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Weak fault feature diagnosis method for electric drive systems
based on a multisource feature fusion selection mechanism
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Abstract: Electric drive systems (EDS) feature high integration and strong nonlinearity, which renders weak fault identification
a challenging task. Acoustic particle velocity signals employed for noncontact fault monitoring are prone to contamination by
noise and redundant features. This contamination seriously interferes with weak fault extraction and reduces diagnostic stability.
To overcome the limitations of conventional single or multiple feature selection strategies, this paper proposes an information
entropy-based multisource feature fusion selection (IE-MSFS) method. The proposed method can effectively eliminate redundant
information and enhance the characterization ability of weak fault features. Based on the EDS acoustic particle velocity signals
collected in the laboratory, a comparative analysis with vibration signals is carried out on three typical weak fault types through
machine-learning evaluation. The results verify that the proposed fault diagnosis method scheme exhibits outstanding and stable
weak fault recognition performance, with a diagnostic accuracy exceeding 95.2%. Further tests demonstrate that the established

scheme has favorable robustness and generalization ability for EDS weak fault diagnosis.
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1 Introduction

Electric drive systems (EDS), as a pivotal mechan-
ical component, play an indispensable role in critical
fields, including aerospace and shipping, serving as
the core power support for high precision and high
reliability. With the rapid advancement of industrial
development, increasingly stringent requirements are
imposed on the reliability of EDS (Husain et al., 2021).
Rolling bearings operate continuously under high-speed
and complex loading conditions. Early-stage faults
often manifest as faint and low-amplitude disturbances
(Nawfal Mustafa, 2021), readily obscured by ambient
noise and other interferences to greatly hinder fault
classification and identification. Consequently, in-depth
investigation of these subtle faults is pivotal to achiev-
ing accurate fault diagnosis.

Fault diagnosis techniques based on vibration
signals have reached a relatively mature stage. Its core
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procedures include signal acquisition by sensors, de-
noising preprocessing, fault feature extraction, and
fault classification and identification via machine learn-
ing (ML) algorithms. However, the application of such
methods in EDS is constrained. On the one hand,
EDS possesses complex internal structures. On the
other hand, vibration sensors need to be closely attached
to equipment surfaces, leading to inconvenient instal-
lation and potential safety hazards (Kuntoglu et al.,
2021). To address these limitations, Yao et al. (2025)
adopted noncontact acoustic signals, which can effec-
tively capture fault information owing to their high
sensitivity to fault characteristics. To further strengthen
weak fault signatures in acoustic signals, Hou et al.
(2022) proposed a sparsity-oriented adjusted multipoint
optimal minimum entropy deconvolution method. On
this basis, Liu et al. (2025) developed a convolutional
neural network (CNN)—temporal convolutional network
(TCN) model, which achieves reliable fault feature
detection from acoustic signals under complex noise
interference.

The aforementioned research effectively extracts
bearing fault characteristics from acoustic signals.
Nevertheless, these methods are still vulnerable to
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environmental noise, and traditional denoising strate-
gies often fail to achieve satisfactory performance.
This limitation is particularly prominent under the
superposition of multiple noise sources (Yang et al.,
2019). Conventional filtering struggles to effectively
separate these signals, posing challenges for subsequent
feature extraction and identification (Long et al., 2021).
Mitigating the impact of this issue, Meng et al. (2022)
employed the kurtosis criterion to apply intrinsic mode
function (IMF) filtering, which bridges the connec-
tion between the actual fault spectrum and theoretical
fault characteristic frequencies. To improve the extrac-
tion accuracy of complex signaling components, Miao
et al. (2023) designed an adaptive finite impulse re-
sponse filter for decomposing different modes and
utilized correlated kurtosis to extract mechanical fault
features. Targeting residual noise interference in com-
plex working conditions, Chen BY et al. (2021) pro-
posed an adaptive time-varying morphological filtering
method. This method eliminates irrelevant interference
components with the aid of diagonal slice spectrum
analysis.

