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ABSTRACT In recent years, singular spectrum decomposition (SSD) has been recognized as a powerful
signal decomposition technique and has become a useful tool for fault signature extraction of rotating
machinery. A complex SSD (CSSD) approach is proposed in this paper, extending SSD to the complex
domain. Moreover, the equivalent filter banks property of CSSD is studied by using the Gaussian noise.
Based on the CSSD and Hilbert transform (HT), two fault feature extraction algorithms, named CSSD
Hilbert time-frequency spectrum (CSSD-HTFS) and CSSD Hilbert envelope spectrum (CSSD-HES), are
exploited. In order to fuse the information of multi-sensors and extract sufficient fault features, a novel fault
diagnosis framework for rotating machinery is developed. Specifically, the vibration signals collected along
the X-direction and Y-direction are firstly employed to construct a complex-valued signal. Next, the CSSD
of the complex-valued signal is carried out to obtain a series of decomposed components associated with
the positive and negative frequency components. Following, the CSSD-HTFS or the CSSD-HES algorithm
is adopted to extract the fault signatures of the decomposed components. Finally, the fault pattern of the
rotating machinery is recognized based on the extracted fault signatures. Several examples of fault diagnosis
applications validate the developed methodology.

INDEX TERMS Complex singular spectrum decomposition, complex-valued signal analysis, homologous
information fusion, rotating machinery, fault diagnosis.

NOMENCLATURE
SSD Singular spectrum decomposition
CSSD Complex singular spectrum decomposition
HT Hilbert transform
CSSD-HTFS Complex singular spectrum

decomposition-Hilbert time-frequency
spectrum

HES Hilbert envelope spectrum
CSSD-HES Complex singular spectrum

decomposition-Hilbert envelope spectrum
REB Rolling element bearing
EMD Empirical mode decomposition
LMD Local mean decomposition
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LCD Local characteristic scale decomposition
VMD Variational mode decomposition
ASTFA Adaptive sparsest time-frequency analysis
SWD Swarm decomposition
SSA Singular spectrum analysis
BEMD Bivariate empirical mode decomposition
CEMD Complex empirical mode decomposition
CLMD Complex local mean decomposition
CVMD Complex variational mode decomposition
CSSA Complex singular spectrum analysis
SVD Singular value decomposition
SSC Singular spectrum component
TFA Time-frequency analysis
HHT Hilbert-Huang transform
IA Instantaneous amplitude
IF Instantaneous frequency
CSSC Complex singular spectrum component
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I. INTRODUCTION
Rotatingmachinery is one of the most widely usedmachinery
types in industrial production [1]. The typical machinery
components, such as rolling element bearing (REB), gear and
rotor, are high fault rate mechanical components, and their
failures may cause pecuniary losses and even casualties [2].
Thus, fault diagnosis of these critical rotating machinery
components is of the highest importance in the academic
research and engineering applications [3].

The fault types of rotating machinery are abundant. For
example, common faults of the rotor mainly include unbal-
ance, rubbing, oil film instability and rotor cracks. The major
failure modes of REB and gear are local damages, such as
pitting, fracture, spalling and wear. Previous studies have
concluded that the vibration signal of each specific rotating
machinery fault has a corresponding fault signature. Gener-
ally, the rotor fault vibration signal is composed of several
harmonic components related to the fundamental frequency
signal. The fault vibration signals of the REB and gear are
mainly characterized by the periodic impact characteristic.
Vibration monitoring and analysis have become two sig-
nificant aspects of rotating machinery fault diagnosis [4].
A critical step in rotating machinery fault diagnosis based
on vibration analysis is the application of advanced signal
processing tools, such as spectral kurtosis [5], deconvo-
lution [6], and signal decomposition [7], to retrieve fault
features from the vibration data. Among these signal pro-
cessing tools, signal decomposition plays the most crucial
role in fault signature extraction owning to its advantages
in excluding the interferences and remaining the useful
information. Current signal decomposition methods can be
divided into different types based on their principles. Some
of them can be summarized as wavelet transform and wavelet
packet transform methods based on various forms of basis
functions. Such methods require a pre-set basis function
that matches the waveform of the fault signal, making them
less adaptive [8]. Some signal decomposition algorithms
are developed with reference to the morphological features
of the signal. Among them, empirical mode decomposi-
tion (EMD) as a recursive decomposition approach is the
most primitive and representative [9]. Inspired by EMD,
other recursive decomposition approaches, e.g., local mean
decomposition (LMD) [10] and local characteristic scale
decomposition (LCD) [11], have been later proposed. This
class of decomposition methods has good adaptability, so it
can be characterized as genuinely data-driven. However, they
have no appropriate mathematical models and are susceptible
to mode mixing [12]. In recent years, some innovative signal
decomposition approaches, such as variational mode decom-
position (VMD) [13], adaptive sparsest time-frequency anal-
ysis (ASTFA) [14] and swarm decomposition (SWD) [15],
have been exploited. These methods can be characterized
as parameterized model methods, while their parameters
selection process usually hinders their online applications.
Singular spectrum analysis (SSA) is another prominent signal

