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Abstract 

High-voltage circuit breakers (HVCBs) are critical switching devices whose mechanical reliability 

directly affects the safe and stable operation of power systems. However, accurate fault diagnosis of 

HVCBs remains challenging due to complex mechanical structures, nonlinear vibration 

characteristics, and sensitivity to parameter selection in data-driven models. To address these issues, 

this paper proposes an enhanced mechanical fault diagnosis method based on a multi-strategy 

improved dung beetle optimization–support vector machine (MIDBO-SVM) framework. First, 

mechanical vibration signals under four typical operating conditions of HVCBs are collected, and 

discriminative frequency-domain features are extracted using the fast Fourier transform. To 

overcome the limitations of conventional SVMs in parameter tuning, a multi-strategy improved dung 

beetle optimization (MIDBO) algorithm is developed by integrating adaptive search mechanisms to 

enhance global exploration and convergence efficiency. The proposed MIDBO is then employed to 

optimize the penalty and kernel parameters of the SVM, yielding a robust and well-generalized fault 

diagnosis model. Experimental results demonstrate that the MIDBO-SVM model exhibits superior 

convergence behavior and a stronger ability to escape local optima compared with standard 

optimization strategies. The proposed method achieves the highest diagnostic accuracy of 96.67% 

across multiple fault categories. Moreover, under imbalanced sample conditions, the MIDBO-SVM 

maintains high diagnostic accuracy and stability, effectively distinguishing different operating states 

of HVCBs. These results confirm the effectiveness and robustness of the proposed approach for 

mechanical fault diagnosis of HVCBs. 

Keywords: high-voltage circuit breaker; fault diagnosis; multi-strategy improved dung beetle 

optimization algorithm; support vector machine 

 

1. Introduction 

As a critical protective and control device in power systems, the reliable operation of high-

voltage circuit breakers (HVCBs) is essential to ensuring the safety and stability of the power grid. 

During long-term service, however, the operating mechanism and control circuit of HVCBs are 

among the components most susceptible to failure [1–3]. Factors such as spring fatigue, iron core 

jamming, and coil degradation during opening and closing operations may cause malfunction of the 

circuit breaker, potentially leading to severe power system disturbances or even cascading failures. 

Mechanical vibration signals generated during the operation of HVCBs contain abundant condition-
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related information, including action timing, amplitude, and frequency characteristics, which can 

effectively reflect the health status of mechanical components. In particular, vibration signals with a 

high signal-to-noise ratio provide valuable insight into the mechanical behavior of circuit breakers 

[4]. Consequently, timely and accurate monitoring and diagnosis of mechanical faults using vibration 

signal analysis have become indispensable for ensuring the safe and reliable operation of modern 

power systems [5–7]. 

With the rapid development of artificial intelligence technologies, fault diagnosis methods have 

gradually evolved toward intelligent and data-driven paradigms. Machine learning techniques, such 

as artificial neural networks and support vector machines (SVMs), have been widely applied to 

HVCB fault identification tasks [8,9]. Neural networks exhibit strong nonlinear mapping and self-

learning capabilities, enabling them to extract complex fault features from data [10]. However, their 

practical application is often hindered by several limitations, including slow convergence, 

susceptibility to local optima, dependence on large training datasets, and the lack of a unified 

theoretical framework for network structure design, overfitting, and underfitting control. In contrast, 

SVMs construct an optimal separating hyperplane based on a limited number of support vectors and 

demonstrate strong generalization performance, particularly in small-sample, nonlinear, and high-

dimensional classification problems [11]. Nevertheless, the classification performance of an SVM is 

highly sensitive to its hyperparameters, especially the penalty factor g and kernel parameter C. 

Improper parameter selection may not only degrade classification accuracy but also lead to 

prolonged training time and suboptimal convergence behavior [12,13]. Therefore, effective 

hyperparameter optimization is crucial for improving SVM-based fault diagnosis performance. 

To address this issue, various intelligent optimization algorithms have been introduced to 

optimize SVM parameters in fault diagnosis applications. Zhao et al. [14] proposed a fault diagnosis 

method for circuit breaker energy storage systems by combining vibration-current features with a 

gray wolf optimization (GWO)–SVM framework, thereby mitigating the adverse effects of arbitrary 

parameter selection. Li et al. [15] employed wavelet packet decomposition for feature extraction and 

optimized SVM parameters using particle swarm optimization (PSO) to diagnose HVCB faults. Bie 

et al. [16] developed a bearing fault diagnosis approach based on adaptive noise-assisted empirical 

mode decomposition and PSO-SVM, achieving favorable pattern recognition performance. Yang et 

al. [17] introduced a mechanical fault diagnosis method for circuit breakers using principal 

component analysis and SVM, with the whale optimization algorithm applied for parameter tuning, 

resulting in improved classification accuracy. Yang et al. [18] compared SVM and backpropagation 

neural networks for dissolved oxygen fault diagnosis and utilized a genetic algorithm to enhance 

classification performance. Although swarm intelligence optimization algorithms have demonstrated 

effectiveness in global search and are relatively easy to implement, they still suffer from inherent 

drawbacks, such as premature convergence, insufficient population diversity, and an imbalance 

between global exploration and local exploitation. Consequently, their optimization accuracy and 

convergence robustness require further improvement, especially in complex engineering 

applications. 

