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Abstract 
In the context of the rapid development of intelligent manufacturing, the sta-
ble operation of mechanical equipment is crucial for maintaining industrial 
production continuity and achieving economic benefits. Timely identification 
of potential fault risks based on equipment operation data can facilitate accu-
rate maintenance and enhance production safety and efficiency. This study 
conducts fault detection and classification modeling using operational data 
from industrial equipment provided by a manufacturing enterprise. First, the 
raw data underwent data cleaning, outlier removal, and imputation of missing 
values. Key influencing factors, including plant temperature, equipment tem-
perature, rotational speed, torque, hours of use, and equipment quality level, 
were identified through independence tests and ANOVA. For fault detection 
modeling, support vector machine (SVM) and decision tree (CART) algo-
rithms were employed to determine whether the equipment experienced fault, 
with model performance evaluated using multiple evaluation metrics. For 
fault classification, a multi-classification model based on the random forest 
algorithm was developed to identify specific fault types. Furthermore, feature 
importance analysis was performed to quantify the impact of different features 
on various fault types, revealing the potential causes of faults. This study offers 
practical value for intelligent maintenance and predictive overhaul of manu-
facturing equipment, providing both data-driven insights and methodological 
reference for industrial applications. 
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1. Introduction 

In the context of the global shift toward digital and intelligent manufacturing, the 
operational status of industrial equipment directly affects production efficiency 
and product quality. Prolonged operation in high-intensity, complex environ-
ments makes equipment prone to wear, aging, and faults. These faults can disrupt 
production, cause financial losses, and endanger personnel safety, thereby threat-
ening the stability of production systems. Timely fault detection and accurate fault 
type identification are thus essential to improving production continuity and eco-
nomic performance in manufacturing. Advances in cloud computing and the In-
dustrial Internet of Things allow enterprises to monitor equipment data in real 
time, while machine learning is widely used in fault detection for its strong pattern 
recognition capabilities. 

Qi et al. (2018) developed a fault diagnosis system for reciprocating compres-
sors using big data and support vector machine (SVM)-based machine learning, 
achieving over 80% accuracy on real-world industrial data [1]. Carvalho et al. 
(2019) conducted a systematic review of machine learning methods in predictive 
maintenance, summarizing key techniques, performance, and challenges in in-
dustrial applications [2]. Cohen et al. (2022) proposed a hybrid fault diagnosis 
framework combining timed Petri nets and machine learning for event synchro-
nization faults in discrete manufacturing systems, achieving 96% precision and 
recall [3]. With the increasing availability of data and computational power, deep 
learning has gained significant attention in fault diagnosis research. Gao et al. 
(2020) optimized the parameters of a Deep Belief Network using the Salp Swarm 
Algorithm to mitigate the impact of manual parameter tuning, thereby improving 
the accuracy of bearing fault diagnosis [4]. Cao et al. (2022) proposed an unsuper-
vised domain-invariant Convolutional Neural Network (CNN) approach that ex-
tracts domain-invariant features under time-varying speeds to achieve fault diag-
nosis of mechanical equipment [5]. Ding et al. (2022) employed a Transformer 
model leveraging the self-attention mechanism to effectively extract fault features 
from vibration signals for comprehensive fault diagnosis [6]. Amin et al. (2023) 
proposed a fault detection method for wind turbines, combining CNN and spec-
tral analysis to classify faults using two-dimensional feature images, which effec-
tively reduced the cost of operation and maintenance [7]. 

Although deep learning methods have made significant progress in fault detec-
tion in recent years, traditional machine learning methods still have a strong ad-
vantage when dealing with small samples and high dimensional data. Zhang et al. 
(2022) and Okwuosa et al. (2022) employed an SVM-based binary classification 
model for fault diagnosis, validating the model’s effectiveness using a data moni-
toring system [8] [9]. Purbowaskito et al. (2023) developed an integrated fault di-
agnosis framework that combines model-based diagnosis and machine learning 
classifiers, dynamically adapting the model to improve diagnostic accuracy [10]. 
Tao et al. (2024) proposed a machine learning-based method for photovoltaic 
fault diagnosis and localization using modulated photocurrent, achieving high ac-
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curacy and low-cost deployment [11]. Vashishtha et al. (2024) comprehensively 
reviewed recent advancements in machine learning for industrial fault diagnosis, 
highlighting the transition from traditional ML to deep learning techniques [12]. 
Muzzammel (2025) developed a Gini-index-based ML algorithm for fault diagno-
sis in HVDC systems and highlighted the importance of preprocessing under re-
sistance variability [13]. Wu (2025) proposed a motor fault diagnosis model inte-
grating machine learning with fuzzy control, significantly improving diagnostic 
accuracy and stability [14]. 