As the complexity of acoustic signals increases,
directly extracting a large number of features tends to
introduce noise and redundant data, thereby reducing
the accuracy and stability of diagnostic models. In the
study of complex dynamic systems, issues related to
stability, uncertainty, and anti-interference performance
have long been important topics (Manivannan et al.,
2020). For this reason, reasonable feature selection
and robust indicator evaluation have become essen-
tial steps to improve fault diagnosis performance. To
address redundant feature interference, Lao et al. (2023)
introduced an adaptive feature selection method to
reduce redundant features, thereby enhancing the abil-
ity to distinguish similar feature samples within multi-
classification models. Extending this adaptive strategy,
Wang et al. (2021) established a multi-criteria mathe-
matical model. It efficiently extracts diverse low-
dimensional near-optimal fault feature subsets. Aiming
to address the inherent limitation of single evaluation
metrics, Wang et al. (2022) devised a weighted fusion
indicator based on kurtosis and spectral negative
entropy. This design overcomes the drawbacks of single
indicators and follows the systematic analysis princi-
ples for complex systems (Jusup et al., 2022).

Traditional diagnostic methods are limited by poor
adaptability, insufficient noise resistance, and low

diagnostic accuracy (Raj et al., 2025; Zhao et al., 2025).
ML models can effectively overcome these limita-
tions through their robust feature learning and pattern
recognition capabilities, enabling precise fault identifi-
cation and classification. Wang et al. (2024) constructed
a feature matrix that characterizes fault modes and
severity through recurrence quantization analysis,
employing Bayesian optimization to determine the
optimal parameters for the support vector machine
(SVM). Experiments confirm that the method is capa-
ble of effectively distinguishing fault modes and quan-
tifying fault severity levels. Wan et al. (2021) devel-
oped an efficient rolling element bearing fault diagno-
sis method based on Spark and an improved random
forest algorithm by eliminating the decision trees with
low classification accuracy and prone to repeated
voting from the original random forest. Targeting reli-
able feature extraction, Tang et al. (2024) proposed a
trustworthy multiscale secondary attention-embedded
CNN for bearing fault diagnosis, introducing a reliable
multiscale learning strategy to achieve dependable
fault identification.

Current research focuses on screening high-
dimensional feature sets following feature extraction,
employing dimension reduction methods, such as prin-
cipal component analysis (PCA) (Odhiambo Omuya
et al., 2021) or linear discriminant analysis (LDA)
(Lu et al., 2025), to select effective features. Current
methods can reduce feature dimensionality to a cer-
tain extent. However, these methods still have obvious
limitations. Signal reconstruction inevitably mixes
noise components with fault-related features. This pro-
cess preserves many invalid features and increases the
difficulty of subsequent feature extraction and fault
identification. In practical applications, multiple signal
processing procedures are needed, including signal
decomposition, reconstruction, and feature screening.
Repeated processing operations may cause the loss of
subtle fault information and further reduce diagnostic
accuracy. Acoustic signals are highly susceptible to
strong background noise, which easily masks weak fault
characteristics. Affected by redundant feature interfer-
ence, existing methods struggle to maintain stable
robustness under such complex working conditions.

Challenges faced by existing methods. The pres-
ent study proposes a feature selection method, namely,
the information entropy-based multisource feature
fusion selection (IE-MSFS), which analyses IMFs to



extract latent fault characteristics at different fre-
quency scales. In this paper, we propose a novel hybrid
fault diagnosis model, designated as CIR-PS. Ini-
tially, raw vibration signals are decomposed using
complete ensemble empirical mode decomposition
with adaptive noise (CEEMDAN). Subsequently, com-
posite multiscale reverse weighted permutation entropy
(CMRWPE) is extracted from the resultant IMFs to
characterize their nonlinear dynamics. To mitigate di-
mensionality issues, I[E-MSFS is then applied to refine
the feature subset. Finally, SVM classifier, with its hy-
perparameters fine-tuned via particle swarm optimiza-
tion (PSO), is employed for accurate fault identification.

2 Theoretical methods

This section focuses on the development of
CIR-PS, beginning with an exposition of the core
principles and implementation steps of IE-MSFS. The
theoretical framework of CMRWPE is subsequently
outlined, culminating in a detailed description of the
workflow for the proposed model.

