280

IEEE LATIN AMERICA TRANSACTIONS, VOL. 24, NO. 3, MARCH 2026

CEEMDAN-based Single-Channel Blind Source
Extraction for Bearing Fault Detection and
Diagnosis

Yuan Xie (), Zhangchi Wei

Abstract—Introduction: Bearings are Kkey components for
power transmission in industrial applications. However, how to
accurately detect bearing status and perform fault diagnosis
in intense background noise remains a challenging task.
Methodology: This paper presents a single-channel blind
extraction algorithm for bearing fault detection and diagnosis.
First, the vibration signal is decomposed into several intrinsic
model functions (IMFs) and a residual. Using a kurtosis index
technique to filter the decomposed IMF components, thereby
building a multi-channel feature set and overcoming the problem
of mode mixing. Then, a blind extraction technology is used
to extract fault features from the virtual multi-channel mixed
signals. Furthermore, the maximum energy amplitude at the
fault feature frequency is obtained to identify fault features
by using envelope spectrum analysis. Finally, determining the
type of fault in the bearing through the magnitude of singular
value entropy to achieve fault diagnosis. Results: The proposed
algorithm can make the pulse component in the measurement
signal more prominent and suppress the noise component
entirely, achieving a powerful de-noising ability. Compared to
the best comparison algorithm in this paper, the signal-to-noise
ratio has been increased by a maximum of 53.35%, and the root
mean square error has been decreased by a maximum of 10.86%.
Conclusion: Experimental results based on the public bearing
fault signal datasets verify the feasibility and superiority. The
proposed algorithm constructs a complete automated diagnostic
chain from signal denoising to state evaluation, and then to
fault localization and diagnosis, which helps to diagnose bearing
faults in practical industrial application scenarios.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10347

Index Terms—Bearing fault diagnosis, blind source extraction,
Hilbert envelope spectrum analysis, singular value entropy.

I. INTRODUCTION

HE operational state of bearings, being essential trans-
mission components, is a key factor for the safety of
mechanical equipment. Bearing fault detection and diagnosis
are crucial to ensure the regular operation of equipment and
maintaining production efficiency [1], [2]. Owing to their
inherent complexity and the presence of strong background
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noise in severe operational environments, bearing vibration
signals often have weak fault features that are easily concealed,
thereby impeding accurate detection and diagnosis Thus, the
denoising and reconstruction process of standard signals is
critical in the fault diagnosis process.

Blind source separation (BSS) technology can extract fault
characteristic signals from noisy mixed signals, providing a
foundation for subsequent fault diagnosis [3], [4]. When a
composite fault occurs, the signals generated by different fault
sources become mixed, increasing the difficulty of diagnosis.
BSS can decompose these mixed signals into independent
signal sources and separate the characteristic signals corre-
sponding to various faults, thereby achieving accurate diag-
nosis of multiple faults. Blind source extraction (BSE) refers
to extracting one or more sources of interest from the mixed
signals [5], [6]. It is an extension of BSS [7], [8].

Because BSE does not require prior knowledge of fault
characteristic frequencies or noise statistical characteristics, it
can separate source signals based solely on the assumption
of statistical independence of the signals, making it suitable
for scenarios with complex noise and unknown fault modes
in actual working conditions. Blind extraction technology
can effectively extract specific frequency impact signals to
determine the fault type and location when bearing faults
occur. The independent fault signals obtained through blind
extraction have more obvious and prominent features, which
can be further enhanced by envelope demodulation and fast
spectrum correlation [9]. However, in a single sensor scenario,
the information contained in a single observation signal is
much smaller than the amount of information that needs
to be recovered from multiple source signals [10], [11]. In
addition, the single-channel blind extraction is a pathological
inverse problem with no unique solution and extremely ill-
conditioned.

Empirical mode decomposition (EMD) decomposes a single
channel vibration signal into multiple intrinsic model function
(IMF) components [12], [13]. The decomposed IMFs are
reconstructed to build a multi-channel mixed signals, which
is then input into a fast independent component analysis algo-
rithm to realize independent separation of fault signals [14].
However, EMD technology has a remarkable shortcoming of
“mode mixing”, as IMF contains similar oscillations between
different modes, resulting in mixing. Therefore, the ensemble
EMD (EEMD) and complete EEMD with adaptive noise
(CEEMDAN) were presented [15], [16]. The CEEMDAN
achieved negligible reconstruction errors and solved the mode
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quantity variation under different implementation methods
of signal plus noise, which had been applied in biomedical
engineering [17], [18], noise reduction [19], [20], and rolling
bearing fault diagnosis [21], [22]. However, these methods
have limitations in fault detection and diagnosis in strong noise
signal environments.

