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Highlights
What are the main findings?

e An enhanced ICEEMDAN method integrating Bayesian optimization and adaptive
signal-to-noise ratio (BAYES-ICEEMDAN-SNR) is proposed, which significantly im-
proves the stability of vibration signal decomposition and the robustness of feature
extraction.

¢ Animproved Tornado Optimizer with Coriolis force (ITOC) is designed by incorpo-
rating Chebyshev chaotic mapping, Cauchy mutation, and dynamic opposition-
based learning strategies, effectively enhancing global search capability and conver-
gence accuracy.

What are the implications of the main findings?

e  The constructed ITOC-LSSVM fault diagnosis model achieves a classification accu-
racy of 97.67% on the Case Western Reserve University bearing dataset, outperform-
ing several comparative methods.

e  This method provides an efficient and adaptive solution for intelligent fault diagnosis
of rolling bearings under strong noise environments, demonstrating considerable po-
tential for engineering applications.

Abstract

To address the challenges of difficult feature extraction for rolling bearing vibration sig-
nals, low efficiency in optimizing diagnostic model parameters, and the tendency to get
trapped in local optima, this paper proposes an improved ICEEMDAN feature extraction
method based on Bayesian optimization and adaptive noise signal ratio enhancement
(BAYES-ICEEMDAN-SNR) and combines it with the improved Coriolis force optimiza-
tion algorithm (ITOC) to optimize the least squares support vector machine (LSSVM) fault
diagnosis model. Firstly, Bayesian optimization is used to adaptively determine the noise
parameters and introduce a dynamic signal-to-noise ratio adjustment mechanism to en-
hance the robustness of feature extraction; secondly, Chebyshev chaotic mapping, Cauchy
mutation, and dynamic reverse learning strategies are applied to enhance the global
search and local escape capabilities of ITOC, thereby optimizing the hyperparameters of
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LSSVM; and finally, the Keesey-Chestnut University bearing dataset and Huazhong Uni-
versity of Science and Technology gear dataset are used for verification. The experimental
results show that the average fault identification accuracy of the proposed method reaches
over 97%, which is superior to that of the comparison models, and the effectiveness of
each core improvement module of the proposed model is verified through ablation exper-
iments, providing an effective solution for intelligent fault diagnosis of rolling bearings
and gears.

Keywords: improved Tornado Optimizer with Coriolis force with Coriolis force; least
squares support vector machine; bearing fault diagnosis; BAYES-ICEEMDAN-SNR

1. Introduction

As the core component of rotating machinery, rolling bearings directly affect the re-
liability, safety and service life of the whole equipment [1]. However, due to the complex
operating conditions, strong noise interference and weak fault characteristics in the early
stage, the bearing vibration signal often presents nonlinear, non-stationary and multi-
scale complexity, which makes fault feature extraction and condition monitoring a major
challenge. Therefore, the development of intelligent methods that can effectively suppress
noise, adaptively extract robust features and achieve high-precision diagnosis has become
a research hotspot in the field of condition monitoring and fault diagnosis.

In signal preprocessing and feature extraction, time-frequency domain analysis
methods, such as Empirical Mode Decomposition (EMD) and its improved variants, have
been widely used. Among them, the Improved Complete Ensemble Empirical Mode De-
composition with Adaptive Noise [2] ICEEMDAN) with adaptive noise injection and re-
sidual calculation optimization strategy effectively suppresses mode aliasing and reduces
reconstruction error. This method shows excellent denoising and feature separation capa-
bilities in the fields of bearing fault diagnosis [3,4], marine rotating machinery, geological
engineering and optical fiber sensing [5,6]. In order to further improve its adaptability,
scholars have introduced various intelligent optimization methods to automatically opti-
mize the key parameters of ICEEMDAN [7], such as Constrained Penalty Function Leech
Algorithm (CPLA) [8], Crown Hedgehog Optimization Algorithm (CPO) [9,10], Improved
Whale Optimization Algorithm (IWOA) [11,12] and Rimless Ice Optimization Algorithm
(RIME) [13], which significantly improve the quality of signal decomposition and the ro-
bustness of feature extraction.

In the construction of a fault diagnosis model, Support Vector Machine (SVM) [14]
and its variants are widely used because of their excellent performance in small sample
and high-dimensional pattern recognition. Among them, Least Squares Support Vector
Machine (LSSVM) [15] performs well in various fault diagnosis and state prediction tasks,
such as bearing fault diagnosis [16], energy storage system risk assessment [17], pressure
sensor temperature compensation [18], soil nutrient monitoring [19], shield tunnel settle-
ment prediction [20] and runoff prediction [21]. However, the classification performance
of LSSVM is highly dependent on its regularization and the selection of kernel function
parameters. To solve this problem, a series of meta heuristic optimization algorithms have
been introduced to automatically adjust these hyperparameters, such as the Modified
Crown Hedgehog Optimization Algorithm (MICPO) [22], the improved artificial bee col-
ony algorithm [23], Newton-Raphson Optimization (NRBO) [18], the Improved Wild
Horse Optimization IWHO) [24], and the Harris Hawk Optimization (HHO) [25]. Im-
proved Sparrow Search Algorithm (ISSA) [26], Adaptive Mutation Particle Swarm Opti-
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mization (AMPSO) [27], Intelligent Black Kite Algorithm (IBKA) [21] and Improved Par-
rot Optimization Algorithm (IPO) [28] are algorithms that effectively improve the classi-
fication accuracy and generalization ability of the LSSVM model.

At the same time, deep learning models such as Convolutional Neural Networks
(CNN), Long Short-Term Memory (LSTM) and Bidirectional LSTM show significant ad-
vantages in fault diagnosis due to their strong feature learning ability. These models are
usually combined with optimization algorithms to optimize their structure or hyperpa-
rameters [29], such as Bayesian-optimized CNN-LSTM [30], Chaos Kepler Algorithm-op-
timized BiLSTM [31] and Improved Whale Algorithm-optimized BiLSTM [32]. In addition,
in order to improve the interpretability of the model, some research has introduced inter-
pretable feature mapping units or shap analysis to reveal the decision basis of the model.
Multimodal information fusion is also an important trend to improve the robustness of
diagnosis. By integrating signals from vibration, acoustics and other multiple sources, the
equipment status can be evaluated more comprehensively [22].

Although the above research has made significant progress, there are still challenges
in the rolling bearing fault diagnosis: (1) the existing ICEEMDAN method’s parameter
adaptive mechanism is still not perfect, and its ability to extract weak fault features in
strong noise background needs to be improved; (2) when optimizing classifiers such as
LSSVM, most optimization algorithms still have the problem of premature convergence
and are easy to fall into local optimization, which will affect the final performance of the
model; and (3) at present, there is a lack of an end-to-end diagnosis framework that can
simultaneously achieve high adaptive signal denoising, robust feature extraction and
high-precision classification.

With the development of Industry 4.0, the running state of rolling bearings directly
affects the reliability of the whole system. However, under actual working conditions, the
early fault signals of bearings are often submerged in strong background noise. Existing
layout technologies (such as VMD or traditional ICEEMDAN) often rely on manual pa-
rameter setting, and there are more problems of state mixing or reconstruction when pro-
cessing non-stationary signals. In addition, the super parameter selection of a classifier
(such as LSSVM) often determines the upper limit of recognition accuracy, so it is complex.
A diagnostic framework that can deal with noise and optimize Bluetooth parameters is
developed to achieve predictive maintenance with important engineering significance.

In view of the above challenges, this paper proposes a rolling bearing fault diagnosis
method based on BAYES-ICEEMDAN-SNR-ITOC-LSSVM. Firstly, Bayesian optimization
(BO) is introduced to adaptively determine the key parameters of ICEEMDAN, and the
effective intrinsic mode function (IMF) components are selected by combining with the
signal-to-noise ratio (SNR) criterion, so as to achieve high-quality noise reduction and fea-
ture enhancement of the signal under a strong noise background. Secondly, an improved
tornado optimization algorithm (ITOC) is proposed, which optimizes the population ini-
tialization by the Chebyshev chaotic map, introduces the Cauchy mutation strategy to
enhance the global exploration ability, and integrates a dynamic reverse learning strategy
to avoid local optimization, so as to significantly improve the convergence accuracy and
stability of the algorithm. Finally, the super parameters of LSSVM are adaptively opti-
mized by using ITOC, and a high-performance fault classifier is constructed to realize the
accurate recognition of bearing state. This paper aims to improve the quality of features
through BAYES-ICEEMDAN-SNR, optimize the performance of the classifier through
ITOC, and finally realize high-precision and robust diagnosis of bearing fault in a strong
noise environment.