2.1 IE-MSFS framework

The IE-MSFS uses CEEMDAN (Chen WG et al.,
2021) for original signal decomposition. This effec-
tively mitigates environmental noise interference. The
interference targets the extraction of subtle fault fea-
tures from signals. The final decomposition result and
residual signals of CEEMDAN are defined as follows:

W)= i O+ ()
R (1)
ru(O=v()=> i, ().

m=1

where v(¢) denotes the original data sequence of the
signal; ¢ denotes the discrete sampling time point; M
denotes the total number of IMF components obtained
from the decomposition; i,,(¢) denotes to the mth IMF
obtained by decomposition; r,,(¢) denotes the residual
component after decomposition.

IE-MSEFS identifies IMF components containing
meaningful information and employs information en-
tropy to select optimal time-domain features, thereby
overcoming the limitation of traditional feature selection
methods that focus solely on the features themselves.
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It further incorporates the Pearson correlation coeffi-
cient (Gong et al., 2024) for evaluation. This approach
quantifies the association between each component and
the original signal.

The specific steps of [E-MSFS are as follows:

Step 1: the original data sequence is denoted
as v(t). CEEMDAN decomposes the original signal
into IMF sequences s, with the kth IMF component is
denoted as I, (=1, 2, -+, 8).

Step 2: for each IMF, six typical time-domain
metrics T,, are calculated: mean, variance, standard
deviation, kurtosis, skewness, and root mean square.
These are sorted in this sequence, yielding a total matrix
T, of size 6xk. The formula for T, is defined as:

1 &,
N;l’ﬂf’

LS, 1)
lc.'_ k, >
]v_lj:1 k.j k1

4
T,=11 (ik,-—Tk.l) (=1, 2, ---, 6), (2)
1 = : -3,

where N denotes the total number of sampling points of
single IMF sequence; i, ; denotes the jth sampling value
of the kth IMF component; T, —T,  denote the six time-
domain feature metrics calculated from the kth IMF.

Step 3: information entropy E (H, T,,) is utilized
to evaluate the discrepancy between time-domain met-
rics and raw data, defined as follows:

E(H, T,)=|H)+ > p(T.)lepT.)|. ()

where H(Y) is the entropy of the original data infor-
mation; ¥ denotes the original acoustic signal sequence;
p(T,,) denotes the probability distribution of the ac-
quired data.

Step 4: calculate the Pearson correlation coeffi-
cient p, between I, and the original data. Assuming
I=(i,i,, - i,] where s, and e, are the start and

Skar?
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end indices of the IMF interval, respectively, and i,
and i, are the IMF sampling values corresponding to

s, and ¢, respectively; the formula for calculating the
absolute value of p, for the original data and the kth
IMF is as follows:

S0y )iy~ )

Pe= — > (4)
N _ 2 e, _ s
Z(yj_ Y) z(ik,j_lk)
=1 =
I, —#ii %)
CemsHl &

where y; denotes the jth sampling point of the original
signal; ¥ denotes the global mean of the original signal;
I, denotes the mean value of the kth IMF within the
selected interval.

Step 5: IMF selection is performed based on the
time-domain features and correlation coefficients ob-
tained from steps 3 and 4. Fig. 1 illustrates the basic
schematic of the IE-MSFS method.

IMFs

al
| |

Measurement of Assess Compute
relevance complexity T

IMF |
selection
\4

IE-MSFS

Fig. 1 Multisource joint feature selection mechanism based
on IE-MSFS

Raw signal

CEEMDAN

Fig. 1 illustrates the proposed IE-MSFS. The raw
signal is decomposed into intrinsic mode functions by
CEEMDAN. Each IMF is evaluated in two dimen-
sions, including relevance to the original signal and
complexity, based on the computed entropy indica-
tors. Optimal IMFs are selected to suppress noise and
redundant components and form the feature set. This

process aims to extract discriminative weak fault fea-
tures and eliminate interference to improve the reli-
ability of subsequent fault diagnosis.

