Proceedings of the 2nd International Conference on Applied Physics and Mathematical Modeling
DOI: 10.54254/2753-8818/95/2024.21346

Support Vector Machines and Their Application in
Mechanical Fault Diagnosis

Mengjie Jiang

China University of Petroleum-Beijing at Karamay Campus, No. 355, Anding Road,
Karamay District, Karamay City, Xinjiang, China

31104643635@qqg.com

Abstract. The advent of Support Vector Machines (SVM), deeply rooted in the principles of
statistical learning theory, represents a pivotal milestone in the progression of machine learning
methodologies. In the intervening years, the application of SVM has permeated a multitude of
disciplines, garnering widespread academic interest and provoking extensive scholarly discourse
on an international scale. Despite its broad utility, the deployment of SVM within the specialized
area of mechanical fault diagnosis has been relatively uncharted, with a dearth of research
dedicated to the amalgamation of SVM with existing condition monitoring and diagnostic
protocols. This treatise seeks to demystify the core tenets and unique characteristics of SVM,
offering a critical appraisal of its merits and demerits when juxtaposed with traditional diagnostic
approaches. Additionally, this review provides an exhaustive synthesis of the extant literature,
casting a spotlight on the latest forays into the integration of SVM for mechanical condition
surveillance and fault detection, both within domestic and international spheres. Against this
backdrop, the discourse delves into the intrinsic challenges inherent to SVM research and posits
prospective avenues for the evolution and application of SVM within the precincts of mechanical
fault diagnosis.
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1. Introduction
With the evolution of modern mechanical systems towards heightened precision and sophistication, the
intricacy of their operational contexts has correspondingly expanded. Equipment malfunctions, once
isolated to single components, now pose a broader risk of severe damage and, in the most dire instances,
precipitate catastrophic events with the potential for personal injury or fatalities. A plethora of
calamitous incidents, both domestically and globally, have been linked to mechanical failures,
exemplified by the fatal machinery accident on "February 4th" at Tesla's (Shanghai) facility, the engine
explosion aboard a United Airlines Boeing 777, and the tragic LOT Polish Airlines Flight 5055 crash.
Consequently, the accurate and expedient detection of incipient faults and their evolution during
operation is imperative for the integrity and safety of mechanical systems, and for the preemption of
major accidents.

In the realm of mechanical fault diagnosis, intelligent diagnostic methodologies, such as artificial
neural networks, are frequently constrained by their dependence on extensive repositories of typical
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fault data or pre-existing knowledge, alongside the intrinsic challenges of feature extraction from fault-
related data. To transcend these limitations, the Statistical Leaming Theory (SLT) introduces a
pioneering theoretical construct, adeptly tailored to leaming paradigms characterized by limited data
samples. Within this theoretical architecture, Support Vector Machines (SVM) have materialized as a
pioneering and resilient universal learning algorithm, showcasing pronounced superiority in contexts of
small-sample learning. The SVM has gamered acclaim for its successful applications across a spectrum
of domains, including but not limited to pattern recognition, regression analysis, and function
approximation.

This paper aims to encapsulate the extant applications of SVM within the discipline of mechanical
fault diagnosis. It commences with an exposition of the foundational tenets of SVM and proceeds to
delineate the current research trajectory in the field of mechanical fault diagnosis. Subsequently, the
paper scrutinizes the strengths and weaknesses of SVM, culminating in an exploration of its potential
applications and prospective research avenues in the sphere of mechanical fault detection.

2. Principles of Support Vector Machines

Support Vector Machines (SVM) are an avant-garde machine leaming technique predicated on the
precepts of Statistical Learming Theory. The fundamental premise of SVM involves the transformation
of the original dataset through a nonlinear mapping into an elevated-dimensional space, within which
an optimal hyperplane is delineated for the categorization of input samples. SVM excels in managing
scenarios with limited sample sizes, resolving nonlinear issues, circumventing local minima dilemmas,
and surmounting the dimensionality curse. Moreover, SVM is underpinned by a robust theoretical
framework, characterized by a succinct and elegant mathematical formulation, and further enhanced by
its intuitive geometric interpretation.[1]

2.1. Linear Support Vector Machines

The discourse commences with an examination of the linear separability scenario within training sample
sets. As depicted in Figure 1, the solid and hollow circles symbolize two classes of sample points. [2]The
objective is to discern a classification hyperplane, denoted as H, within the sample space that
efficaciously demarcates the two classes of samples.

wix+b=0 (1)
Accurately separating two classes of samples requires:
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Figure 1. Principle of Linear Classification in SVM.