decomposition approach, which has been used in various
fields owing to its excellent merits in dealing with non-
stationary signals [16]. In the decomposition framework of
SSA, the embedding dimension is required to be pre-set,
while the principal components need to be grouped reason-
ably. How to implement the adaptive setting of these two
parameters is a problem of SSA.

Singular spectrum decomposition (SSD) was exploited by
Bonizzi et al. [17] to solve the aforementioned issues of
SSA. SSD keeps all good merits of SSA and performs very
well in non-stationary signal decomposition. Considering the
advantages of SSD,many researchers have successfully intro-
duced the original SSD or developed modified SSD meth-
ods to diagnose the faults of REB [18] and gear [19], [20].
However, the SSD method can only analyze the real-valued
signals and can only deal with the vibration signal of a
single sensor. In recent years, the complex-valued signal
analysis has flourished in various research fields. Scholars
have contributed to extending the real-valued decomposition
methods to the complex domain. The SSA method can be
directly applied to the complex-valued signals to perform the
complex SSA (CSSA) analysis [21], [22]. Complex-valued
Hankel is used in the CSSA method, placing a huge compu-
tational burden on the process. In addition, CSSA relies on
experience to implement the setting of embedding dimension
and the grouping of principal components. Rilling et al.
invented the bivariate EMD (BEMD) method to process the
bivariate signals [23]. BEMD is the extended application
of EMD into the complex domain. BEMD demonstrated
great performance in the wind turbine condition monitor-
ing [24]. Inspired by BEMD, Park et al. developed a com-
plex LMD (CLMD) approach [25]. However, both BEMD
and CLMD are only suitable for the signals connected in
Cartesian coordinates [23]. Another complex signal decom-
position algorithm, called complex EMD (CEMD) [26], was
invented by conducting EMD on the real and imaginary
frequency components of the complex signal, respectively.
Compared to BEMD, CEMD is adaptive to a wider range
of conditions. In addition, it has shown advantages in infor-
mation fusion. Motivated by the CEMD algorithm, a com-
plex VMD (CVMD) method was developed [27]. CVMD
demonstrates a stronger decomposition capability compared
to CEMD. However, the tedious parameter selection prob-
lem inherited from VMD remains a serious flaw of CVMD.
Motivated by the works of CEMD and CVMD, a complex
SSD (CSSD) algorithm is developed to enable SSD to process
the complex-valued signals. CSSD is more adaptive than
CSSA as it is an approach independent of parameters selec-
tion. After the signal decomposition, the extraction of the
characteristic information from the decomposed components
is of critical importance. Time-frequency analysis (TFA)
and demodulation analysis are two powerful tools for fault
features extraction. Specifically, TFA has been widely used
for rotor fault diagnosis as it can detect the signal fre-
quency composition. Demodulation analysis is indispensable
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in identifying the fault characteristic frequencies of REB and
gear. In this paper, the proposed CSSD algorithm is combined
with the Hilbert transform (HT) to perform the CSSD Hilbert
time-frequency spectrum (CSSD-HTFS) and CSSD Hilbert
envelope spectrum (CSSD-HES) analysis. The CSSD-HTFS
is used for rotor fault feature extraction, while the CSSD-
HES is adopted to extract the fault characteristic frequencies
of REB and gear.