2.2 Composite multiscale reverse weighted
permutation entropy

Reverse weighted permutation entropy (RWPE)
(Gao et al., 2023) constitutes an enhanced algorithm
derived from permutation entropy (PE). PE exhibits
strong robustness to noise but fails to account for
amplitude variations between reconstruction sequences,
resulting in shortcomings in impact amplitude analysis.
RWPE addresses this deficiency by employing ampli-
tude weighting and reverse weighting strategies, en-
abling the extraction of fault characteristics from com-
plex raw data. The calculation formula for RWPE E
is as follows:

T L O

where X" denotes the #th time-domain feature set of
the gth IMF component, and ¢ is the embedding dimen-
sion; P(x,) denotes the probability of the rth permuta-
tion pattern 7,.

Composite multiscale coarsening (CMSC) analy-
sis overcomes the issue of neglecting subtle fault in-
formation inherent in multiscale coarsening (MSC)
based on nonrepeating neighboring mean entropy cal-
culations. This method precisely captures detailed tem-
poral variations in signals, significantly enhancing the
identification capability of fault characteristic infor-
mation in nonlinear and nonstationary signals. The
specific formula for CMSC is as follows:

1 Jja+b—1
ijzi y[7 (a:17 27”" S;

i=(j-Da+b

b=1,2, -, a), @)

where Y, denotes the coarse-grained segment mean
at scale a; a and b denote the coarse-grained scale and
segment offset, respectively; S denotes the maximum
scale of coarse-grained processing; y; denotes the time
series.

Fig. 2 shows the core differences between tradi-
tional MSC and CMSC. The top row represents the
original signal sequence, while the bottom rows depict
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Fig. 2 Comparison of principles between MSC and CMSC. Y, denotes the coarse-grained sequence of MSC with scale a=2

the CMSC coarsening processes under different param-
eter settings. By introducing multiple window division
patterns, CMSC effectively addresses the drawbacks
of information loss and scale dependence in traditional
MSC, generating more complete multiscale signal rep-
resentations and providing a more stable and reliable
data foundation for subsequent entropy analysis.

CMRWPE is constructed by combining CMSC
with RWPE. By incorporating parallel subsequence cal-
culations to compute average entropy values, it can fully
extract hidden features within signals. The CMRWPE
set calculation formula is defined below:

C={E(X%). i=1,2, -, S, ®

where C is used to store all feature results from multi-
scale entropy analysis; E.(X%”) denotes the CMRWPE

value of coarse-grained sequence X%”; X %" denotes
the ith coarse-grained feature set under embedding
dimension ¢.

2.3 Fault diagnosis framework CIR-PS

The flowchart of the proposed CIR-PS framework
for the diagnosis of subtle faults in EDS bearings is
shown in Fig. 3. This diagram illustrates the whole
process ranging from signal collection to fault classifi-
cation and elaborates the cooperation of all functional
modules.

The study employs the PSO-SVM (Zhang et al.,
2020). PSO efficiently searches for the optimal parame-
ters of SVM. It enhances the model’s capability to pro-
cess complex data and reduces noise interference.

The specific steps of the CIR-PS fault diagnosis
model are as follows:

(1) Acoustic signals were collected via sensors;

(2) The captured acoustic signals are decomposed
using the CEEMDAN method to obtain multiple IMFs,
thereby reducing noise interference;

(3) Employ IE-MSFS for filtering and retaining
IMFs containing effective feature information to en-
hance fault feature extraction capability;

(4) Calculate feature entropy values for the fil-
tered IMFs using CMRWPE to uncover subtle fault
characteristics;

(5) Utilize PSO-SVM to identify subtle faults in
the EDS based on the obtained feature entropy values.