Although single components such as Bayesian optimization, chaotic mapping, Cau-
chy mutation and opposition learning are mature technologies in their respective fields,
their collaborative integration into the specific application scenario of rolling bearing fault
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diagnosis constitutes the core innovation of this work. The selection of each component
has a clear purpose and basis: Bayesian optimization provides a highly principled and
sample-efficient hyperparameter optimization framework for the black box ICEEMDAN
process, and its performance is better than grid search or manual parameter adjustment.
Chebyshev chaotic map and Cauchy mutation were specially introduced to solve the rec-
ognized defects of the new TOC algorithm, namely, the lack of population diversity and
premature convergence, and escape from local optimization by ensuring a more uniform
search space and generating stronger disturbances. Dynamic opposition learning further
optimizes this process. Importantly, the proposed adaptive SNR adjustment (BAYES-
ICEEMDAN-SNR) within ICEEMDAN is not a simple additional function, but a targeted
enhancement, which aims to solve the recognized weakness of the instability of the modal
decomposition of standard ICEEMDAN under varying noise levels. Therefore, the inno-
vation of this research is not to invent a new single algorithm, but to design a coherent
and optimized diagnosis process, in which each improved component is aimed at a spe-
cific short plate in the traditional bearing diagnosis chain, and finally forms a proven ro-
bust adaptive system with better performance.

Therefore, this paper proposes a rolling bearing fault diagnosis method based on the
integrated framework. The main contributions of this study are as follows:

1. An improved ICEEMDAN method based on Bayesian optimization and adaptive
SNR adjustment (BAYES-ICEEMDAN-SNR) is proposed, which can adaptively de-
termine the noise parameters and dynamically adjust the decomposition strategy to
improve the robustness of feature extraction under strong noise.

2. An Improved Tornado Optimizer with Coriolis force (ITOC) is designed, which in-
troduces Chebyshev chaotic map, Cauchy mutation and dynamic reverse learning
mechanism to enhance the global search ability and convergence accuracy.

3. An end-to-end fault diagnosis framework is constructed, and the above improved
method is applied to the parameter optimization of LSSVM. The classification accu-
racy of 97.67% is achieved on the CWRU bearing dataset and 97.41% on the HUST
gear dataset, which are better than those of many comparison methods.

4.  Experiments verify the adaptability and stability of the proposed method in a strong
noise environment and provide a feasible scheme for intelligent fault diagnosis in
industrial scenes.

The rest of this paper is organized as follows: the Section 2 introduces the proposed
denoising method in detail. The open bearing dataset of Case Western Reserve University
(CWRU) and the open gear dataset of Huazhong University of Science and Technology
(HUST) are used to verify and compare the fault diagnosis performance of the proposed
method. Finally, the Section 4 summarizes the full text.

2. Materials and Methods

2.1. Integrated Diagnostic Framework
The proposed BAYES-ICEEMDAN-SNR-ITOC-LSSVM framework (Figure 1) syner-

gizes adaptive signal processing with optimized machine learning. The process is stream-

lined into three core phases:

1. Adaptive Preprocessing: raw signals are decomposed via BAYES-ICEEMDAN-SNR
to extract IMFs.

2. Feature Quantization: permutation entropy (PE) is calculated for the first eight IMFs
to construct robust feature vectors.

3. Autonomous Classification: the ITOC algorithm fine-tunes LSSVM hyperparameters
to perform final fault identification.
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Figure 1. BAYES-ICEEMDAN-SNR -ITOC-LSSVM framework.

2.2. BAYES-ICEEMDAN-SNR

2.2.1. Improved Complete Ensemble Empirical Mode Decomposition with Adaptive
Noise

ICEEMDAN is an advanced adaptive signal decomposition method that has been
further optimized based on CEEMDAN. This method effectively overcomes the modal
mixing problem existing in traditional empirical mode decomposition and significantly
reduces the reconstruction error and residual noise. The core improvement of this method
is to adaptively introduce Gaussian white noise and suppress the mode mixing phenom-
enon by integrating multiple averaging steps. In addition, ICEEMDAN further optimizes
the noise addition strategy and residual calculation logic, allowing for the extraction of
purer intrinsic mode function components with clearer physical meanings.

The core principle of the ICEEMDAN algorithm is as follows [33]:

(1) Gaussian white noise @' is added to the original vibration signal () to obtain

L0 =f@6)+BE (o) (1)

where 1 represents the number of times Gaussian white noise is added, i=12,...1 .

Using Empirical Mode Decomposition (EMD), the local mean of the i=th hite noise
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Ji(®)

component

1(9)

is computed, and the average value is taken to obtain the first residual

. At this point, the first IMF component is denoted as 1=/ O)=1(0) .

n(t)z%iM[X(”] @
i=1

(2) White noise @ is further added to the residual %;(?), resulting in the residual ex-

pression after the i—th addition of white noise:

RO =1+ BE, (o) ©)

By using Formulas (3) and (4), the second IMF component is obtained, denoted as

IME, = 5(6)~r, (1)

()= %ZIZM ([n0+BE(o)]) )

(3) According to Formula (5), the k —th IMF component is calculated.
IME, =r,_,(t)—n,(1) )

r () = %ﬁM 7O+ B E ()] (6)

(4) The above steps are repeated until the residual R can no longer undergo EMD de-
composition, resulting in the signal f'(¢):

£ =3 IMF, +7,(1) )

where ' represents the total number of IMF components obtained through the decom-
position.

2.2.2. BAYES-ICEEMDAN-SNR Algorithm Principle

Although the ICEEMDAN algorithm effectively suppresses the modal mixing phe-
nomenon existing in the traditional empirical mode decomposition, it still has certain lim-
itations. A key issue is the deficiency of its adaptive noise selection mechanism. The selec-
tion of noise parameters has a significant impact on the quality of the decomposition re-
sults. However, in practical applications, the determination of noise parameters relies on
experience or trial and error, lacking universally applicable criteria. To address this “adap-
tive noise selection problem”, an optimization strategy combining Bayesian optimization
and adaptive signal-to-noise ratio (SNR) was proposed, which improved the noise selec-
tion process in ICEEMDAN, thereby enhancing the stability and accuracy of the decom-
position results.

(1) Bayesian Optimization (BO)

Bayesian optimization [30] is a strategy for global optimization of complex functions,
which can automatically select the noise parameters. Compared with traditional heuristic
methods, this method has the advantages of high efficiency and fewer experimental iter-
ations. Through Bayesian optimization, the automatic process of adaptive noise selection
has been achieved, enabling more accurate selection of the most suitable noise parameters,
thereby improving the stability of the decomposition results.

https://doi.org/10.3390/s26051543
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To implement the Bayesian optimization for SNR selection, a Matérn 5/2 kernel is
employed for the Gaussian process (GP) to maintain a balance between smoothness and
flexibility in modeling the objective function. The Expected Improvement (EI) is utilized
as the acquisition function to identify the optimal SNR by balancing exploration and ex-
ploitation.

In the Bayesian optimization framework, Gaussian processes (GPs) are commonly
used as surrogate models. Gaussian processes can model the objective function in a non-
parametric manner, establishing a probabilistic relationship between the input and output
based on the available observed data, and providing function value predictions and un-

D= {(X,-,f(x,'))};l L a

certainty estimates. Specifically, for a set of observation data
Gaussian Process can be described as:

f(x)~ GP(m(x), k(x,x)) ®)

In the ICEEMDAN algorithm, the standard deviation of the added noise (NStd) isa

key parameter affecting the decomposition performance. If Nstd s to0 small, it may
lead to insufficient signal decomposition and residual mode mixing; if Nstd is too large,
it may introduce spurious components or cause signal distortion. Traditional methods
rely on the empirical setting of this parameter, lacking adaptive capabilities.