In the schematic illustration of Figure 1, H1 and H2 denote the proximal parallel lines to the
discriminative hyperplane that are in closest approximation to the respective classes of exemplars.
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Within this framework, the hyperplane H is adept at effecting a clear demarcation between the two
classes of samples, concurrently ensuring the preservation of an optimal margin, denoted by the variable
ddd, which is calibrated to be twice the reciprocal of the norm of the weight vector, expressed as 2/||w/|.
To ensure the hyperplane's invariance when subjected to scalar multiplication of the weight vector w
and the bias term b by any non-zero scalar, it is imperative to enforce the normalization constraint. This
imperative necessitates the fulfillment of the following condition: the magnitude of the weight vector
|[w|| be rendered equivalent to 1, thereby establishing a standardized framework for the hyperplane's
orientation and position within the feature space. This normalization process is quintessential for the
generalization of the SVM model, ensuring its robustness and reliability across varied datasets.
_min_|wTx; +b|=1 3)
i=1,2,..,n
Within the purview of statistical learning theory, the paradigm of an optimal classification hyperplane
(H) arises when an ensemble of training samples is perfectly divisible by a linear construct. This
hyperplane is distinguished by its capacity to maximize the shortest distance—between itself and the
nearest exemplars from the respective classes, thereby ensconcing the hyperplane in an optimal
configuration for classification purposes. The demarcation of this hyperplane's periphery is orchestrated
by a pair of parallel planes that are tangential to the closest points of the two sample classes, effectively
encapsulating the margin that the optimal hyperplane (H) seeks to maximize. This construct,
underpinned by the principle of margin optimization, is pivotal in enhancing the generalizability of the
model, thus endowing it with an enhanced ability to discern between classes in unseen data.

Hi:wTx; +b > 1,y; = +1 “)
Hy:wTxi+b < —1,y; = —1 ®)

The distance between the two boundaries is referred to as the margin. From this, the decision function
can be derived:

f(x) = sym(wTx +b) 6)

The SVM learning process can be viewed as a constrained quadratic programming problem, where
there are many separating hyperplanes but only one optimal hyperplane. This constrained quadratic
programming problem with linear constraints is solved using the Lagrange multiplier method:

.1
min> lw||?

s.tyi(wTx; +b) > 1, (7
i=12..,n

Taking partial derivatives w and b with respect to the parameters and setting them to zero gives:

a —_—
aL(W,b, O() =0

S ®)
aL(W, ,0) =0
it obtains:
w =YL & YiX;
9
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Maximizing the margin effectively enhances the generalization ability, aligning with the core concept
of support vector machines, which is to minimize structural risk. According to Wolfe's dual theory, the
classification problem can be transformed into its dual form, yielding:
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where a; is the Lagrange multiplier corresponding to the ith sample. This quadratic programming
problem with inequality constraints has a unique solution, allowing the parameters to be determined as:

1
b= mine]N <Yi - ije] Q5 Yj (xje X)) (1)
Finally, the optimal classification function is derived as:
f(x) = sgn{(w * x) + b} = sgn{XiL; a; yi(x; * X) + b} (12)

2.2. Nonlinear Support Vector Machines
When the sample points are nonlinearly separable in low dimensions, we need to transform them into a
higher-dimensional space where they become linearly separable. This is achieved by using a kernel
function to map all the sample points into a higher-dimensional space.[3]

In the schematic illustration of Figure 2, According to the Hibert-Schmidt theorem, when the kernel

function satisfies the Mercer condition, for any functiong(x), when fab g? (x)dx is finite, K(xj,y;)

corresponds to the inner product (CD(Xi) . dJ(X]-))in some space. The optimization problem then
transforms to:

.1
mO}nEZEj=1 o; o5y;yiK(xi, yi) — 2ikq @ (13)