Despite the significant progress in machine learning for fault diagnosis, noise, 
outliers, and class imbalance are often present in industrial data, posing challenges 
to the performance and stability of models. Duan et al. (2016) proposed a Support 
Vector Data Description-based method for machinery fault diagnosis, addressing 
unbalanced datasets by introducing a binary tree structure for multi-class classi-
fication [15]. Jablon et al. (2021) proposed a machine learning-based approach for 
diagnosing rotating machine unbalance using vibration orbital features, achieving 
robust performance even in noisy environments [16]. Huang et al. (2022) pro-
posed a multi-scale fractional-order dimensionless metric combined with a ran-
dom forest approach for fault diagnosis [17]. Jin et al. (2022) designed a residual 
preprocessing module and a multi-scale CNN to mitigate the influence of noise 
on diagnostic results [18]. Han et al. (2022) enhanced diagnostic capability in 
high-noise environments using the Transformer model to jointly extract global 
and local information [19]. Mian et al. (2023) developed a multi-sensor fault di-
agnosis system combining IRT and vibration data, using Deep Convolutional 
Neural Network and SVM to detect misalignment, unbalance, and rotor disk ec-
centricity faults [20]. Prawin (2025) proposed a hybrid 2DCNNLSTM algorithm 
for bearing fault diagnosis, combining CNN and LSTM to enhance diagnosis by 
capturing both spatial and temporal features, particularly under imbalanced data 
conditions [21]. 

Despite significant advances in deep learning for fault detection, traditional ma-
chine learning methods (e.g., SVM, CART, and random forests) remain effective 
choices in many industrial environments, particularly in data-limited or high-di-
mensional scenarios. In contrast, traditional methods are less computationally de-
manding, making them suitable for resource-constrained environments, and they 
are easier to deploy. This study addresses the data characteristics and practical 
needs of industrial equipment fault diagnosis by leveraging real-world data to de-
velop and evaluate machine learning models for fault detection and classification. 
In addition, it conducts a feature-based analysis of different fault types to investi-
gate their root causes and underlying patterns. 

The structure of the study is as follows: Section 1 provides an introduction to 
the research background and the significance of fault detection and classification 
for industrial machinery and equipment. It also reviews the current state of related 
studies and describes the organization of this study. Section 2 presents the re-
search methodology, including the fault detection model based on Support Vector 
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Machine (SVM) and Decision Tree (CART), as well as the fault classification 
model based on Random Forest, providing a detailed explanation of the model 
construction and algorithmic principles. Section 3 analyzes and processes the ex-
perimental data, extracts key features through feature screening and correlation 
analysis, and performs dataset partitioning to support subsequent modeling. Sec-
tion 4 presents the experimental results and analysis, including the performance 
evaluation of the fault detection and classification models, as well as an explora-
tion of fault causes based on feature importance analysis, revealing the key influ-
encing factors for different fault types. Finally, this study summarizes the main 
research findings and suggests directions for future research. 

2. Fault Detection and Classification Modeling 
2.1. Problem Description and Model Construction 

In industrial production, the fault detection and classification of mechanical 
equipment are core tasks to ensure production safety and improve equipment 
management efficiency. Timely detection of equipment faults can help avoid pro-
duction downtime, reduce maintenance costs, and ensure personnel safety. Fur-
thermore, fault classification helps identify specific fault types and provide precise 
repair solutions for the maintenance personnel. 