To address this, this paper introduces Bayesian optimization into ICEEMDAN to

achieve automatic, global optimization of the Nstd parameter. Specifically, the decom-
position process of ICEEMDAN is treated as a black-box function F(NStd), whose out-
put is an error metric for the decomposition result. The objective function is defined as the

decomposition error, with common metrics such as the Mean Squared Error (MSE) be-
tween the original signal and the reconstructed signal:

N
MSE = iZ:(Si - '§1’)2 )
N5

(2) Adaptive Signal-to-Noise Ratio Optimization Strategy

Signal-to-noise ratio (SNR) is an important indicator that measures the strength of
the signal’s effective components relative to the background noise intensity. Its mathe-
matical definition is:

P.
SNR ,, =10log,, [ I;‘g‘““J (10)

noise

signal and " noise represent the power of the signal and noise, re-

In the formula,
spectively. In the ICEEMDAN algorithm framework, the intensity of the auxiliary noise
added (i.e., the standard deviation Ns?d ) directly affects the modal decomposition re-
sults: if Nstd is too small, it becomes difficult to effectively separate modes under high

noise conditions; if Nstd is too large, it may introduce unnecessary distortion to high

SNR signals, leading to over-decomposition or mode mixing. The traditional fixed Nstd
parameter model lacks universality for signals in different SNR environments.

To address this issue, this paper proposes an adaptive signal-to-noise ratio (SNR)
optimization strategy based on real-time signal quality. The core idea of this strategy is to
dynamically adjust the strength of the injected noise according to the instantaneous SNR
of the signal during the decomposition process, thus avoiding excessive interference when
the signal is clear and providing sufficient decomposition driving force when the signal is

https://doi.org/10.3390/s26051543
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Nstd
polluted by noise. Specifically, an optimal noise standard deviation "' mapping

function J(SNR) from the SNR value is established to achieve adaptive configuration
of the parameter.
This method integrates SNR evaluation and noise adjustment mechanisms into the
iterative loop of ICEEMDAN. The specific steps are as follows:
(a) At the start of each iteration to extract an Intrinsic Mode Function (IMF), the signal-
to-noise ratio (SNR) estimate of the current residual signal 7, () is calculated. To

balance efficiency and practicality, a variance-based approximate estimation is used:

ST\I_E]{ =10log,, (wj (11)

noise

2
In the formula, ~ "¢ can be obtained by estimating the background noise variance
from the initial signal segment or prior knowledge.

(b) Design a monotonically decreasing mapping function f (S/NTQ ¥) to convert the es-

timated SNR value into a suggested noise strength coefficient [, for that iteration

step. This function ensures that a low SNR corresponds to a higher noise enhance-
ment coefficient, while a high SNR corresponds to a lower coefficient. A piecewise
linear implementation can be defined as follows:

B, SNRy <Th,,
(ﬁmax _ﬂmin)(S/I\IT{k _Th ow) N D
B =P — N @z Thy,, <SNRx <Th,, (12)
high low
ﬂmin’ S/NT{’f > Thhigh

where Bin and B represent the predefined upper and lower bounds of the noise

Th, .
strength coefficient, and Thl"w and high  are the SNR thresholds that divide the sig-
nal quality intervals.
The basis for setting the SNR threshold: the piecewise linear mapping function in

Thyy . Th

Formula (12) uses two SNR thresholds and low to define high, medium and
low signal quality regions. These thresholds are not arbitrarily set but determined based
on the empirical observation of vibration signal characteristics and ICEEMDAN operation
logic. High SNR indicates that the residual signal is relatively pure. At this time, injecting

too strong noise may lead to unnecessary decomposition artifacts. Therefore, the mini-

Bin is applied. On the contrary, low SNR means that the residual
signal is dominated by noise, and stronger auxiliary noise is needed to effectively separate

mum noise figure

potential modes. The medium SNR region triggers linear interpolation to achieve a
smooth transition.

Th,.
high — and Th]"w initially refer to the common SNR range in

The specific values of
bearing vibration analysis, and are then fine-tuned through preliminary experiments on
the CWRU data subset to ensure that the adaptive mechanism can make an appropriate
response under typical signal conditions. This design achieves a balance between the sim-

plicity of the algorithm and the effective adaptive behavior.

https://doi.org/10.3390/s26051543
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(c) The generated baseline white noise m(0) is normalized by its standard deviation,

and then multiplied by the dynamic coefficient B obtained from the mapping

function and the globally optimized baseline strength Nisd” (from the Bayesian
]vinj,k (t) for

optimization output in Section 2.1), forming the actual injected noise
that iteration step.

N (6= Nstd™ -, .% 13)

The normalized noise exhibits stable unit variance properties, and when combined
with the dynamic coefficient and the globally optimal parameter, it ensures the precision
and consistency of the noise adjustment.

(d) The dynamically adjusted noise Ninj’k (t) is added to the current residual signal,

and the EMD decomposition is performed to extract the next IMF and update the
residual signal. Steps (1) to (4) are repeated until the decomposition stopping criteria
are met.

2.2.3. BAYES-ICEEMDAN-SNR Procedure

The flowchart of the proposed BAYES-ICEEMDAN-SNR method is shown in Figure
2. The specific steps are as follows:

Step 1: Input the signal to be decomposed, X, and related parameters, and normalize
the signal so that its mean is zero and the unit standard deviation is zero.

Step 2: If Nstd is not provided or is NaN, start the Bayesian optimization. The objec-
tive function calculates the decomposition error under different Nstd values and searches
for the optimal Nstd within the range of [0.1, 1.0]. If Nstd is provided, use its value directly.

Step 3: Generate NR groups of white noise sequences with the same length as the
signal. Perform EMD decomposition on each white noise sequence to obtain its intrinsic
mode function set (IMF), which is used for subsequent noise injection.

Step 4: Normalize the first IMF of each white noise sequence by standard deviation,
multiply it by the optimized Nstd, and add it to the normalized signal. Then, perform
EMD decomposition on each noise-enhanced signal to extract the first IMF. Calculate the
average residual of all NR decompositions to obtain the first IMF.

Step 5: For each subsequent IMF extraction step, adjust the normalization of the in-
jected noise according to SNRFlag. Use the standard deviation of the current residual to
dynamically scale the noise, achieving adaptive signal-to-noise ratio (SNR) control. If
there are insufficient white noise IMFs, directly perform EMD decomposition on the cur-
rent residual. Repeat this process until no new IMF can be extracted from the residuals.

Step 6: Restore all intrinsic mode functions and the final residual to the original signal
amplitude and output the complete set of intrinsic mode functions and the iterative rec-
ords of each EMD decomposition.

https://doi.org/10.3390/s26051543
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Figure 2. BAYES-ICEEMDAN-SNR Algorithm Flowchart.

2.3. Permutation Entropy (PE)

Permutation entropy is an indicator for measuring the complexity of time series. By

using embedding dimension and time-delay reconstruction of sub-sequences, the sub-se-

quences are sorted level by level based on the idea of stepwise variation and mapped to
the permutation space. Shannon entropy is calculated to evaluate the complexity. The
magnitude of permutation entropy is inversely proportional to the regularity of the time
series.

@™

)

®)

The calculation of permutation entropy is as follows:
In a time series of length N, denoted as u(1), u(2), u(3),..., u(N), an embed-

ding dimension m and a time delay L are specified. The original sequence is re-
constructed, and each subsequence is represented as X (7).

X(@)=u(i),u(i+L),...,u(i+(m-1)L) (14)

For each subsequence X(f), perform an increasing order sorting within it, i.e., if
two values are equal, sort them according to their indices I. This way, each M-dimen-
sional subsequence X is mapped to one of K possible permutations.

After the above step, represent the continuous M-dimensional subsequences by a
symbol sequence, where the number of symbols is G. The probability distribution of
all symbols is represented as P, and the entropy is calculated as H. The permutation
entropy of the time series U is then given by:

K
H(m)=-) PInP, (15)

J=1

https://doi.org/10.3390/s26051543
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where P; is the probability of the i—th symbol (permutation) occurring, and K s
the total number of possible symbols. This entropy value quantifies the complexity of the
time series, with higher entropy indicating greater complexity and lower entropy indicat-
ing more regularity in the sequence.

