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Abstract. Mud pumps operate under harsh conditions, where strong background noise, load 
fluctuations, and complex excitations result in highly non-stationary vibration signals, posing 
significant challenges for reliable bearing fault diagnosis. To address these challenges, this study 
proposes an adaptive vibration-based fault diagnosis framework for mud pump bearings, utilizing 
variational mode decomposition optimized by a multi-strategy enhanced sparrow search algorithm 
(MSESSA-VMD). The proposed MSESSA incorporates sine–cosine perturbation, Cauchy 
mutation, and adaptive weight updating mechanisms to enhance global exploration and 
convergence stability. In contrast to conventional SSA-based optimization approaches, this 
strategy enables automatic and robust optimization of key VMD parameters, including the number 
of decomposition modes and the penalty factor, thereby improving decomposition quality under 
complex operating conditions. Fault-relevant intrinsic mode functions (IMFs) are subsequently 
selected based on energy-based criteria for multi-dimensional feature extraction. Intelligent fault 
classification is then performed using a Light Gradient Boosting Machine (LightGBM) classifier. 
The effectiveness of the proposed framework is first verified using the benchmark Case Western 
Reserve University (CWRU) bearing dataset and further validated on simulated mud pump 
bearing vibration signals to assess robustness under industrial-like operating conditions. 
Experimental results demonstrate that the proposed method achieves an average diagnostic 
accuracy of 96.14 %, outperforming conventional VMD-based and SSA-VMD approaches in 
terms of accuracy and robustness against noise and signal non-stationarity. Overall, this study 
presents a novel framework that integrates a multi-strategy enhanced sparrow search mechanism 
with adaptive VMD parameter optimization for mud pump bearing fault diagnosis, providing a 
robust and generalizable solution for vibration-based machinery health monitoring in complex 
industrial environments.  
Keywords: variational mode decomposition, sparrow search algorithm, adaptive optimization, 
bearing fault diagnosis, mud pump vibration, machine learning. 

1. Introduction 

Mud pumps are critical components in drilling systems, and their operating conditions directly 
affect drilling efficiency, equipment reliability, and operational safety. During long-term operation 
under harsh environments, key rotating components such as bearings are subjected to heavy loads, 
complex mechanical excitations, and severe environmental disturbances. These factors generate 
highly nonlinear and non-stationary vibration responses, significantly increasing the difficulty of 
fault detection and condition monitoring [1-4]. 

In practical industrial settings, vibration signals collected by sensors are often contaminated 
by strong background noise and external disturbances, rendering fault-related features weak and 
difficult to extract. Failure to detect bearing faults in a timely manner may lead to unexpected 
equipment failures, drilling interruptions, or even serious safety accidents [5-7]. Consequently, 
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developing reliable vibration signal processing techniques and intelligent fault diagnosis methods 
for rotating machinery has become a critical research topic in condition monitoring and predictive 
maintenance [8-10]. In particular, data-driven fault diagnosis approaches based on feature 
selection and data mining techniques have demonstrated promising performance in complex 
industrial systems [11]. 

Signal decomposition techniques have recently gained significant attention for analyzing 
nonlinear and non-stationary vibration signals. Among them, Empirical Mode Decomposition 
(EMD) is widely used due to its adaptive nature and ability to decompose complex signals into 
intrinsic mode functions (IMFs) without requiring predefined basis functions [12]. EMD has been 
applied extensively in the fault diagnosis of rotating machinery, including bearings, pumps, and 
gearboxes [13-15]. However, classical EMD suffers from intrinsic limitations such as mode 
mixing, end effects, and sensitivity to noise, which can compromise the reliability of extracted 
features [16]. To mitigate these issues, variants such as Ensemble Empirical Mode Decomposition 
(EEMD) and complementary ensemble methods have been proposed [17, 18]. Although these 
methods can partially alleviate mode mixing, they may introduce reconstruction errors and 
increase computational complexity. 

Variational Mode Decomposition (VMD) has emerged as a robust alternative to EMD, 
formulating signal decomposition as a constrained variational optimization problem to extract a 
predefined number of band-limited IMFs. Compared with traditional EMD, VMD offers improved 
noise robustness, reduced mode mixing, and enhanced decomposition stability [19-22], and it has 
been widely employed in vibration analysis, fault feature extraction, and condition monitoring of 
rotating machinery [24-25]. The effectiveness of VMD critically depends on selecting key 
parameters, particularly the number of decomposition modes K and the penalty factor \alpha. 
Improper settings may lead to under- or over-decomposition, reducing feature quality and 
diagnostic accuracy [26]. 

To address this, intelligent optimization algorithms have been employed to automatically 
determine optimal VMD parameters. Genetic algorithms and other evolutionary methods have 
been widely applied to fault diagnosis as well as broader engineering optimization problems 
[27, 28]. Swarm intelligence algorithms, including particle swarm optimization (PSO), artificial 
fish swarm algorithm, and gray wolf optimizer, are also commonly adopted for this purpose 
[29-31]. More recently, the Sparrow Search Algorithm (SSA), inspired by the foraging and 
anti-predation behaviors of sparrows, has shown promising performance in complex optimization 
tasks due to its simple structure, fast convergence, and strong global search capability [32-35]. 
However, conventional SSA may still suffer from insufficient population diversity and a tendency 
to become trapped in local optima during later iterations. 

To overcome these limitations, numerous SSA variants have been proposed by incorporating 
mechanisms such as chaotic mapping, adaptive weight updating, sine-cosine perturbations, and 
mutation operators [36-38]. These strategies aim to balance global exploration and local 
exploitation, improving convergence stability and optimization accuracy in complex search 
spaces. 

After signal decomposition, selecting the most informative IMFs that contain significant fault 
information is another critical step in the fault diagnosis process. Directly using all decomposed 
modes may introduce redundant or noise-dominated components, which can increase feature 
dimensionality and negatively affect classification performance [39]. Therefore, effective IMF 
evaluation and selection strategies are essential for improving feature quality and diagnostic 
reliability. 

Energy-based indicators and statistical impulsiveness measures have been widely used to 
identify fault-sensitive signal components [40]. Among them, the Energy Contribution Ratio 
(ECR) reflects the relative energy distribution of each IMF, while the Peak Factor (PF) is highly 
sensitive to impulsive fault signatures, making them effective indicators for early-stage bearing 
fault detection [41]. 

In addition to signal processing and feature extraction techniques, the performance of a fault 
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diagnosis system is also strongly influenced by the effectiveness of the classification algorithm. 
Traditional machine learning methods, such as support vector machines and k-nearest neighbor 
classifiers, have been widely used in rotating machinery fault diagnosis. However, their 
performance may deteriorate when handling high-dimensional nonlinear features or large-scale 
datasets. Recently, ensemble learning models have demonstrated strong performance in industrial 
diagnosis tasks due to their ability to integrate multiple weak learners and improve prediction 
robustness. 

Among these methods, Light Gradient Boosting Machine (LightGBM) has attracted increasing 
attention because of its efficient histogram-based feature discretization and leaf-wise tree growth 
strategy, which significantly improve computational efficiency while maintaining high 
classification accuracy. Furthermore, integrating automated hyperparameter optimization 
techniques can further enhance model stability and reduce dependence on empirical parameter 
tuning. 

Motivated by the above challenges, this study proposes an adaptive vibration-based fault 
diagnosis framework for mud pump bearings by integrating a multi-strategy enhanced sparrow 
search algorithm (MSESSA), optimized VMD decomposition, and LightGBM classification. In 
the proposed framework, MSESSA is first employed to automatically determine the optimal 
parameters of VMD, thereby improving the decomposition quality of nonlinear and non-stationary 
vibration signals. 

Subsequently, an IMF selection strategy based on the combined Energy Contribution Ratio 
and Peak Factor is introduced to identify fault-relevant signal components while suppressing 
noise-dominated modes. Finally, statistical features extracted from the selected IMFs are used to 
train a LightGBM classifier for accurate fault identification. 

The effectiveness of the proposed method is validated using the widely used Case Western 
Reserve University (CWRU) bearing dataset and further evaluated using simulated mud pump 
vibration signals under representative operating conditions, including load variations, noise 
interference, and non-stationary excitations. Experimental results demonstrate that the proposed 
framework outperforms conventional VMD-based and SSA-VMD approaches in terms of 
diagnostic accuracy and robustness against noise and signal non-stationarity. 

Compared with existing VMD-based or SSA-based diagnostic approaches, the proposed 
framework provides several improvements. First, unlike conventional SSA-VMD methods that 
rely on single enhancement strategies or static parameter control, the proposed multi-strategy 
enhanced sparrow search algorithm (MSESSA) integrates complementary mechanisms to 
improve both global exploration and local exploitation, resulting in more stable convergence and 
more reliable optimization performance. 

Second, while most existing studies focus primarily on VMD parameter optimization, this 
study introduces a joint IMF selection strategy based on the Energy Contribution Ratio (ECR) and 
Peak Factor (PF), which effectively refines decomposition results and suppresses noise-dominated 
components. 

Third, instead of adopting computationally intensive deep learning architectures, a lightweight 
Light Gradient Boosting Machine (LightGBM) classifier is employed, achieving efficient training, 
strong generalization ability, and improved practicality for engineering applications. By 
integrating these components, an adaptive and robust fault diagnosis framework for mud pump 
bearings is established. 

The remainder of this paper is organized as follows. Section 2 introduces the proposed 
MSESSA-VMD-LightGBM model and the corresponding optimization strategy. Section 3 
presents the overall fault diagnosis framework. Section 4 provides experimental validation and 
comparative analysis using the CWRU bearing dataset. Section 5 further evaluates the 
applicability of the proposed method using simulated mud pump vibration signals under 
representative operating conditions. Finally, Section 6 summarizes the main conclusions and 
discusses future research directions. 