To detect and diagnose early bearing faults using weak
signals in strong background noise signal conditions, a
CEEMDAN:-based single-channel blind source extraction al-
gorithm, abbreviated as CEEMDAN-SCBSE, is proposed.
First, the single-channel bearing vibration signal is decom-
posed into several IMFs and a residual by using the CEEM-
DAN. Second, the kurtosis of each IMF is calculated using the
kurtosis criterion to select the IMFs that contain more fault fea-
tures. Third, reconstructing the decomposed IMF components
into multiple-channel signals, thereby achieving fault feature
extraction of the signal via the BSE algorithm. Then, using
envelope spectrum analysis to obtain the maximum energy
amplitude at the fault feature frequency makes it easy to
identify fault features. Finally, the fault type is determined
using an information entropy technology. The flowchart is
shown in Fig. 1.

The main novelty is as follows:

o A CEEMDAN-SCBSE algorithm is presented for bearing
fault detection and diagnosis, facilitating accurate identifi-
cation of fault features and eliminating noise interference.

o The proposed algorithm enables the maximum energy
amplitude to be located at the fault feature frequency,
making it easy to identify and capable of identifying
multiple harmonics, and the singular value entropy of
specific fault signals can be stably maintained within a
certain range, making it easy to detect and diagnose.

e The feasibility and generalization ability of the
CEEMDAN-SCBSE in engineering are verified by taking
the bearing fault signals as examples. In addition, the pro-
posed algorithm demonstrates excellent noise reduction
capability.

II. METHODOLOGY

A. CEEMDAN Decomposition

CEEMDAN is a commonly used signal decomposition
method in time series prediction, capable of effectively de-
composing the original signal sequence into its constituent
components. It addresses the mode-mixing and superposition
issues encountered in EMD, thereby reducing the number of
iterations and computational workload. The steps of CEEM-
DAN decomposition are as:

1) Let the vibration signal be x(t). Set the noise amplitude
€, that is typically a multiple of the standard deviation of the
signal, and N is the total number of iterations. Initialize the
residual ro(t) = x(t).

2) In the nth iteration, generate a set of Gaussian white noise
wp,(t) with €;. Add the noise to the current residual 7,1 (%)
to get the noisy signal:

2 (t) = ro(t) + € - wn(t). D

3) The noisy signal x7(t) is subjected to EMD decompo-
sition to acquire the first modal component IMFY (¢) and the
residual 7, (t):

f (t) = IMFY () + 7 (2). )

Save IMF7 (¢) as the first modal component of the nth itera-
tion.

4) Integrate the results of all iterations to calculate the first
overall modal component IMF; (¢):

1 N
IMFy () = = > IMF{ (¢), 3)
n=1

and the residual is updated:
r1(t) = z(t) — IMFy (2). )

5) For the jth modal component (j > 2) repeat the
following steps:

a) Add extra noise to the current residual r;_1(t):
.%;L(t) = ’l"j_l(t) + € - wn(t) (5)

b) The noisy signal x(t) is subjected to EMD decom-
position to acquire the jth modal component IMF?} (t) and the
residual 77! (t):

T

7(t) = IMF} (t) + 77 (t). (6)

c) Calculate the jth overall modal component:

1 N
IMF;(t) = > IMF} (). (7)
n=1

d) The residual is updated:
7"j (t) = Tj_l(t) — IMFJ (t) (8)

6) The iteration stops when the residual 7;(¢) is a monotonic
function or meets a predefined stopping condition, such as the
residual energy falling below a certain threshold. Finally, the
original signal x(t¢) is decomposed as:

J
o(t) = > IMF;(t) + r(t). ©)