2.4. Improved Tornado Optimizer with Coriolis force with Coriolis force (ITOC)
2.4.1. Tornado Optimizer with Coriolis Force with Coriolis Force (TOC)

Tornado Optimizer with Coriolis force with Coriolis force (TOC) is a new nature-
inspired heuristic algorithm. Its core idea is to simulate the formation and evolution pro-
cess of a tornado. The algorithm consists of three roles, storm, thunderstorm, and torna-
does, which move and interact in the search space and eventually find the global optimal
solution. The core principle and mechanism of this algorithm are as follows [34]:

(1) Population Initialization and Classification

The initialization process of the TOC algorithm involves randomly generating the
positions of a set of design variables (storms, thunderstorms, and tornadoes). First, the
algorithm randomly generates n individuals in the search space. These individuals are
divided into three categories to simulate the different stages of tornado formation:

1.  Tornadoes (7, ): Typically set to 1, representing the current best solution found.

2. Thunderstorms (7, ): A portion of the relatively better individuals, which are poten-

tial excellent solutions.

3. Windstorms (7#,,): The remaining ordinary individuals in the population, which are
the main force for exploring the search space.

Their relationships are as follows:
n=mn+n+n, (16)
The initialization formula is:

v,; =1, +randx(u,~1) (17)

Yy —th

where “ "/ is the initial position of the i=1h individual in the / dimension. /

[ P —
and '/ are the lower and upper bounds for the -/ th dimension, respectively. rand
is a random number between 0 and 1.

(2) Evolution and Movement of Windstorms

The storms are the main executors of behavior detection in algorithms. Their move-
ments and evolution directions are influenced by tornadoes (the best solution) and thun-
derstorms (the suboptimal solution). The mathematical model of the evolution process is
as follows:

1.  Speed Update of Windstorms

The speed update of windstorms takes into account the influence of the Coriolis force.
The update formula is:

t
= (18)
n[uﬁ’—c%+ CF,,j ifrand < 0.5

n[u\?[—c¥+ CF,] ifrand > 0.5

t

https://doi.org/10.3390/s26051543
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=i =i

where Vit is the speed of the i—th windstorm at the {7+ 1-th iteration. Vi is the

speed of the i—th windstormatthe {—th jteration. f is the Coriolis parameter. n
is the contraction factor, which controls the convergence speed of the windstorm. H s

the fuzzy adaptive kinetic energy factor. cc and R are the radii of curvature for the
northern and southern hemispheres, respectively. ¢ is the random factor.

f =2Qsin(y) (19)

where €2 is the Earth’s angular velocity of rotation. ¢ is the latitude.

(20)
where # is the acceleration factor, with a value of 4.10.
u=05+ rand (21)
R = ﬁ (22)
R = —ﬁ (23)

where ! is the current iteration number. 7 is the maximum number of iterations.

c=b x5 xwr (24)

where b, is a constant, with a value of 100,000. 2 is the symbol change factor. CF is
the Coriolis force.

2 Windstorm Position Update

The windstorms update their positions based on their updated speed, learning from
the tornado or thunderstorms, evolving into either a tornado or a thunderstorm.

(a) Evolving into a Tornado:

=y +2xax(y. —rand ) +v" (25)
j}z‘+l S;t
where ©" and ™ are the new position vector and current position vector of the
ot
windstorm at the +1-th and ?—th jterations, respectively. Yo, is the current po-
yi) - randw

sition vector of the ~th tornado at the ?—th iteration. represents the

difference between the evolution of the windstorm towards the tornado and the random

formation of the windstorm. 0% and @ are random values, with specific defini-
tions given in Formulas (26) and (27).

rand, =73, (an xrand(1,n,) |+ 1) (26)
rand,, . , o
where ¥ is the index vector used for randomly selecting windstorms.
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a=|2a,-rand —rand‘ (27)

where 1and s a random value generated within the range of [0,1] , following a uniform
a
distribution. ' represents an exponential parameter, with the value given by:

. ) -
g T

a, . .
where 0 isa constant, with a value of 2.0.

(b) Evolving into a Thunderstorm

o+l ot =t ot =t ot
e =Y, +2xrandx|y, —¥" . |+2xrandx| ¥, -V . | (29)
w2 W w2 W
1 1 1 1
oitl
iy
w;+
where ! is the new position vector of the windstorm evolving into a thunderstorm
ot
Y
Y
atthe +1-1h jteration. ! is the current position vector of the windstorm evolv-

ing into a thunderstorm at the !~ iteration. ”* is the current position vector of the

i=th thunderstorm at the ~? iteration.
(3) Evolution of Thunderstorms
Thunderstorms also evolve towards the tornado (best solution), further enhancing

the algorithm’s local exploitation capability. The position update formula for thunder-
storms is as follows:

oitl _ o

Y, —y;+2><a><(y;—y;§)+2xax(yjp—y;) (30)

o+l o
where Y4 and y£ are the new position vector and current position vector of the thun-

derstorm evolving into a tornado at the +1—th and 7 —th jterations, respectively.
t Ot
Ve, is the position vector of the tornado at the random index é/ Yip is the position

vector of the thunderstorm at the random index vector P, which is used to randomly
select the thunderstorm. Its specific definition is given in Formula (25).

p :Ln, -rand (1, n[)+1J (31)

(4) Random Formation of Windstorms

To enhance global exploration ability and avoid local optima, the algorithm simulates
the random formation process of windstorms. When windstorms or thunderstorms are
very close to the tornado, i.e., the distance is smaller than a threshold v, they will be
reinitialized at random positions. The random formation formula is:

SI’: :y’wl_ —(2><ay><(rand><(l—u)—l))><52 (32)
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a, . . . . .
where 7 is an adaptive parameter that decreases with the number of iterations. / and

U are the lower and upper bounds of the search space, respectively. % is the symbol

change function.

2.4.2. Improvements to the Tornado Optimizer with Coriolis force with Coriolis force

This paper presents an improved TOC optimization algorithm, which enhances its
performance by incorporating three strategies (Chebyshev chaotic mapping, Cauchy mu-
tation, and dynamic reverse learning). The improved algorithm is named ITOC, and its
specific process is shown in Figure 3.

(1) Chebyshev Chaotic Mapping Strategy

During the initialization stage, the TOC algorithm generates the population through
uniform random distribution, which results in the population not being able to fully cover
the search space. The Chebyshev chaotic mapping can produce a more uniform and thor-
ough initial population, ensuring a wider distribution of individuals and thereby enhanc-
ing the global search capability. Therefore, the Chebyshev chaotic mapping strategy is
adopted to improve the TOC algorithm, replacing the random initialization step and
providing a better starting point for the subsequent evolution.

The Chebyshev chaotic mapping is a chaotic system based on Chebyshev polynomi-
als, and its mapping formula is [36]:

x,,, =cos(A-cos™' x,) (33)
where 4 isan integer parameter, X, €[11] .
(2) Cauchy Mutation Strategy

To address the issues of local optimum trapping and premature convergence in the
original TOC algorithm, the Cauchy mutation strategy was introduced in the storm posi-
tion update stage of the original algorithm. The heavy-tailed characteristic of this strategy
provides a powerful perturbation mechanism, effectively solving the problems of local
optimum and premature convergence, while retaining the original physical inspiration
advantage of the TOC algorithm. This significantly improves the global search ability and
convergence accuracy. The formula of the Cauchy mutation strategy is as follows [37]:

Cauchy(0, g) = g xtan( px(rand - 0.5)) (34)

In the formula: A is the scale parameter, which controls the mutation intensity. B is
the Cauchy random number.

After introducing the Cauchy mutation strategy, the windstorm position update for-
mula is:

1 Evolving into a Tornado:

ot+l o t+l

y. =¥, +2xax(y, —rand )+ V;" +7-Cauchy(0,y) (35)

2 Evolving into a Thunderstorm:

ot+l

Y. =V, 42xax(y, -y, )+2xax(y; —¥;)+n-Cauchy(0,7)  (36)

(3) Dynamic Reverse Learning Strategy

In order to improve the reset efficiency of the TOC algorithm and accelerate the speed
of escaping from local optimal solutions, a dynamic reverse learning strategy is intro-
duced during the random formation stage of the storm. This strategy generates reverse
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solutions for the current solution, providing direction perturbation for the reset process.
The mathematical model of the dynamic reverse learning strategy is as follows [38]:

f=x+n-(n-(U,+L,—x)-x) (37)

N3

where X is the reverse solution. is a random number between [0, 1]. * is the cur-

rent solution.

( Initialize Population >

- Apply Chebyshev Strategy for
Chaotic Initialization

[ Evaluate Fitness ]

'

Yes .
Iteration < Max Iter? =
No . - .
* - Update fitness
Storm evolution and and classification
v movement
Update Parameters for *
Windstorms and Introduce Cauchy :
Thunderstorms’ Evolution mutation strategy s
* f Yes
Is it less than the

Tornado threshold?