The main contributions and innovations of this study can be summarized as follows. Unlike 
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conventional SSA–VMD approaches that typically rely on a single enhancement strategy or static 
parameter control, the proposed framework integrates multiple improvement mechanisms to 
achieve more stable parameter optimization and improved diagnostic performance under complex 
operating conditions. 

(1) A novel multi-strategy enhanced sparrow search algorithm (MSESSA) is proposed by 
incorporating sine–cosine perturbation, Cauchy mutation, and adaptive weight updating 
mechanisms. These strategies effectively enhance the global exploration capability and 
convergence stability of the conventional SSA in complex optimization spaces. 

(2) An adaptive VMD parameter optimization framework is developed to automatically 
determine the optimal number of decomposition modes and the penalty factor. This approach 
reduces reliance on empirical parameter selection and improves the robustness of signal 
decomposition for highly nonlinear and non-stationary vibration signals. 

(3) A comprehensive vibration-based fault diagnosis framework for mud pump bearings is 
established by integrating optimized VMD decomposition, fault-relevant IMF selection based on 
Energy Contribution Ratio and Peak Factor, multidimensional feature extraction, and 
LightGBM-based classification into a unified end-to-end diagnostic process. 

(4) Extensive experiments conducted on both the CWRU benchmark dataset and simulated 
mud pump vibration signals demonstrate that the proposed framework achieves higher diagnostic 
accuracy and stronger robustness against noise interference and signal non-stationarity compared 
with conventional VMD-based and SSA-VMD diagnostic approaches, highlighting its potential 
applicability in intelligent condition monitoring of industrial mud pump systems. 

2. Fault diagnosis model based on MSESSA-VMD-LightGBM 

2.1. MSESSA-VMD  

In fault diagnosis, variational mode decomposition (VMD) has been widely adopted to extract 
intrinsic modal components from vibration signals. The decomposition performance of VMD is 
highly dependent on parameter selection, particularly the number of modes 𝐾 and the penalty 
factor 𝛼, which jointly determine the bandwidth and resolution of each mode. Inappropriate 
parameter settings may lead to mode mixing, over-decomposition, or loss of fault-related 
information. 

In most existing studies, VMD parameters are determined empirically or through exhaustive 
search, which is time-consuming and lacks adaptability to varying operating conditions. To 
address this issue, this study introduces a multi-strategy enhanced sparrow search algorithm 
(MSESSA) for automatic optimization of VMD parameters, aiming to improve the adaptability, 
stability, and decomposition performance of VMD in fault diagnosis applications. 

The core idea of VMD is to assume that the original signal 𝑓ሺ𝑡ሻ consists of several sub-signals {𝑢௞ሺ𝑡ሻ}௞ିଵ௄  with finite bandwidths, each corresponding to a distinct center frequency 𝜔௞. The 
objective of VMD is to make each mode as compact as possible in the frequency domain – that is, 
to minimize the sum of their bandwidths – thereby achieving an adaptive decomposition of the 
signal. Specifically, the variational model of VMD can be expressed as: 

min{௨ೖ},{ఠೖ} ൝෍ฯ𝜕௧ ൤൬𝛿ሺ𝑡ሻ + 𝑗𝜋𝑡൰ ∗ 𝑢௞ሺ𝑡ሻ൨ 𝑒ି௝ఠೖ௧ฯ2ଶ௄
௞ୀଵ ൡ, (1)

where, * denotes the convolution operation, 𝜕௧ represents the partial derivative with respect to 
time, and 𝛿(𝑡) is the impulse response function. The physical significance of this optimization 
problem lies in constraining the bandwidth of each mode in the frequency domain, thereby 
assigning distinct center frequencies to different modes and achieving adaptive signal 
decomposition. 



ADAPTIVE VIBRATION-BASED BEARING FAULT DIAGNOSIS FOR MUD PUMPS USING MSESSA-OPTIMIZED VARIATIONAL MODE DECOMPOSITION.  
CHAO ZHANG, BING WANG, ZHENZHONG ZHANG 

 JOURNAL OF VIBROENGINEERING. JUNE 2026, VOLUME 28, ISSUE 4 891 

To solve this optimization problem, VMD introduces the Lagrange multiplier 𝜆(𝑡) and the 
penalty factor 𝛼 to construct an augmented Lagrange function: 

𝐿({𝑢௞}, {𝜔௞}, 𝜆) = 𝛼෍ฯ𝜕௧ ൤൬𝛿(𝑡) + 𝑗𝜋𝑡൰ ∗ 𝑢௞(𝑡)൨ 𝑒ି௝ఠೖ௧ฯ2ଶ௄
௞ୀଵ        +ቛ𝑓(𝑡) −෍𝑘 = 1௄𝑢௞(𝑡)ቛ2ଶ + ർ𝜆(𝑡), 𝑓(𝑡) −෍𝑘 = 1௄𝑢௞(𝑡)඀. (2)

Using the Alternating Direction Method of Multipliers (ADMM), VMD alternately updates 
each mode 𝑢௞, center frequency 𝜔௞, and Lagrange multiplier 𝜆(𝑡) until convergence criteria are 
met. The iterative update steps can be summarized as follows: 

(1) Update each modal component 𝑢௞: Update its spectral representation in the frequency 
domain to minimize bandwidth at the given center frequency. 

(2) Update center frequency 𝜔௞: Calculate the energy center of the current modal spectrum to 
dynamically adjust the center frequency. 

(3) Update Lagrange multiplier 𝜆(𝑡): Ensure the reconstructed signal of each mode matches 
the original signal. 

SSA classifies individuals within a population into three categories: Discoverers, Joiners, and 
Scouts. Discoverers perform global search and directional guidance, possessing higher energy to 
explore broader spaces; Joiners conduct local search and follow position updates based on 
Discoverers to enhance convergence; Scouts monitor potential threats in the environment (such as 
getting stuck in local optima) and help the population escape local optima traps through mutation 
or jump strategies. 

Their position update models are as follows: 
– Discoverer position update: 𝑋௜௧ାଵ = 𝑋௜௧ ⋅ 𝑒ି ௜ఈ⋅் , (3)𝑋௜௧ାଵ = 𝑋௜௧ + 𝑄 ⋅ 𝐿, (4)

where 𝑄 is a random number following a normal distribution, 𝐿 is the random stride, and 𝛼 is the 
control parameter. 

– Participant position update: 

𝑋௜௧ାଵ = 𝑄 ⋅ 𝑒 ௑ೢ೚ೝೞ೟೟ ି௑೔೟൫௑್೐ೞ೟೟ ି௑೔೟ା௘൯. (5)

Among them, 𝑋௕௘௦௧௧  and 𝑋௪௢௥௦௧௧  represent the current global best and worst individuals, 
respectively. 

– Sentinel position update: 𝑋௜௧ାଵ = 𝑋௕௘௦௧௧ + 𝛽 ⋅ |𝑋௜௧ − 𝑋௕௘௦௧௧ |, (6)

where, 𝛽 represents a disturbance factor following a standard normal distribution, used to simulate 
the random jumping behavior of sparrows when threatened. 

In the conventional Sparrow Search Algorithm (SSA), position updates are governed by 
predefined behavioral rules, which may limit adaptability during complex optimization tasks. 
Although SSA is designed to balance global exploration and local exploitation, its performance 
may degrade when solving high-dimensional or multimodal problems. In particular, insufficient 
population diversity in the early search stages can restrict exploration coverage, while limited 
refinement capability in later iterations may result in premature convergence to local optima. 

To address these limitations, this study proposes a Multi-Strategy Enhanced Sparrow Search 
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Algorithm (MSESSA). The proposed approach incorporates three complementary enhancement 
mechanisms to improve population diversity, strengthen local exploitation accuracy, and enhance 
overall convergence stability. 

(1) Sine-cosine mechanism. 
During the early exploration phase, the standard SSA initialization and position update strategy 

may lead to uneven population distribution and inadequate global search coverage. To mitigate 
this issue, a sine-cosine perturbation mechanism is embedded into the position update process. By 
introducing oscillatory adjustments based on sine and cosine functions, individual positions are 
adaptively perturbed with dynamic step sizes. This periodic search behavior enlarges the 
exploration range and increases population diversity during early iterations, thereby improving 
the algorithm’s ability to escape poor initial regions and explore the solution space more 
effectively. The corresponding position update formula is defined as follows: 𝑋௜௧ାଵ = 𝑋௜௧ + 𝑟ଵ × sin(𝑟ଶ) × |𝑟ଷ × 𝑋௕௘௦௧௧ − 𝑋௜௧|. (7)

Among these, 𝑟ଵ, 𝑟ଶ and 𝑟ଷ are random factors used to control the search amplitude and 
direction. This mechanism implicitly introduces a periodic global perturbation behavior, which 
shares a similar exploratory effect with random walk-based strategies. 

(2) Cauchy mutation strategy. 
In the middle and later stages of the optimization process, the population in standard SSA may 

gradually lose diversity, increasing the risk of premature convergence to local optima. To enhance 
the algorithm’s ability to escape such stagnation, a Cauchy mutation operator is applied to selected 
elite individuals. Due to its heavy-tailed probability distribution, the Cauchy function occasionally 
generates large perturbations, enabling long-distance transitions in search space. These sporadic 
large-step updates help the algorithm escape local minimum while preserving exploitation around 
promising regions. Consequently, population diversity is maintained, and the global search 
robustness of the algorithm is improved. The mutation process can be expressed as follows: 𝑋௡௘௪ = 𝑋௘௟௜௧௘ + 𝛿 × 𝐶(0,1), (8)

where, 𝐶(0,1) denotes a random variable following a standard Cauchy distribution, where 𝛿 is the 
coefficient of variation. Compared with Gaussian mutation, the heavy-tailed distribution of the 
Cauchy operator provides stronger long-distance exploration capability. 