B. Kurtosis Value Detection

After decomposing the vibration signal using the CEEM-
DAN algorithm, obtain a range of IMFs: {IMF;(¢), IMFa(t) -
- IMF,(t)} and a residual. To identify the IMF containing
the main impact components, kurtosis is a statistical measure
describing the shape of a probability distribution, indicating
the steepness or flatness of the data distribution [23]. It reflects
the thickness of the distribution’s tails relative to a normal
distribution. Higher kurtosis indicates thicker tails and a higher
probability of extreme values, while lower kurtosis indicates
thinner tails and more concentrated data. Mathematically, for
the dataset {IMF;(¢),IMFa(t) - - - IMF;(¢)}, the kurtosis is
calculated as:

) (10)
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Fig. 1. The flowchart of the proposed CEEMDAN-SCBSE.

where IMF(#) is the mean of the data. The kurtosis indicator
is highly sensitive to impulsive components in the signal.

Kurtosis index technology mainly refers to the use of the
statistical feature of signal Kurtosis to detect and identify
impulsive components caused by local damage in mechan-
ical equipment. Under normal conditions, its value should
be around 3. If the value is greater than or equal to 4, it
indicates the presence of fault, which are considered vibration
impact signals. After calculating the kurtosis values of all the
IMFs, the one with the largest kurtosis value is used as the
vibration impact signal, which contains the main vibration
impact components. Then, calculate its envelope spectrum and
determine the IMF for diagnosis by observing the significance
of the characteristic frequency of bearing faults.

C. Single-Channel Blind Source Extraction

BSE is a signal processing technique that aims to extract
the source of interest from the mixed signals with no prior
information of the mixing process. The flowchart of SCBSE
is shown in Fig 2. It can achieve the extraction of the source
of interest and noise reduction under extremely harsh noise
conditions.

Becasuse the influence of equipment and environmental
noises in actual environments, the collected faulty bearing
signals are mixed with noises. To extract fault signals while
eliminating the noise, calculating the kurtosis value of each
IMF and select the signal with the highest kurtosis value
as the vibration impact signal. The main vibration impact
component is extracted while removing the residual noises by
using SCBSE technology. The SCBSE is modeled as

Unknown Mixing System

Blind Source Extraction System

Lo 1w

5 |
_>i Single-channel E y(@)
mixing system 1

Observed signal

()
5,(0)

I
| Single-channel Blind
source extraction

5,0

Unknown Source
Signals

Extract Source
Signals

Fig. 2. Flowchart of the SCBSE framework, outlining the blind
extraction of fault features from a single noisy signal through iterative
optimization of an extraction vector.

y(t) = aisi(t) +n(t), (11)
where y(t) is the single-channel mixing signal, s; is the
vibration impact signal, and a; is the mixing matrix coefficient.
To extract the source of interest, we design an extraction vector
w such that

5(6) = w-y(0). (12)
Then, using the short-time Fourier transform (STFT), Equa-
tion (12) is represented as

<§fk:wf'yfkv (13)
where f is the index of the frequency bins, and k is the index
of the time frames. wy and y;, are STFT of w and y(?),
respectively. The update rule of wy is as
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wr < B|G ([0 ) 1556 (DI ) g
f f

- E{(é(}k)*d (\/W)m}

0
+ 2 log | det(mat(w%)),
Sy 2108 | de(mat(v)

(14)

where E[] is the expectation operator, G(-) = — log f,(-) with
fs(-) o e~ V2@FEDI: | B g the number of frequency points.
8%, = why sy, ‘det(:)" is the determinant operation, ‘mat(-)" is
the matrixization operation of vectors, and (-)* is the complex
conjugate operator. The extraction vector w is obtained using
the Newton gradient descent, and the source of interest is
extracted using Equation (12). Thus, the SCBSE technology
can be used to extract the characteristics of bearing faults and
significantly reduce noise.

D. Fault Detection and Diagnosis

Hilbert envelope spectrum and singular value entropy are
the evaluation indices to validate the feasibility. The fault
frequency is extracted using the Hilbert envelope spectrum,
and the fault type is determined using singular value entropy.