3 Experimental study

The validity and stability of the proposed method
were verified through bench testing conducted in our
EDS testing laboratory (Yue et al., 2024). The EDS,
as depicted in Fig. 4, constitutes a critical component
of the test system. It serves as the core data acquisi-
tion unit responsible for collecting raw signals under
different working conditions for subsequent fault diag-
nosis analysis. All tests strictly adhered to standardized
operating conditions, with a constant rotational speed
of 1000 r/min and a constant torque of 50 Nm. Each
single condition measurement lasted no less than 120 s
and was paired with a 20 kHz sampling frequency to
ensure sufficient cyclic samples. A particle velocity
sensor (PVS) was mounted on a customized bracket
external to the EDS to capture the acoustic particle
velocity signal (APVS). This signal can directly quan-
tify vibration states, offering advantages in identifying
weak fault information. Integrated electronics piezo
electric (IEPE) and micro-electro mechanical system
(MEMSYS) sensors were employed to acquire dynamic
signals, with key sensor parameters referenced from
Yue et al. (2025).

Rolling bearings of model NSK-6307 were em-
ployed to design faults, considering four health states:
rolling element fault (REF), outer ring fault (ORF),
inner ring fault (IRF), and normal state (NOR). This
study employs artificially designed micro faults (both
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the fault depth and width are relatively small) to simu-
late the characteristic patterns of early-stage and subtle
faults in equipment. Detailed information regarding
the bearing fault design is presented in Table 1.

Fig. 5 presents time-domain waveforms and fre-
quency spectra of APVS, and Fig. 6 shows the time-
domain curves of vibration signals collected by IEPE
and MEMS sensors. The acoustic signal exhibits chaotic
and irregular fluctuations in the time domain, while its
fault-related spectral components are widely distributed
and scattered across the frequency axis. Its fault-related



frequency components are widely dispersed. These
features mask valid fault information and obscure char-
acteristic fault frequencies, thus hindering direct fault
diagnosis based on original signals.

To further analyze the fault signal and identify
its intrinsic components, the CEEMDAN method was
employed to decompose an REF signal. The spectra of
the resulting IMFs are shown in Fig. 7. This step aims
to isolate the frequency components associated with
the fault from those dominated by noise or driven by
trends, thereby enabling an analysis of how different
IMFs carry distinct fault information.

After CEEMDAN, as shown in Fig. 7, diverse IMF
components are acquired with distinct spectral charac-
teristics. High-order components from IMF 6 to IMF 10
are mainly distributed below 500 Hz and gather energy
near the direct current, which reflects low-frequency
trends and background noise. By comparison, low-order

Table 1 Settings of different rolling bearing faults
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components from IMF 1 to IMF 5 cover the frequency
range of 0 to 4000 Hz and contain major bearing fault
frequency bands. Among them, IMF 1 to IMF 3 carry
sufficient medium- and high-frequency information,
and IMF 4 to IMF 5 concentrate energy in medium-
and low-frequency bands, matching the theoretical
fault characteristic frequencies well. The above results
prove that the selected IMFs can fully extract valid
fault information and verify the rationality of the
screening strategy based on kurtosis and the correla-
tion coefficient.

4 Comparative analysis

The APVS serves as the research target, and the
IE-MSFS parameters were determined. Signal-to-noise
ratio (SNR) tests and ablation experiments verified the
feature extraction stability and CIR-PS module contri-
butions. A model accuracy comparison was conducted

Fault width Fault depth i i ili i
Fault type p Category to ch.aracterlze the? fault de.tectlon al;nhty of various
(mm) (mm) algorithms under different signal quality scenarios.
REF ~3.0 ~1.0 1
ORF ~0.6 ~1.0 2 4.1 IE-MSFS parameter analysis
IRF ~0.6 ~1.0 3 Random sampling of the weak fault APVS was
pling
NOR No defects No defects 4 conducted, followed by IE-MSFS analysis. CEEMDAN
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Fig. 5 Time-domain plots and frequency spectra of the APVS: (a) REF; (b) ORF; (¢) IRF; (d) NOR
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decomposition yielded 12 IMF components. A matrix
of size 12x6 was constructed based on T, ,, integrat-
ing information entropy quantification features with
indicator importance.