(3) Adaptive weighting mechanism. 
To achieve a dynamic balance between exploration and exploitation during the entire 

optimization process, an adaptive weighting mechanism is introduced. The adaptive weight is 
designed to vary with the iteration number: larger weights are assigned in early iterations to 
encourage broader exploration, while gradually decreasing weights in later iterations promote 
refined local search. This progressive adjustment allows the algorithm to transition smoothly from 
coarse global search to fine-grained exploitation. As a result, convergence efficiency is enhanced 
and solution accuracy is improved in the later optimization stages. The adaptive weighting scheme 
is defined as: 𝜔 = 𝜔 ൬𝜔𝑚𝑖𝑛௠௔௫ × 𝑡𝑇௠௔௫൰௠௔௫. (9)

As iterations progress, the adaptive weights in MSESSA gradually decrease, allowing the 
algorithm to shift smoothly from broad global exploration to fine-grained local exploitation. This 
adjustment enhances convergence efficiency and search precision, reduces the need for manual 
parameter tuning, and improves robustness under varying signal conditions. The multi-strategy 
enhancements – including sine-cosine perturbation, Cauchy mutation, and adaptive weight 
updating – strengthen global exploration, prevent premature convergence, and maintain 
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population diversity. Sine-cosine perturbation guides sparrows toward unexplored regions, while 
Cauchy mutation introduces stochastic variation to elite individuals, helping escape local optima. 

 Initialization       
• Population size N        
• Max iterations T        
• Search ranges of K, α     
• Initial sparrow positions

Start

 Fitness Evaluation 
 • Joint MSE–EE objective 

 Position Update            
• SSA update mechanism  
• Sine–cosine perturbation

 Elite Perturbation           
• Cauchy mutation strategy

 Adaptive Weight Update    
• Balance exploration /  exploitation  

Termination criterion 
satisfied?

Output optimal (K, α)  

End

Yes

No

 
Fig. 1. Flowchart of the proposed multi-strategy enhanced sparrow  

search algorithm (MSESSA) for VMD parameter optimization 
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The overall procedure of MSESSA is illustrated in Fig. 1. The population size, maximum 
iterations, and search ranges for key VMD parameters are initialized, and the initial sparrow 
population is generated randomly. The fitness of each individual is evaluated using the joint 
MSE-EE objective function, balancing reconstruction fidelity and fault information concentration. 
During each iteration, sparrow positions are updated according to standard SSA rules, enhanced 
by the sine-cosine perturbation, and elite individuals undergo Cauchy mutation. Adaptive weights 
are adjusted dynamically, gradually shifting the emphasis from exploration to exploitation. 

Compared with conventional SSA, MSESSA demonstrates improved convergence stability 
and global search capability, ensuring that optimal VMD parameters are selected. This results in 
intrinsic mode functions with high modal independence and concentrated fault-related energy, 
providing a reliable basis for subsequent feature extraction and fault classification. 

The detailed optimization procedure of the proposed MSESSA-VMD framework is 
summarized in Table 1. 

Table 1. MSESSA-VMD parameter optimization framework 
Input: 
    Raw vibration signal 𝑥(𝑡) 
    Population size 𝑁 
    Maximum iteration 𝑇௠௔௫ 
    Search ranges of 𝐾 and 𝛼 
 
Output: 
    Optimal parameters 𝐾∗, 𝛼∗ 
    Optimal decomposed IMFs 
 
1:  Initialize sparrow population 𝑋௜ = ሾ𝐾௜ ,𝛼௜ሿ, 𝑖 = 1, 2,...,𝑁 
2:  Randomly generate 𝐾௜ and 𝛼௜ within predefined bounds 
3:  For each 𝑋௜: 
4:      Perform VMD decomposition using (𝐾௜, 𝛼௜) 
5:      Compute fitness = MSE + Energy Entropy (EE) 
6:  End For 
 
7:  𝑡 = 1 
8:  While (𝑡 ≤ 𝑇௠௔௫) do 
9:      Rank population according to fitness 
10:     Identify discoverers and joiners 
 
11:     Update discoverers using sine-cosine perturbation 
12:     Apply Cauchy mutation to selected individuals 
13:     Update adaptive weight parameters 
 
14:     Apply boundary control to 𝐾௜ and 𝛼௜ 
15:     Round Ki to nearest integer 
 
16:     For each updated 𝑋௜: 
17:         Perform VMD decomposition 
18:         Recalculate fitness 
19:     End For 
 
20:     Update global best solution (𝐾∗, 𝛼∗) 
21:     𝑡 = 𝑡 + 1 
22:  End While 
 
23: Perform final VMD using (𝐾∗, 𝛼∗) 
24: Return optimal parameters and IMFs 
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Table 1 illustrates the iterative optimization procedure, in which VMD parameters are 
adaptively updated through sine–cosine perturbation, Cauchy mutation, and adaptive weighting 
mechanisms. 

To guide the adaptive optimization of VMD parameters, a composite fitness function 
integrating Mean Squared Error (MSE) and Envelope Entropy (EE) is employed as the primary 
evaluation criterion of the proposed MSESSA framework. 

The MSE quantifies the reconstruction accuracy between the original vibration signal and the 
signal reconstructed by VMD, reflecting the fidelity of signal approximation. Lower MSE values 
indicate higher reconstruction accuracy and reduced signal distortion during decomposition. 

The EE characterizes the energy distribution of the signal envelope and captures the 
concentration and independence of energy among the decomposed intrinsic mode functions 
(IMFs). Smaller EE values correspond to more concentrated modal energy and reduced inter-
component coupling, thereby enhancing the sensitivity to fault-related features. 

Relying on a single evaluation index may yield suboptimal decomposition. Minimizing MSE 
alone can achieve accurate signal reconstruction but may result in mode overlaps, whereas 
focusing solely on EE may improve modal separation at the expense of reconstruction fidelity. To 
overcome these limitations, MSE and EE are jointly incorporated into a unified fitness function, 
enabling a balanced assessment of reconstruction accuracy and modal independence. The 
optimization objective is defined as: 𝐹 = 𝜔ଵ ⋅ 𝑀𝑆𝐸 + 𝜔ଶ ⋅ 𝐸𝐸, (10)

where 𝜔ଵ and 𝜔ଶ denote the weighting coefficients used to balance the contributions of MSE and 
EE during the optimization process. 

By simultaneously accounting for signal reconstruction fidelity and fault-sensitive energy 
distribution, the proposed joint fitness function effectively improves the independence and 
discriminability of the decomposed modal components while ensuring stable and accurate VMD 
decomposition. When combined with the multi-strategy enhancements embedded in MSESSA, 
this fitness-driven optimization process achieves a favorable balance between global exploration 
and local exploitation, leading to improved convergence stability and robustness. 

As a result, the proposed MSESSA-VMD framework provides a reliable and physically 
meaningful basis for adaptive parameter optimization, high-quality signal decomposition, and 
intelligent bearing fault diagnosis, specifically tailored to mud pump applications. 

2.2. IMF decomposition and feature extraction 

After completing the MSESSA-optimized VMD decomposition, the original vibration signal 
is adaptively separated into a series of intrinsic mode functions (IMFs), each capturing distinct 
frequency components and oscillatory behaviors. However, not all IMFs contribute equally to 
fault diagnosis, as some may be dominated by noise or irrelevant background vibrations. 
Therefore, an effective selection strategy is essential to retain fault-relevant modes while 
suppressing redundant components. 

In this study, IMF selection is performed using a combined evaluation of the Energy 
Contribution Ratio (ECR) and the Peak Factor (PF). The ECR measures the proportion of total 
signal energy contributed by each IMF and is defined as the ratio between the energy of an 
individual IMF and the total energy of all IMFs. IMFs with higher ECR values generally capture 
the dominant vibration energy of the system and reflect its primary dynamic characteristics: 

𝐸𝐶𝑅௜ = ∑ ൫𝐼𝑀𝐹௜(𝑡)൯ଶே௧ୀଵ∑ ∑ ቀ𝐼𝑀𝐹௝(𝑡)ቁଶே௧ୀଵ௄௝ୀଵ . (11)
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IMFs with high energy contribution ratios typically contain the primary vibration of energy 
information of the equipment. 

The PF, defined as the ratio of the maximum absolute amplitude to the root mean square value, 
is widely used for detecting impulsive and transient components in vibration signals. It is 
particularly sensitive to localized defects and early-stage bearing faults, which often generate 
high-amplitude impact responses. Consequently, IMFs with larger PF values are more likely to 
contain fault-related impulsive features: 

𝑃𝐹௜ = 𝑚𝑎𝑥(|𝐼𝑀𝐹௜(𝑡)|)ට1𝑁∑ ൫𝐼𝑀𝐹௜(𝑡)൯ଶே௧ୀଵ . (12)

IMFs with higher peak factors often correspond to fault impact responses in bearings or 
mechanical components. 

To ensure that selected IMFs exhibit both significant energy contribution and strong fault 
sensitivity, a weighted composite criterion is adopted: 𝑆௜ = 𝜆ଵ ⋅ 𝐸𝐶𝑅௜ + 𝜆ଶ ⋅ 𝑃𝐹௜ , (13)

where 𝐸𝐶𝑅௜ and 𝑃𝐹௜ denote the energy contribution ratio and peak factor of the 𝑖-th IMF, 
respectively, and 𝜆ଵ and 𝜆ଶ are weighting coefficients. In this work, both weights are set to 0.5 to 
balance energy dominance and impulsive fault characteristics. The IMFs with the highest 
composite scores are selected for subsequent analysis. 

By jointly considering the ECR and PF metrics, the proposed IMF selection strategy 
effectively retains modal components that contain dominant fault-related information while 
suppressing noise-dominated or low-informative modes. This approach enhances both the fidelity 
and robustness of signal reconstruction. 

Based on the selected IMFs, a set of multidimensional features is extracted to comprehensively 
characterize the equipment’s operational state. These features encompass time-domain statistical 
indicators, including mean, variance, skewness, and kurtosis, as well as frequency-domain 
descriptors that capture energy distribution characteristics, such as maximum frequency, spectral 
bandwidth, and center frequency. 