The inherent dynamic characteristics of rotatingmachinery
in fault state are very complicated, while the features of
the vibration signals in different directions may vary signif-
icantly. Diagnosing the type of failure of a rotating machine
through the fault characteristics of a single-channel signal is
prone to false judgment. Thus, scholars have focused their
research on condition monitoring techniques based on multi-
sensors. Among them, a simple and effective way has proven
to be the arrangement of sensors to collect vibration infor-
mation in two perpendicular directions [28]. However, the
fusion of homologous information proves difficult. In this
work, a novel fault diagnosis framework based on CSSD is
developed to detect the synchronous information in multi-
channel signals, while its validity is investigated by using
experimental fault signals.

The structure of this paper is as follows. The SSD algo-
rithm is briefly recalled in Section II. Section III presents
the CSSD algorithm and studies the filter bank property
of CSSD, while the CSSD-HTFS and CSSD-HES analysis
methods are also introduced in this part. Section IV addresses
the fault diagnosis framework based on CSSD. Section V
examines the effectiveness of the fault diagnosis framework
through several applications. The conclusion is presented in
Section VI.

II. SINGULAR SPECTRUM DECOMPOSITION
SSD is an iterative signal decomposition method, which can
adaptively extract the component signals of a composite sig-
nal. Its development aims to promote the adaptability of the
SSA algorithm. Specifically, the auto-generated selection of
the embedding dimension for the trajectory matrix construc-
tion, as well as the adaptive grouping of the singular value
decomposition (SVD) components for the reconstruction of
a specific sub-series are achieved. The decomposition series
of SSD is named singular spectrum component (SSC). Given
a composite signal s(n) of length N , the main steps of SSD at
each iteration include:

(1) Embedding
The first step of the SSD algorithm is to choose the embed-

ding dimension to build the trajectory matrix. For an original
composite signal s(n), the trajectory matrix corresponding to
the embedding dimensionM is:

S = [sT1 , s
T
2 , · · · , s

T
M ]T (1)

where sj = (s(j), . . . , s(N ), s(1), . . . , s(j− 1)) (j = 1 . . . ,M )
denotes the j-th row of the trajectory matrix.

The trajectorymatrix shown in Equation (1) is composed of
N column vectors, while the firstN−M+1 ones establish the

trajectory matrix employed in the primitive SSA algorithm.
The modified definition of the trajectory matrix in the SSD
algorithm can contribute to boosting the oscillating elements
of the signal.

FromEquation (1), it is derived that the value of the embed-
ding dimension determines the expression of the trajectory
matrix. So, the choice of this parameter can affect the final
results distinctively. A shortcoming of the primitive SSA
method is that the optimal embedding dimension at each
iteration cannot be determined adaptively. This issue is solved
in the SSD algorithm according to the following criterion:

(a) At iteration j, the residual signal is expressed as:
rj(n) = s(n)−

∑j−1
k=1 rk (n)(r0(n) = s(n)). The chief frequency

fmax corresponding to the highest amplitude in the power
spectral density (PSD) of rj(n) should first be detected.
(b) For j = 1, the remaining component is characterized as

a significant trend in the case of fmax/Fs < 10−3 (Fs is the
sampling frequency), whileM is considered as N/3.
(c) Otherwise, and for j > 1, M is selected as 1.2 Fs/fmax .
(2) SVD
The trajectory matrix S reflects the global information of

the current residual signal. Thus, it is subjected to SVD to
detect its inherent components:

S = AUBT

= [a1, a2, · · · , aM ]


u1 0 0 0 0
0 u2 0 0 0
...

...
. . .

... 0
0 0 0 uM 0



bT1
bT2
...

bTN


= u1a1bT1 + u2a2b

T
2 + · · · + uMaMbTM

= S1 + S2 + · · · + SM (2)

where A ∈ RM×M , U ∈ RM×N , B = RN×N , Si = uiaibi
(i = 1, . . . ,M ) is the i-th SVD component of the trajectory
matrix.

(3) Selection of the SVD components and extraction
of thej-th component signal

Based on the SVD analysis, M component matrices (i.e.,
the SVD components) of the trajectory matrix are retrieved.
However, only several of these SVD components are use-
ful for the extraction of the j-th component signal SSCj(n).
Following, the solution adopted by SSD is described.