Fig. 8 shows the information entropy values of six
different time-domain features calculated by the pro-
posed method, revealing that the information entropy
value is minimal at =4 (as indicated by the red dashed
box), with the corresponding kurtosis more effectively
reflecting fault characteristics. As kurtosis is con-
strained by time-domain analysis, the Pearson correla-
tion coefficient is introduced to assist in screening.

Fig. 9 quantifies the stability of IMFs through the
distribution of kurtosis and correlation coefficients. In
Fig. 9a, outliers in IMF 2 indicate intermittent impacts
and persistent wear. In Fig. 9b, high-frequency com-
ponents (IMF 1-IMF 7) contain fault information,
especially IMF 4. Based on these results, IMF 3 is
selected to ensure the reliability of subsequent analysis.

The preliminary IMF parameter 7 is set to 3, where
n denotes the IMF order. The diagnostic accuracy of

2439

2438

2436

2.41 242 243 2.44

Information entropy value

2.39 2.40 245

Fig. 8 Horizontal bar chart of the information entropy
values of six different time-domain features

J Zhejiang Univ-Sci A | 9

weak faults is analyzed under different values of n.
All experiments were repeated five times to minimize
random variation. The maximum, minimum, and mean
accuracy are presented in Table 2. The overall average
accuracy and processing time are further summarized
in Table 3.

Table 2 indicates that the average diagnostic
accuracy for ORF and IRF (categories 2 and 3) across
all parameter types reached approximately 96.0%.
Only when n=3 did the diagnostic performance for
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Fig. 9 Box diagrams of APVS: (a) kurtosis; (b) Pearson
correlation coefficient

Table 2 Fault diagnosis accuracy under different n values

REF (%) ORF (%) IRF (%) NOR (%)
" Max Min Mean Max Min Mean Max Min Mean Max Min Mean
1 95.1 80.2 88.5 97.1 74.8 90.4 99.5 97.6 98.8 100.0 95.3 97.6
2 94.1 90.1 92.3 96.4 93.8 95.4 98.0 95.9 96.6 96.0 90.3 93.1
3 95.7 92.2 94.6 99.7 92.7 96.1 100.0 93.2 96.3 100.0 96.1 98.0
4 92.6 84.9 89.9 96.2 95.1 95.6 99.2 94.5 97.6 97.2 93.8 94.9
5 91.3 82.6 87.5 98.3 90.2 95.2 99.2 95.0 97.9 95.9 82.7 88.6
6 92.2 82.9 86.9 99.2 95.2 96.5 99.1 95.3 97.1 93.0 89.7 92.4
7 86.5 81.2 84.6 98.4 96.7 97.5 99.2 96.6 97.5 91.7 86.8 88.5
8 87.0 80.0 84.5 99.1 96.2 97.3 99.2 97.4 98.3 90.2 80.5 84.5
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Table 3 Mean accuracy and average processing time under
different n values

n Mean accuracy (%)  Average processing time (s)
1 93.10 27.9
2 93.40 29.6
3 95.70 30.2
4 94.20 38.8
5 92.50 42.1
6 92.40 43.6
7 91.90 435
8 90.10 43.9

REF versus NOR (categories 1 and 4) demonstrate
superiority.

Table 3 shows that with the increment of the
parameter 7, the diagnostic accuracy initially rises
before declining, while the average processing time
progressively increases. When n=3, the utilization of
effective feature information reaches an optimum,
achieving a peak diagnostic accuracy of 95.7%. Be-
yond n=3, the introduction of redundant feature infor-
mation interferes with the extraction of effective fea-
tures, ultimately leading to a decline in performance.
Balancing accuracy and computational cost, n=3 is
determined as the optimal parameter. The proposed
CIR-PS model screens effective IMFs to suppress inter-
ference caused by redundant features. This approach
significantly enhances the representation capability of
weak fault features.

4.2 Signal-to-noise ratio experimental analysis

To validate the performance of IE-MSFS in im-
proving the feature extraction stability of acoustic
signals, the entropy values from the CIR (IE-MSFS
coupled with CMRWPE) and CMRWPE methods are
compared at multiple scales. Comparative analysis is
conducted under SNR levels of 5, 10, 15, and 20 dB,
where different noise environments are constructed by
injecting Gaussian white noise into the original signal.