The dung beetle optimization (DBO) algorithm, proposed by Jiankai Xue and Bo Shen, is a novel 

metaheuristic inspired by the natural behaviors of dung beetles and characterized by five distinct 

position update strategies [19]. Owing to its fast convergence speed and strong global optimization 

capability, DBO has shown promising performance in various engineering problems. Li et al. [20] 

applied DBO to active disturbance rejection control and demonstrated its superiority over 

conventional ADRC and PID controllers. Zhang et al. [21] proposed a DBO-optimized neural network 

for short-term load forecasting, effectively addressing prediction challenges caused by random load 

fluctuations. Nevertheless, as no single swarm intelligence algorithm can guarantee optimal 

performance across all optimization scenarios, DBO also exhibits limitations, particularly in 

maintaining population diversity during iterative optimization. To overcome these shortcomings, 

several improved DBO variants have been proposed. Li et al. [22] incorporated a random differential 

variation strategy into DBO to reduce the risk of premature convergence, thereby enhancing the 
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prediction accuracy and stability of a BiLSTM-based wind speed forecasting model. Li et al. [23] 

applied an improved DBO algorithm with reverse learning and fitness–distance balance strategies to 

robot path planning, achieving faster convergence and improved global search capability. 

Motivated by the strong self-search ability and fast convergence characteristics of DBO, this 

study proposes a multi-strategy adaptive dung beetle optimization algorithm to further enhance 

global exploration and local exploitation balance for mechanical fault diagnosis of HVCBs. 

Specifically, an optimal point set strategy combined with circle chaotic mapping is employed to 

initialize the population, improving population diversity and ergodicity. Subsequently, a sine–cosine 

search strategy and adaptive weight factor are incorporated into the rolling dung beetle position 

update mechanism to guide the search process toward the global optimum with oscillatory decay 

behavior. Finally, a Cauchy–Gaussian mutation strategy is introduced to perturb the current best 

individual, expanding the search space and preventing premature convergence. The proposed 

improved DBO algorithm is integrated with an SVM classifier to construct a robust mechanical fault 

diagnosis framework for HVCBs. Extensive comparative experiments with other optimization 

algorithms are conducted to validate the effectiveness and practical engineering applicability of the 

proposed method. 

2. Preliminaries 

2.1. Support Vector Machine 

Support vector machines (SVMs) are supervised learning models grounded in statistical 

learning theory and structural risk minimization. By introducing kernel functions, SVMs implicitly 

map input samples from a low-dimensional input space into a high-dimensional feature space, where 

complex nonlinear classification problems can be transformed into linearly separable ones [24,25]. 

Different kernel functions induce distinct feature space geometries, resulting in different data 

distributions and classification performance. 

Consider a training dataset consisting of 𝑁  labeled samples {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁  , where 𝑥𝑖 ∈ ℝ𝑑 

denotes the input feature vector of the 𝑖-th sample and 𝑦𝑖 ∈ {−1, +1} represents the corresponding 

class label. In general, infinitely many hyperplanes can separate two linearly separable classes in the 

feature space [26]. The fundamental objective of SVM is to identify the optimal separating hyperplane 

that maximizes the margin between the two classes, thereby enhancing generalization performance. 

The maximum-margin optimization problem can be formulated as: 

( )( )
,

1
minarg max i i i
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+ 
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where 𝝎  denotes the weight vector and 𝑏  is the bias term defining the decision boundary. The 

optimal hyperplane is determined exclusively by a subset of training samples, known as support 

vectors, which lie on or near the margin boundaries. 

In practical applications, training data are often not strictly linearly separable. To accommodate 

this, SVM introduces the concept of a soft margin by incorporating slack variables 𝜉𝑖 ≥ 0, allowing a 

controlled degree of misclassification. The corresponding optimization problem based on the hinge 

loss function is expressed as: 
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where 𝐶 > 0  is the penalty parameter that balances margin maximization and empirical risk. A 

larger value of 𝐶imposes a higher penalty on misclassified samples, resulting in a more complex 

decision boundary. 

By applying the Lagrange multiplier method to the convex quadratic programming problem 

with inequality constraints and exploiting Lagrangian duality, the primal optimization problem can 

be transformed into its dual form. According to the Karush–Kuhn–Tucker (KKT) conditions [27], the 

dual objective function is given by: 

j

1 1
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( , )max
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where 𝛼𝑖denotes the Lagrange multiplier associated with the 𝑖-th training sample, and 𝐾(⋅,⋅) is the 

kernel function. 

To address nonlinear classification problems, the radial basis function (RBF) kernel is commonly 

employed due to its strong nonlinear mapping capability and limited number of hyperparameters. 

The RBF kernel is defined as: 

( )

2

2
, exp( )

2

x z
k x z

g

−
= − , (4) 

where 𝑔 is the kernel parameter that controls the width of the Gaussian function. Through kernel 

mapping, samples that are nonlinearly separable in the original input space may become linearly 

separable in the induced high-dimensional feature space, as illustrated in Figure 1. 

The final SVM decision function is therefore expressed as: 

1
1

( ) ( ( , ) )
n

i i i j

i
j

f x sign y K x x b
=
=

= + , (5) 

where the classification performance is jointly determined by the penalty parameter 𝐶  and the 

kernel parameter 𝑔. Consequently, appropriate selection and optimization of these hyperparameters 

are critical for achieving optimal classification accuracy and generalization capability in SVM-based 

fault diagnosis tasks. 

 

Figure 1. Relationship between samples before and after kernel function mapping. 
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2.2. Dung Beetle Optimization 

DBO is a recently developed metaheuristic optimization algorithm proposed by Jiankai Xue and 

Bo Shen [19], inspired by the foraging and reproductive behaviors of dung beetles in nature. The 

algorithm models multiple biologically motivated behavioral patterns—such as ball rolling, brood 

ball production, and foraging—to construct diverse position update strategies for population-based 

search. These behaviors collectively guide the search process toward promising regions of the 

solution space while preserving population diversity. 

Distinct from conventional swarm intelligence algorithms, DBO explicitly incorporates 

complementary mechanisms for global exploration and local exploitation within its update 

framework [20]. The rolling and foraging behaviors emphasize large-scale exploration of the search 

space, whereas breeding-related behaviors promote local refinement around high-quality candidate 

solutions. This balanced search strategy enables DBO to achieve fast convergence, high solution 

accuracy, and improved stability in complex optimization landscapes. 