\/
COUtPUt Best SOIUtiOU) Thunderstorms evolve into | 3
Tornadoes |

Figure 3. Optimization process of the ITOC method.

When a windstorm or thunderstorm is marked for random reset, the dynamic reverse
learning strategy generates the reset position as follows:

Yooy =Ub+1b—y , +5-rand (38)
where 9 is the adaptive perturbation intensity.

2.4.3.Improvements to the Tornado Optimizer with Coriolis Force: Algorithm Flow

The execution flowchart of the proposed improved TOC algorithm is shown in Fig-
ure 3. The specific steps of the optimization algorithm are as follows:

Step 1: Use the Chebyshev chaotic mapping to generate the initial population, eval-
uate the fitness value of each individual, and sort the population according to the fitness
value to divide it into three categories: tornado (the best individual), thunderstorm (the
suboptimal individual), and storm (the remaining individuals).

Step 2: In each iteration, update the speed and position of the storm according to the
adaptive parameters, allowing them to develop towards the tornado and thunderstorm
directions. To enhance the global search ability of the algorithm, the Cauchy mutation
strategy is introduced.

Step 3: The thunderstorm individuals update their positions by moving towards a
randomly selected tornado position and the current global best position, thereby strength-
ening local utilization. During this process, a certain probability of fusion mutation is per-
formed to avoid getting stuck in local optima.
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Step 4: If the learning strategy based on dynamic opposition at the tail is enabled,
perform mutation operations on the three population categories of tornado, thunderstorm,
and storm, further optimizing the individual positions and improving the quality and di-
versity of the solutions.

Step 5: If the fitness of the current best solution is lower than the set tornado thresh-
old, trigger the position reset mechanism and regenerate some individuals using the dy-
namic opposition learning strategy. Repeat steps 2 to 4 until the maximum number of
iterations is reached.

Step 6: Output the global optimal solution and its fitness value, and record the best
fitness of each generation.

2.5. Least Squares Support Vector Machine (LSSVM)

Support Vector Machine (SVM) is a widely used machine learning method, especially
effective in handling classification problems. However, it faces efficiency issues when
dealing with large-scale datasets. The Least Squares Support Vector Machine (LSSVM)
solves this problem by introducing Lagrange multipliers to transform the original prob-
lem into a dual problem. Finally, the optimal classification hyperplane is obtained by solv-
ing a set of linear equations. Compared with traditional Support Vector Machines, this
method simplifies the solution process while maintaining high solution efficiency, espe-
cially when dealing with complex nonlinear problems.

Let there be ™ samples, each of ” dimensions: {xk’y"} , Ve € {_1’1} X R ,

k=1,2,3..m

are as follows:

. The objective function and inequality constraints of the SVM algorithm

. 1 m
miny,, - J,(W,{) = EWTW+cZ§k (39)

k=1
s.t.y=>Wio(x,)+b+¢, (40)

where W is the normal vector of the hyperplane, é/ is the prediction error value,

(D(Xk) is the kernel function, € is the penalty factor, and b is a constant.
The LSSVM algorithm transforms Equations (39) and (40) into the following equa-
tions to improve the speed of solving the problem.

: 1 <
miny, , , J,(W,e) = EWTW+gZek (41)
k=1
s.t. y, =WTK(xk,x)+b+ek (42)

where 7 is the penalty factor for the prediction error, and € is the square of the SVM

)
prediction error é’, ie., e=¢ .

By constructing the Lagrange transformation polynomial, the following transfor-
mation is performed:

L(W,b,e,a)=J,(W,e) —iak [WTK(xk,x) +b+te, —yk] (43)

k=1
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. . . . . . e,
To obtain the linear equations, we take the partial derivatives of W b , k and

&

calculation formula of the LSSVM algorithm, as shown in Equation (38).

in Equation (37) and set them equal to zero. Solving this system of equations gives the

y(x)=> K(x,,x)+b (44)
k=1

where K (xk ’ x) is the kernel function.

K= exp(——”xé _ZXHJ (45)

o

2
where O represents the parameter of the RBF kernel function.

3. Experimental Verification
3.1. Improving the Performance Verification of the Tornado Algorithm

This paper conducted a systematic simulation experiment in the MATLAB R2023b
environment to rigorously verify the performance of the proposed optimization algo-
rithm. The experimental parameter configuration is as follows: population size N = 30,
and maximum number of iterations T = 100. As shown in Table 1, 12 standard test func-
tions were selected as evaluation benchmarks, among which F1-F4 are unimodal func-
tions, F5-F9 are multimodal functions, and F10-F12 are fixed-dimensional functions.

Table 1. Test Function.

Function Function Name Search Range Theoretical Optimum
F1 Sphere [-100,100] » 0
F2 Schwefel2.22 [-10,10] » 0
F3 Schwefel 1.2 [-100,100] » 0
F4 Schwefel2.21 [-100,100] » 0
F5 Quartic [-1.28,1.28] » 0
F6 Schwefel [-500,500] » -12,569.5
F7 Rastrigin [-5.12,5.12] » 0
F8 Ackley [-32,32] » 0
F9 Griewank [-600,600] n 0
F10 Shekel’s Foxholes [-65.536,65.536] 1
F11 Three-Hump Camel [-5,5] -1.0316
F12 Branin [-5,10] x [0,15] 0.398

Note: n represents the number of independent variables.

To further verify the effectiveness and robustness of the algorithm, this paper designs
a comparative experiment. Four representative meta-heuristic algorithms are selected as
the control group, namely the original tornado optimization algorithm (TOC), the grey
wolf optimization algorithm (GWO), the whale optimization algorithm (WOA), and the
northern bald ibis optimization algorithm (NGO). The test results of the functions are
shown in Table 2 and Figure 4.

Table 2. Test Function Run Results.

Functio Algorith Avg Std  Function Algorith Avg Std Functi Algori

n m m on thm Avg Std
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ITOC 0 0 ITOC 0 0 ITOC 0 0
TOC 6.4 %101 8.05x 101 TOC 0.0019 0.0023 TOC 5.05x10? 7.14 %10
F1 GWO 3.1x102 1.13x1034 F2 GWO 3.79x101 267 =101 F3 GWO 246 x101 0.00017
WOA 1.07 x107343.74 x 1027 WOA 2.65x101 1.15x 1013 WOA 0.000120 5.01 x 10718
NGO 6.02x107273.74 x 10> NGO 346 x101 1.15x 1013 NGO 1.39 x 10717 5.01 x 10718
ITOC 0 0 ITOC 0.002090 0.001964 ITOC -1.3 x 106" 1.84 x 106!
TOC 0.02259  0.03182 TOC 0.175270 0.068869 TOC -6695.97 178.335
F4 GWO 1.38x10° 0.12584 F5 GWO 0.012965 241x10°% F6 GWO -6074.69 901.897
WOA  0.08907 1.61 x10713 WOA 0.007828  0.009914 WOA -10,474.2 2849.55
NGO 8.55x10131.61 x 10713 NGO 0.003960 0.002343 NGO -4668.43 174.470
ITOC 0 0 ITOC 0 0 ITOC 0 0
TOC 179.6657 32.59126 TOC 0.0105 0.0149 TOC 24.4656 4.93554
F7 GWO 15.46264 2.191846 F8 GWO 0.2078 0.0093 F9 GWO 0.036864 0.00159
WOA 128.1135 181.1798 WOA 3.33 x10716 1.57 x 10716 WOA 1.67 x 10716 2.36 x 10716
NGO 4.55x107134.82x 10713 NGO 327.9205 60.9416 NGO 1.24 x 10713 6.85 x 10714
ITOC 1.001315 0.004389 ITOC -1.03093 0.000405 ITOC 0.400634 0.00382
TOC 1.495017 0.702883 TOC -1.03163 7.57 x 10714 TOC 0.397887 0
F10 GWO 2487068 0.700088 F11 GWO -1.03163 9.82x107 F12 GWO 0.397902 1.81 x 10
WOA 5.880597 6.905014 WOA -1.03163 7.73x107 WOA 0.397890 2.1 x10%
NGO 0.998003 9.33 x 108 NGO -1.03163 7.8x107 NGO 0.397887 1.45x 101
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Figure 4. Test Function Run Results,(a) F1 function test results plot, (b) F2 function test results plot,
(c) F3 function test results plot,(d) F4 function test results plot,(e) F5 function test results plot,(f) F6
function test results plot,(g) F7 function test results plot(h) F8 function test results plot,(i) F9 function
test results plot,(j) F10 function test results plot,(k) F11 function test results plot,(I) F12 function test
results plot.