(a) During the first iteration, if a significant trend is evi-
dent, only the SVD component S1 is helpful, while the
first component SSC1(n) is extracted from the diagonal
average of S1.

(b) For j > 1, the frequency contents of the component
signal SSCj are concentrated in the frequency band [fmax−fd ,
fmax+fd ], where fd denotes the primary peakwidth of the PSD
of rj(n). Thus, a subclassKj (Kj = {k1, . . . , kl}) is established,
where kj represents the order number of the SVD component
Skj , whose left eigenvector displays a principal frequency in
[fmax − fd , fmax + fd ]. Finally, the reconstruction of SSCj(n)
is completed with the diagonal averaging calculation of the
matrix SKj = Sk1 + · · ·Skl .
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(4) Stopping criterion
A new residual can be generated after the separation of the

estimated component SSCj(n) from the current residual:

rj+1(n) = rj(n)− SSCj(n) (3)

rj(n) will be used as the input to perform the next decompo-
sition. If the formula in Eq. (4) is less than a pre-set threshold,
the decomposition should be terminated.

Ej =
∑N

k=1
(rj+1(k))2

/∑N

k=1
(s(k))2 (4)

III. COMPLEX SINGULAR SPECTRUM DECOMPOSITION
A. CSSD ALGORITHM
Inspired by the CEMD method, a CSSD algorithm is devel-
oped to extend the SSD analysis to the complex domain.
Given a complex signal s(n), its Fourier transform spectrum
S(ejω) is bidirectional, composed of the positive and negative
frequency parts. Two analytical signals related to these two
parts can be generated as:

S+(ejω) = H (ejω)S(ejω) (5)

S−(ejω) = H (ejω)S∗(e−jω) (6)

where S∗(ejω) denotes the complex conjugate of S(ejω), and
H (ejω) represents a band-pass filter described as:

H (ejω) =

{
1, 0 ≤ ω < π

0, −π ≤ ω < 0
(7)

Two real signals associated with the positive and negative
frequencies can be further described as:

s+(n) = <{F−1(S+(ejω)} (8)

s−(n) = <{F−1(S−(ejω)} (9)

where <[·] is the operator, which can be used for extracting
the real parts of the complex signals, while F−1[·] represents
the inverse Fourier transform.

Owing to the goodmerits of the analytical signals, the orig-
inal complex signal can be reconstructed by employing
Equation (10):

s(n) = (s+(n)+ jh[s+(n)])+ (s−(n)+ jh[s−(n)])∗ (10)

where h[·] denotes the HT operator.
The two real signals s+(n) and s−(n) contain all the infor-

mation of the original complex signal. Next, SSD is applied
to s+(n) and s−(n) separately to conduct the CSSD analysis
as follows:

s+(n) =
N∑
i=1

si(n) (11)

s−(n) =
−1∑

i=−N

si(n) (12)

where {si(n)}Ni=1 and {si(n)}
−1
i=−N represent groups of SSCs

corresponding to s+(n) and s−(n), respectively.

We can deduce the final expression of the proposed CSSD
for a complex-valued signal based on Equations (10)-(12):

s(n) =
N∑

i=−N ,i6=0

zi(n) (13)

where zi(n) represents the i-th complex SSC (CSSC), which
is defined as:

zi(n) =

{
si(n)+ jyi(n), i = 1, . . . ,N
(si(n)+ jyi(n)∗, i = −N , . . . ,−1

(14)

where yi(n) = h[si(n)].
A complex signal s(t) as expressed in Equation (15) is

employed to illustrate the reasoning of the method used in
CSSD to separate the information of the original complex
signal into two sub-components s+(t) and s−(t). Note that
the sampling frequency of the complex signal is 1024 Hz.

s(t) = 0.5 sin(2π40t)+ j cos(2π60t), t ∈ [0, 0.5] (15)

Based on Equations (8) and (9), two real signals,
i.e., s+(t) and s−(t), are firstly obtained as illustrated in
Fig. 1(a) and (b), respectively. Then, a complex signal can
be recovered by using Equation (10). The real and imaginary
parts of the recovered complex signal are separately depicted
in Fig. 1(c) and (d) (refer to the red lines). The real and
imaginary parts of s(t) are also represented in Fig. 1(c) and (d)
(represented by the blue lines). The real and imaginary parts
of the recovered signal exhibit similar waveforms to that of
the original signal. Note that the slight phase shift between
the original and the recovered signals appears as the signal
reconstruction process involves the HT operator, which does
not affect the result. Fig. 2 illustrates the frequency spectrums
of the recovered and original signals. It is evident the two
spectrums are very consistent, which further illustrates the
feasibility of the CSSD algorithm.