Owing to its flexible search dynamics and strong optimization capability, DBO has 

demonstrated competitive performance in a wide range of engineering optimization problems. Its 

ability to adaptively adjust search behavior according to solution quality makes it particularly 

effective for handling nonlinear, multimodal, and constrained optimization tasks commonly 

encountered in real-world applications [21]. These characteristics provide a solid theoretical 

foundation for further enhancing the algorithm through tailored improvement strategies to address 

specific application requirements. 

3. The Proposed Method 

3.1. Overall Framework and Flowchart of the Proposed MIDBO-SVM Method 

The overall framework of the proposed mechanical fault diagnosis method for HVCBs is 

illustrated in Figure 2. The framework integrates vibration signal processing, feature extraction, 

intelligent parameter optimization, and classification into a unified data-driven diagnosis pipeline. 

Its primary objective is to achieve accurate and robust fault identification by jointly leveraging 

discriminative frequency-domain features and an adaptive optimization–classification strategy. As 

shown in Figure 2, the proposed framework consists of four main stages: vibration signal acquisition 

and preprocessing, frequency-domain feature extraction, MIDBO-based SVM parameter 

optimization, and fault classification and decision-making. 

First, mechanical vibration signals are collected from HVCBs under different operating 

conditions. These raw signals are preprocessed to eliminate irrelevant noise and ensure signal 

integrity, providing reliable inputs for subsequent analysis. Given the strong correlation between 

vibration characteristics and mechanical health conditions, the processed signals serve as an effective 

representation of the operational state of the circuit breaker. 

Second, frequency-domain features are extracted from the preprocessed vibration signals using 

the FFT. The FFT converts the time-domain vibration signals into frequency-domain representations, 

revealing spectral characteristics such as dominant frequencies and energy distribution. These 

frequency-domain features capture essential fault-related information and form the feature vectors 

used as inputs to the classifier. 

Third, to overcome the sensitivity of SVM performance to hyperparameter selection, a multi-

strategy improved dung beetle optimization (MIDBO) algorithm is employed to automatically 

optimize the SVM penalty parameter C and kernel parameter g. In this stage, each MIDBO individual 

encodes a candidate parameter pair (C, g), and the fitness of each individual is evaluated using the 

classification accuracy obtained through cross-validation. By integrating enhanced population 

initialization, adaptive search strategies, and stochastic mutation mechanisms, MIDBO efficiently 

explores the parameter space and converges toward the optimal parameter combination. 

Finally, the SVM classifier with optimized parameters is trained using the extracted frequency-

domain features and applied to identify the mechanical operating conditions and fault types of the 
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high-voltage circuit breaker. The classification results provide an accurate and reliable diagnosis of 

the circuit breaker’s mechanical state. 

 

Figure 2. Flowchart of the proposed MIDBO-SVM–based mechanical fault diagnosis framework. 

3.2. Multi-Strategy Improved DBO Algorithm 

Although the original DBO algorithm exhibits competitive performance in global optimization, 

its search behavior may still suffer from several inherent limitations when applied to complex, high-

dimensional, and multimodal problems, such as premature convergence, insufficient population 

diversity, and stagnation around local optima. To address these issues and further enhance the 

robustness and optimization efficiency of DBO, this study proposes a MIDBO framework. Specifically, 

three complementary strategies are introduced: 1) a best point set–based circular chaotic mapping 

strategy to enhance population diversity during initialization; 2) a sine–cosine search mechanism 

with random inertia weight to dynamically balance global exploration and local exploitation during 

the iterative process; and 3) a Cauchy–Gaussian mutation strategy to mitigate population stagnation 

and improve convergence accuracy in later iterations. By integrating these strategies in a coordinated 

manner, MIDBO significantly strengthens the global search capability, convergence stability, and 

solution precision of the original DBO. 
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3.2.1. Best Point Set—Circular Chaotic Mapping Technique 

In swarm intelligence optimization algorithms, the quality of the initial population plays a 

critical role in determining the subsequent search efficiency and convergence performance [30]. 

Conventional random initialization often leads to uneven population distribution and aggregation 

phenomena, which reduce population diversity and increase the likelihood of premature 

convergence to local optima. As a result, the global search capability of the algorithm may be severely 

compromised. To alleviate the uneven distribution caused by random initialization and to improve 

the coverage of the search space in the early evolutionary stage, a chaotic mapping–based population 

initialization strategy is adopted in this study [31]. Chaotic maps possess intrinsic properties such as 

ergodicity, randomness, and sensitivity to initial conditions, which are highly desirable for enhancing 

population diversity and global exploration. 

Common chaotic mapping methods include logistic mapping and tent mapping. However, 

logistic mapping typically suffers from non-uniform distribution, which may adversely affect 

convergence speed and solution accuracy. Although tent mapping exhibits better uniformity, it is 

prone to unstable periodic cycles and fixed points. Therefore, this study employs a circle chaotic map, 

which demonstrates superior stability and uniform distribution characteristics, and combines it with 

the best point set theory to generate a high-quality initial population. 

Assume that 𝐺𝑠 denotes a unit cube in an 𝑠-dimensional Euclidean space, i.e., 𝑥 ∈ 𝐺𝑠, where 𝑖 =

1,2, … , 𝑠 . If 𝑟 ∈ 𝐺𝑠 , the corresponding best point set 𝑝𝑛(𝑖)  is defined as 𝑝𝑛(𝑖) =

{{𝑟1𝑛𝑖}, {𝑟2𝑛𝑖}, ⋯ {𝑟𝑖𝑛𝑖}} and its deviation can be expressed as shown in Equation (6). 