In this study, the fault detection task is formulated as a binary classification 
problem that determines whether a mechanical device has failed. Let  

( ){ } 1
,

n
i i i

x y
=

=  represent the operational dataset of the equipment, where  
d

ix ∈  denotes the feature vector of the ith sample with a total of d features. The 
fault state label is represented by { }0,1iy ∈ , with 0iy =  indicating normal op-
eration and 1iy =  indicating a malfunction, where n denotes the total number 
of samples. For malfunctioning devices, the fault classification task is formulated 
as a multi-class classification problem, aiming to predict the specific fault category 
using the input data. Let the set of fault categories be denoted as { }1,2 ,C= ， , 
where C represents the total number of fault categories. The dataset can be ex-

pressed as ( ){ } 1
, ,

n
i i ii

x y y
=

∈=  . The objective of the fault detection problem 

is to construct a discriminant function { }: 0,1df R →  to predict the fault state 
of a device by training a classifier. The optimization goal is to minimize the clas-
sification error while ensuring robust generalization performance. The loss func-
tion ( )( ),i if x y  is applied to evaluate the performance of the classifier, and a 

regularization term is incorporated to mitigate overfitting: 

 ( )( ) ( )
1

1min .,
n

i if i
f x y f

n
λ

=

+ Ω∑  (1) 

In Equation (1), ( )fΩ  represents the regularization term, and λ  denotes 
the regularization parameter. Building on fault detection, fault classification fur-
ther identifies the specific fault type when a device fails. The goal of fault classifi-
cation is to construct a classifier : dg R → . The optimization goal of the mul-
ticlass classification problem is likewise to minimize the classification error:  
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By minimizing the loss function, the accuracy of the classifier can be effectively 
improved. To achieve this goal, this study employs the support vector machine 
(SVM), the CART decision tree algorithm, and the random forest model for fault 
detection and classification. 

2.2. Support Vector Machine-Based Fault Detection Model 

The Support Vector Machine (SVM) distinguishes between normal and faulty de-
vices by constructing an optimal decision boundary. Compared to traditional clas-
sification methods, the SVM offers strong generalization ability and robustness, 
making it suitable for high-dimensional data and small sample scenarios. The core 
idea is to find the hyperplane that maximizes the interval in the feature space to 
ensure the generalization ability of the classifier. 

Assume that the training dataset is ( ){ } 1
,

n
i i i

x y
=

= , where d
ix ∈  denotes 

the feature vector of the ith sample with a total of d features, and { }1,1iy ∈ −  is 
the fault state label. SVM represents the classification hyperplane in the following 
form: 

 ( ) T 0,f x x bω= + =  (3) 

In Equation (3), ω  is the normal vector, which determines the direction of 
the hyperplane, and b is the bias term, which determines the position of the hy-
perplane. In the linearly separable case, the SVM finds the optimal hyperplane by 
maximizing the classification margin. Its optimization objective is: 

 
( )

2

,

T
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2

s.t. 1, 1, 2, , .

b
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ω
ω
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 (4) 

In practical applications, data are often non-linearly separable. In such cases, 
SVM introduces slack variables and employs a soft margin strategy. A penalty 
term is added to the optimization objective to balance the classification error and 
the maximization of the margin. The optimization objective is: 
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+
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∑
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In Equation (5), λ  is the regularization parameter used to balance the trade-
off between the classification penalty and margin maximization, and iξ  is the 
slack variable representing the penalty for misclassified samples. For linearly non-
separable problems, SVM applies a kernel function to map the data into a higher-
dimensional space, where it seeks the optimal hyperplane. After training, the clas-
sification decision function is: 

 ( ) ( )
1

, ,
N

i i i j
i

f x sign y x x bα κ
=

 = + 
 
∑  (6) 
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In Equation (6), iα  represents the Lagrange multiplier, ( ),i jx xκ  denotes 
the kernel function, and ( )sign ⋅  is the sign function. The optimization problem 
of the SVM is solved using its Lagrangian dual form. By introducing the Lagrange 
multiplier and applying the Karush-Kuhn-Tucker conditions, the support vectors 
and hyperplane parameters are determined. These parameters are then substi-
tuted into the classification decision function and the hyperplane equation to ob-
tain the model training results, completing the fault detection task. 