To verify the noise robustness of the proposed
feature extraction method, the comparison results of
CMRWPE and CIR under different SNR levels are pre-
sented in Fig. 10.

As shown in Fig. 10, there is a significant dispar-
ity in the entropy values obtained by the two methods.
The CMRWPE curves exhibit relatively stable variation
across scales, whereas the CIR curves show a gradual
decline with clear divergence at low scales. Between

0.10
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—— Original
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Fig. 10 Entropy value results for APVS under different
SNR levels: (a) CIR; (b) CMRWPE

scales 9 and 13, the CIR curves progressively approxi-
mate the original signal. When the scales exceed 14,
the curves for different SNR levels converge. This
indicates that beyond a specific scale threshold, CIR
enables stable feature extraction and exhibits robust
anti-noise performance.

To evaluate the anti-noise robustness of the pro-
posed method CIR and the competing approach,
CMRWPE for weak fault diagnosis, their diagnostic
accuracies obtained via the SVM classifier are com-
pared across SNR levels ranging from 0 to 20 dB.

As shown in Fig. 11, CMRWPE exhibits superi-
or performance under low SNR levels (0-10 dB),
maintaining a stable accuracy above 60.0% and peak-
ing at 73.5%, which highlights its strong robustness
against heavy background noise. In contrast, the CIR
starts at a lower accuracy of 43.0% at 0 dB but shows a
steady improvement with increasing SNR, eventually
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Fig. 11 Diagnostic accuracy comparison at different SNR
levels

surpassing the CMRWPE at 15 dB and reaching
74.5% at 20 dB. The core finding is that CMRWPE is
more suitable for strong-noise environments, while
CIR demonstrates better performance as the signal
quality improves.

4.3 Ablation experiment

Ablation experiments quantitatively assess the
efficacy of each module in the CIR-PS model (A9) for
APVS diagnosis. We use the traditional model (A10)
as the reference. It applies variational mode decompo-
sition (VMD) to process raw signals, leverages PE to
capture fault features, and finally uses SVM to com-
plete fault identification. Within this framework, abla-
tion models are constructed by progressively replacing
individual modules of the A9 model with their coun-
terparts from the A10 model, as detailed in Table 4.
The symbol ‘v denotes the adoption of the baseline
A9 model method for the corresponding module.

In ablation experiments, the F-score (Naidu et al.,
2023) is employed as an evaluation metric to assess
model reliability. This indicator represents the harmonic
mean of precision and recall, defined as follows:

2P.R,
F‘_P,+Re’
N
Pr:¢7 9
Noot Ney ©)
N.
RC: TP ,
NTP+NFN

where P, and R, denote the precision and recall, re-
spectively; Ny denotes the correctly identified faulty
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samples; Ny, denotes the misdiagnosed normal sam-
ples; Ny denotes the missed faulty samples.

Fig. 12 demonstrates the importance of each
module in the proposed method for weak fault diagno-
sis. Removing any key module leads to a significant
drop in the F,-score, exceeding 0.40 in some cases. The
dual-module ablation further reveals synergistic and
compensatory effects between modules, with some
components showing strong dependencies on others.
Overall, the results confirm that the collaborative opti-
mization of all modules is critical to maintaining stable
performance and high diagnostic accuracy.

Table 4 Experimental settings for each generalization task
in the ablation experiment

Module
Model Signal Feature Feature
decomposition  selection  extraction

Al N N N
A2 V V v
A3 V V N
A4 N N N

A5 N N
A6 N N

A7 N N
A8 N N
A9 N N N N
A10

Fig. 12 Fault diagnosis results in terms of F-score

4.4 Machine learning analysis

To validate the impact of ML on CIR performance,
back propagation (BP), SVM, extreme learning machine
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(ELM), partial least squares (PLS), PSO-BP, and PSO-
SVM were selected for comparison. BP exhibits strong
fitting capability, SVM demonstrates superior gener-
alization and noise robustness, PLS adapts well to
high-dimensional features, ELM offers rapid training
speed, and methods based on PSO enhance perfor-
mance through parameter adjustment.