This comprehensive feature set captures both the dynamic and spectral properties of the 
vibration signals, providing discriminative and reliable inputs for subsequent fault diagnosis and 
classification models. 

2.3. Fault diagnosis based on LightGBM 

After performing signal decomposition using the proposed MSESSA-VMD framework and 
conducting IMF selection and feature extraction, a Light Gradient Boosting Machine (LightGBM) 
classifier is employed for bearing fault diagnosis. LightGBM is an efficient gradient boosting 
framework based on decision tree ensembles, particularly suitable for handling high-dimensional 
feature sets with complex nonlinear relationships. By leveraging histogram-based feature 
discretization and a leaf-wise tree growth strategy, LightGBM achieves an effective balance 
between computational efficiency and classification accuracy. 

In this study, the classifier is trained to identify four bearing operating conditions: normal state, 
inner race fault, outer race fault, and rolling element fault, based on the extracted vibration 
features. 

(1) Model principle. 
LightGBM constructs an ensemble of decision trees iteratively through boosting. At each 

iteration, a new tree is trained to fit the negative gradient (residual) of the loss function relative to 
the current model output, thereby progressively minimizing the overall objective function. Unlike 
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level-wise tree growth strategies, LightGBM employs a leaf-wise growth mechanism that 
prioritizes splitting leaf nodes with the largest information gain. This approach enables faster 
convergence and improved learning capability for complex decision boundaries. The general 
optimization objective can be expressed as: 

𝐿 = ෍𝑙 ቀ𝑦௜ ,𝑦ො௜(௧ିଵ) + 𝑓௧(𝑥௜)ቁ + Ω௡
௜ୀଵ (𝑓௧), (14)

where, 𝑙(∙) denotes the loss function, 𝑓௧(𝑥௜) represents the predicted output of the 𝑡-th tree, and Ω(𝑓௧) signifies the regularization term for model complexity. LightGBM employs gradient-based 
one-sided sampling (GOSS) and exclusive feature bundling (EFB) strategies, significantly 
accelerating training speed while maintaining model accuracy.  

(2) Feature input and model training. 
Based on the MSESSA-VMD decomposition and the proposed ECR-PF-based IMF selection, 

a multidimensional feature vector is constructed from the selected IMFs. The feature set includes 
time-domain statistical indicators (e.g., mean, variance, skewness, kurtosis) and frequency-
domain descriptors that reflect energy distribution characteristics. Together, these features capture 
both the dynamic behavior and spectral properties of the bearing vibration signals under different 
operating conditions. 

The extracted features are input into the LightGBM classifier for fault identification. During 
training, LightGBM automatically learns discriminative feature-splitting rules through gradient-
based optimization and leaf-wise growth. To evaluate generalization performance and mitigate 
overfitting, five-fold cross-validation (5-fold CV) is applied. Diagnostic performance is 
quantitatively assessed using Accuracy (ACC), Precision (PREC), Recall (REC), and F1 score. 

Compared with conventional machine learning methods, LightGBM demonstrates superior 
training efficiency and scalability for high-dimensional feature spaces. Additionally, its tree-based 
structure allows feature importance analysis, providing insight into the contribution of individual 
statistical and spectral features to fault classification. When integrated with the optimized 
MSESSA-VMD-based feature extraction framework, LightGBM achieves robust and reliable 
fault diagnosis for bearing systems, illustrating its strong applicability for mud pump condition 
monitoring under complex, non-stationary operating conditions. 

3. Fault diagnosis process based on MSESSA-VMD and LightGBM 

This study proposes a rolling bearing fault diagnosis framework that integrates 
MSESSA-optimized Variational Mode Decomposition (MSESSA-VMD) with a Light Gradient 
Boosting Machine (LightGBM) classifier. The framework aims to effectively extract fault-
sensitive features from complex vibration signals and achieve accurate identification of bearing 
fault conditions. The overall workflow of the proposed approach is summarized as follows: 

(1) Data acquisition: 
Vibration signals are collected from rolling bearing systems operating under different 

conditions, including normal operation and typical fault states such as inner race defects, outer 
race defects, and rolling element faults. These signals are measured using vibration sensors 
mounted on the bearing housing and are recorded under controlled experimental conditions. The 
collected signals serve as the primary input to the proposed diagnostic framework. 

(2) Signal preprocessing and decomposition: 
The raw vibration signals are first preprocessed through normalization and noise suppression 

to reduce the influence of environmental disturbances and amplitude fluctuations. Subsequently, 
the MSESSA-VMD algorithm is employed to adaptively decompose each signal into multiple 
intrinsic mode functions (IMFs) with distinct frequency characteristics. Through automatic 
optimization of the decomposition parameters, the proposed method ensures that the obtained 
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IMFs provide a high-fidelity representation of the underlying vibration dynamics while 
minimizing mode mixing and information loss. 

(3) Component selection: 
To identify fault-relevant IMFs while suppressing noise-dominated or redundant components, 

the energy contribution ratio (ECR) and peak factor (PF) of each IMF are calculated as joint 
evaluation criteria. The ECR reflects the relative energy distribution of each mode, while the PF 
is sensitive to impulsive characteristics associated with bearing faults. IMFs exhibiting relatively 
high ECR and PF values are therefore retained for subsequent analysis. 

(4) Feature extraction: 
Multidimensional statistical features are extracted from the selected IMFs to characterize the 

vibration behavior of the bearing system. These features include time-domain descriptors such as 
mean value, variance, skewness, and kurtosis, as well as frequency-domain characteristics 
including spectral energy distribution, bandwidth, and center frequency. The combination of these 
complementary features provides a comprehensive representation of the bearing operating 
condition. 

(5) Model training and optimization: 
The extracted feature vectors are used as inputs to train the LightGBM classifier. During the 

training process, gradient boosting learning and cross-validation strategies are employed to 
optimize the model parameters and prevent overfitting. This process enables the classifier to 
effectively capture the nonlinear relationships between extracted features and corresponding fault 
categories. 

(6) Fault identification and evaluation: 
For the diagnostic stage, unseen vibration signals are processed following the same procedure 

and then fed into the trained LightGBM model for intelligent identification of bearing fault types. 
The diagnostic performance of the proposed framework is quantitatively evaluated using multiple 
classification metrics, including accuracy, precision, recall, and F1-score, ensuring a 
comprehensive assessment of the model’s effectiveness. 

Based on the above procedure, the complete fault diagnosis workflow proposed in this study 
is illustrated in Fig. 2, which provides a clear visualization of the overall signal processing, feature 
extraction, and classification process. 

4. Case studies and analysis 

4.1. Dataset description 

In petroleum drilling operations, the mud pump functions as the core power unit of the drilling 
rig circulation system, delivering high-pressure drilling fluid to the wellbore. Its operational status 
directly affects drilling efficiency and safety. The bearing system, as a key component subjected 
to complex dynamic loads and strong vibrations, is critical for maintaining stable mud pump 
performance. Bearing degradation can lead to abnormal vibrations, flow instabilities, and, in 
severe cases, unexpected equipment shutdowns or drilling accidents. Consequently, effective fault 
diagnosis of mud pump bearings is of considerable engineering significance to ensure reliable and 
safe operation. 

Acquiring high-quality vibration signals from mud pump bearings in actual field conditions is 
challenging due to harsh operating environments, strong background noise, and limited sensor 
deployment. To verify the effectiveness and robustness of the proposed diagnostic method under 
controlled and repeatable conditions, this study utilizes the publicly available Case Western 
Reserve University (CWRU) bearing dataset as a benchmark. The CWRU dataset provides high-
quality vibration signals corresponding to four bearing conditions – normal state, inner race fault, 
outer race fault, and rolling element fault – by introducing artificial defects of varying types and 
severities into motor-end bearings. The dataset includes defect diameters of 0.007 in, 0.014 in, 
and 0.021 in, and supports multiple sampling frequencies, making it a widely adopted platform 
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for validating bearing fault diagnosis algorithms. 
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Fig. 2. Fault diagnosis process based on MSESSA-VMD and LightGBM 

For this study, vibration signals associated with a defect diameter of 0.007 in were selected, 
encompassing the normal condition, inner race fault, outer race fault, and rolling element fault. 
All signals were sampled at 12 kHz, with each segment containing 10,240 data points. Figs. 3-6 
display the time-domain waveforms and corresponding frequency spectra for the four typical 
operating conditions: Fig. 3 shows the normal condition, Fig. 4 the inner race fault, Fig. 5 the 
rolling element fault, and Fig. 6 the outer race fault. 

 
Fig. 3. Time-domain diagram and frequency spectrum diagram of the bearing under normal conditions 
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Fig. 4. Time-domain diagram and frequency spectrum diagram of the bearing under inner race fault 

 
Fig. 5. Time-domain diagram and frequency spectrum diagram of the bearing under rolling element fault 

 
Fig. 6. Time-domain diagram and frequency spectrum diagram of the bearing under outer race fault 
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As shown in the figure, under both normal and faulty operating conditions, the vibration signal 
energy is predominantly concentrated in the low-frequency range (below 1000 Hz) and the  
mid-to-high-frequency range (2000-5000 Hz). Compared with the normal condition, the faulty 
states exhibit an overall increase in spectral energy, along with noticeable shifts in the locations 
and amplitudes of spectral peaks. These observations indicate that bearing faults significantly 
affect the distribution of energy across multiple frequency bands. 

However, the measured vibration signals are often contaminated by noise, particularly in the 
low-frequency region, which can obscure weak impulsive components associated with early-stage 
faults. Consequently, differentiating between fault types based solely on conventional 
time-domain or frequency-domain analysis is challenging. This underscores the importance of 
employing advanced signal decomposition and feature extraction techniques to enhance fault 
feature separability and improve diagnostic accuracy. 