2.3. Decision Tree-CART-Based Fault Detection Model 

A decision tree divides data using a tree structure, gradually categorizing samples 
into different classes. The Classification and Regression Tree (CART) is a classic 
algorithm commonly used for this purpose. The core idea of CART is to recur-
sively split the dataset and construct a decision tree to distinguish between normal 
and faulty equipment. During the tree construction process, CART uses the Gini 
index as a criterion for feature selection. The Gini index measures the impurity of 
the dataset, representing the degree of uncertainty or misclassification within the 
categorization. 

Assuming that the dataset at the current node is D, and the proportion of the 
kth class samples is kp , the Gini index is defined as: 

 ( ) ( ) 2

1 1
1 1 ,

K K

k k k
j j

Gini D p p p
= =

= − = −∑ ∑  (7) 

In Equation (7), ( )Gini D  is the Gini index of the dataset D, K is the number 
of categories, and kp  represents the probability that a sample belongs to the kth 
category. When all samples within a node belong to the same category, the Gini 
index is 0; when the sample categories are evenly distributed, the Gini index ap-
proaches 1. In fault detection, CART traverses all features and partitioning points 
to select the partitioning method with the smallest Gini index, ensuring the max-
imum improvement in node purity. Although the generated decision tree can fit 
the training data well, an excessively large tree structure often results in overfitting. 
To address this issue, CART employs a pruning strategy to optimize model per-
formance by reducing the complexity of the tree. The core of the pruning process 
involves introducing a regularization parameter to α control the tree’s complexity. 
The loss function after pruning is defined as: 

 ( ) ( )( )
1

, ,
n

i i
i

L T y x Tf λ
=

= +∑  (8) 

In Equation (8), ( )L T  is the loss function of the decision tree, ( )( ),i iy f x  
represents the classification error of the ith sample, T  denotes the number of 
leaf nodes in the tree, and λ  is the regularization parameter used to balance the 
trade-off between tree complexity and classification accuracy. The optimal λ  
value is selected using the cross-validation method to determine the best-pruned 
subtree T ∗ . Pruning not only effectively prevents overfitting but also reduces the 
computational complexity of the model. 
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2.4. Random Forest-Based Fault Identification Model 

Random Forest (RF) is an ensemble learning method based on decision trees. It 
enhances classification accuracy and generalization ability by aggregating the results 
of multiple decision trees. Compared with a single decision tree, RF demonstrates 
strong robustness when handling high-dimensional data, outliers, and noisy data. 
Additionally, it supports feature importance evaluation, providing insights for 
fault cause analysis. The core idea of RF involves using the Bagging method to 
resample the training data, generate multiple subsets, and train decision trees on 
these subsets. The final classification result is determined through a majority voting 
mechanism, effectively reducing model variance and improving stability. In this 
study, the RF model is employed for mechanical equipment fault identification. 

Assume a training dataset ( ) ( ) ( ){ }1 1 2 2, , , , , ,n nD x y x y x y=  , where d
ix ∈  

represents the feature vector of the ith sample, with a total of d features, and 
{ }0,1iy ∈  is the corresponding fault label. The random forest consists of M deci-

sion trees, and the training process is as follows: 
1) Bootstrap sampling. Perform bootstrap sampling from the training data to 

generate M different training subsets mD . The number of samples in each train-
ing subset is the same as the original dataset. 

2) Construct a decision tree. For each training subset mD , construct a CART. 
At each node split, k features ( k d< ) are randomly selected, and the best feature 
among them is chosen for node splitting. This process reduces the impact of fea-
ture correlation on the model. 

3) Model voting. Input the test data into the trained random forest, with each 
tree independently predicting the result. The majority vote is used to aggregate 
the detection results from all decision trees, producing the final fault category for 
the test sample. 

In this study, SVM, CART, and RF models are applied for fault detection and 
classification, in alignment with the characteristics of real-world industrial data 
and maintenance practices, offering insights into the practical implementation of 
fault diagnosis strategies. 