B. CSSD EQUIVALENT FILTER BANKS
Motivated by the work in [26] and [29], the filter bank prop-
erty of the CSSD method is studied in this section. First,
a set of 1500 independent Gaussian complex-valued time
sequences of 1024 samples were randomly generated. The
CSSD algorithm with a preset mode number of four was
then applied to the complex-valued time sequences, while
the power spectra of the decomposed CSSCs were averaged.
Fig. 3 displays the results corresponding to the first four
CSSCs. The decomposed CSSCs show different frequency-
bands. The CSSD decomposition is equal to the filter bank
analysis. This result demonstrates the validity of the CSSD
algorithm for detecting the sub-band components with differ-
ent frequency-bands.

C. CSSD HILBERT TIME-FREQUENCY SPECTRUM
TFA is a prevailing tool for processing multi-component
non-stationary signals. A simple framework to realize the
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FIGURE 1. (a) s+(t); (b) s−(t); (c) the real part of the original and
recovered signals; (d) the imaginary part of the original and
recovered signals.

FIGURE 2. The frequency spectrums of the original and recovered signals.

TFA for real-valued signals is to combine signal decom-
position algorithms with demodulation techniques. Hilbert-
Huang transform (HHT) is an excellent example of this
class of TFA methods. HHT is realized by using HT to
compute the instantaneous amplitude (IA) and the instanta-
neous frequency (IF) of each decomposition series of EMD.
Wang et al. [27] pioneered a TFA approach for complex-
valued signals by integrating CVMD and HT. Motivated
by the work of [27], a CSSD Hilbert time-frequency

FIGURE 3. CSSD equivalent filter banks.

spectrum (CSSD-HTFS) method is proposed, which aims to
extract the time-frequency information of complex-valued
signals. Based on Equation (14), we can deduce that the
complex SSCs of the positive and negative frequency com-
ponents of a continuous-time complex-valued signal s(t) can
be represented using the analytic signal [27]:

zi(t) =

{
ai(t)ejϕi(t), i = 1, . . . ,N
ai(t)e−jϕi(t), i = −N , . . . ,−1

(16)

in which ai(t) =
√
si(t)2 + yi(t)2 is the IA, and ϕi(t) =

arctan(yi(t)/si(t)) represents the instantaneous phase (IP).
The IF can be further deduced as;

fi(t) =
sgn(i)
2π

dfi(t)
dt

, i = −N , . . . ,−1, 1, . . . ,N (17)

Thus, the CSSD-HTFS for a continuous-time complex-
valued signal can be represented as:

s(t) =
N∑

i=−N ,i6=0

ai(t)ej
∫
2π fi(t)dt (18)

D. CSSD HILBERT ENVELOPE SPECTRUM
The vibration signal of many rotating machinery faults has
prominent modulation characteristics. Hence, demodulation
analysis is a crucial tool in fault signature extraction. Among
the reported demodulation methods, Hilbert envelope spec-
trum (HES) is the most notable. HES is defined as the Fourier
transform spectrum of the envelope signal, i.e., the IA signal
as introduced above. In this work, CSSD is combined with
HES to perform the CSSD-HES demodulation analysis of a
complex-valued signal. As the amplitude of the HES of the
decomposed sequences of the positive and negative frequency
components exhibit significant differences, the HES analy-
sis of the decomposition sequences is conducted separately.
Fig. 4 illustrates the flowchart of the CSSD-HES analysis for
a complex-valued signal.

IV. FAULT DIAGNOSIS FRAMEWORK BASED ON CSSD
The rotating machinery usually has a complex structure.
The vibration signals in different directions exhibit different
characteristics. Hence, multi-sensors are usually arranged
along various directions to obtain as much useful informa-
tion as possible during the condition monitoring of rotating
machinery. In order to fuse the information collected from
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FIGURE 4. Flowchart of the CSSD-HES analysis.