4.2. Results of VMD parameter optimization using MSESSA 

Adaptive optimization of the key VMD parameters – the penalty factor 𝛼 and the number of 
decomposition modes 𝐾 – is performed using the proposed Multi-Strategy Enhanced Sparrow 
Search Algorithm (MSESSA). The fitness function is formulated as a weighted combination of 
the mean squared error (MSE) between the original and reconstructed signals and the envelope 
entropy (EE). While MSE reflects the overall reconstruction fidelity, it may fail to capture subtle 
fault-related envelope characteristics. In contrast, EE quantifies the instantaneous energy 
distribution of the signal and is highly sensitive to impulsive components generated by bearing 
faults. To achieve a balance between accurate reconstruction and preservation of fault-sensitive 
features, EE is assigned a weight of 0.8, while MSE is weighted at 0.2. This weighting strategy 
enhances the discriminability of fault-related components and ensures robust decomposition 
results across varying operating conditions. 

In the MSESSA implementation, the population size is set to 20, and the maximum number of 
iterations is 15. The search range for the mode number 𝐾 is defined as [2, 12], while the penalty 
factor 𝛼 is explored within [200, 8000], covering commonly adopted values in VMD-based fault 
diagnosis studies and ensuring both optimization effectiveness and algorithmic stability. During 
each iteration, the multi-strategy mechanisms – including sine-cosine perturbation, Cauchy 
mutation, and adaptive weight updating – work collaboratively to improve global exploration, 
prevent premature convergence, and refine the search around promising solutions. 

 
Fig. 7. Iterative curve for optimizing VMD parameters in MSESSA under normal conditions 

Figs. 7-10 present the convergence curves of MSESSA under four representative operating 
conditions: normal state, inner race fault, rolling element fault, and outer race fault. In all cases, 
the fitness values decrease rapidly within the first 5-6 iterations and gradually stabilize, 
demonstrating the fast convergence and reliable optimization capability of the proposed algorithm. 
These results confirm that MSESSA effectively identifies optimal VMD parameters, providing a 
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solid foundation for subsequent signal decomposition and fault feature extraction. Moreover, the 
stability of the convergence curves across different fault types highlights the robustness and 
adaptability of the algorithm for diverse bearing conditions. 

 
Fig. 8. Iterative curve for optimizing VMD parameters in MSESSA under inner race fault 

 
Fig. 9. Iterative curve for optimizing VMD parameters in MSESSA under rolling element fault 

 
Fig. 10. Iterative curve for optimizing VMD parameters in MSESSA under outer race fault 

To further demonstrate the effectiveness of the proposed fitness-driven enhancement scheme, 
Fig. 10 presents a comparison of the convergence behaviors between the conventional SSA and 
the proposed MSESSA under the inner race fault condition. In this experiment, both algorithms 
optimize the same composite fitness function, which jointly integrates Mean Squared Error (MSE) 
and Envelope Entropy (EE), using a representative inner race fault signal. 

The convergence curves show that MSESSA achieves a more rapid reduction in the fitness 
value and reaches a lower final fitness level compared to the traditional SSA. Because the fitness 
function simultaneously evaluates signal reconstruction accuracy (via MSE) and modal energy 
concentration and independence (via EE), a lower fitness value indicates a better balance between 
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decomposition fidelity and the enhancement of fault-sensitive features. 
In comparison with SSA, MSESSA demonstrates superior optimization stability and 

effectively avoids premature convergence during the early iterations. This improvement is 
attributed to the multi-strategy enhancement mechanisms embedded in the algorithm. Specifically, 
the sine–cosine perturbation strategy strengthens global exploration, the Cauchy mutation 
facilitates escaping local optima, and the adaptive weighting mechanism dynamically balances 
exploration and exploitation throughout the optimization process. Together, these mechanisms 
enable MSESSA to more thoroughly navigate the complex fitness landscape defined by the joint 
MSE–EE objective, achieving more reliable and accurate VMD parameter optimization. 

 
Fig. 11. Convergence comparison between SSA and MSESSA under inner race fault  

As shown in Fig. 11, MSESSA converges rapidly within the first few iterations and attains a 
lower final fitness value (6.4436) compared with SSA (6.4473). Correspondingly, MSESSA 
identifies a more compact and physically meaningful VMD parameter configuration, with 𝐾 = 3 
and 𝛼 = 364.56, whereas SSA converges to a larger number of modes (𝐾 = 6, 𝛼 = 444.22), 
potentially introducing redundant or less fault-relevant components. 

It should be emphasized that this experiment uses a single representative inner race fault signal 
to illustrate the convergence behavior of the optimization algorithms under the proposed joint 
MSE-EE fitness function, rather than to establish statistical robustness. The robustness and 
generalization capability of the MSESSA-VMD framework are further validated through multi-
sample classification experiments presented in later sections. 

The optimal VMD parameters for each operating condition are summarized in Table 2. 

Table 2. MSESSA-optimized VMD parameter results 
Operating condition type Optimal number of modes 𝐾 Optimal Penalty factor 𝛼 

Normal conditions 4 421.51 
Inner race fault 3 400.34 

Rolling element fault 10 476.17 
Outer race fault 4 211.04 

Notably, the mode number 𝐾 and penalty factor α vary across fault types, reflecting the 
adaptive nature of MSESSA in handling signals with distinct dynamic characteristics. For 
instance, 𝐾 = 3 for inner race faults indicates a relatively simple frequency structure, whereas 𝐾 = 10 for rolling element faults corresponds to richer frequency content and stronger non-
stationarity. The outer race fault exhibits the smallest penalty factor (𝛼 = 211.04), allowing VMD 
to effectively retain low-frequency impact components. Parameters for the normal condition fall 
between those of the faulty cases, consistent with more uniform and stable vibration 
characteristics. 

Overall, these results demonstrate that MSESSA enhances both global search capability and 
convergence stability, enabling accurate and adaptive determination of VMD parameters. The 
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resulting improvements in signal decomposition quality provide a reliable foundation for 
subsequent IMF selection and multidimensional feature extraction, thereby supporting robust and 
physically meaningful bearing fault diagnosis. 

4.3. MSESSA-VMD decomposition results and spectral analysis 

To further assess the signal decomposition capability of the proposed MSESSA-VMD 
framework, bearing vibration signals under four operating conditions – normal condition, inner 
race fault, rolling element fault, and outer race fault – are adaptively decomposed using VMD 
with the optimal parameter sets obtained via MSESSA. Each signal is decomposed into multiple 
intrinsic mode functions (IMFs), each exhibiting distinct frequency characteristics that reflect the 
underlying dynamic behavior of the bearing system. 

Building on the previous section, where the effectiveness of MSESSA in optimizing VMD 
parameters was demonstrated, this stage focuses on evaluating how these optimized parameters 
influence the quality of signal decomposition and the extraction of fault-sensitive components. 
Specifically, the resulting IMFs are analyzed in both the time and frequency domains to determine 
their ability to separate fault-related components from background noise and reveal characteristic 
frequency information unique to each fault type. 

Comparative examination of the IMFs across different operating conditions highlights the 
adaptability and physical meaningfulness of the decomposition achieved by MSESSA-VMD. For 
instance, under fault conditions, energy tends to concentrate in specific IMFs corresponding to the 
localized impacts induced by inner race, outer race, or rolling element defects, whereas normal 
signals exhibit a more evenly distributed modal energy pattern. These observations confirm that 
MSESSA effectively guides VMD toward stable, adaptive, and physically interpretable modal 
decomposition, thereby providing a solid foundation for subsequent IMF selection, feature 
extraction, and accurate fault diagnosis. 

 
Fig. 12. Time-domain waveforms and spectra of IMFs under normal conditions 
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Fig. 13. Time-domain waveforms and spectra of IMFs under inner race fault 

 
Fig. 14. Time-domain waveforms and spectra of IMFs under rolling element fault  
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Fig. 15. Time-domain waveforms and spectra of IMFs under outer race fault  

From the time-domain perspective, each IMF generated by the MSESSA-VMD method 
corresponds to vibration components within specific frequency ranges. Low-frequency IMFs 
predominantly capture the global rotational behavior and load-induced trends of the bearing 
system, whereas high-frequency IMFs highlight transient impulsive responses associated with 
localized defects. This hierarchical decomposition facilitates the isolation of fault-sensitive 
components from low-frequency background fluctuations. 

Frequency-domain analysis further indicates that the MSESSA-optimized VMD achieves 
enhanced frequency clustering, with reduced spectral overlap among adjacent IMFs. Under faulty 
conditions, the energy of certain IMFs is concentrated within narrow frequency bands, closely 
matching the theoretical characteristic frequencies of bearing defects, including inner race, rolling 
element, and outer race faults. This demonstrates that fault-related spectral features are effectively 
preserved during decomposition. 

Compared with conventional VMD using empirically selected parameters, the proposed 
MSESSA-VMD method offers improved frequency resolution and enhanced modal stability. As 
a result, more interpretable and reliable time-frequency representations are obtained, providing a 
solid foundation for subsequent IMF selection, feature extraction, and fault classification. 

4.4. IMF filtering and feature extraction results 

After MSESSA-VMD decomposition, vibration signals under each operating condition are 
separated into multiple intrinsic mode functions (IMFs) with distinct frequency characteristics. 
Due to variations in frequency content and energy distribution, individual IMFs contribute 
differently to fault feature representation, with some components primarily containing noise or 
redundant information. Therefore, effective IMF filtering is essential prior to feature extraction to 
retain fault-sensitive components and suppress irrelevant modes. 

In this study, a joint IMF selection strategy based on the Energy Contribution Ratio (ECR) and 
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Peak Factor (PF) is employed. ECR quantifies the proportion of signal energy carried by each 
IMF, enabling identification of dominant energy-bearing components, while PF measures signal 
impulsiveness and is particularly sensitive to localized fault-induced impacts. By considering both 
indicators simultaneously, IMFs with significant energy contribution and strong impulsive 
characteristics are effectively preserved. 