From the test function results in Table 2 and the convergence curves in Figure 4, it
can be seen that when testing the unimodal functions F1-F4, the proposed algorithm con-
sistently converges to the theoretical optimal value of 0, demonstrating excellent stability.
Its convergence speed is significantly faster than that of GWO, WOA, NGO, and the orig-
inal TOC algorithm. This indicates that the algorithm has high convergence accuracy and
search efficiency when solving optimization problems with clear gradient information. In
the tests of multimodal functions F5-F9, this algorithm not only quickly finds the global
optimal solution but also has good stability. Compared with the original TOC algorithm,
this algorithm has a stronger ability to escape from local optima and stronger robustness.
When dealing with complex optimization problems such as high-dimensional fixed-di-
mensional functions F10-F12, this algorithm maintains excellent performance. The ability
to avoid local optima and the convergence speed of this algorithm are both superior to
those of the comparison algorithms, further verifying its effectiveness and practicality in
handling high-dimensional multi-peak optimization problems.

3.2. Validation of CWRU Bearing Experimental Signals
3.2.1. Bearing Experimental Parameters and Vibration Signal Data Preprocessing

This study utilized the actual bearing data from Case Western Reserve University
(CWRU) to test the fault diagnosis capability of the proposed method [38]. The rolling
bearing fault simulation test bench, as shown in Figure 5, consists of four main compo-
nents: a motor, a torque sensor, a power meter, and an electronic controller. This study
selects data from the drive-end bearing, with a bearing model of SKF6205-2RS, a sampling
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frequency of 12 kHz, and a rotational speed of 1797 RPM. The structural parameters of
the bearing are detailed in Table 3.

Dragging Dynamometer
Drive-end  sensor and

bearing encgder

Figure 5. Rolling bearing failure test bench.

Table 3. The main parameters of the test bearing.

Pitch Diameter Ball Diameter Contact Angle
D/mm d/mm Number of Balls z /)
39.04 7.94 9 0

The experimental data include 10 different bearing health states, including one nor-
mal (fault-free) state and three typical failure types: inner ring failure, rolling element fail-
ure, and outer ring failure. Each failure type includes defect diameters of 0.007 inches,
0.014 inches, and 0.021 inches.

The vibration signals were sampled using the sliding window method to generate a
dataset for model training. The sliding window length was set to 1000 data points, and
each sample contained 2048 consecutive vibration data points. Also, 120 independent
samples were extracted for each bearing state. Therefore, for each rotational speed condi-
tion, a dataset containing 1200 samples was obtained, with each sample having a dimen-
sion of 1 x 2048. The result samples were randomly divided into a training set and a test
set in a 7:3 ratio. Taking a group of samples of ten states as an example, the time-domain
analysis of the vibration signals is shown in Figure 6.
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Figure 6. Vibration signal time-domain diagram.
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3.2.2. Bearing Fault Feature Extraction

This study decomposed the original vibration signal using ICEEMDAN to obtain a
series of IMF components. In the selection of IMF components, the influence of local de-
fects in the bearing was considered. When the bearing was under local defect conditions,
the fault excitation caused high-frequency resonances, and the impact components were
mainly distributed in the medium and high-frequency segments of the signal. The first
few IMF components obtained through decomposition usually contain the most abundant
fault influence information and resonance frequency band characteristics, while the sub-
sequent components often contain low-frequency trend terms and background noise in-
terference. On this basis, the first eight IMF components were selected as the basis for
subsequent feature extraction.

When constructing the feature vector, entropy features, as indicators that can effec-
tively quantify the complexity and irregularity of the signal, are widely used in mechani-
cal fault diagnosis. Common entropy features include permutation entropy (PE), sample
entropy (SE), and energy entropy (EE). Energy entropy is simple to calculate and can re-
flect the distribution of signal energy in different frequency bands, but has low sensitivity
to fault impact characteristics. Sample entropy has advantages in measuring the complex-
ity of time series, but has a high computational cost, is more sensitive to data length and
parameter selection, and has poor stability. In contrast, permutation entropy has unique
advantages: it has strong anti-noise and anti-interference capabilities, is particularly sen-
sitive to subtle changes in dynamic time series, and is very suitable for characterizing the
microscopic signal changes caused by bearing faults; its calculation efficiency is high, has
clear physical meaning, can effectively measure the randomness and complexity of time
series; and for the common nonlinear and non-stationary characteristics of bearing fault
signals, permutation entropy can provide robust feature representations. Based on the
above analysis, permutation entropy was selected to construct the feature vector.

The permutation entropy values of the selected first eight IMF components were cal-
culated to form an 8-dimensional feature vector, which comprehensively represents the
differences in dynamic characteristics of the bearing under different working conditions.
The IMF components of each bearing state obtained through ICEEMDAN decomposition
are shown in Figure 7. The Nstd value, SNRFlag and other parameter values of
ICEEMDAN optimized by Bayesian optimization and adaptive SNR optimization strat-

egy are shown in Table 4.
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Figure 7. IMF components of the bearing under various states, (a) IMF in normal condition, (b) inner
ring failure of bearing IMF, (c) bearing rolling element failure IMF, and (d) outer ring failure of
bearing IMF.

Table 4. Setting parameters for the BAYES-ICEEMDAN-SNR algorithm.

Parameter Set Value
Nstd 0.1
NR 80
MaxIter 8
SNRFlag 1
M 1
T 3

3.2.3. Bearing Fault Identification

The ITOC optimization algorithm was used to optimize the regularization parame-
ters of LSSVM and the parameters of the RBF kernel function. The test dataset was used
for fault diagnosis, and the performance was compared. To verify the superiority and ef-
fectiveness of this method, comparative experiments were conducted between ITOC-
LSSVM and LSSVM, TRP-SVD-SVM, RP-SVD-SVM, WEST-ICNN-IHBA-LSSVM, and
EMD-INGO-LSSVM. The diagnostic results of LSSVM and ITOC-LSSVM are shown in
Figures 8 and 9 respectively, while the results of other models are presented in Table 5.
The experimental results indicate that the recognition rate of this method reaches 97.67%,
and the classification accuracy is superior to that of other methods, proving the superiority
of this method in fault diagnosis. To account for the stochastic nature of the metaheuristic
optimization, the proposed ITOC-LSSVM was executed 20 times independently. The av-

erage accuracy is reported as 97.67% + 0.32% (95% Confidence Interval).
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The identification accuracy of the test set is 84% . . . .
S ° The identification accuracy of the test set is 84%
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Figure 8. Accuracy and confusion matrix for LSSVM, (a) LSSVM classification accuracy, and (b)

LSSVM confusion matrix.
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Figure 9. Accuracy and confusion matrix for BAYES-ICEEMDAN-SNR-ITOC-LSSVM, (a) BAYES-
ICEEMDAN-SNR-ITOC-LSSVM classification accuracy, and (b) BAYES-ICEEMDAN-SNR-ITOC-
LSSVM confusion matrix.

Table 5. Classification accuracy of different models.

Classification Model Accuracy
TRP-SVD-SVM 92.71%
RP-SVD-SVM 73.00%
WEST-ICNN-IHBA-LSSVM 95.53%
EMD-INGO-LSSVM 94.04%
LSSVM 84%
ITOC-LSSVM 97.67%
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3.3. Gear Fault Diagnosis Test Verification
3.3.1. Test Data Description and Pretreatment

In order to further verify the generalization ability of the proposed method on vari-
ous mechanical components, a second experiment was conducted using the gearbox da-
taset published by Huazhong University of Science and Technology (HUST) [39]. The test
bench mainly includes a speed control unit, motor, acceleration sensor, gearbox and data
acquisition board, as shown in Figure 10. The Hub City M2 gearbox with a transmission
ratio of 1.5:1 was used in the test.

This experiment includes three typical health states of gears, normal, broken tooth
and missing, as shown in Figure 11. In order to simulate complex actual working condi-
tions, the experiment was conducted at four speeds from 20 Hz to 35 Hz and four corre-
sponding loads, as shown in Table 6. The sampling frequency of data acquisition is set to
25.6 kHz.