3 Experimental Data Analysis and Model Evaluation Indicators 
3.1 Dataset Description and Preprocessing 

The dataset used in this study consists of 9000 records of operational and fault 
status data from industrial machinery of an enterprise. It is utilized for fault de-
tection and fault classification analysis. The dataset includes key variables that re-
flect the equipment’s operating environment, working status, and fault infor-
mation. This dataset, sourced from a real-world industrial environment, provides 
a relevant basis for evaluating the performance of the proposed models in a prac-
tical context. Continuous variables include Factory temperature (K), equipment 
temperature (K), rotation speed (rpm), torque (Nm), and usage time (min), which 
describe the operating conditions of the equipment. Additionally, categorical var-
iables such as machine number, unified specification code, and machine quality 
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level are provided. The machine quality level is categorized into three classes: high 
(H), medium (M), and low (L), indicating the equipment’s performance level. 

In terms of fault information, the data set contains two variables: “whether a 
fault has occurred” and “specific fault category”. “whether a fault has occurred” 
takes a value of 0 or 1, 0 indicates that the equipment is operating normally, and 
1 indicates that the equipment has failed. The “specific fault categories” include 
six types: NORMAL, TWF, HDF, PWF, OSF, and RNF. Among these, NORMAL 
indicates that the equipment is operating normally and corresponds to a value of 
0 in the “fault occurrence” variable. TWF, HDF, PWF, OSF, and RNF represent 
wear faults, heat dissipation faults, power faults, overload faults, and other faults, 
respectively. In order to ensure the reliability and scientificity of the data, neces-
sary judgments were made on the data. 

For the fault category variable, the category label is digitized. Specifically, the 
label encoding method is used to assign “Normal” to 1, “PWF” to 2, “OSF” to 3, 
“RNF” to 4, “HDF” to 5, and “TWF” to 6. This method maintains the category 
information while facilitating the training and evaluation of subsequent models. 
For the discrete variable of machine quality level (L level, M level, H level), since 
it does not have a numerical relationship, the direct use of numerical encoding 
may cause the model to misjudge. Therefore, the paper adopts the one-hot encod-
ing method to convert the quality level operation into binary data. Specifically, an 
independent binary feature column is created for each category, such as “machine 
quality level_H” and “machine quality level_M”, whose values are 0 or 1, indicat-
ing whether the equipment belongs to the corresponding quality level. In this way, 
incorrect relationships caused by categorical data are avoided. 

During the cleaning process, to ensure data consistency, feature markers that 
have no practical significance and do not contribute significantly to fault detection, 
such as machine numbers and unified specification codes, are deleted. In order to 
eliminate the impact of noise on model performance, abnormal data with fault 
markers marked as “1” but fault categories marked as “normal” are excluded. 
Some of the converted data are shown in Table 1. 
 

Table 1. Example of feature transformation after data preprocessing. 

Factory floor 
temperature 

Equipment 
temperature 

Rotation 
speed 

Tor 
-que 

usage 
time 

Fault 
occurrence 

Fault 
type 

quality  
level_H 

quality  
level_L 

quality  
level_M 

295.8 306.3 1235 76.2 89 1 2 0 0 1 

295.7 306.2 2270 14.6 149 1 2 0 1 0 

296.3 307.1 1534 33.8 151 0 1 0 0 1 

296.3 307.1 1774 25.9 154 0 1 1 0 0 

296.2 307 2119 18.3 159 0 1 0 0 1 

296.2 307 1414 48.3 162 0 1 0 1 0 

296.1 307 1523 42 164 0 1 0 0 1 

296.1 307.1 1651 35.7 167 0 1 0 1 0 

296.1 307.1 1485 36 169 0 1 0 0 1 
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Continued 

296.2 307.2 1168 63.4 172 0 1 0 0 1 

296.3 307.3 1566 35.8 175 0 1 0 1 0 

296.3 307.2 1286 51.1 177 0 1 0 0 1 

 

In addition, a visual analysis using the local outlier factor (LOF) algorithm was 
conducted on the factory temperature, equipment temperature, rotational speed, 
and torque to visualize the distribution characteristics and detect anomalies. The 
detection results are shown in Figure 1. 
 

 

Figure 1. Data distribution and anomaly detection results. 
 

The abnormal points are mainly concentrated in the rotational speed and 
torque features. Considering the differences in operating status and workload of 
different mechanical equipment, these anomalies may result from variations in 
equipment performance or actual working conditions. To ensure the integrity and 
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authenticity of the data, this study retains these anomalies to allow the model to 
more accurately reflect actual operating conditions. 