( ) ( ) ( )1
n ,C r n


 

− +
= , (6) 

Here, 𝐶(𝑟, 𝜀)  is a constant related to parameters 𝑟  and 𝜀 > 0 , where 𝑟  is referred to as the 

favorable point, defined as in Equation (10). The prime number 𝑝 is the smallest integer satisfying 

(𝑝 − 𝑠)/2 ≥ 𝑠, and {∙} denotes the fractional part. 
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The circle chaotic map is formulated as: 

( )1 mod sin 2 ,1
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i i i
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x x b x


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  
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where 𝑎 = 0.2  and 𝑏 = 0.5 . Compared with random initialization, the circle chaotic map 

significantly enhances the uniformity and spatial diversity of the population, thereby enlarging the 

coverage of the initial solution space and improving optimization efficiency. 

Based on the above principles, the population mapping strategy adopted in this paper is 

described by Equation (9): 

( )
1

mod sin 2 ,1
, 0.72

mod( ,1) ( ), 0.7

i i

i

k

a
x b x

x o

lb i r ub lb o


+

   
+ −   

=    
 +   − 

, (9) 

where 𝑜 denotes a uniformly distributed random number in the interval [0, 1]. A visual comparison 

between random initialization and the proposed best point set–circle chaotic mapping is presented 

in Figure 3, demonstrating the superior distribution characteristics of the proposed method. 
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(a) population random distribution map (b) best point set - circle chaos map 

Figure 3. Comparison of initialization methods: (a) population random distribution diagram and (b) best point 

set - circle chaos map. 

3.2.2. Sine and Cosine Search Strategy Based on Random Inertia Weight 

The inertia weight plays a crucial role in controlling the balance between exploration and 

exploitation in swarm intelligence algorithms, as it reflects an individual’s tendency to preserve 

historical motion states. In conventional linear-decreasing inertia weight schemes, if the optimal 

solution is not identified in the early stage, the gradually diminishing weight may cause the 

population to lose exploration capability and become trapped in local optima. To overcome this 

drawback, a sine–cosine search strategy combined with a random inertia weight is introduced to 

update the position of producer dung beetles [32]. The sine–cosine mechanism enables individuals 

to approach the global optimum in an oscillatory manner, effectively preventing overly aggressive 

convergence. Meanwhile, the stochastic inertia weight dynamically adjusts the influence of previous 

states, thereby enhancing adaptability throughout the optimization process. 

The position update formulas are given by Eqs. (10) and (11): 

1 0

0 1

( ) sin( ) ( k ( 1) ), 0.8
( 1)

( ) cos( ) tan( ) ( ) ( 1) , 0.8

i i

i

i i i

x t r r x t b x
x t

x t r r x t x t

  

  

+     − +  
+ = 

+   − − 

, (10) 

( ) ( ;) ()max max min rand randn   = + − + , (11) 

where 𝑤max = 0.9  and 𝑤min = 0.4  denote the upper and lower bounds of the inertia weight, 

respectively. The function rand() generates a uniformly distributed random number in [0, 1], while 

randn() represents a standard normal random variable. The parameter 𝜎 quantifies the deviation 

between the stochastic inertia weight and its expected value and is set to 0.3 in this study. 

By integrating sine–cosine oscillatory guidance with adaptive inertia adjustment, the proposed 

strategy effectively balances global exploration and local exploitation, significantly reducing the risk 

of premature convergence. 

3.2.3. Cauchy–Gaussian Mutation Strategy 

In the later stages of DBO iterations, rapid population convergence may lead to stagnation near 

local optima, limiting further performance improvement. To address this issue, a Cauchy–Gaussian 

mutation strategy is introduced to enhance population diversity and refine local search accuracy [33]. 

Gaussian mutation perturbs an individual by adding a random vector following a Gaussian 

distribution. The one-dimensional Gaussian probability density function with mean 𝜇 and variance 

𝜎 is given by Equation (12): 
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In contrast, the Cauchy distribution, whose probability density function is shown in Equation 

(13), exhibits heavier tails and can generate larger perturbations, which are particularly beneficial for 

escaping local optima: 

( ) 2 2

1
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t
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+
, (13) 

In this study, the Cauchy–Gaussian mutation strategy is applied to the best-performing 

individuals. A competitive selection mechanism is employed to retain the solution with superior 

fitness after mutation. The corresponding update rules are defined in Eqs. (14)–(16), where 𝑃gbest 

represents the mutated best position, 𝑋gbest denotes the original global best individual, and 𝑋newbest 

is the updated optimal solution. The parameter 𝜎2 is the standard deviation of the mutation, while 

𝜆1 and 𝜆2 are adaptive coefficients that vary with iteration count. 
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At the early stage of optimization, larger values of 𝜆1 amplify the influence of Cauchy mutation, 

facilitating extensive global exploration. As iterations proceed, 𝜆1  gradually decreases and 𝜆2 

increases, shifting the mutation behavior toward Gaussian perturbation to enhance local refinement 

and convergence precision. Through this adaptive mechanism, the complementary advantages of 

Cauchy and Gaussian distributions are effectively exploited, achieving a robust balance between 

exploration and exploitation. 

3.3. MIDBO–SVM Parameter Optimization Modeling 

SVM has demonstrated strong generalization ability and robustness in small-sample and 

nonlinear classification problems, making it well suited for mechanical fault diagnosis of HVCBs. 

However, the diagnostic performance of SVM is highly sensitive to its hyperparameters, particularly 

the penalty parameter C and the kernel parameter g of the RBF [34]. Inappropriate parameter settings 

may lead to overfitting, underfitting, or poor generalization capability. Therefore, an efficient and 

reliable parameter optimization strategy is essential for fully exploiting the classification potential of 

SVM. In this study, the proposed MIDBO algorithm is employed to automatically search for the 

optimal combination of SVM parameters. As illustrated in Figure 1, MIDBO–SVM integrates feature-

driven model training with evolutionary optimization, forming a closed-loop diagnosis framework 

that links signal processing, intelligent optimization, and fault classification. 