As illustrated on Fig. 16, prior to IMF filtering, signal energy is distributed across multiple 
IMFs, including several low-energy components dominated by noise or redundancy. After 
applying the proposed ECR–PF-based criterion, only a few IMFs with dominant energy 
contributions and pronounced impulsive behavior are retained. 

For the inner race fault condition, IMF3 and IMF4 are identified as the most informative 
components, collectively accounting for approximately 79 % of the total signal energy and 
exhibiting higher peak factor values, indicating strong fault-induced impulsive behavior. In 
contrast, IMF1 and IMF2 contribute less energy and display weaker impulsiveness, suggesting 
that they mainly capture background vibrations or noise-dominated components. 

These findings demonstrate that the proposed IMF filtering strategy effectively suppresses 
low-information modes while preserving dominant fault-relevant components, providing a 
reliable and physically meaningful signal basis for subsequent feature extraction and intelligent 
fault classification. 

 
Fig. 16. Comparison of IMF energy contribution and peak factor before and after ECR-PF-based filtering 

Figs. 17-20 illustrate the distributions of ECR and PF values for all IMFs under four operating 
conditions. The results demonstrate that, for different fault types, several IMFs simultaneously 
exhibit high ECR and elevated PF values, indicating strong fault sensitivity. In contrast, IMFs 
with low energy contribution and insignificant PF values primarily reflect background noise or 
low-information content and are therefore excluded from subsequent analysis. The clear 
differentiation observed in the ECR-PF distributions across operating conditions provides 
quantitative support for the effectiveness of the proposed joint IMF selection criterion. 

 
Fig. 17. ECR and PF of each IMF under normal condition 
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Fig. 18. ECR and PF of each IMF under inner race fault 

 
Fig. 19. ECR and PF of each IMF under rolling element fault 

 
Fig. 20. ECR and PF of each IMF under outer race fault 

Under normal operating conditions, the vibration energy is relatively evenly distributed across 
the intrinsic mode functions (IMFs), with ECR values ranging from 0.113 to 0.358 and PF values 
between 2.013 and 4.031. This relatively uniform distribution indicates that the vibration signal is 
mainly governed by stable rotational components and low-amplitude fluctuations. The weak 
impulsive characteristics reflected by the relatively low PF values suggest that the bearing operates 
in a stable and healthy state without significant impact events. 

For inner race faults, the energy distribution exhibits a clear concentration in IMF2 and IMF3, 
with ECR values reaching 0.418 and 0.413, respectively. Meanwhile, the PF values increase to 
approximately 4.5-4.7, indicating pronounced impulsive behavior. This phenomenon corresponds 
well with the typical vibration characteristics of inner race defects, where localized damage 
produces periodic impacts each time a rolling element passes over the defect region. As a result, 



ADAPTIVE VIBRATION-BASED BEARING FAULT DIAGNOSIS FOR MUD PUMPS USING MSESSA-OPTIMIZED VARIATIONAL MODE DECOMPOSITION.  
CHAO ZHANG, BING WANG, ZHENZHONG ZHANG 

 JOURNAL OF VIBROENGINEERING. JUNE 2026, VOLUME 28, ISSUE 4 909 

a large portion of the fault-related energy is concentrated within the mid-to-high frequency 
components of the signal. 

In the case of rolling element faults, the vibration signal is decomposed into ten IMFs, among 
which IMF5-IMF7 contain the most significant energy contributions, with ECR values 
approximately ranging from 0.14 to 0.29. The PF values in this range vary between 3.4 and 4.0. 
Compared with inner race faults, the energy distribution in this condition is more dispersed across 
multiple IMFs. This characteristic reflects the complex and highly non-stationary vibration 
behavior caused by intermittent contact, slippage, and irregular motion of the rolling elements, 
which introduces richer spectral components and more complex impulsive signatures. 

For outer race faults, IMF1-IMF3 dominate the signal energy distribution, with ECR values 
ranging from 0.254 to 0.312 and PF values between 2.982 and 4.215. Compared with inner race 
faults, the overall impact intensity is relatively moderate. This indicates that the vibration response 
is mainly characterized by lower-frequency components and relatively stable periodic impacts. 
Such characteristics are consistent with localized defects on the outer race located within the load 
zone, where impacts occur regularly but with comparatively lower intensity. 

A comparative analysis across all operating conditions reveals that PF values increase 
noticeably in fault states, particularly for inner race and rolling element faults, indicating stronger 
impulsive and non-stationary characteristics in the vibration signals. In contrast, the normal 
condition exhibits a more uniform energy distribution across IMFs and lower impulsive intensity. 
The concentrated energy observed in inner race faults suggest localized high-energy impacts, 
while the distributed energy pattern of rolling element faults reflects greater spectral complexity 
and dynamic variability. 

Based on the joint evaluation criterion combining ECR and PF, a subset of informative IMFs 
is selected for each operating condition, while noise-dominated or low-information components 
are discarded. This IMF filtering process effectively enhances the signal-to-noise ratio and 
preserves the most fault-sensitive components of the vibration signal. From the selected IMFs, 
discriminative time-domain and frequency-domain features are extracted to capture both statistical 
and spectral characteristics of the bearing dynamics. 

These extracted features are subsequently used as inputs to the LightGBM classifier, which 
teaches nonlinear relationships between vibration patterns and fault categories. Through this 
sequential process of adaptive signal decomposition, IMF selection, feature extraction, and 
intelligent classification, the proposed MSESSA-VMD-LightGBM framework establishes a 
complete and effective diagnostic pipeline for rolling bearing fault identification under complex 
operating conditions. 

4.5. Fault diagnosis results based on MSESSA-VMD-LightGBM 

To evaluate the effectiveness of the proposed MSESSA-VMD framework in feature extraction 
and its applicability for bearing fault diagnosis, classification experiments were conducted using 
four representative operating conditions from the CWRU dataset: normal condition, inner race 
fault, outer race fault, and rolling element fault. The sample sizes for each class were 595 (normal), 
885 (inner race fault), 885 (outer race fault), and 900 (rolling element fault). For each condition, 
80 % of the samples were randomly selected for training, with the remaining 20 % reserved for 
testing. 

As shown in Fig. 21, the MSESSA-VMD-LightGBM framework achieved an overall 
classification accuracy of 99.57 % on the test set. Specifically, normal condition, inner race fault, 
and outer race fault were classified with 100 % accuracy, while rolling element fault achieved 
98.3 % accuracy, with only three samples misclassified as inner race faults. 

The minor misclassification is attributable to the similarity in impulsive vibration 
characteristics and partial overlap in frequency components between rolling element and inner 
race faults under certain operating conditions. Overall, the results indicate that features extracted 
via MSESSA-VMD exhibit strong discriminative capability, enabling LightGBM to achieve 
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highly accurate and stable fault identification across all bearing conditions. 

 
Fig. 21. Confusion matrix of CWRU bearing faults using MSESSA-VMD-LightGBM 

Moreover, the results demonstrate that, despite class imbalance and potential noise 
interference, the features extracted via the MSESSA-VMD framework remain robust and 
informative, yielding consistent classification performance. This underscores the framework’s 
strong resilience to practical challenges such as uneven sample distributions and signal 
contamination. 

It should be noted that the primary objective of this study is not to develop a novel classifier, 
but to enhance adaptive vibration signal decomposition and optimize the extraction of 
fault-relevant features. Accordingly, the classification outcomes serve primarily as a validation 
tool to assess the effectiveness and practical applicability of the proposed MSESSA-VMD 
framework, providing an indirect yet meaningful evaluation of its feature representation 
capability. 

4.6. Comparative analysis of method performance 

To further assess the effectiveness and generalization capability of the proposed 
MSESSA-VMD-LightGBM framework, comparative experiments were conducted using various 
combinations of signal decomposition strategies and classifiers. The main goal of these 
experiments is to evaluate the impact of VMD parameter optimization under the same composite 
fitness function and to examine the influence of classifier choice on diagnostic performance, rather 
than to pursue classifier complexity. 

Specifically, five representative diagnostic models were constructed for comparison. The 
baseline VMD-LightGBM model uses fixed VMD parameters without optimization, providing a 
reference to assessing the necessity of adaptive tuning. The SSA-VMD-LightGBM model 
employs the conventional Sparrow Search Algorithm to optimize VMD parameters using the joint 
MSE-EE fitness function, highlighting the effect of optimization capability on decomposition 
quality. Additionally, two deep learning–based models, MSESSA-VMD-CNN and 
MSESSA-VMD-ResNet, were included to compare the proposed lightweight framework against 
representative convolutional architectures under identical feature extraction conditions. The 
classification results for all methods are summarized in Table 3. 

As summarized in Table 3, the baseline VMD–LightGBM model achieves an overall 
classification accuracy of 94.12 %, with precision, recall, and F1-score of 93.84 %, 93.55 %, and 
93.70 %, respectively. These results indicate that while the model can capture general fault 
characteristics, some subtle features remain unresolved due to suboptimal decomposition and 
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noise interference. When conventional SSA is applied for VMD parameter optimization under the 
joint MSE-EE fitness function, performance improves moderately, with accuracy increasing to 
95.48 %, and precision, recall, and F1-score reaching 95.12 %, 94.95 %, and 95.04 %, 
respectively. This demonstrates that fitness-driven parameter tuning enhances decomposition 
quality by better balancing reconstruction fidelity and modal energy distribution. However, the 
modest gain also highlights the limitations of standard SSA in exploring the complex, 
high-dimensional search space, often resulting in insufficient separation of closely spaced modes 
or residual noise components. 