The classification decision function is:

Figure 2. Kernel function mapping schematic.

f(x) = sgn{¥iL, a; yiK(x;,x) + b} (14)

Different inner product kemel functions lead to different SVM algorithms. The three commonly used
kemel functions are:
Polynomial Kernel Function

K(xi %)) = (1+x7%;)° (15)
Gaussian Radial Basis Kernel Function
K(xi,%;) = exp(—R||x; — x;]|?) (16)
(3) Sigmoid and Kernel Function
K(x;,x;) = tanh(kx] x; — 8) (17)
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where d > 0,R > 0,k > 0,6 > 0 are referred to as kernel parameters.[4-6]
3. Application Status

3.1. Rotating Machinery Fault Diagnosis

In the specialized realm of rotating machinery fault diagnosis, Support Vector Machines (SVM) are
leveraged to distill vibrational signatures, which are subsequently projected into a higher-dimensional
space to refine the discriminative hyperplane. The SVM model undergoes training to execute the
classification and diagnosis of faults, ascertaining the presence and categorization of anomalies within
rotating machinery. The process often incorporates parameter optimization to augment the precision of
diagnostic outcomes. Owing to its intrinsic merits, SVM has secured its status as a ubiquitous analytical
instrument in the diagnostics of rotating machinery. Figure 3 shows the basic flow of rotating machinery
troubleshooting in industry today.

. Signal pre- Feature Extraction Training the
Data collection processing and Selection SYM model

Feedback and Analysis of Model parameter
Iteration results Evaluation optimization

Figure 3. Rotating Machinery Troubleshooting Flowchart.

Hao et al. introduced an innovative fault diagnosis methodology for rotating machinery that employs
Laplacian Support Vector Machines (Lap-SVM) to confront the intricacies associated with the labeling
of extensive sample cohorts [7]. This technique integrates the inherent manifold structure information
of'unlabeled samples into the classifier's architecture, thereby ensuring the preservation of'the classifier's
smoothness and the maintenance of the data's manifold integrity. This strategy adeptly harnesses the
information contained within unlabeled samples to bolster the classifier's performance.

Xue et al. devised a fault diagnosis technique that amalgamates Deep Convolutional Neural Networks
(DCNN) with SVM to surmount scenarios where the vibrational feature set of rotating machinery
exhibits inadequate sensitivity [8]. Utilizing a rotor test rig, the fusion of artificial intelligence with
expert human knowledge was demonstrated through experiments, which yielded a marked enhancement
in diagnostic precision. Notably, the methodology achieved an average accuracy of 98.71% in
diagnosing N205 bearing and rotor composite faults, thereby substantiating the efficacy of the proposed
technique.

Dias et al. proffered a pioneering approach for fault detection in rotating machinery within the sphere
of motion control [9]. This method undertakes the analysis of control communication data via the
PROFINET network and the PROFI-drive profile, thereby obviating the necessity for supplementary
sensors. The SVM is deployed as a canonical classifier to discern five distinct types of mechanical faults
with high efficiency. Empirical findings revealed that the fault detection efficacy was sustained at a lofty
97.78% even under non-ideal conditions, thereby highlighting the approach's viability and efficacy
across diverse operational contexts.

3.2. Bearing Fault Diagnosis

In the analogous vein to its deployment in the realm of rotating machinery, Support Vector Machines
(SVM) are conscripted in the diagnosis of bearing faults, tasked with the extraction of salient features
from vibrational signals. The SVM is subjected to a rigorous training regimen designed to discern among
a plethora of fault signatures, with meticulous parameter optimization applied to bolster the fidelity of
classification. This meticulous process culminates in the robust identification of faults within novel
datasets.
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Wang et al. introduced an intelligent fault diagnosis methodology tailored for rolling bearings,
synthesizing the Generalized Composite Multiscale Weighted Permutation Entropy (GCMWPE),
Supervised IsoMap (S-Iso), and Marine Predators Algorithm-SVM (MPA-SVM) [10]. This composite
approach distills multidimensional features from the bearings, amassing a comprehensive high-
dimensional feature set. This assembly transcends the inherent limitations of the conventional multiscale
weighted permutation entropy framework, yielding more stable entropy metrics. The S-Iso algorithm is
then engaged to refine the feature set, extracting pivotal characteristics and effecting a reduction in
dimensionality. The amalgamated GCMWPE and S-Iso features are subsequently channeled into the
MPA-SVM, with the SVM's parameters finely tuned via the Marine Predators Algorithm (MPA). The
empirical evidence garnered from this study attests to the method's exceptional diagnostic precision in
the context of bearing faults.