3.2. Evaluation Metrics and Feature Analysis 

To evaluate the performance of the fault detection and classification models, this 
study uses the following common classification evaluation metrics: accuracy, pre-
cision, recall, the F1 score, and AUC. 

Accuracy measures the overall correctness of the model’s detections and is de-
fined as 

 Accuracy TP TN
TP TN FP FN

= , 
+ + +

+  (9) 

in Equation (9), TP denotes the number of samples correctly classified as positive, 
FN denotes the number of positive samples incorrectly classified as negative, FP 
denotes the number of negative samples incorrectly classified as positive, and TN 
denotes the number of samples correctly classified as negative. 

Precision focuses on the model’s false alarm rate, measuring the proportion of 
samples predicted as positive that are actually positive, as 

 ,P
TP

TP
FP

=
+

 (10) 

recall measures the model’s ability to identify actual positive samples and is de-
fined as 

 ,R
TP

TP
FN

=
+

 (11) 

when the dataset exhibits class imbalance, the F1 score provides a more balanced 
measure of model performance. It is calculated as the harmonic mean of precision 
and recall, as follows 

 1
1

2 1 1 2, .
2

TP
TP FP F

F
F NP R

= +  =
+ +

 (12) 

In addition, the AUC (Area Under the ROC Curve) represents the model’s 
overall performance across different classification thresholds. The AUC value 
closer to 1 indicates better model performance. By comprehensively evaluating 
the above indicators, the reliability and effectiveness of the model in fault detec-
tion and fault identification tasks are demonstrated. 

To identify relevant features, a statistical analysis was conducted. Both machine 
quality grade and fault occurrence are categorical variables; their association was 
examined using a chi-square test of independence. The results yielded a Pearson 
chi-square value of 13.018 with a p-value of 0.001, indicating a significant rela-
tionship. 

For the continuous variables—plant room temperature, equipment tempera-
ture, rotation speed, torque, and operating time—one-way ANOVA was applied 
to assess their correlation with fault occurrence. As presented in Table 2, all vari-
ables showed p-values less than 0.05, suggesting significant group differences and 
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relevance to fault behavior. 
 

Table 2. ANOVA table of each indicator and fault occurrence. 

Features Variables Mean Squared Between (MS) Mean Squared Error (MSE) F P-value 

Factory Temperature 217.303 3.572 60.832 0 

Equipment Temperature 20.913 2.01 10.407 0.001 

Rotation Speed 747294.546 32193.695 23.212 0 

Torque 34100.022 96.453 353.541 0 

Usage Time 408749.27 4003.179 102.106 0 
 

Based on these findings, six key features were selected for modeling: machine 
quality grade, plant temperature, equipment temperature, rotation speed, torque, 
and operating time. 

4 Experimental Results Analysis 
4.1 Model Performance Evaluation and Comparative Analysis 

The initial feature selection was guided by both domain expertise and statistical 
significance, using chi-square tests for categorical variables and ANOVA for con-
tinuous variables. Before constructing the fault detection and classification mod-
els, we examined potential multicollinearity among the selected features. Pearson 
correlation coefficients were computed, and a heatmap was generated to visualize 
variable relationships. As shown in Figure 2, the results indicate a strong positive 
correlation between equipment temperature and factory temperature, with a cor-
relation coefficient of 0.86. Additionally, a strong negative correlation is observed  
 

 

Figure 2. Heatmap of feature variable correlations. 
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between speed and torque, with a correlation coefficient of −0.88. To reduce the 
potential adverse effects of multicollinearity—such as instability in parameter es-
timation and reduced predictive performance—plant temperature and torque 
were excluded from model training. The remaining variables, equipment temper-
ature and rotation speed, were retained along with the other non-redundant fea-
tures to ensure model robustness. 