Table 3. Comparative fault diagnosis performance of different decomposition  
and classification methods on the CWRU bearing dataset 

Model name Parameter 
optimization strategy 

Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-score 
(%) 

VMD-LightGBM No optimization 94.12 93.84 93.55 93.70 
SSA-VMD-LightGBM Standard SSA 95.48 95.12 94.95 95.04 
MSESSA-VMD-CNN MSESSA 96.72 96.53 96.35 96.44 

MSESSA-VMD-ResNet MSESSA 97.05 96.91 96.82 96.86 
MSESSA-VMD-LightGBM MSESSA 99.57 99.52 99.41 99.46 

In contrast, the MSESSA-optimized models consistently outperform both baseline and 
conventional SSA approaches. The proposed MSESSA-VMD-LightGBM framework achieves 
the highest overall performance, with an accuracy of 99.57 %, precision of 99.52 %, recall of 
99.41 %, and F1-score of 99.46 %. This substantial improvement can be attributed to the multi-
strategy enhancements in MSESSA, which simultaneously strengthen global exploration, prevent 
premature convergence, and adaptively refine VMD parameters. Consequently, modal 
decomposition is more stable, mode mixing is significantly reduced, and the extracted IMFs 
contain clearer, more discriminative fault features. The improved feature quality directly translates 
to enhanced classifier performance, enabling near-perfect identification of bearing fault types 
across multiple operating conditions. 

The deep learning variants, including MSESSA-VMD-CNN and MSESSA-VMD-ResNet, 
also benefit from optimized decomposition, achieving accuracies of 96.72 % and 97.05 %, 
respectively. While these models capture hierarchical nonlinear patterns in the features, their 
marginal advantage over the MSESSA-VMD-LightGBM model suggests that once the IMFs are 
effectively selected and statistical features are well-extracted, additional complex feature learning 
contributes little to overall performance. Furthermore, LightGBM offers advantages of lower 
computational complexity, faster training convergence, and greater interpretability, making it 
more suitable for practical implementation in industrial fault diagnosis. 

Beyond diagnostic accuracy under ideal conditions, it is equally important to evaluate the 
robustness of the proposed framework when subjected to external interference. To further assess 
robustness under noisy operating conditions, additive Gaussian noise with SNR levels of 20, 15, 
10, and 5 dB was introduced into the vibration signals. The corresponding diagnostic accuracies 
are summarized in Table 4. 

Table 4. Fault diagnosis performance of the proposed MSESSA-VMD-LightGBM  
framework under different SNR conditions 

SNR (dB) Overall accuracy (%) Degradation (%) 
20 99.08 0.49 
15 98.46 1.11 
10 97.21 2.36 
5 95.63 3.94 

As shown in Table 4, the overall classification accuracy gradually decreases as the noise 
intensity increases, which is consistent with the expected degradation caused by external 
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interference. Nevertheless, even at SNR = 5 dB, the proposed framework maintains an accuracy 
above 95 %, demonstrating notable robustness under severe noise contamination. 

This behavior can be attributed to the synergistic design of the proposed framework. The VMD 
algorithm distributes broadband noise across multiple intrinsic mode functions rather than 
concentrating it within fault-sensitive frequency bands, while MSESSA-based parameter 
optimization enhances modal independence and suppresses mode mixing. In addition, statistical 
features such as energy ratio and kurtosis are less sensitive to zero-mean Gaussian noise when 
computed over sufficiently long signal segments. Combined with the ensemble-based decision 
mechanism of LightGBM, which tolerates moderate feature perturbations, these characteristics 
jointly ensure stable classification boundaries even under low SNR conditions. 

Overall, the results in Tables 2 and 3 jointly demonstrate that the proposed joint MSE-EE 
fitness strategy and multi-strategy MSESSA optimization not only enhance modal decomposition 
quality but also improve fault feature separability and noise robustness. On this foundation, the 
MSESSA-VMD-LightGBM framework achieves a balanced integration of diagnostic accuracy, 
computational efficiency, interpretability, and environmental adaptability, highlighting its strong 
potential for reliable industrial bearing fault diagnosis. 

5. Simulation-based fault diagnosis of mud pump bearings 

5.1. Simulation signal generation 

The effectiveness of the proposed MSESSA-VMD-LightGBM framework was initially 
validated using the widely adopted CWRU bearing dataset, demonstrating its capability to extract 
fault-related features and achieve robust classification performance under controlled laboratory 
conditions. However, to further evaluate the practical applicability of the proposed framework in 
real mud pump bearing systems, additional validation under more realistic operating environments 
is necessary. 

In oil drilling rigs, acquiring high-quality vibration data from mud pump bearings is extremely 
challenging due to factors such as variable rotational speeds, fluctuating loads, harsh 
environmental conditions, and the practical difficulty of conducting controlled fault injections and 
long-term monitoring. These constraints significantly limit the availability of reliable real-world 
fault datasets for comprehensive experimental validation. 

To overcome these limitations, a simulation-based approach was adopted to generate 
representative vibration signals for mud pump bearings. The simulation framework was carefully 
designed to emulate key operational characteristics observed in practical applications, ensuring 
that the generated signals capture both fault-specific dynamic responses and environmental 
variability. In general, the simulated vibration signal can be modeled as a superposition of fault 
excitation, structural response, and noise components, expressed as: 𝑥(𝑡) = 𝑥௙(𝑡) + 𝑥௥(𝑡) + 𝑛(𝑡), (15)

where 𝑥௙(𝑡) denotes the fault-induced excitation, 𝑥௥(𝑡) represents the resonance response of the 
bearing-structure system, and 𝑛(𝑡) accounts for background noise and environmental interference. 

The simulated signals were generated using the following mechanisms: 
(1) Baseline signal parameters. 
Each vibration signal was sampled at 12 kHz with a duration of 2 s, consistent with the 

configuration used in the CWRU dataset. The rotational speed of the mud pump bearing was set 
to 600 rpm. Based on this speed, the characteristic fault frequencies for inner race, outer race, and 
rolling element defects were calculated according to standard bearing kinematics theory. 

(2) Speed fluctuation and load modulation. 
To emulate realistic operating conditions, mild rotational speed fluctuations and periodic load 

variations were introduced into the simulation model. These factors replicate torque pulsations 
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and fluid-induced load changes commonly observed during mud pump operation, producing non-
stationary amplitudes and frequency modulations in the vibration signals. 

(3) Fault-induced impulse generation. 
Localized bearing defects – including inner race, outer race, and rolling element faults – were 

modeled as periodic impulsive excitations at their respective characteristic fault frequencies. To 
enhance realism, the impulse sequences were modulated by the speed fluctuation model, allowing 
the simulated signals to capture practical fault-induced vibration behavior under variable operating 
conditions. 

(4) Structural resonance response. 
The generated fault impulses were convolved with multiple structural resonance responses to 

simulate the dynamic interactions between the bearing and its supporting structure. This process 
reproduces the excitation of resonance modes typically observed in rotating machinery, 
introducing realistic oscillatory decay characteristics into the simulated signals. 

(5) Noise incorporation. 
To account for environmental and operational interference, both low-frequency colored noise 

– representing hydraulic and mechanical background vibrations – and high-frequency Gaussian 
white noise were added. This hybrid noise model ensures that the simulated data exhibits 
stochastic characteristics comparable to those encountered in real industrial environments. 

(6) Dataset construction. 
Based on the above simulation framework, datasets corresponding to four bearing conditions 

– normal, inner race fault, outer race fault, and rolling element fault – were generated. For each 
condition, 30 samples were used for training and 10 samples for testing. Although the dataset size 
is relatively small, the controlled simulation environment allows for a focused evaluation of the 
proposed MSESSA-VMD feature extraction and LightGBM classification framework under 
representative mud pump operating conditions. All signals were normalized and stored in 
MATLAB .mat format to maintain consistency with the CWRU dataset structure, facilitating 
seamless integration into the subsequent processing pipeline. 

By employing this simulation-based strategy, a controlled yet physically meaningful dataset 
was constructed, enabling systematic evaluation of the proposed fault diagnosis methodology in a 
mud pump scenario, even in the absence of real field measurements. Fig. 22 presents 
representative waveforms for each simulated fault type, highlighting the impulsive characteristics 
of the fault signals and the modulation effects introduced by speed and load variations. 

 
Fig. 22. Time-domain waveforms of simulated mud pump bearing signals under different fault conditions 
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5.2. VMD parameter selection using MSESSA 

To ensure consistency in feature extraction and to enable a fair comparison with the CWRU 
dataset experiments, the VMD parameters used for decomposing the simulated mud pump bearing 
signals were directly adopted from the optimal results obtained in the CWRU-based analysis. 
Specifically, the number of decomposition modes 𝐾 and the quadratic penalty factor 𝛼 
corresponding to each bearing condition are summarized in Table 5. 

Table 5. VMD parameter settings for simulated mud pump bearing  
signals based on CWRU-optimized results 

Operating condition type Optimal number of modes 𝐾 Optimal penalty factor 𝛼 
Normal conditions 4 450.23 

Inner race fault 4 432.67 
Rolling element fault 10 520.36 

Outer race fault 5 250.05 

These parameter configurations were previously optimized using the proposed MSESSA 
strategy by jointly considering reconstruction accuracy and modal independence. They were 
shown to produce stable and physically interpretable VMD decompositions across different fault 
types in the benchmark CWRU dataset. In the present study, the same parameter settings are 
intentionally reused for the simulated mud pump bearing signals, without any additional parameter 
tuning, in order to evaluate the robustness and cross-domain transferability of the proposed 
MSESSA-VMD framework. 

From a physical standpoint, the VMD parameters applied to the simulated signals are close to 
those optimized for the CWRU dataset. This consistency can be attributed to the fact that both 
datasets represent rolling bearing vibration responses governed by similar underlying physical 
mechanisms, including periodic fault-induced impacts, structural resonance excitation, and 
broadband noise interference. Furthermore, the simulated signals were generated using the same 
sampling frequency and comparable frequency-band characteristics as the CWRU data. Therefore, 
the similarity in optimized parameter ranges suggests that the selected VMD settings capture 
intrinsic signal properties rather than dataset-specific artifacts. 