1: Speed control, 2:Motor, 3: Acceleration sensor, 4:
gearbox, 5: Data acquisition board

Figure 10. Test rig of HUST gearbox dataset.

8 missing

- ~
‘L s
4

(b) (c)

Figure 11. The gearbox in three health states, (a) normal, (b) broken tooth, and (c) missing tooth.

Table 6. Operating Condition.

Operating Condition Rotating Speed/Hz Load/Nm
1 20 0.113
2 25 0.226
3 30 0.339
4 35 0.452

In data processing, the original vibration signal is sliced by a sliding window. The
sliding window span is set as 1000 sampling points; each sample contains 2048 continuous
vibration data points, 120 groups of samples are extracted from each state, and a total of
1080 test samples are obtained. Then, the dataset was randomly divided into a training set
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and a test set according to the ratio of 3:1, in which the training samples were 90 groups,
and the test samples were 30 groups.

3.3.2. Fault Feature Extraction and Recognition

The feature extraction process is the same as that in Section 3.2.2. Firstly, the BAYES-
ICEEMDAN-SNR proposed in this paper is used to adaptively decompose the gear vibra-
tion signal. In the decomposition process, taking into account the distribution character-
istics of gear meshing frequency and its multiple frequency components, this paper ex-
tracts the first eight IMF components containing the main fault feature information. For
each order component, the normalized permutation entropy (PE) value is calculated, and
an 8-dimensional feature vector that can characterize the nonlinear dynamic characteris-
tics of the gear is constructed.

In the fault classification stage, the improved tornado optimization algorithm (ITOC)

is used to globally optimize the regularization parameter 7" and kernel function param-

2
eter O  of LSSVM. The improved tornado optimization algorithm (ITOC) can effectively
avoid the optimization process falling into local optimization by simulating the evolution
mechanism of tornadoes, so as to obtain more robust LSSVM model parameters.

3.3.3. Result Analysis and Conclusion

Figure 12 shows the comparison of classification results between LSSVM and ITOC-
LSSVM on the gear dataset. The experimental results show that the classification accuracy
of LSSVM without optimization is 78.89% when dealing with gear faults under multiple
working conditions, while the recognition rate of the model optimized by the TOC algo-
rithm is improved to 97.04%.

The identification accuracy of the test set is 78.89%

The identification accuracy of the test set is 78.89%
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Figure 12. Accuracy and confusion matrix, (a) BAYES-ICEEMDAN-SNR-LSSVM classification ac-
curacy, (b) BAYES-ICEEMDAN-SNR-LSSVM confusion matrix, (¢) BAYES-ICEEMDAN-SNR-
ITOC-LSSVM classification accuracy, and (d) BAYES-ICEEMDAN-SNR-ITOC-LSSVM confusion

matrix.

Predict class

The confusion matrix shown in Figure 12 further shows that ITOC-LSSVM can effec-
tively distinguish similar impact features such as broken teeth and missing teeth, and the
missed diagnosis rate and misdiagnosis rate are significantly reduced. The test results
show that the BAYES-ICEEMDAN-SNR-ITOC-LSSVM model proposed in this paper is
not only suitable for bearing fault diagnosis but also has high accuracy and reliability in
fault identification of the gearbox under complex working conditions.

3.4. Ablation Experiment

In order to systematically evaluate the contribution of each core module in the
BAYES-ICEEMDAN-SNR-ITOC-LSSVM framework proposed in this paper, ablation ex-
periments are designed in this section. By constructing and testing variant models of five
key components, this paper aims to quantitatively analyze the impact of adaptive noise
parameter optimization (Bayesian optimization), signal decomposition method improve-
ment, adaptive signal-to-noise ratio adjustment (SNR) and classifier parameter optimiza-
tion (ITOC) on the final fault diagnosis performance.

Five ablation variants were designed in this experiment

(1) BAYES-EEMD-SNR-ITOC-LSSVM: the core decomposition method is replaced by
ensemble empirical mode decomposition (EEMD) to evaluate the advantages of
ICEEMDAN in suppressing mode aliasing and reducing reconstruction error.

(2) BAYES-EMD-SNR-ITOC-LSSVM: the core decomposition method is replaced by the
basic empirical mode decomposition (EMD) to verify the necessity of introducing the
noise-assisted integrated decomposition strategy.

(3) BAYES-ICEEMDAN-ITOC-LSSVM: remove the adaptive signal-to-noise ratio (SNR)
adjustment module and adopt a fixed noise injection strategy to evaluate the impact
of the dynamic SNR mechanism on the robustness of feature extraction in a strong
noise environment.

(4) BAYES-ICEEMDAN-SNR-LSSVM: remove the improved Tornado Optimizer with
Coriolis force ITOC) and determine the LSSVM parameters by default or grid search
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to measure the value of ITOC in optimizing the classifier super parameters and
avoiding local optimization.

(5) ICEEMDAN-SNR-ITOC-LSSVM: remove the Bayesian optimization module and set
the noise parameters of ICEEMDAN with empirical values to verify the role of Bayes-
ian optimization in adaptively determining the optimal noise parameters and im-
proving the decomposition quality.

The experiment was conducted on the Case Western Reserve University (CWRU)
bearing dataset, covering ten kinds of bearing health states: normal state and three kinds
of fault types: inner ring fault, rolling element fault and outer ring fault. Each fault in-
cludes three kinds of defect diameters of 0.007 inch, 0.014 inch and 0.021 inch, making a
total of ten types of samples. All variants use the same training/test set partition (7:3), the
same permutation entropy feature extraction process (select the first eight IMF compo-
nents to calculate PE) and the same evaluation index.

The experimental results (as shown in Figures 13-17 and the corresponding confu-
sion matrix) clearly show that the complete BAYES-ICEEMDAN-SNR-ITOC-LSSVM
model achieves the highest fault diagnosis accuracy (97.67%) compared with any ablation
variant. Specific analysis is as follows:

Variants (1) and (2): When EEMD or EMD is used to replace ICEEMDAN, the accu-
racy is significantly reduced. This confirms that ICEEMDAN has advantages in suppress-
ing mode aliasing and residual noise when dealing with the non-stationary and nonlinear
characteristics of bearing vibration signals, and provides a higher quality intrinsic mode
function (IMF) component for subsequent feature extraction.

Variant (3): After removing the adaptive SNR adjustment, the model is unstable in
the signal segment where the noise intensity changes, and the accuracy is reduced. This
highlights the key role of the dynamic SNR mechanism, which can adjust the noise injec-
tion intensity in real time according to the local signal-to-noise ratio of the signal, so as to
enhance the weak fault characteristics more effectively under the strong background noise.

Variant (4): When the LSSVM parameters are optimized without ITOC, the classifi-
cation accuracy decreases most significantly. This proves that the ITOC algorithm effec-
tively improves the global search ability and convergence accuracy by integrating the
Chebyshev chaotic map, Cauchy mutation and a dynamic reverse learning strategy. The
LSSVM super parameter optimized by the ITOC algorithm significantly improves the
classification boundary and generalization performance of the model.

Variant (5): After using fixed noise parameters, the performance of the model also
declines. This shows that the Bayesian optimization module can efficiently and automati-
cally search for the optimal noise parameters of ICEEMDAN, avoid the uncertainty of
manual trial and error, and ensure the adaptability and stability of the signal decomposi-
tion process in different operating states.