FIGURE 5. The fault diagnosis framework based on CSSD.

the multi-sensors to extract sufficient fault signatures, a novel
fault diagnosis framework as depicted in Fig. 5 is developed
based on the good merits of CSSD. This can be described as
follows:

(1) Locate two sensors in the X-direction and Y-direction
to collect the homologous vibration signals x(t) and y(t).
(2) Synthesize a complex signal: s(t) = x(t)+ j ∗ y(t).
(3) Apply CSSD to the synthetic complex signal to obtain

the decomposed components.
(4) Detect the fault signatures of the CSSD decompositions

by employing the CSSD-HTFS or the CSSD-HES algorithm.
(5) Recognize the fault pattern based on the detected fault

signatures.

V. APPLICATIONS
A. ANALYSIS OF ROTOR RUBBING FAULT SIGNAL
The proposed CSSD approach is adopted to analyze the local
rubbing fault signal to highlight its validity. Fig. 6(a) shows
the test rig employed to simulate the rotor rubbing fault.
The test rig is driven by a DC motor. A shaft, carrying a

FIGURE 6. (a) The rotor experiment rig; (b) the rubbing device.

balancing disk, is attached to the motor through a connector.
Two bearings are distributed at both ends of the shaft to
provide sufficient support. In the experiment, a photoelec-
tric sensor was installed near the keyway to obtain the key
phase signal, and two pairs of eddy current sensors were
arranged on both sides of the balance plate to measure the
horizontal and vertical vibration signals of the shaft. Fig. 6(b)
illustrates the rubbing device, in which the tightening degree
of the rub screw can be regulated to control the force of
rubbing. The experiment was conducted under the rotating
speed of 3300 rpm, and the vibration data were recorded at a
sampling frequency of 5120 Hz.

The vibration signals measured by the eddy current sensor
pair 1 are adopted as the research objects. Figs. 7 and 8 show
the waveforms of the horizontal and vertical vibration signals
and their frequency spectrums. Among these two frequency
spectrums, it is evident that only the 1X frequency component
is outstanding, while the other harmonics of the fundamental
frequency are too feeble to detect. The fault pattern cannot be
determined based on the fault information extracted from a
single channel. The axis orbit, synthesized by using these two
signals, is shown in Fig. 9. There are some distinct cusps on
the axis orbit, which reflect a fault feature of rubbing. How-
ever, it is vital to detect the substantial frequency components
to further identify the fault type.

Next, a complex signal is constructed by using the horizon-
tal and vertical vibration signals, and it is subjected to CSSD.
Figs. 10(a) and (b) show the decomposed sequences of the
positive and the negative frequency components. Based on the
stopping criterion of decomposition, shown in Equation (4),
four decomposed components are obtained. The decomposed
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FIGURE 7. (a) The vibration signal in the horizontal direction and (b) its
frequency spectrum.

FIGURE 8. (a) The vibration signal in the vertical direction and (b) its
frequency spectrum.

FIGURE 9. The axis orbit.

sequences are composed of the impact-component and
harmonic-component signals, which reveals the fault features
of the rubbing. Fig. 10(c) illustrates the CSSD-HTFS, reflect-
ing the positive and negative harmonics of the fundamental
frequency. Moreover, the inter-wave demodulation charac-
teristic can be visible in some of the frequency components

FIGURE 10. (a) The decomposed sequences of CSSD for the positive
frequency component; (b) the decomposed sequences of CSSD for the
negative frequency component and (c) the CSSD-HTFS.

of the CSSD-HTFS, which further demonstrates the fault
signatures of the rubbing.

The analysis results obtained by applying the CEMD
algorithm to the two-channel vibration signals are intro-
duced for comparison. From the CEMD decomposition
results of the positive and negative frequencies, as sepa-
rately shown in Figs. 11(a) and (b), it is derived that some
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FIGURE 11. (a) The decomposed sequences of CEMD for the positive
frequency component; (b) the decomposed sequences of CEMD for the
negative frequency component and (c) the CEMD-HTFS.

components without physical meanings are generated by
CEMD, illustrating the arise of the over-decomposition. Their
CEMD Hilbert time-frequency spectrum (CEMD-HTFS), as

FIGURE 12. (a) The test bench; (b) the defective REB; (c) the layout of the
sensors.