1) Hilbert envelope spectrum: By applying a 90° phase
shift to the original signal, the Hilbert transform enables the
construction of an analytic signal in conjunction with the
original. The low-frequency modulated signal can be demod-
ulated by obtaining the instantaneous, phase, and amplitude
through the analytic signal’s modulus [24]. Performing a
Hilbert transform on a real signal yields an analytic signal.
Then, the envelope signal is obtained by calculating and
analyzing the envelope of the signal. Finally, it is subjected to
a Fourier transform to result in the Hilbert envelope spectrum
because the Hilbert spectrum can effectively demodulate low-
frequency modulation signals, and accurate fault location can
be achieved through Hilbert envelope spectrum analysis.

2) Singular value entropy: Singular value entropy is a
mathematical tool that combines information entropy and
singular value decomposition to quantify the complexity and
orderliness of signal structures. According to the principle
of information entropy, the entropy algorithm measures data
uncertainty or chaos to enable effective data processing and
analysis. Singular values, as inherent characteristics of a
matrix, serve as indicators of its stability. When faults occur
in rolling bearings, the singular values change accordingly.
To quantitatively describe the extent of these changes in the
operational state, singular value entropy is used to measure the
influence of different pulse components on rolling bearings,
which quantifies fault features across frequency bands over
time [25]. The variation in this entropy across bands reflects
the fault characteristics under different operational conditions,
making it an effective criterion for assessing bearing health
and providing an intuitive diagnostic indicator.

Fig. 3. CWRU test stand of the rolling bearing.

III. EXPERIMENTS

The superiority ability of the CEEMDAN-SCBSE algorithm
are evaluated based on two datasets, including the Case
Western Reserve University (CWRU) bearing dataset [26]
and the Shenyang Aero-Engine Design and Research Institute
(SADRI) rotor-rolling bearing dataset [27].

A. Fault Diagnosis based on the CWRU Dataset

1) Dataset description: The test data is from the CWRU
standard bearing fault data [26], the CWRU test stand is shown
in Fig. 3. The experimental platform employs a 2-horsepower
Reliance Electric motor equipped with SKF6205-2SR deep-
groove ball bearings. To capture vibration data from faulty
bearings, accelerometers were deployed at both the fan and
drive ends of the motor. The bearing speed is 1,797 rpm, the
frequency of collected vibration signals is 12 kHz, and the
time is 1 s. The bearing data includes four types: ball, inner
ring, outer ring, and normal. They are damaged by electrical
discharge machining with diameters of 0.3556, 0.5334, and
0.1778 millimeters, respectively. The fault frequencies are
136.4 Hz, 159.3 Hz, and 106.6 Hz, respectively.

2) Results and analysis: Taking the inner ring signal as an
example, 10 IMFs components and one residual are obtained
using the CEEMDAN, seen in Fig. 4. Some IMFs mainly
contain noise components unrelated to fault features. Fault
signals typically include high-frequency impact components,
and the kurtosis values of the IMFs are obtained using the
kurtosis criterion. They are tabulated in Table I, which shows
that the kurtosis values of IMF;, IMF5, IMF3, and IMF;5 are all
greater than 4, indicating that most of the impact components
are retained in these components and are constructed as vibra-
tion impact signals. Then, the SCBSE technology is used to
extract the main vibration impact component while removing
the residual noises. Finally, perform envelope analysis on
the extracted vibration impact signal to obtain the envelope
spectrum. The same procedure is also applied to the ball
and the outer ring fault signal, and their envelope spectra are
obtained. The results are shown in Fig. 5. It indicates that
the identified fault frequency is very close to the theoretically
calculated frequency. To compare the superiority of the algo-
rithms, the IMF with the maximum kurtosis value from the
fault signals decomposed by EMD, EEMD, and CEEMDAN
was selected as the comparative algorithm, and the results
are shown in Fig. 5. By using the CEEMDAN-SCBSE, the
amplitude of fault frequency is significantly enhanced, which
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Fig. 4. CEEMDAN decomposition of bearing inner ring signal for

CWRU rolling bearing dataset.

TABLE 1
IMFs COMPONENT KURTOSIS INDEX OF THE CWRU

Components Kurtosis value

IMF; ~IMF4 4.12 5.89 4.83 3.98
IMF5~IMFg 4.02 2.76 2.32 1.70
IMFg~IMF;1  1.28 1.98 \ \

helps to identify fault frequency more accurately. In contrast,
fault signals that have not undergone blind extraction exhibit
lower amplitude values at the correct fault frequency, making
it difficult to determine the fault type accurately.