Further analysis revealed a significant class imbalance in the sample data. In the 
binary variable representing “whether a fault occurred,” normal operation data 
accounted for 96.65%, while fault data constituted only 3.35%. Regarding specific 
fault categories, “Normal” represented 96.65%, while the proportions of other 
fault categories were: TWF (0.46%), HDF (1.06%), PWF (0.82%), OSF (0.94%), 
and RNF (0.07%). Class imbalance can lead the model to favor the majority class 
during training, resulting in the neglect of minority class samples, which nega-
tively impacts model robustness and classification performance. To address this 
issue, this study applied a class weight adjustment strategy when using the SVM 
and CART models, assigning higher weights to the minority class to mitigate the 
effects of data imbalance on model performance. During model training, the da-
taset was divided into a 70% training set and a 30% test set. Fault detection and 
classification models were established using the SVM and CART algorithms, re-
spectively. Model performance was comprehensively evaluated based on indica-
tors including F1 score, AUC, accuracy, recall, and precision. After training, the 
evaluation metrics were calculated using the test set, and the results are presented 
in Table 3. 
 
Table 3. Model evaluation metrics. 

Fault Classification Model F1 AUC Accuracy Recall Precision 

SVM Model 0.86 0.9258 0.79 0.79 0.97 

CART Model 0.90 0.9158 0.86 0.86 0.97 

 

From the results in Table 3, it can be observed that the SVM model slightly 
outperforms the CART model in terms of AUC, indicating a marginally stronger 
ability to distinguish between positive and negative samples. However, the CART 
model demonstrates superior performance in terms of F1 score, accuracy, and re-
call, particularly excelling in the fault detection task by achieving higher accuracy 
and robustness. Specifically, the F1 score of the CART model reaches 0.90, repre-
senting a significant improvement compared to the SVM model’s score of 0.86. 
Both the recall and accuracy of the CART model are also 0.86, further validating 
its effectiveness in fault detection. Additionally, although the precision of the SVM 
model is comparable to that of the CART model, its lower recall results in a re-
duced overall F1 score. In fault detection scenarios, timely and accurate identifi-
cation of fault samples is critical. A higher recall rate plays a key role in reducing 
the false negative rate, making it particularly important. Considering this, the 
CART model was ultimately chosen as the primary model for fault classification 
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in this study to ensure more reliable fault detection in practical applications. Fig-
ure 3 further illustrates the ROC curves of the SVM and CART models, providing 
a visual comparison of their classification performance. 

However, in the identification of specific fault categories, the CART model may 
suffer from model complexity and overfitting in multi-class classification scenar-
ios. To address this, this study further employs the random forest model for de-
tailed fault classification. As an ensemble learning method, the random forest 
model enhances the stability and generalization ability of the model by training 
multiple decision trees and applying a voting mechanism. Additionally, it offers 
robust feature importance analysis capabilities, which aid in identifying the key 
factors contributing to faults. Therefore, this study conducts detailed fault classi-
fication and feature importance analysis using the random forest model. 
 

 

Figure 3. ROC curve Comparison of SVM and cart models. 

4.2. Feature Importance Analysis and Fault Cause Exploration 

Considering that the random forest model is insensitive to multicollinearity, all 
selected feature variables were input into the model for training to maximize the 
use of sample information. The model’s performance was then evaluated using 
the test set. The results indicate that the random forest model performed well in 
fault detection and classification tasks. Specifically, the model achieved an F1 
score of 0.88, an accuracy of 0.82, a precision of 0.97, and a recall of 0.82, demon-
strating a well-balanced trade-off between precision and recall. 

To further investigate the main causes of different fault types, this study ana-
lyzed the mean values of feature attributes corresponding to each fault category to 
identify variations in feature variables across different fault types. The main fea-
ture means for each fault category are presented in Table 4. 

The following patterns can be observed from Table 4: (1) Correlation between 
speed and fault type: The average speed of power faults (PWF) is higher, whereas  
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Table 4. Mean values of key features for different fault types. 