FIGURE 13. (a) The horizontal vibration signal and (b) its HES.

illustrated in Fig. 11(c), presents only the information related
to the fundamental frequency, along with some unreasonable
frequency components. The CSSD algorithm detects more
sub-components with physical meanings and more sufficient
signatures compared to the CEMD method.

B. ANALYSIS OF COMPOUND FAULT SIGNAL
OF ROLLING ELEMENT BEARING
The vibration data of the compound fault of REB, obtained
from the QPZZ-II rotating machinery test bench, is employed
to further verify the capability of the proposed methodology.
Fig. 12(a) shows the structure of the test bench, and the
location of the faulty bearing has also been marked in this
figure. The type of the experimental REB is LYC6205E.
Fig. 12(b) depicts the defective REB, which shows both the
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FIGURE 14. (a) The vertical vibration signal and (b) its HES.

TABLE 1. The geometric parameters of the defective REB.

inner race and outer race damages. Fig. 12(c) represents the
layout of the sensors. As depicted, two PCB accelerome-
ters were placed on the horizontal-direction and vertical-
direction of the bearing block, respectively. The position of
the fault relative to the load zone of the bearing may affect
the vibration response of the rotor-bearing system. Hence,
two compound fault experiments were carried out with outer
race fault located at 6 o’clock (i.e., the bottom of the bearing
housing) and at 12 o’clock (i.e., the top of the bearing hous-
ing), respectively. Both experiments were conducted at motor
speed n = 1470 rpm, i.e., at rotating frequency fr = 24.5 Hz.
The signal sampling rate is 12800 Hz. Based on the geometric
parameters of the REB as illustrated in Table 1, the fault
characteristic frequencies of the inner and outer race can be
calculated as:

fi =
Z
2
(1+

d
D

cos γ )
n
60
= 133 Hz

fo =
Z
2
(1−

d
D

cos γ )
n
60
= 88 Hz (19)

1) CASE 1: COMPOUND FAULT EXPERIMENT WITH OUTER
RACE FAULT AT 6’CLOCK POSITION
First, the compound fault experiment of REB was conducted
with outer race fault located at 6’clock position (directly in
the load zone). Figs. 13 and 14 represent the waveforms and
HESs of the vibration signals collected by the accelerometers
in two directions. The two HESs exhibit considerable differ-
ences. The rotating frequency of the shaft and its harmonics
are outstanding in the HES of the horizontal vibration signal,

FIGURE 15. (a) The decomposed sequences of CSSD for the positive
frequency component and (b) the CSSD-HES.

which increases the difficulty to detect the useful information.
Despite the distinct spectral lines at the frequencies of fi
and 2fi can be identified, the fault features of the outer race
fault are not apparent. The HES of the vertical vibration
signal is dominated by fo and its harmonics, which denotes
an apparent fault signature of the outer race fault. However,
the spectral line associated with the inner race fault frequency
is very feeble. It can be deduced that the vibration signals
in different directions carry different fault information. It is
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FIGURE 16. (a) The decomposed sequences of CSSD for the negative
frequency component and (b) the CSSD-HES.

very important to take effective measures to fuse the vibration
information in different directions.

The proposed method is used to fuse the vibration infor-
mation in different directions and separate the fault signa-
tures from the interferences. A complex signal is synthesized
according to step (2) in Section IV, and the complex signal is
processed by CSSD. Since the fault features are mainly con-
tained in the first few higher energy decomposed components,
only the first five decomposed components are selected for

FIGURE 17. (a) The decomposed sequences of CEMD for the positive
frequency component and (b) the corresponding HES.

analysis. Fig. 15(a) displays the decomposed components of
the positive frequency component. Fig. 15(b) represents the
CSSD-HES of theses decomposed components. Fig. 16 illus-
trates the analysis results of the negative frequency compo-
nent. From Fig. 15(b) and Fig. 16(b), it is evident that the
characteristic information corresponding to the inner race
fault, outer race fault and the inherent vibration of the shaft
is successfully isolated. Hence, we can obtain sufficient evi-
dence to determine the compound fault pattern of the REB.
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FIGURE 18. (a) The decomposed sequences of CEMD for the negative
frequency component and (b) the corresponding HES.