The experimental results show that each improved module in the proposed frame-
work is indispensable. BAYES-ICEEMDAN-SNR module works together to realize adap-
tive, highly robust decomposition and feature enhancement of vibration signal in a strong
noise environment; the ITOC module significantly improves the parameter optimization
efficiency and final performance of LSSVM classifier. All modules work together to form
the basis of a high-precision and strong adaptive fault diagnosis method in this paper.
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Figure 13. Accuracy and confusion matrix for BAYES-EEMD-SNR-ITOC-LSSVM, (a) BAYES-
EEMD-SNR-ITOC-LSSVM classification accuracy, and (b) BAYES-EEMD-SNR-ITOC-LSSVM con-
fusion matrix.
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Figure 14. Accuracy and confusion matrix for BAYES-EMD-SNR-ITOC-LSSVM, (a) BAYES-EMD-
SNR-ITOC-LSSVM classification accuracy, and (b) BAYES-EMD-SNR-ITOC-LSSVM confusion ma-

trix.
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Figure 15. Accuracy and confusion matrix for BAYES-ICEEMDAN-ITOC-LSSVM, (a) BAYES-
ICEEMDAN-ITOC-LSSVM dlassification accuracy, and (b) BAYES-ICEEMDAN-ITOC-LSSVM con-
fusion matrix.
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Figure 16. Accuracy and confusion matrix for BAYES-ICEEMDAN-SNR-LSSVM, (a) BAYES-
ICEEMDAN-SNR-LSSVM classification accuracy, and (b) BAYES-ICEEMDAN-SNR-LSSVM confu-

sion matrix.
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Figure 17. Accuracy and confusion matrix for ICEEMDAN-SNR-ITOC-LSSVM, (a) ICEEMDAN-
SNR-ITOC-LSSVM classification accuracy, and (b) ICEEMDAN-SNR-ITOC-LSSVM confusion ma-

trix.

3.5. Discussion

The experimental results show that the proposed BAYES-ICEEMDAN-SNR-ITOC-
LSSVM method achieves a competitive fault diagnosis accuracy of 97.67% on the CWRU
dataset. We note that some studies in the literature have reported that the accuracy rate is
close to 100% on the benchmark dataset. This raises a reasonable question: why do we still
need such a complex method as we proposed?

The answer lies in the core objectives and practical considerations of our research,
which go beyond the pursuit of the highest accuracy only on specific and well-structured
public datasets. Our method design focuses on robustness, adaptability and engineering
practicability in challenging environments, especially in scenes with strong noise and var-
iable noise, which can better reflect the real industrial environment. Its contribution and
design reasons are detailed as follows:

Emphasize robustness in a strong noise environment: Many methods that achieve
high accuracy on CWRU may use carefully preprocessed data, optimal signal segmenta-
tion or highly optimized features for specific noise characteristics of the dataset. In con-
trast, the core innovation of our BAYES-ICEEMDAN-SNR module lies in its ability to
achieve adaptive denoising and feature enhancement under strong noise. Integrating
Bayesian optimization and a dynamic SNR adjustment mechanism, it is specially used to
deal with signal quality changes without human intervention. The 97.67% accuracy rate
reported in this paper was obtained under a consistent and possibly more challenging
evaluation framework (for example, using sliding windows and randomly dividing da-
tasets under various operating conditions), showing its reliable performance rather than
the peak performance under ideal settings.

Advantages within the comparable framework: As shown in Table 5, under the same
experimental settings, our method (97.67%) is superior to other representative diagnostic
models in the same period (for example, 95.53% of WEST-ICNN-IHBA-LSSVM and 94.04%
of EMD-INGO-LSSVM). This comparative analysis verifies that the proposed integration
framework, which combines the adaptive signal processor with the improved optimizer,
is more effective than other complex hybrid methods in the same comparison range.

https://doi.org/10.3390/s26051543



Sensors 2026, 26, 1543

31 of 34

Provide end-to-end adaptive solutions: A major challenge in industrial applications
is the lack of universally optimal parameter sets. The method to achieve 100% accuracy
usually depends on a large number of manual parameter tuning for the CWRU dataset.
Our work contributes to an end-to-end process embedded with adaptive mechanisms
(BAYES-ICEEMDAN-SNR for signal processing and ITOC for classifier tuning). This re-
duces the dependence on expert knowledge and the trial and error method and enhances
the generalization ability of the method to different machines or working conditions, be-
cause the noise level and signal characteristics of these scenes may be different from the
CWRU benchmark.

Lay the foundation for handling more complex scenarios: the CWRU dataset is the
benchmark for verifying the functions of the core algorithm. The architecture of the pro-
posed method is more suitable for dealing with scenes involving non-stationary noise,
variable speed or limited marker data, which are common challenges in predictive
maintenance in the real world. The high accuracy obtained on CWRU confirms the solid
foundation of this method, and its adaptive design enables it to deal with more complex
and less manual industrial data.

In summary, although the peak accuracy is an important indicator, the engineering
significance of the diagnosis method also includes its adaptability, robustness and deploy-
ment convenience. The proposed BAYES-ICEEMDAN-SNR-ITOC-LSSVM framework
provides a balanced and precise solution. It not only provides high accuracy but also
solves the key practical challenges in automatic fault diagnosis, which proves the ration-
ality of its design complexity.

4. Conclusions

In view of the difficulties in extracting vibration signal features in the fault diagnosis
of rolling bearings, the low efficiency of optimizing diagnostic model parameters, and the
tendency to fall into local optima, a fault diagnosis method for rolling bearings based on
wavelet transformation is proposed. A fault diagnosis method based on BAYES-
ICEEMDAN-SNR feature extraction and ITOC-LSSVM is proposed. Through theoretical
analysis of the system, algorithm improvement and experimental verification, the follow-
ing conclusions are drawn:

(1) By introducing Bayesian optimization and an adaptive signal-to-noise ratio adjust-
ment mechanism, the ICEEMDAN algorithm has been significantly improved, effec-
tively overcoming the dependence of the original algorithm on the empirical setting
of noise parameters. Bayesian optimization enables adaptive global optimization of
the noise standard deviation, significantly enhancing the stability and adaptability of
the decomposition process. This algorithm combines real-time dynamic assessment
based on signal-to-noise ratio and noise intensity adjustment, enabling adaptive ad-
justment of the decomposition strategy according to different signal qualities, en-
hancing the ability to extract fault features while suppressing over-decomposition
and mode aliasing. The improved BAYES-ICEEMDAN-SNR further improves the
decomposition quality and feature representation robustness of non-stationary and
nonlinear vibration signals.

(2) The improved tornado optimization algorithm exhibits excellent global optimization
performance. By incorporating Chebyshev chaotic mapping initialization, Cauchy
mutation strategy, and a dynamic reverse learning mechanism, ITOC effectively en-
hances population diversity, global search capability, and the ability to escape from
local optima, overcoming the shortcomings of the original TOC algorithm, which is
prone to premature convergence and easily trapped in local optima. Simulation re-
sults on 12 standard test functions indicate that ITOC outperforms the original TOC

https://doi.org/10.3390/s26051543



Sensors 2026, 26, 1543

32 of 34

algorithm and comparison algorithms such as GWO, WOA, and NGO in terms of
convergence speed, solution accuracy, and stability.

(3) The LSSVM diagnostic model jointly optimized by BAYES-ICEEMDAN-SNR and
ITOC has high recognition accuracy and engineering practicability. The permutation
entropy features extracted by the improved BAYES-ICEEMDAN-SNR algorithm can
more comprehensively characterize different fault states; the ITOC algorithm adap-
tively optimizes the key parameters of LSSVM to construct a high-performance fault
classifier. The verification on the bearing dataset of Case Western Reserve University
and the gear dataset of Huazhong University of Science and Technology shows that
the overall fault diagnosis accuracy of this method reaches over 97%, significantly
higher than that of the mainstream diagnostic models such as standard LSSVM.
These experimental results prove the effectiveness of this method in extracting fault
features and achieving accurate classification in noisy environments, and it has a
good engineering application prospect.

Although the proposed BAYES-ICEEMDAN-SNR-ITOC-LSSVM framework demon-
strated superior diagnostic accuracy and robustness on the CWRU dataset, it still has cer-
tain limitations that require further investigation:

(1) Higher computational burden: The integration of Bayesian optimization with the
ITOC algorithm increases the complexity of the hyperparameter tuning stage. Alt-
hough this ensures higher accuracy, the computational cost of the offline training
phase is higher than that of non-optimized models.

(2) Generalization ability under dynamic conditions: The current verification is mainly
based on stable operation conditions. The performance and reliability of this frame-
work in strong non-stationary environments (such as rapid load fluctuations or time-
varying rotational speeds) still need to be comprehensively evaluated.

(3) Empirical feature selection: The selection of the first eight IMFs for the calculation of
permutation entropy relies on prior knowledge of the bearing fault characteristics.
Developing an automated, data-driven criterion for the optimal selection of IMF will
enhance the adaptability and universality of the diagnostic process.

Future research will focus on enhancing the computational efficiency of the ITOC
algorithm to support real-time monitoring and will expand this framework to the field of
cross-domain transfer learning to address the challenge of scarce data in practical indus-
trial applications.
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