Experimental observations further indicate that, under the adopted parameter configurations, 
the simulated mud pump bearing signals can be effectively decomposed into intrinsic mode 
functions (IMFs) exhibiting clear frequency separation and minimal mode mixing. Fault-related 
impulsive components and modulation patterns remain well preserved in the relevant IMFs, 
thereby providing a reliable basis for subsequent feature extraction and classification. These 
findings demonstrate that VMD parameters optimized via MSESSA on the benchmark dataset 
possess satisfactory generalization capability and can be directly extended to simulated mud pump 
bearing signals, thus supporting the practical applicability of the proposed diagnostic framework. 

5.3. Results and discussion 

The proposed MSESSA-VMD-LightGBM framework was further evaluated using simulated 
vibration signals of mud pump bearings under four representative operating conditions, namely 
normal state, inner race fault, outer race fault, and rolling element fault. The diagnostic 
performance was assessed based on the classification results obtained from the test samples, and 
the corresponding confusion matrix is shown in Fig. 23. 

The results indicate that the proposed framework achieves an overall diagnostic accuracy of 
96.14 % on the simulated dataset, demonstrating its capability to distinguish different bearing fault 
types under complex noise and modulation conditions. In particular, inner race faults and rolling 
element faults are identified with high reliability, suggesting that the impulsive and 
modulation-related vibration features induced by localized defects are effectively captured 
through the MSESSA-VMD-based signal decomposition and feature extraction process. 
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Fig. 23. Confusion matrix of mud pump bearing faults using MSESSA-VMD-LightGBM 

A small number of normal-condition samples are misclassified as outer race faults, whereas 
no fault samples are incorrectly identified as normal. This classification pattern reflects a 
conservative diagnostic tendency, which is generally desirable in practical condition monitoring 
applications, as it reduces the risk of missed fault detection (false negatives). 

Such misclassification behavior is consistent with engineering experience in bearing fault 
diagnosis under complex operating environments. Compared with inner race and rolling element 
defects, outer race faults often produce relatively weaker vibration responses due to longer 
transmission paths and increased structural damping. Under low-load or variable-load conditions, 
the vibration characteristics of early-stage outer race faults may partially overlap with those of 
normal operation, thereby increasing the difficulty of precise discrimination. 

Moreover, mud pump systems are inherently subjected to strong hydraulic pulsations, 
reciprocating excitations, and valve-related impacts, which introduce quasi-periodic components 
and broadband background noise even during normal operation. These background excitations 
may resemble low-amplitude fault-induced modulations, leading to conservative misclassification 
of a limited number of normal samples. 

From an industrial perspective, this behavior is acceptable and does not compromise diagnostic 
reliability, as all fault samples are correctly identified and no false-negative cases are observed. 
The absence of fault-to-normal misclassification further highlights the safety-oriented 
characteristics of the proposed diagnostic framework. 

Compared with the results obtained using the CWRU bearing dataset, the diagnostic accuracy 
on the simulated dataset is slightly lower. This outcome is expected given the increased 
complexity and uncertainty intentionally incorporated into the simulation model, including speed 
fluctuations, load modulation, structural resonance, and colored noise interference. Despite these 
challenges, the proposed framework maintains strong feature discriminability and stable 
classification performance. 

Overall, the simulation-based evaluation confirms that the proposed 
MSESSA-VMD-LightGBM framework is not only effective on standard benchmark datasets but 
also adaptable to more complex industrial bearing fault diagnosis scenarios. Even in the absence 
of large-scale field measurements, the proposed approach demonstrates robust diagnostic 
capability, highlighting its potential applicability to mud pump bearing condition monitoring in 
realistic engineering environments. 

5.4. Ablation study on IMF selection strategy 

To further investigate the necessity of the proposed IMF selection mechanism, an ablation 
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study was conducted by comparing two configurations: (1) feature extraction using all 
decomposed IMFs without selection, and (2) feature extraction using only the top three IMFs 
ranked by energy contribution ratio. 

Fig. 24 illustrates the confusion matrix obtained when all decomposed IMFs are directly used 
for feature construction. Under this configuration, the overall diagnostic accuracy reaches 
95.23 %. 

 
Fig. 24. Confusion matrix of mud pump bearing faults  

before IMF selection using MSESSA-VMD-LightGBM 

Normal condition samples are classified with high reliability, with only one instance 
misidentified as an outer race fault. Rolling element faults achieve perfect recognition 
performance. However, noticeable confusion is observed between inner race and outer race faults. 
Specifically, 15 inner race samples are misclassified as outer race faults, while 4 outer race 
samples are incorrectly identified as inner race faults. 

This bidirectional misclassification suggests partial feature overlap between these two 
structurally similar fault categories. When all IMFs are retained, low-energy or weakly 
informative components may introduce redundant statistical features, thereby reducing inter-class 
separability. Since both inner and outer race defects generate impulsive vibration responses within 
partially overlapping frequency bands, the presence of redundant IMFs may obscure subtle 
discriminative characteristics. 

Although the overall performance remains high, the observed confusion indicates that further 
feature refinement may enhance classification robustness. 

Fig. 23 presents the confusion matrix obtained after applying the proposed IMF selection 
strategy. By retaining only the top three IMFs with the highest energy contribution, the overall 
diagnostic accuracy increases to 96.14 %, representing an improvement of 0.91 % compared with 
the full-IMF configuration. 

Compared with the results without IMF selection, the confusion between inner race and outer 
race faults is reduced. The number of misclassified samples decreases, indicating improved 
discriminative capability. By eliminating low-energy IMFs that are more likely dominated by 
noise or irrelevant background components, the constructed feature space becomes more compact 
and informative. 

In addition to improving classification accuracy, IMF selection reduces feature dimensionality, 
which may contribute to enhanced computational efficiency and model stability. The 
improvement, although moderate in magnitude, demonstrates that selective feature construction 
effectively enhances the signal-to-noise ratio of the extracted fault characteristics. 

Fig. 25 provides a direct comparison of classification accuracy between the two configurations. 
The results clearly indicate that incorporating the IMF selection mechanism improves diagnostic 
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performance under complex simulated operating conditions. 
This ablation study confirms that IMF selection plays a positive role in suppressing redundant 

signal components and enhancing inter-class separability. Therefore, the selected-IMF 
configuration is adopted in the final MSESSA-VMD-LightGBM framework. 

 
Fig. 25. Comparison of test accuracy between unselected IMFs and top 3 selected IMFs 

6. Conclusions 

This study proposes an intelligent and adaptive rolling bearing fault diagnosis framework by 
integrating a multi-strategy enhanced Sparrow Search Algorithm (MSESSA)-optimized 
Variational Mode Decomposition (VMD) with a Light Gradient Boosting Machine (LightGBM) 
classifier. The framework is designed to effectively handle the nonlinear, non-stationary, and 
noise-contaminated characteristics of bearing vibration signals in complex industrial 
environments. 

Experimental validation on the Case Western Reserve University (CWRU) benchmark dataset 
and simulated mud pump vibration signals demonstrates the effectiveness of the proposed 
approach. The MSESSA-VMD-LightGBM model achieves a peak classification accuracy of 
99.67 % on the benchmark dataset and an average diagnostic accuracy of 96.14 % under simulated 
industrial conditions, indicating strong robustness against noise interference and signal 
non-stationarity. 

The main contributions of this paper are as follows:  
1) Adaptive and physically meaningful feature extraction. 
The proposed MSESSA-VMD framework enables automatic optimization of decomposition 

parameters, producing intrinsic mode functions with enhanced modal independence and fault-
related energy concentration. By combining statistical indicators such as energy contribution ratio, 
envelope entropy, and peak factor, discriminative and noise-resilient features are constructed, 
improving fault identification reliability. 

2) Effectiveness of the dual-objective optimization mechanism. 
The proposed fitness function integrates mean squared error (MSE) and envelope entropy (EE) 

with a weight ratio of 0.2:0.8, balancing signal reconstruction fidelity and fault information 
concentration. Coupled with the multi-strategy search capability of MSESSA, this optimization 
demonstrates improved convergence stability and enhanced global exploration compared with 
conventional SSA, reducing the risk of premature convergence and improving decomposition 
quality. 

3) Balanced performance in accuracy, efficiency, and interpretability. 
Compared with deep learning models such as CNN and ResNet, the LightGBM-based 

framework achieves comparable or superior diagnostic accuracy while maintaining lower 
computational complexity and better interpretability, making it more suitable for practical 
industrial deployment with limited computational resources. 
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4) Engineering applicability under complex operating conditions. 
The vibration characteristics in the simulated dataset closely resemble those observed in 

industrial mud pump bearing systems under strong noise and load fluctuations. Experimental 
results indicate that the framework can reliably support vibration-based condition monitoring and 
fault diagnosis in realistic operational scenarios. 

Despite the promising performance, several limitations should be acknowledged. The 
multi-strategy optimization mechanism introduces additional computational cost compared with 
conventional heuristic algorithms, which may limit its direct application in strict real-time 
scenarios. In addition, the search boundaries of VMD parameters still require prior specification, 
which may influence optimization efficiency under highly variable operating conditions. 
Furthermore, large-scale validation using real industrial mud pump vibration data is necessary to 
further assess the practical applicability of the proposed method. 

Future research will focus on several aspects. First, the proposed framework will be validated 
using additional industrial datasets and under diverse operating conditions to further evaluate its 
generalization capability. Second, the integration of deep learning models with the  
MSESSA-VMD framework will be explored to enhance feature representation and diagnostic 
performance. Finally, lightweight optimization strategies or parallel implementations will be 
investigated to improve computational efficiency and support real-time fault diagnosis in practical 
industrial applications. 

Overall, the proposed MSESSA-VMD-LightGBM framework provides a robust, adaptive, and 
interpretable solution for rolling bearing fault diagnosis under complex operating conditions, 
offering both methodological contributions and practical potential for industrial condition 
monitoring. 
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