The confusion matrices of six ML models are
presented in Fig. 13, showing their performance on
the APVS fault classification task. The SVM achieves
the lowest accuracy of 68.3%, while both PSO-BP and
PSO-SVM exceed 93.0%, confirming that PSO-SVM
is highly effective for subtle fault identification.

To comprehensively evaluate the effectiveness
of the proposed method, six ML models are compared
across accuracy, F-score, and recall metrics, as shown
in Fig. 14.

As shown in the bar chart in Fig. 14, this illus-
trates a comparison of the performance of six ML
models across three key metrics. The results show that
PSO-SVM achieves the highest and most balanced
performance across all three metrics, outperforming

other models and demonstrating its effectiveness in
reducing both misdiagnosis and missed diagnosis.

4.5 Comparison of acoustic and vibration signals

The generalization capability of the CIR-PS model
was validated based on IEPE and MEMS vibration
signals. Calculate the parameter T, separately for each
individual vibration signal and determine =4 and =3
for the MEMS and IEPE signals, respectively. The box
plot shows the distributions of different metrics for
MEMS and IEPE signals, aiming to determine the
optimal performance indicator, as shown in Fig. 15.

From the results presented in Fig. 15, the high-
frequency components of the IEPE vibration signal
are concentrated in the range of 1-4; thus, the upper
limit is set to 4. MEMS vibration signal shows high-
frequency components covering 1-3, and the corre-
sponding upper limit is determined as 3. Features are
extracted from the screened IMFs, and the obtained
feature set is input into the PSO-SVM for fault classi-
fication and identification. The ML classification results
are presented in Figs. 16—18. These visualizations
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Fig. 13 Confusion matrices of six ML models: (a) BP; (b) SVM; (¢) ELM; (d) PLS; (e) PSO-BP; (f) PSO-SVM
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quantify label consistency and class-wise classification
performance, while revealing fault identification accu-
racy and misclassification patterns.

The results indicate that the CIR-PS delivers
high recognition accuracy in APVS while maintaining
favorable precision in the diagnosis of MEMS and
IEPE signals. The diagnostic accuracy for all three
signal types exceeded 95.2%, with vibration signal
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accuracy reaching no less than 96.4%, confirming that
CIR-PS possesses generalizability across different sig-
nal types.

5 Conclusions

This study focuses on the accurate and efficient
diagnosis of subtle bearing weak faults in EDS. Based
on acoustic and vibration signal data acquired from a
laboratory EDS test bench, the overall research con-
clusions are as follows:

(1) A novel feature selection method, namely, the
IE-MSFS method, is proposed to tackle the issues of
noise interference and redundancy in weak fault diag-
nosis. It employs multi-indicator screening of IMF com-
ponents to suppress redundant features and enhance
the representation of weak fault features under noisy
conditions.

(2) Based on the proposed IE-MSFS method, the
CIR-PS model is validated using three typical EDS
weak fault acoustic signals. Experimental results under
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Fig. 16 ML of the APVS: (a) comparison of test set prediction results; (b) confusion matrix of test data
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Fig. 17 ML of high-quality vibration signals: (a) comparison of test set prediction results; (b) confusion matrix of test data
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Fig. 18 ML of low-quality vibration signals: (a) comparison of test set prediction results; (b) confusion matrix of test data



different SNR levels confirm its excellent anti-noise ro-
bustness, with a diagnostic accuracy higher than 95.2%.

(3) Validations on two vibration signal datasets
show that the CIR-PS model can effectively distin-
guish ORF and IRF. It achieves a minimum accuracy
of 96.4%, demonstrating good generalization and
practicability.

The present study identifies acoustic signals for
subtle bearing faults in EDS to facilitate noncontact
diagnosis. Although utilizing acoustic and vibration
data is effective for single weak faults under stable
laboratory conditions, it fails to address compound
faults or time-varying operating conditions. Future
research will focus on the detection and validation of
compound weak faults under variable conditions to
support practical engineering applications.
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