Then, 10 sets of samples are randomly selected from each of
the four vibration signals of bearings, and the singular value
entropy of these signals is calculated. Fault classification is
performed in Fig. 6. The results reveal a distinct difference in
singular value entropy containing fault information obtained
from different signal decompositions using EMD, EEMD and
CEEMDAN are minimal, resulting in a fuzzy range of singular
value entropy values for the four states of bearings, making
it challenging to distinguish fault categories. In contrast, the
singular value entropy values for the same fault type are
closely clustered using the CEEMDAN-SCBSE, and there
are significant differences in singular value entropy between
different fault categories of rolling bearings, verifying that the
CEEMDAN-SCBSE can more accurately identify the fault cat-
egories of bearings. In addition, the four states of bearings each
belong to a range, and the category ranges do not intersect, as

IEEE LATIN AMERICA TRANSACTIONS, Vol. 24, No. 3, MARCH 2026

TABLE 11
CWRU ROLLING BEARING SINGULAR VALUE ENTROPY
FAULT INTERVAL

Range Fault Type
(0.43, 0.50) ball fault
(0.69, 0.80) inner ring fault
(0.51, 0.62) outer ring fault
(0.82, 0.92) normal

shown in Table II. This indicates that the CEEMDAN-SCBSE
can accurately distinguish the fault categories of bearings and
achieve precise diagnosis of bearing faults.

B. Fault Diagnosis based on the SADRI Dataset

1) Dataset Descripition: The rotor-rolling bearing tester
was seen in Fig. 7. It primarily consists of a mounting frame,
an electric motor, a base platform, and a gear transmission
system. The bearings at both ends of the shaft are of the
HRB6304 type. The frequency is 10 kHz, and the duration is 1
s. The rotor-rolling bearing data includes four types: ball, inner
ring, outer ring, and normal. They are damaged by electrical
discharge wire cutting with diameters of 1.0, 0.6, and 0.6
millimeters, respectively. The fault frequencies are 58.5 Hz,
136.6 Hz, and 88.75 Hz, respectively.

2) Results and Analysis: Taking the outer ring fault as an
example, 10 IMFs components and one residual are obtained,
as illustrated in Fig. 8. The kurtosis of each IMF is then
calculated, and the results are tabulated in Table III, which
indicates that IMF, possesses the most significant kurtosis
value and therefore contains the most pronounced impul-
sive components. To further extract fault-related features and
suppress noises, the remaining IMFs are divided into two
groups based on Kurtosis values greater than or less than
4, and combined with IMF; to construct a three-channel
virtual mixed signal. Subsequently, the SCBSE method is
applied to the virtual mixed signals for feature extraction and
source separation. Then, perform envelope spectrum analysis
on the extracted vibration impact signal to obtain the envelope
spectrum. Similarly, the same procedure is also applicable to
ball and inner ring fault signals, and their envelope spectra
are obtained. The corresponding results are shown in Fig. 9.
The envelope spectrum is a core technology that converts
high-frequency resonance signals into low-frequency fault
characteristic spectra, thereby transforming vibration impact
signals that are difficult to visually identify in the time domain
into clear fault characteristic frequencies in the frequency
domain. The experimental findings reveal that the detected
fault frequency agrees well with the theoretical value, and the
amplitude of the fault frequency is significantly enhanced after
processing, thereby facilitating more accurate fault detection.

To demonstrate the effect of fault diagnosis, 10 sets of
samples are randomly selected from each of the four vibration
signals to calculate the singular value entropy. The fault
identification results are shown in Fig. 10. The singular value
entropy of rotor-rolling bearings varies significantly among
different fault categories. Compared to EMD, EEMD and
CEEMDAN, it can more clearly distinguish fault categories.
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Fig. 7. Physical image of the SADRI test rig.

TABLE III
IMFs COMPONENT KURTOSIS INDEX OF THE SADRI

Components Kurtosis value

IMF; ~IMF4 7.85 11.02 5.92 4.13
IMF5~IMFg 441 331 3.73 334
IMFg~IMF19  1.87 3.59 \ \

TABLE IV
SADRI ROTOR-ROLLING BEARING SINGULAR VALUE
ENTROPY FAULT INTERVAL

Range Fault Type
(0.77, 0.83) ball fault
(0.88, 0.92) inner ring fault
(0.83, 0.88) outer ring fault
(0.92, 0.97) normal

Additionally, the four states of the rotor-rolling bearing each
belong to an interval, and there is no intersection between the
categories, seen in Table IV. The fault categories are accurately
distinguished, thereby achieving precise diagnosis.