Mathur et al. navigated the domain of data-driven bearing fault diagnosis through the lens of feature
ranking [11]. By extracting statistical features from the time-domain of vibrational data, which was
procured under a quintet of distinct bearing defect conditions—encompassing normal operation and
various states of defect in the outer ring, ball, inner ring, and combined inner and ball defects—they
juxtaposed the efficacies of feature selection algorithms. These algorithms were applied in concert with
Artificial Neural Networks (ANN) and SVM for predictive analytics. Their investigative findings
illuminated that the Neighbourhood Component Analysis algorithm procured the most elevated
accuracy rates for bearing fault detection, when in conjunction with both SVM and ANN. This
underscores the algorithm's capacity to facilitate a diagnosis that is both efficacious and dependable.

3.3. Gear Fault Diagnosis

In the specialized domain of gear fault diagnosis, Support Vector Machines (SVM) serve as a meticulous
analytical tool for the scrutiny of vibration signals, adeptly extracting pivotal features that are indicative
of the operational integrity of gears. Sophisticated feature selection methodologies, such as the
Laplacian Score (LS), are harnessed to pinpoint the most salient features. These features are
subsequently instrumental in the training regimen ofthe SVM model. To augment the diagnostic acumen
further, optimization algorithms, including the Grey Wolf Optimization (GWO) algorithm, are engaged
to meticulously adjust the SVM parameters. This ensures the model's robust performance, even when
confronted with intricate datasets. The refined SVM model thus stands capable of accurately
categorizing novel vibration signal data, offering efficacious and precise diagnostic insights for gear
faults.

Zhang et al. proffered a fault diagnosis approach grounded in Frequency Modulated Empirical Mode
Decomposition (FM-EMD) and SVM, meticulously crafted for the extraction of gear signals amidst
multi-modal mixtures [12]. This technique processes the nascent vibration signals to yield Intrinsic
Mode Functions (IMFs), effectively surmounting the constraints of traditional methodologies in
inoperable regions and disceming components with proximal frequencies. The ensuing energy
distribution is employed as a feature vector for the SVM, facilitating the identification of the gearbox's
dynamic state and the classification of fault types. The outcomes substantiated the efficacy and precision
of this diagnostic methodology.

Pan et al. introduced a hybrid method that integrates Wavelet Packet Independent Component
Analysis with Kernel Function Fusion SVM for the purpose of gear fault diagnosis, with a focus on
enhancing feature extraction and diagnostic precision [ 13]. This innovative technique exploits Wavelet
Packet Independent Component Analysis to garner a comprehensive array of feature information, which
is subsequently refined prior to its utilization in the Kemel Function Fusion SVM for diagnostic
purposes. Comparative analyses have demonstrated that this method attains exceptionally high
diagnostic accuracy, thereby accentuating its robustness and reliability in the context of gear fault
diagnosis.
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3.4. High-Voltage Circuit Breaker Fault Diagnosis

In the sophisticated discipline of high-voltage circuit breaker fault diagnosis, Support Vector Machines
(SVM) assume a pivotal role, meticulously capturing nuanced variations in current, voltage, and
mechanical vibration signals throughout the breaker's operational cycle. These signals are subjected to
a meticulous analysis to distill key features, which are then meticulously preprocessed to enhance the
model's capacity for generalization. The curated dataset is employed to train the SVM model, endowing
it with the ability to discern between normal and anomalous operating conditions with precision.
Throughout the training regimen, pivotal SVM parameters, including the penalty coefficient \( C \) and
the kernel function hyperparameters, are fine-tuned to augment the model's efficacy, ensuring
remarkable accuracy across a spectrum of scenarios. Post-training, the model's diagnostic fidelity and
dependability are stringently evaluated using a distinct test set. Upon successful validation, the
rigorously vetted SVM model is integrated into real-time monitoring systems, facilitating the prompt
and accurate identification and categorization of faults within novel circuit breaker signals. This robust
diagnostic apparatus substantially amplifies the maintenance and secure functioning of high-voltage
circuit breakers.