3.3.1. Optimization Objective and Fitness Function Design 

The goal of MIDBO–SVM parameter optimization is to identify the optimal hyperparameter pair: 

{ , }C g= , (16) 
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which maximizes the classification performance of the SVM model on mechanical vibration feature 

data. 

To ensure robust performance evaluation and avoid overfitting, k-fold cross-validation accuracy 

is adopted as the fitness function. For each candidate solution i
, the fitness value is defined as: 

1

1
( ) Acc

k

i j

j

Fitness
k =

 =  , (17) 

where Acc𝑗  denotes the classification accuracy obtained on the 𝑗 -th validation fold, and 𝑘 

represents the number of folds. This fitness formulation provides a reliable estimate of generalization 

ability and ensures fair comparison among candidate solutions. 

The optimization problem can thus be formulated as: 

max ( , )Fitness C g


, (18) 

subject to 

min max min max,C C C g g g    , (19) 

where [𝐶min
, 𝐶max] and [𝛾min

, 𝛾max] define the feasible search ranges. 

3.3.2. Encoding Strategy and Search Space Construction 

Within the MIDBO framework, each dung beetle individual represents a candidate SVM 

parameter solution, encoded as a two-dimensional position vector: 

{ , }i i iX C g= , (20) 

The initial population is generated using the best point set–circle chaotic mapping strategy 

introduced in Section 3.2.1, ensuring uniform coverage of the parameter search space and enhanced 

population diversity. This initialization mechanism allows MIDBO to explore a wide range of 

parameter combinations from the early stage, reducing sensitivity to initial conditions. 

3.3.3. MIDBO-Driven Evolutionary Optimization Process 

During the optimization process, the MIDBO algorithm iteratively updates the positions of dung 

beetle individuals based on the multi-strategy enhancement mechanisms described in Section 3.2. 

Specifically: 1) Global exploration stage: the sine–cosine search strategy with random inertia weight 

guides individuals to explore the parameter space in an oscillatory and adaptive manner, preventing 

premature convergence and encouraging exploration of promising regions. 2) Adaptive transition 

stage: as iterations proceed, the adaptive inertia mechanism dynamically balances exploration and 

exploitation, allowing the population to gradually concentrate around high-fitness regions in the 

parameter space. 3) Local refinement stage: the Cauchy–Gaussian mutation strategy is applied to elite 

individuals to introduce controlled perturbations. Cauchy mutation enhances the ability to escape 

local optima, while Gaussian mutation improves fine-grained local search precision, leading to stable 

convergence. 

At each iteration, the fitness of all candidate solutions is evaluated using cross-validation 

accuracy, and the global best solution is updated accordingly. The iterative process continues until 

the termination condition—maximum number of iterations or convergence criterion—is satisfied. 

3.3.4. Optimal SVM Model Construction and Fault Classification 

Upon completion of the MIDBO optimization process, the optimal parameter set 

* { *, *}C g =
is obtained. These parameters are then used to construct the final SVM classifier. 
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The optimized SVM model is trained using the FFT-based frequency-domain feature vectors 

extracted from mechanical vibration signals and subsequently applied to identify the operating states 

and fault types of HVCBs. As shown in Figure 1, this process completes the full diagnostic pipeline, 

from signal acquisition and feature extraction to intelligent optimization and fault decision-making. 

By tightly coupling MIDBO with SVM parameter tuning, the proposed method significantly 

enhances classification accuracy, convergence stability, and robustness under unbalanced sample 

conditions, thereby providing a reliable and efficient solution for mechanical fault diagnosis of 

HVCBs. 

3.4. MIDBO–SVM Fault Diagnosis Procedure 

To fully exploit the parameter optimization capability of the proposed MIDBO algorithm, a 

structured MIDBO–SVM fault diagnosis procedure is established for HVCBs. The overall workflow 

of the proposed method is illustrated in Figure 4, where vibration signal processing, evolutionary 

parameter optimization, and fault classification are tightly integrated. 

Input circuit breaker 

acceleration signal

Start

Frequency domain 

feature extraction based 

on FFT

Construct a support 

vector machine classifier

Parameter optimization 

based on dung beetle 

optimization algorithm

Initial population 

location based on joint 

chaotic mapping method

Model testing

Update the 

location 

Keep the original 

position

Training support vector 

machine model

Update the 

location 

Updated position 

of spawning dung 

beetles

Calculate the fitness 

value

Θ=0,π/2,π 

λ<0.8

Updated thieving 

dung beetle 

location

Update the 

beetle's position

Use Cauchy-Gauss 

variation strategy to 

update the position

Whether the condition 

is met

End
Output optimal 

parameters

Data preprocessing

Yes

No

 

Figure 4. Flowchart of the HVCB fault diagnosis based on the MIDBO-SVM model. 

The detailed fault diagnosis procedure is described as follows: 

(1) Initialization of Algorithm Parameters 

The initial settings of the MIDBO–SVM framework are defined, including the maximum number 

of iterations, population size, search dimension, search ranges of the SVM hyperparameters C and g, 

inertia weight parameters, and mutation-related coefficients. These settings determine the search 

boundaries and evolutionary dynamics of the MIDBO algorithm. 

(2) Population Initialization and Fitness Evaluation 

The initial population is generated using the best point set–circle chaotic mapping strategy 

according to Equation (9), ensuring a uniform and diverse distribution of candidate solutions within 

the parameter space. 
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Each dung beetle individual encodes a candidate SVM hyperparameter pair (C, g). For each 

individual, an SVM classifier is constructed and evaluated using cross-validation accuracy on the 

extracted frequency-domain features. The fault diagnosis error rate is adopted as the fitness criterion. 

Based on the fitness values, the individual best solutions and the global best solution are identified 

and recorded. 

