third I-IMF mode. In addition, we can con-

clude that the larger the KCI is, the more definite and obvious

information can be observed in the corresponding mode,

which indicates that the sensitive mode section criterion is

feasible. The above analysis can fully prove the effectiveness

and rationality of I-EMD in fault feature extraction.

2) COMPARATIVE ANALYSIS WITH OTHER METHODS

In this subsection, the conventional EMD, VMD and CEEM-

DANare also presented for comparison using the same signal.

a: COMPARISONS WITH THE CONVENTIONAL EMD

The decomposition results and Hilbert envelope spectra of

sensitive modes are displayed in Fig. 10 and Fig. 11.

We can see that the mode mixing phenomenon appears in

the fifth IMFcomponents which is denoted by the red rectan-

gles, while this phenomenon has been restrained apparently

by I-EMDmethod as shown in Fig. 8. As displayed in Fig. 11,
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FIGURE 10. The first five IMF components generated by EMD method in
case 1.

FIGURE 11. The Hilbert envelope spectrum of the sensitive IMF
components of EMD in case 1.

the rotation frequency fr and the characteristic frequency fi
can be observed in IMF1, but the fi has already been very

weak in IMF2, which is hard to be identified. Meanwhile,

the fault feature information is nearly submerged by other

interference frequency components in IMF3. Hence, we can

conclude that when the fault feature itself is relatively faint,

the conventional EMD may not be possible to provide more

valuable information for accurate fault diagnosis.

Furthermore, a section of 120 data points from raw signal

are intercepted, we also construct the envelope curves in the

first-order sifting process by weighted rational quartic spline

interpolation proposed in this paper (α = 1.23, β = 1.87 are

obtained by optimization using GOA) and conventional cubic

spline interpolation to further explain the above comparison

results. From Fig. 12, we can see that the weighted rational

quartic spline-based envelope curve is more tense and accu-

rate, which effectively restrains the over and undershoot prob-

lems. Since a smaller bandwidth indicates more concentrated

signal energy and closer scale characteristics, 3dB band-

width index is also employed to further evaluate the perfor-

mance of envelope spline as well as the alleviation degree of

mode mixing. And the calculation results are shown

FIGURE 12. Envelope curves in the sifting process by weighted rational
quartic spline interpolation and cubic spline interpolation in case 1.

TABLE 2. The calculation results of 3dB bandwidth index in case 1.

in Table 2. Obviously, the IMFs generated by I-EMD perform

better properties than EMD. Consequently, these compar-

isons also fully illustrates the superiority of I-EMD and its

exact reason.

FIGURE 13. The components generated by VMD method in case 1.

b: COMPARISONS WITH VMD

In this case, K = 4 and α = 2000 in VMD are adopted

by analyzing the distribution of the center frequency in each

mode [40]. The decomposition modes and its Hilbert enve-

lope spectra are displayed in Fig. 13, 14 respectively. Because

of the unique advantages of VMD, there is no mode mixing

phenomenon appears. Although the characteristic frequency

fi and 2fi can be identified in u3 and u4, there is nearly
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FIGURE 14. The Hilbert envelope spectrum of the obtained components
of VMD in case 1.

no useful fault-related information in the mode u1 and u2.

Meanwhile, 3fi, 4fi, 5fi which clearly appear in Fig. 9 can’t

be identified here.

FIGURE 15. The first five I-IMF components generated by CEEMDAN
method in case 1.

c: COMPARISONS WITH CEEMDAN

As an excellent and classical improved EMDmethod, CEEM-

DAN is also employed to decompose the same signal for com-

parison. The decomposition results and its Hilbert envelope

spectra of sensitive modes are displayed in Fig. 15, 16. From

Fig. 15, it can be concluded that CEEMDAN can restrain the

mode mixing phenomenon effectively, but in the fault feature

extraction aspect, although the characteristic frequency fi and

its harmonics frequencies are visible in the first mode, there is

little useful defect information in the second and third mode

compared with I-EMD method, moreover, the amplitude of

fault characteristic frequency of CEEMDAN is also much

smaller.

In addition, two indices (i.e. envelope entropy [41] and

ECFR presented in this paper) of the reconstructed signal are

also employed to quantitatively evaluate the decomposition

FIGURE 16. The Hilbert envelope spectrum of the sensitive modes of
CEEMDAN in case 1.

performance and quality of these signal processing methods

from the aspects of sparsity and impact properties.