Yang et al. introduced a methodology adept at surmounting the challenge of low mechanical
diagnostic precision in high-voltage circuit breakers by employing Principal Component Analysis (PCA)
in conjunction with the Whale Optimization Algorithm (WOA) to refine the SVM's parameters [14].
Vibration signals harvested from the breakers are refined through Hilbert-Huang Transformation to
extract an apt envelope spectrum, succeeded by the computation of the spectrum's entropy. PCA is then
engaged to ascertain the contribution rate of the feature values, selecting those exceeding a cumulative
contribution rate 0f90% to form the final feature vector. The WOA -optimized SVM, through exhaustive
parameter and feature optimization, has demonstrated superior performance over conventional
techniques in both optimization efficiency and accuracy.

Miao et al. proposed an avant-garde approach for the condition assessment of high-voltage circuit
breakers within the context of smart grids, capitalizing on wavelet packet decomposition to extract
characteristic values from the dynamic contact signals of the circuit breakers [15]. These characteristic
values are further honed through fuzzy clustering prior to their introduction into the SVM for diagnostic
purposes. Empirical results have substantiated that leveraging SVM for the fault diagnosis of high-
voltage circuit breaker systems is not only viable but also yields highly satisfactory diagnostic outcomes.

4. Future Prospects

4.1. Advantages

Support Vector Machine (SVM), a paradigm that materialized in the early 1990s and is deeply rooted
in the precepts of statistical leaming theory, has demonstrated an extraordinary propensity for
generalization, particularly when it comes to the resolution of decision-making problems in the context
of small sample sizes. This algorithm deftly navigates the high-dimensional challenges and the
quandaries of local extrema that are frequently encountered within the purview of neural network
methodologies. The intrinsic simplicity of SVM confers a significant advantage in engineering
applications, establishing it as a formidable instrument for the tangible implementation of statistical
learning theory.

It is noteworthy that the ultimate decision function of SVM is sculpted by a select group of data
points, referred to as support vectors. This nuance implies that the computational complexity of SVM is
primarily dictated by the count of these support vectors, rather than the dimensionality of the underlying
sample space. This attribute partially circumvents the so-called "curse of dimensionality," endowing the
model with a robust generalization performance. Consequently, SVM is less prone to overfitting and is
adept at rendering commendable performance even when the dataset at its disposal is modest in size.[16]
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4.2. Disadvantages

Extended Training Duration: In the realm of large-scale data analytics, the application of Support Vector
Machines (SVM) entails a meticulous computation of the interrelationships between each feature point
and the discriminative hyperplane. [17]This exhaustive process engenders an elongated training timeline.
Throughout the model's training phase, SVM demands iterative parameter updates, alongside the re-
evaluation of derivatives, integrals, and matrix inversions, which exact a considerable toll on
computational time and memory resources. While SVM shines in scenarios with limited data, its
operational efficiency is attenuated when confronted with the vast expanse of large datasets.

Kernel Function Determination: The selection of an appropriate kemel function within SVM is a
critical juncture, exerting a profound influence on the model's proficiency in tackling nonlinear
complexities. [18]SVM employs kernel functions to project data into a higher-dimensional space, in
pursuit of a hyperplane that affords linear separability. However, the quest for the optimal kemel
function is fraught with challenges, including the assessment of data linear separability, the multitude
of'kernel options, and the fine-tuning of associated hyperparameters. For instance, the Gaussian kernel,
despite its efficacy in various nonlinear applications, requires precise calibration of its parameter
\(\gamma\) and incurs significant computational overhead. Particularly with large-scale datasets, the
absence of pre-existing knowledge about the data's distribution renders the kernel's construction, which
accurately mirrors the data's attributes, exceedingly intricate. The kernel function's choice also bears on
the model's capacity for generalization. Cross-validation, while an essential tool for kemel function
assessment, is an arduous and computationally exhaustive endeavor, often falling short in terms of
efficiency.