Features Variables Normal PWF OSF TWF RNF HDF 

Factory Temperature 300.2 300.4 300.3 300.6 301.4 302.6 

Equipment Temperature 310.2 310.1 310.3 310.4 310.7 310.8 

Rotation Speed 1540.9 1802.8 1346.3 1573.1 1498.2 1339.2 

Torque 39.6 46.6 58.4 38 42.2 52.2 

Usage Time 106.6 89.1 206.9 216.7 107 101.7 
 

the average speed of heat dissipation faults (HDF) is significantly lower. (2) Im-
pact of torque: Overload faults (OSF) exhibit the highest average torque, reaching 
58.4 Nm, while normal equipment has the lowest average torque at only 39.6 Nm. 
(3) Effect of usage time: Wear faults (TWF) and overload faults (OSF) are gener-
ally associated with longer usage times, further confirming the significant corre-
lation between equipment aging or excessive use and fault occurrence.  

Figure 4 illustrates the distribution of various types of faults across different 
machine quality levels. As shown in the figure, regardless of the fault type, equip-
ment with quality level L exhibits a significantly higher probability of fault com-
pared to equipment with quality levels M and H. Notably, in the case of TWF 
faults, although higher-quality equipment experiences fewer faults, the risk of 
fault increases with longer usage time. Even for equipment with higher quality 
levels, the likelihood of fault becomes substantial as operational time extends. 
 

 

Figure 4. Distribution of fault types across different machine quality levels. 
 

To further quantify the impact of each feature variable on fault occurrence, this 
study calculated feature importance using the random forest model. Figure 5. pre-
sents the feature importance rankings, revealing the following insights: 1) Usage 
time is the most important feature variable, with an impact on fault occurrence 
reaching 34.86%. This indicates that the likelihood of fault increases significantly 
as the equipment’s usage time extends. 2) Torque and rotation speed have im-
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portance scores of 30.23% and 14.06%, respectively, suggesting that these two var-
iables are closely associated with the equipment’s load and operating status. 3) 
Factory temperature and equipment temperature contribute to fault occurrence 
with importance scores of 8.84% and 7.45%, respectively, indicating that temper-
ature has a moderate influence on equipment faults. 4) Machine quality grade has 
the lowest importance score, suggesting that in the same working environment, 
its impact on fault occurrence is relatively minor. 
 

 

Figure 5. Feature importance ranking. 
 

To further identify differentiated features, the feature distributions of different 
fault categories were analyzed. Figure 6. presents the box plots of factory temper-
ature, equipment temperature, rotation speed, torque, and usage time.  

The following insights can be drawn from Figure 6: 1) HDF: The temperature 
distribution of heat dissipation faults is relatively concentrated, with the mini-
mum temperature significantly higher than the median of other fault types. No-
tably, the probability of heat dissipation fault increases sharply when the equip-
ment temperature exceeds 310K. 2) PWF: PWF also exhibit a concentrated tem-
perature distribution and typically occur in high-temperature environments. Spe-
cial attention should be paid to the risk of power faults when the equipment tem-
perature is elevated. 3) Relationship Between Rotation Speed and Torque: HDF 
and OSF are more likely to occur when the speed falls below 1500 rpm or the 
torque exceeds 40 Nm. In contrast, PWF are more common at extremely high 
speeds or exceptionally low torque levels. 4) Impact of Usage Time: OSF and TWF 
predominantly occur during extended usage periods. Therefore, regular mainte-
nance and monitoring of long-running equipment can effectively reduce fault 
rates. This chapter analyzed the model’s performance and fault causes, identifying 
key factors influencing faults and providing support for equipment maintenance 
and detection. 
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Figure 6. Box plot of feature distributions for different fault types. 

5. Conclusion 

This study investigates the fault detection and classification of industrial mechan-
ical equipment using machine learning methods. Fault detection and multi-class 
classification models were developed based on SVM, CART, and Random Forest, 
and their performance was evaluated through comprehensive experiments. The 
results indicate that the models exhibit reasonable accuracy and robustness, and 
offer practical reference value for fault diagnosis and maintenance decisions in 
industrial scenarios. Feature importance analysis further reveals the contribution 
of key variables such as equipment temperature, rotation speed, and torque to 
various fault types. To further enhance the adaptability and scalability of the pro-
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posed approach, subsequent research will consider evaluation across more diverse 
and heterogeneous datasets, enabling broader applicability in varied industrial 
settings. This may also provide a foundation for comparing traditional machine 
learning methods with deep learning models, offering deeper insights into their 
relative strengths under different data conditions. 
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