(3) Evolutionary Update and Global Best Tracking 

During each iteration, the positions of dung beetle individuals are updated according to the 

MIDBO evolutionary rules described in Section 3.2. The fitness of the updated population is re-

evaluated, and the historical best positions as well as the global optimal solution are updated through 

fitness comparison. This process guides the population toward high-quality parameter regions while 

maintaining an effective balance between global exploration and local exploitation. 

(4) Cauchy–Gaussian Mutation and Competitive Selection 

To prevent premature convergence and enhance population diversity, the Cauchy–Gaussian 

mutation strategy is applied to elite individuals following Equation (14). The fitness values before 

and after mutation are compared, and the solution with superior fitness is retained as the optimal 

candidate for the current iteration. This competitive selection mechanism ensures that beneficial 

perturbations are preserved in the evolutionary process. 

(5) Termination Judgment and Optimal Parameter Output 

The algorithm evaluates whether the maximum iteration number has been reached. If the 

termination condition is not satisfied, the iteration index is updated (t=t+1), and the procedure returns 

to Step 2. Otherwise, the optimization process terminates, and the optimal SVM hyperparameter 

combination (C∗, g∗) is obtained. 

(6) Fault Classification Using Optimized SVM 

Finally, the optimized SVM classifier constructed with (C∗, g∗) is employed to identify the 

operating conditions and mechanical fault types of HVCBs. This step completes the fault diagnosis 

workflow illustrated in Figure 3. 

4. Data Acquisition 

To evaluate the effectiveness and engineering applicability of the proposed MIDBO–SVM fault 

diagnosis method, an experimental fault simulation platform was constructed using a VS1 HVCB as 

the research object. The training and testing datasets were obtained by simulating typical mechanical 

operating conditions and representative fault scenarios of the circuit breaker. The schematic diagram 

and physical configuration of the data acquisition system are shown in Figure 5 [35]. 

 
(a) Schematic diagram of signal acquisition system 
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Sensor mounting position

 
(b) Experimental equipment 

Figure 5. Data acquisition system diagram: (a) schematic diagram of signal acquisition system and (b) 

experimental equipment. 

During the experiments, mechanical vibration signals generated by the circuit breaker operating 

mechanism were collected using acceleration sensors and transmitted to an industrial computer 

through a high-speed data acquisition card. The acquired signals were stored and monitored in real 

time, providing a reliable basis for subsequent feature extraction and fault diagnosis. 

The VS1 HVCB is an indoor vacuum circuit breaker widely used in 12-kV power distribution 

systems. It integrates a spring-operated mechanism with the circuit breaker body and operates at a 

rated frequency of 50 Hz with a rated current of 1600 A. During opening and closing operations, the 

rapid release of spring energy causes intensive metal-to-metal impacts among internal mechanical 

components. These impacts generate broadband vibration signals, with significant frequency 

components extending beyond 20 kHz, particularly during the closing process. Therefore, sensors 

with high-frequency response characteristics are required to accurately capture the vibration 

information associated with mechanical conditions. 

In this study, a CT1000L piezoelectric acceleration sensor with a sensitivity of 5 mV/g was 

selected to ensure accurate measurement of transient vibration signals. To improve signal fidelity 

and frequency response, the sensor was mounted on the beam of the circuit breaker operating 

mechanism, which exhibits strong vibration transmission characteristics. The sensor was firmly fixed 

using a combination of industrial adhesive and mechanical bolts to ensure a level contact surface and 

stable installation, thereby reducing signal attenuation and external interference. 

The vibration signals were acquired using an NI USB-6002 data acquisition card, which provides 

a maximum sampling rate of 50 kS/s and a 16-bit resolution. Under no-load closing conditions, the 

operating mechanism of the VS1 circuit breaker typically completes its motion within 35–70 ms. To 

ensure complete capture of transient vibration characteristics while maintaining computational 

efficiency, the acquisition duration was set to 1 s, and the sampling frequency was configured at 10 

kHz. 

Four typical operating conditions of the circuit breaker under no-load closing states were 

investigated in this study, including one normal condition and three representative mechanical fault 

conditions: iron core sticking, loose transmission guide rod, and loose base bolt. The iron core sticking 

fault was simulated by inserting a spring into the iron core to increase surface resistance, mimicking 

adhesion caused by contamination or wear. The loose transmission guide rod fault was reproduced 

by loosening the transmission mechanism screw by approximately 3 mm, representing mechanical 

degradation due to long-term operation. The loose base bolt fault was simulated by loosening the 
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four mounting bolts at the base of the circuit breaker, which reduces structural stability and alters 

vibration transmission paths. 

For each operating condition, vibration acceleration signals were repeatedly collected to ensure 

statistical reliability. The vibration waveforms obtained under normal and faulty conditions are 

illustrated in Figure 6. These datasets form the experimental foundation for validating the proposed 

MIDBO–SVM fault diagnosis framework in terms of classification accuracy, robustness, and 

generalization performance. 

  
(a) normal working condition (b) iron core sticking 

  
(c) loose transmission guide rod (d) loose base bolt 

Figure 6. Four vibration signals: (a) normal working condition, (b) iron core sticking, (c) loose transmission guide 

rod and (d) loose base bolt. 

5. Results and Analysis 

In this study, FFT was employed to extract frequency-domain features from both training and 

test samples, which were subsequently used as inputs to the support vector machine (SVM) classifier. 

To mitigate the sensitivity of SVM performance to hyperparameter selection, the proposed MIDBO 

algorithm was adopted to optimize the penalty factor 𝐶  and kernel parameter 𝑔 . To ensure fair 

comparison, all optimization-based classifiers were trained and evaluated using identical datasets, 

feature extraction procedures, and parameter search ranges. The population size and maximum 

iteration number for all optimization algorithms were set to 30, with 𝐶 ∈ [0,60] and 𝑔 ∈ [0,60]. 