The fault signal is also processed by the CEMD
approach to make a comparison with the CSSD method.
Fig. 17(a) and Fig. 18(a) show the decomposed compo-
nents, which are yielded by conducting EMD on the positive
and negative frequency components, respectively. Fig. 17(b)
and Fig. 18(b) represent the HESs of these decomposed
series. Note that, only the first five decomposed series
are chosen for analysis. Some extra decomposed series
without physical meanings are also generated after the

FIGURE 19. (a) The horizontal vibration signal and (b) its HES.

FIGURE 20. (a) The vertical vibration signal and (b) its HES.

CEMD decomposition. The fault features related to the inner
and outer race fault can be located from the HES of the
decomposed components s+1 and s−1. However, the fault fea-
tures of the two faults are mixed together, reflecting the mode
mixing of CEMD. It can be inferred that the decomposition
ability of the CSSD algorithm is stronger compared to the
CEMD method.

2) CASE 2: COMPOUND FAULT EXPERIMENT WITH OUTER
RACE FAULT AT 12’CLOCK POSITION
The vibration data of the compound fault experiment con-
ducted with outer race fault located at 12’clock position is
employed for analysis. Figs. 19 and 20 show the waveforms
and HESs of the vibration signals collected in two directions.
The dominant frequencies of the HES of the vibration sig-
nal in the horizontal direction are mainly composed of the
harmonics of fr , while the fault frequencies are invisible.
Two obvious spectral lines associated with the frequencies
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FIGURE 21. (a) The decomposed sequences of CSSD for the positive
frequency component and (b) the CSSD-HES.

of 2fr and fi can be observed in the HES of the vertical
vibration signal. However, the fault features corresponding
to the outer race fault cannot be easily recognized. When the
position of the outer race fault changes from 6 o’clock to
12 o’clock, the load on the outer race fault point decreases.
Therefore, the fault features of the outer race become
inconspicuous.

The proposed method is employed to extract the
fault features of the compound fault. Fig. 21(a) and

FIGURE 22. (a) The decomposed sequences of CSSD for the negative
frequency component and (b) the CSSD-HES.

Fig. 22(a) display the decomposed components of the CSSD
algorithm. Fig. 21(b) and Fig. 22(b) exhibit the CSSD-
HES of the decomposed components as shown in Fig. 21(a)
and Fig. 22(a), respectively. It can be found that the fault
features of the inner race fault and the outer race fault
are separated. The analysis results of Case 1 and Case 2
demonstrate that the proposed method can get rid of the
influence of the placement of the fault relative to the
load zone.
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FIGURE 23. (a) The decomposed sequences of CEMD for the positive
frequency component and (b) the corresponding HES.

Figs. 23 and 24 show the analysis results obtained by
applying CEMD to the compound fault signal. It can
be found that the fault features of the inner race
fault and the outer race fault extracted by the CEMD
method are mixed, revealing the ‘‘mode mixing’’ prob-
lem of CEMD. The CSSD algorithm is more effective
in separating the fault features compared to the CEMD
algorithm.

FIGURE 24. (a) The decomposed sequences of CEMD for the negative
frequency component and (b) the corresponding HES.

VI. CONCLUSION
This paper presents a CSSD algorithm, which aims to extend
the real-valued SSD to the complex-valued domain. It is
implemented by separately applying SSD to the positive and
negative frequency components of a complex-valued signal.
The Gaussian noise test indicates that the CSSD method
can perform as a filter bank. Combining the advantages
of CSSD and HT, two fault feature detection approaches,
termed CSSD-HTFS and CSSD-HES, are developed. A novel
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fault diagnosis framework for rotating machinery is proposed
based on the developed algorithms. Experimental applica-
tions demonstrate that the proposed CSSD algorithm can real-
ize the homologous information fusion and extract sufficient
fault signatures. Moreover, the proposed CSSD approach
performs better in overcoming the problem of mode mixing
compared to the CEMD technique.

Note that the current work focuses on the framework for
processing the vibration signals of only two channels by using
CSSD. In the future, the application of the proposed method
for more channels will be explored. Finally, this research
aims to inspire more research into the advantages of complex
signal analysis.
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