The calculation of envelope entropy is expressed as (21),

and the signal owning strong sparsity will have a smaller

envelope entropy value. In contrast, if there are more noises

and interference components, the envelope entropy value will

be larger.

Ep = −

Np
∑

j=1

Pj lgPj

Pj = a(j)/

Np
∑

j=1

a(j) (21)

where Ep means the envelope entropy value, Pj is the normal-

ized form of a(j), and a(j) is the demodulated envelope signal

of X (j).

ECFR value can be directly used to reflect the capability

of fault feature extraction. The definition and calculation of

ECFR have been presented in Section III. And the calculation

results of two indices are shown in Fig. 17.

From Fig. 17, we can see that the reconstructed signal by

I-EMD method owns the smallest envelope entropy value as

well as the largest ECFR value, which implies a better sparsity

and impact property. So this quantitative comparison can also

further highlight the decomposition performance of I-EMD

method.

Consequently, this case fully demonstrates that I-EMD

effectively improve the envelope curve and restrain the mode

mixing phenomenon. Meanwhile, it also outperforms in fault

feature extraction under the same conditions, and these com-

parisons also highlight its superiority in signal processing.

B. CASE 2: BEARING OUTER RACE FAULT DIAGNOSIS

USING NASA DATA

In this subsection, another test data collected from IMS [42]

is also used to verify the I-EMD method as a exclusion of

occasionality. The experimental rig is depicted in Fig. 18,

this case only focuses on the Bearing 1 which eventually fails

123822 VOLUME 8, 2020



X. Ye et al.: I-EMD Based on Adaptive Weighted Rational Quartic Spline for Rolling Bearing Fault Diagnosis

FIGURE 17. Quantitative evaluation of signal processing methods in case
1. (a) The envelope entropy value. (b) The ECFR value.

FIGURE 18. The experimental rig of IMS.

due to the outer race fault. Since this is a run to failure test,

the fault feature in each stage are pretty ambiguous, whose

incipient fault feature extraction is very suitable for verifying

the I-EMD method in this paper. The related parameters

information is illustrated in Table 3.

1) SIGNAL PROCESSING-BASED FAULT DIAGNOSIS USING

I-EMD METHOD

Fig. 19 displays the time-domain graphic and its FFT spec-

trum of the raw vibration signal in the incipient fault stage.

TABLE 3. The related information in case 2.

FIGURE 19. The original vibration signal in case 2: (a) Time-domain
waveform, (b) Frequency-domain spectrum.

It is hard to extract more useful fault information because of

the noises and other interference.

FIGURE 20. The first five I-IMF components generated by I-EMD method
in case 2.

Similarly, the vibration signal is also firstly decomposed

and analyzed by I-EMD method. And the first five I-IMF

components are presented in Fig. 20, meanwhile, the KCI

values are also calculated and marked in Fig. 20 to select the

sensitive modes.

Subsequently, the first three I-IMF components which have

larger KCI values are selected for further Hilbert envelope

analysis, as shown in Fig. 21. From this figure, the outer race

fault characteristic frequency fo and its harmonic frequencies
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FIGURE 21. The Hilbert envelope spectrum of the sensitive I-IMF
components in case 2.

( 2fo, 3fo ) are obviously identified in the first and the second

I-IMF. Meanwhile, fo can also be observed in the third mode,

which proves that the I-EMD is able to extract more abundant

fault feature.

2) COMPARATIVE ANALYSIS WITH OTHER METHODS

The conventional EMD, VMD and CEEMDAN are also used

for comparison in this case.

a: COMPARISONS WITH THE CONVENTIONAL EMD

The decomposition results of EMD and its correspond-

ing Hilbert envelope spectra of sensitive modes are shown

in Fig. 22 and Fig. 23.

FIGURE 22. The first five IMF components generated by EMD method in
case 2.

From Fig. 22, the mode mixing phenomenon (denoted

by red rectangles) appears in the fifth IMF mode, which is

restrained effectively by I-EMD in Fig. 20.

The Hilbert envelope spectra in Fig. 23 illustrate that

although the characteristic frequency fo can be identified in

the first IMF mode, the fault information is nearly buried by

other interference frequency components in the second and

FIGURE 23. The Hilbert envelope spectrum of the sensitive IMF
components of EMD in case 2.

third IMF. Hence, if there are more interference components

in the original vibration signal, fewer fault information will

be provided, which significantly limits the accuracy of fault

diagnosis.