The population evolution processes of different optimization methods are illustrated in Figure 

7. It can be observed that the whale optimization algorithm (WOA) exhibits limited population 

diversity during the later stages of optimization, which leads to premature convergence and 

stagnation. Although WOA converges relatively quickly, its restricted global search capability limits 

further performance improvement. The PSO method demonstrates a highly stochastic search 

trajectory with evident randomness in the distribution of candidate solutions. As the optimization 

progresses, the population diversity of PSO decreases rapidly, increasing the likelihood of being 

trapped in local optima. Consequently, PSO-SVM often requires repeated experiments to obtain 

acceptable solutions and suffers from slow convergence and low optimization precision. 

Compared with PSO and WOA, the DBO algorithm shows a more uniform population 

distribution and improved global exploration ability, as illustrated in Figure 7(c). However, its local 
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exploitation capability remains insufficient, resulting in convergence toward suboptimal solutions in 

some cases. By contrast, the proposed MIDBO algorithm effectively overcomes these limitations. 

Through an improved population initialization strategy and adaptive regulation of inertia weight 𝜔 

and dynamic parameters, MIDBO achieves a better balance between global exploration and local 

exploitation. The real-time adjustment of population movement enables the algorithm to follow a 

coarse-to-fine optimization strategy, significantly improving convergence speed, stability, and 

solution accuracy. 

The convergence behaviors of the four optimization algorithms are further compared in Figure 

8. The PSO-SVM model exhibits alternating stagnation and re-search phenomena during 

optimization and converges to an error value of 0.1042 after 14 iterations, indicating limited 

optimization capability. Although WOA-SVM converges faster than PSO-SVM, its final accuracy 

improvement is marginal, suggesting insufficient local search refinement. The DBO-SVM model 

achieves better convergence accuracy and speed than the two aforementioned methods; however, the 

imbalance between its exploration and exploitation abilities remains evident. In contrast, the 

proposed MIDBO-SVM reaches an error rate of 0.0333 within only three iterations, achieving the 

highest convergence accuracy with the fewest iterations. This demonstrates that MIDBO significantly 

enhances the optimization efficiency and robustness of SVM hyperparameter tuning while reducing 

the probability of convergence to local optima. 

  
(a) PSO (b) WOA 

  
(c) DBO (d) MIDBO 

Figure 7. Spatial distribution of parameter optimization: (a) PSO-SVM method, (b) WOA-SVM method, (c) DBO-

SVM method and (d) MIDBO-SVM method. 
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Figure 8. Iterative convergence curves of the four parameter optimization methods. 

The fault diagnosis performance of different optimized SVM models is summarized in Table 1. 

The four operating conditions—normal condition, iron core adhesion, slack transmission guide rod, 

and loose base bolts—correspond to Classes 1–4, respectively. Among all compared methods, 

MIDBO-SVM achieves the highest overall diagnostic accuracy of 96.67%. For fault Classes 2 and 3, 

all optimized methods achieve accuracies above 95%, indicating that these fault patterns are relatively 

distinguishable in the feature space. However, for Class 1 (normal condition) and Class 4 (loose base 

bolts), which exhibit higher similarity and are more prone to misclassification, MIDBO-SVM 

demonstrates obviously advantages. Specifically, the diagnostic accuracy of MIDBO-SVM for Class 

1 reaches 93.3%, exceeding those of WOA-SVM, PSO-SVM, and DBO-SVM by 15.0%, 17.0%, and 8.3%, 

respectively. For Class 4, MIDBO-SVM achieves an accuracy of 96.7%, outperforming the other three 

methods by 6.7%, 11.7%, and 3.4%, respectively. These results indicate that MIDBO-SVM possesses 

stronger discriminative capability for subtle mechanical fault features and demonstrates superior 

global optimization performance. 

Table 1. Comparison of diagnosis outcomes for different fault types. 

Model Actual class 
Prediction class 

Accuracy 
1 2 3 4 

WOA 

1 47 0 12 1 

91.25% 
2 0 59 0 1 

3 0 1 59 0 

4 1 5 0 54 

PSO 

1 46 0 13 1 

89.58% 
2 0 57 0 3 

3 0 1 59 0 

4 1 6 0 53 

DBO 

1 51 0 8 1 

93.75% 
2 0 59 0 1 

3 0 1 59 0 

4 0 4 0 56 

MIDBO 

1 56 0 4 0 

96.67% 
2 0 59 0 1 

3 0 1 59 0 

4 0 2 0 58 
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To further evaluate the effectiveness of the proposed MIDBO-SVM approach, additional 

comparisons were conducted with several widely used conventional classification methods, 

including an unoptimized SVM, k-nearest neighbors (KNN), and random forest (RF). All classifiers 

were implemented using identical FFT-based feature representations and the same training–testing 

data partitions to ensure a fair comparison. The quantitative results in terms of average classification 

accuracy and standard deviation (Std) obtained over multiple independent runs are summarized in 

Table 2. As shown in Table 2, the unoptimized SVM achieves an overall accuracy of 86.25%, which is 

notably lower than that of the proposed MIDBO-SVM. This result clearly demonstrates that 

inappropriate hyperparameter selection can severely degrade SVM classification performance, even 

when informative frequency-domain features are employed. The KNN classifier exhibits the lowest 

accuracy and the largest standard deviation, indicating limited generalization capability and high 

sensitivity to sample distribution variations. Although RF outperforms both KNN and the 

unoptimized SVM by leveraging ensemble learning, its diagnostic accuracy and stability remain 

inferior to those of MIDBO-SVM. Notably, MIDBO-SVM not only achieves the highest average 

accuracy but also exhibits the smallest std among all compared methods, indicating superior 

robustness and repeatability. This performance gain confirms that the proposed multi-strategy 

optimization mechanism enables the SVM to converge consistently toward high-quality 

hyperparameter configurations, thereby enhancing both classification precision and stability. 