C. Noise Reduction Evaluation Results and Analysis

The noise reduction performance of the algorithms is eval-
uated using three evaluation indices, i.e., the kurtosis value
(K), measured in dimensionless units, signal-to-noise ratio
(SNR), measured in decibels (dB), and root mean square
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error (RMSE), measured in millimeters (mm) [29], [30]. The
definition of the kurtosis value is seen in Equation (12), the
bigger the K value, the better the noise reduction. The SNR
reflects the denoising capability, and the RMSE quantifies the
deviation between the original signal and its reconstructed
version, serving as a metric of their discrepancy. An enhanced
SNR and a reduced RMSE collectively indicate a more effec-
tive noise suppression performance.

The comparison results of the three evaluation indices for
noise reduction analysis are tabular in Table V. The kurtosis
values and SNRs of the noise-reduced signals obtained by the
CEEMDAN-SCBSE are both greater than those of the EMD,
EEMD and CEEMDAN, and the RMSE are reduced. Taking
the CEEMDAN and CEEMDAN-SCBSE as an example, in
the CWRU bearing dataset, the kurtosis value and SNR have
increased by 24.28% and 53.35%, respectively. The RMSE
has decreased by 10.86%. In the SADRI rotor-rolling bearing
dataset, the kurtosis value and SNR have increased by 41.74%
and 28.57%, respectively. The RMSE has decreased by 4.13%.
In different bearing datasets, kurtosis values and SNR indica-
tors show varying degrees of improvement, while RMSE de-
creased, confirming the superiority ability of the CEEMDAN-
SCBSE algorithm. In sum, the CEEMDAN-SCBSE algorithm
significantly mitigates the problem of noise reduction and
provides a substantial improvement in SNR and RMSE.
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TABLE V
COMPARISON OF THE THREE EVALUATION INDICES FOR
NOISE REDUCTION ANALYSIS BASED ON THE BEARING

DATASETS

Index CWRU bearing dataset

EMD EEMD CEEMDAN CEEMDAN-SCBSE
K 5.49 6.52 5.89 7.32
SNR(dB) 35.52 40.69 42.83 65.68
RMSE(mm) 0.0479  0.0402 0.0350 0.0312
Index SADRI rotor-rolling bearing dataset

EMD EEMD CEEMDAN CEEMDAN-SCBSE
K 9.48 9.79 11.02 15.62
SNR(dB) 32.08  34.61 39.73 51.08
RMSE(mm) 0.125 0.134 0.0921 0.0883

IV. CONCLUSIONS

This paper proposed a CEEMDAN-based single-channel
blind extraction method for bearing fault detection and di-
agnosis, facilitating accurate identification of fault features
and eliminating noise interference. Validated on public CWRU
and SADRI datasets, the CEEMDAN-SCBSE algorithm out-
performs the standard CEEMDAN, achieving superior perfor-
mance in kurtosis, SNR, and RMSE. Specifically, it attains a
maximum kurtosis of 15.62, highlighting impact components;
a peak SNR of 65.68 dB; and a minimal RMSE of 0.0312 mm,
demonstrating strong noise suppression while retaining critical
fault features. It confirms the powerful denoising capability of
the CEEMDAN-SCBSE method. Additionally, the proposed
algorithm constructed a comprehensive automated diagnostic
chain, spanning from signal denoising to state evaluation,
and subsequently to fault localization and diagnosis, thereby
providing a systematic approach for handling bearing fault
problems and a core algorithm framework for developing uni-
versal, platform-based intelligent diagnostic software, which
will be helpful for practical industrial applications.

Future efforts will focus on enhancing the proposed al-
gorithm to address fault detection and diagnosis in variable
operating environments, as well as the prediction of remain-
ing bearing life. Meta learning and multi-source information
fusion techniques are popular algorithms for solving this type
of problem. In future work, we will integrate them into our
algorithm framework to achieve better applications.
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