FIGURE 24. Envelope curves in the sifting process by weighted rational
quartic spline interpolation and cubic spline interpolation in case 2.

TABLE 4. The calculation results of 3dB bandwidth index in case 2.

Furthermore, a section of 120 data points from raw signal

are intercepted, we also construct the envelope curves in

the first-order sifting process for comparison. From Fig. 24,

we can see that the weighted rational quartic spline based

envelope curve (α = 2.138, β = 2.793 are obtained by the

optimization using GOA) is more tense and accurate, which
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FIGURE 25. The components generated by VMD method in case 2.

FIGURE 26. The Hilbert envelope spectrum of the obtained components
of VMD in case 2.

FIGURE 27. The first five I-IMF components generated by CEEMDAN
method in case 2.

evidently restrains the over and undershoot problems. 3dB

bandwidth index is also calculated to further evaluate the per-

formance of envelope spline as well as the alleviation degree

of mode mixing, which is shown in Table 4. Consequently,

these comparisons also directly illustrate the exact reason of

FIGURE 28. The Hilbert envelope spectrum of the sensitive modes of
CEEMDAN in case 2.

FIGURE 29. Quantitative evaluation of signal processing methods
in case 2. (a) The envelope entropy value. (b) The ECFR value.

the superiority of I-EMD and definitely explain the above

comparison results.

b: COMPARISONS WITH VMD

K = 4 and α = 2000 are taken in VMD method.

The obtained modes and the corresponding Hilbert envelope

spectra are presented in Fig. 25 and Fig. 26. The characteristic

frequency fo and 2fo can be observed in Fig. 26, but the
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harmonic frequency 3fo which clearly appears in Fig. 21 can’t

be identified here.

c: COMPARISONS WITH CEEMDAN

CEEMDAN is also employed to analyze the NASA data

for comparison. And the decomposition modes and Hilbert

envelope spectra of sensitive modes are also displayed

in Fig. 27 and Fig. 28. From this figure, although CEEMDAN

can alleviate the mode mixing phenomenon compared with

the conventional EMD method, but it performs more mod-

estly in extracting defect information than I-EMD method

shown in Fig. 21, and the amplitude of fault characteristic

frequency of the second and third mode is also much smaller.

Subsequently, the envelope entropy and ECFR are also

employed to evaluate the decomposition performance of

these signal processing methods in this case, the calculation

results of the two indices are shown in Fig. 29. The outcome

also displayed that I-EMD performs best among these men-

tioned signal processing methods.

In summary, two cases on bearing fault diagnosis with

different failure categories using different test devices fully

demonstrate the effectiveness of the I-EMD in constructing

the envelope curves, alleviating the mode mixing and extract-

ing more abundant fault features, and the corresponding com-

parative analysis further highlights its advantages and better

performance.

V. CONCLUSION

In this paper, an improved EMD based on adaptive weighted

rational quartic spline is proposed to achieve that each

obtained mode is optimum throughout the whole sifting pro-

cess adaptively. Two case studies combined with compara-

tive analysis demonstrate that the I-EMD method can solve

the over and undershoot problem in the sifting process and

restrain the mode mixing phenomenon effectively. Moreover,

I-EMD also has better capacity of fault feature extraction

through the qualitative and quantitative assessment, in par-

ticular, the envelope characteristic frequency ratio obtained

by I-EMD is respectively improved by 72.18% and 57.33%

in two cases compared with conventional EMD.

Some highlights and main contributions are further con-

cluded: 1) A new interpolationmethod termedweighted ratio-

nal quartic spline interpolation is designed in this paper to

construct more flexible and accurate envelope curves, this

may also provide a new idea for the improvement of similar

methods, such as EEMD and LMD; 2) The novel parameter

selection criterion termed ECFR is established to help to

generate the optimal mode owning the most abundant fault

feature information; 3) Simulation analysis proved that ECFR

is not only sensitive to the periodic impulses but also robust to

the weak noise and sudden impulses, so it is also likely to be

employed as a promising fault feature or index for indicating

the health condition of bearings.

In the future, some effective and adaptive band pass fil-

ter based EMD methods should be developed to locate the

optimal band with abundant and explicit fault features for the

incipient diagnosis of rotating machinery.
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