Table 2. Performance comparison of conventional classifiers and MIDBO-SVM. 

Methods 
Diagnosis accuracy (%) 

Accuracy Std 

KNN 84.55 3.41 

Unoptimized SVM 86.25 2.87 

RF 89.17 2.14 

MIDBO-SVM 96.67 0.94 

To further investigate the diagnostic behavior of different classifiers, confusion matrix analysis 

was conducted, with particular emphasis on the misclassification of normal operating conditions, 

which is a critical concern in practical condition monitoring systems. The confusion matrices of the 

representative classifiers are reported in Figure 9, where Class 1 corresponds to normal operation and 

Class 4 represents the loose base bolt fault, which exhibits feature characteristics partially 

overlapping with normal conditions. The confusion matrix results reveal that conventional classifiers, 

particularly the unoptimized SVM and RF, tend to misclassify normal operating samples as loose 

base bolt faults. This misclassification arises from overlapping vibration frequency features between 

healthy states and early-stage mechanical looseness, leading to blurred decision boundaries. Such 

false alarms are highly undesirable in real-world applications, as they may trigger unnecessary 

maintenance actions and reduce system reliability. In contrast, the proposed MIDBO-SVM 

significantly reduces the misclassification of normal samples, achieving the highest true positive rate 

for Class 1 while simultaneously maintaining high precision for fault categories. This improvement 

indicates that the MIDBO-optimized SVM constructs a more discriminative and compact decision 

boundary, effectively separating normal conditions from fault states with similar spectral 

characteristics. Overall, the confusion matrix analysis confirms that MIDBO-SVM not only enhances 

overall diagnostic accuracy but also substantially improves reliability by minimizing false fault 

alarms under normal operating conditions, which is essential for practical deployment in high-

voltage circuit breaker condition monitoring systems. 

In practical applications, HVCBs operate predominantly under normal conditions, and fault 

samples are scarce. To simulate this realistic scenario, unbalanced datasets were constructed, as 

shown in Table 3, by gradually reducing the sample sizes of Classes 1 and 4. The diagnostic results 

under unbalanced conditions are illustrated in Figure 10. As the degree of imbalance increases, the 

diagnostic accuracy of all models decreases, with PSO-SVM and WOA-SVM exhibiting particularly 
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severe performance degradation due to their susceptibility to local optima under limited data 

conditions. In contrast, MIDBO-SVM consistently maintains high diagnostic accuracy, remaining 

above 86.25% even under severely unbalanced sample distributions. This robustness demonstrates 

that the optimized hyperparameters obtained by MIDBO endow the SVM classifier with strong 

generalization ability, making it more suitable for practical fault diagnosis scenarios characterized by 

limited and imbalanced data. 

Table 3. Experimental sample data set. 

Label 
Dataset 

data set 1 data set 2 data set 3 data set 4 

1 50 40 30 20 

2 50 50 50 50 

3 50 50 50 50 

4 50 40 30 20 

 

Figure 9. Confusion matrices of different classifiers. 
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Figure 10. Fault identification results for unbalanced datasets. 

From a computational perspective, the overall complexity of the proposed MIDBO-SVM 

framework is dominated by the optimization-based hyperparameter search and SVM training 

process. Let 𝑁 denote the population size, 𝑀 denote the number of iterations, and 𝑇SVM denote the 

training cost of a single SVM model. The computational complexity of MIDBO-SVM can be 

approximated as 𝑂(𝑁 × 𝑀 × 𝑇SVM), which is comparable to that of PSO-SVM, WOA-SVM, and DBO-

SVM. However, due to its faster convergence behavior, MIDBO requires significantly fewer effective 

iterations to reach optimal solutions. In practice, MIDBO-SVM converges within only three iterations, 

whereas the other methods require more than ten iterations to stabilize. Consequently, the actual time 

cost of MIDBO-SVM is lower despite similar theoretical complexity. Moreover, once the optimal 

hyperparameters are obtained, the online fault diagnosis stage involves only standard SVM 

inference, which incurs negligible computational overhead. Therefore, the proposed MIDBO-SVM 

achieves a favorable trade-off between diagnostic accuracy and computational efficiency, 

demonstrating strong potential for real-time condition monitoring and fault diagnosis of HVCBs. 

6. Conclusions 

This paper presented a mechanical fault diagnosis framework for HVCBs based on a support 

vector machine optimized by a MIDBO-SVM. FFT-based frequency-domain features were extracted 

from vibration signals corresponding to multiple operating states, providing effective 

characterization of mechanical condition variations. By enhancing the original DBO with diversified 

population initialization, adaptive search control, and hybrid mutation strategies, the proposed 

MIDBO significantly improved global exploration capability, convergence speed, and optimization 

stability. As a result, the optimal SVM hyperparameters were reliably identified, leading to superior 

classification performance. Experimental results demonstrated that the proposed MIDBO-SVM 

achieved the highest diagnostic accuracy of 96.67% and maintained strong robustness under 

imbalanced sample conditions, with an accuracy of 86.25%. Compared with conventional classifiers 

and non-optimized SVMs, the proposed method effectively reduced misclassification of normal 

operating conditions and mechanically similar fault states, confirming its strong generalization 

capability and practical applicability. These results indicate that the proposed framework provides 

an effective and reliable solution for HVCB mechanical fault diagnosis and condition assessment. 
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Future work will focus on extending the proposed framework toward online and real-time fault 

diagnosis by incorporating streaming vibration data and adaptive model updating mechanisms. In 

addition, multi-sensor fusion strategies combining vibration, current, and acoustic signals will be 

investigated to further enhance diagnostic reliability under complex operating conditions. Transfer 

learning and domain adaptation techniques will also be explored to improve model scalability and 

enable rapid deployment across different circuit breaker types and operating environments with 

limited labeled fault data. 
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