Complexities in Multi-Class Classification: Initially designed for binary classification, SVM lacks
intrinsic mechanisms for multi-class categorization, potentially rendering it ill-suited for the
multifaceted nature of real-world multi-class problems. The core tenet of SVM—to identify the optimal
hyperplane for class separation—faces complications in multi-class contexts, necessitating extensions
such as one-vs-one, one-vs-all, or Error-Correcting Output Codes (ECOC). These adaptations not only
amplify the model's architectural intricacy but also escalate computational demands and protract the
training duration. [19]The interplay among classes in multi-class scenarios may precipitate a decline in
performance, further complicating the parameter selection process. Moreover, the specter of class
imbalance can erode the model's generalization prowess, introducing superfluous complexities when
SVM is tasked with multi-class classification challenges.

4.3. Future Development Trends

4.3.1. Integration of Multi-Modal Data. Mechanical systems are known to produce a plethora of data
types, encompassing vibration signals, acoustic emissions, temperature gradients, and pressure metrics.
Within the tapestry of such multi-modal datasets, Support Vector Machines (SVM) can significantly
amplify the precision of fault detection by amalgamating information across disparate sources. It is
advocated that researchers delve into the exploration of diverse data fusion strategies—encompassing
early, late, or hybrid fusion techniques—and scrutinize methodologies for the optimization of SVM
parameters to adeptly manage the complexity of multi-modal inputs.

4.3.2. Synergy of Cloud and Edge Computing. Cloud computing provides an expansive reservoir of
computational resources, while edge computing ensures the expeditious processing of data with minimal
latency. The convergence of these two computational models can markedly enhance the training and
inferencing mechanisms of SVM models. Edge devices, positioned to manage real-time data with
alacrity, can relay pivotal information to the cloud, where the models are honed and refined, thus
elevating the overall efficacy of the system. [20]

4.3.3. Utilization of Open-Source Software and Frameworks. The embrace of open-source software and
platforms is poised to expedite the evolution and practical application of SVM algorithms. By presenting
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intuitive interfaces, exhaustive documentation, and robust community backing, these resources
democratize access to SVM, spurring broader investigation and innovation among the academic and
engineering communities engaged in the detection of mechanical faults.

4.3.4. Automation of Feature Engineering Processes. Feature engineering stands as a linchpin in the
enhancement of SVM performance. Automated feature engineering methodologies have the potential to
eclipse the labor-intensive manual feature selection process by independently discerning the most salient
features. The innovation of avant-garde algorithms or the enhancement of extant techniques, with a focal
aim on the autonomous selection, extraction, and construction of optimal feature subsets, can
substantially elevate the proficiency and fidelity of SVM in the realm of fault detection.

4.3.5. Real-Time Surveillance and Diagnostics. The capacity for real-time monitoring is central to the
efficacious detection of mechanical faults. With the swift progression of Intemet of Things (IoT)
technologies, SVM can be integrated seamlessly into embedded systems and intelligent sensors,
facilitating persistent monitoring and prompt diagnostics of mechanical health. This integration
demands SVM models that are not only unerringly accurate but also sufficiently streamlined to operate
within the confines of resource-limited edge computing ecosystems.

5. Conclusion

This treatise offers an expansive survey of the mathematical underpinnings and evolutionary saga of
Support Vector Machines (SVM), juxtaposed with an assessment of its forays into the realm of
mechanical fault detection. Through a meticulous examination of seminal studies, this paper accentuates
the variegated contributions that SVM can proffer within this sphere, with a particular emphasis on its
merits pertaining to detection efficacy and versatility. Despite these strengths, a number of formidable
challenges persist.

The tangible application of SVM in the diagnosis of mechanical faults necessitates a deeper inquiry
into the optimal selection of kernel functions, the enhancement of real-time classification prowess, and
the innovation of efficacious multi-class classification algorithms. In summation, the objective of this
paper is to galvanize the academic community and to spur readership towards propelling the research
frontier by venturing into pioneering avenues within the dynamic expanse of SVM technology.
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