M H I L L Engineering Advances, 2024, 4(3), 130-142
HILL P U B L I S H l N G https://www.hillpublisher.com/journals/ea/

ISSN Online: 2768-7961

Machine Learning-based Fault Prediction and
Diagnosis of Brushless Motors

Xiaoyang Chen', Meng Wang?, Huitao Zhang**

IThe Ohio State University, Columbus, OH 43210, USA.
2Newmark Group, New York, NY 10017, USA.
3Northern Arizona University, Flagstaff, AZ 86011, USA.

How to cite this paper: Xiaoyang Chen, Abstract
Meng Wang, Huitao Zhang. (2024) Ma-
chine Learning-based Fault Prediction and

Diagnosis of Brushless Motors. Engineer- This paper presents a machine learning-based approach for predicting and diagnos-

ing Advances, 4(3), 130-142. ing faults in brushless motors. By utilizing extensive sensor data and employing
DOI: 10.26855/€a.2024.07.004 algorithms such as Support Vector Machines (SVM), Neural Networks (NN), and

Random Forests (RF), the model monitors and diagnoses faults in real-time. Exper-
Received: June 12, 2024 imental results indicate that SVM achieves an accuracy of 95%, NN achieves 97%,

Accepted: July 8, 2024

) . o
Published: August 6, 2024 and RF provides a balanced performance with an accuracy of 92%. The study not

only analyzes different fault types and their severities but also proposes effective
*Corresponding author: Huitao Zhang, countermeasures. This research significantly enhances the efficiency, reliability,
Northern Arizona University, Flagstaff, AZ  and maintenance of brushless motors, contributing to industrial advancements. Fur-
86011, USA. thermore, it highlights the importance of integrating advanced machine learning
techniques to ensure the robustness and accuracy of fault prediction systems, ulti-
mately supporting the development of smarter, more resilient industrial machinery.
This comprehensive approach paves the way for improved operational strategies
and smarter maintenance protocols in industrial applications, ensuring long-term
sustainability and performance.

Keywords

Machine learning-based; brushless motor; fault prediction; fault diagnosis; support
vector machine; feature extraction; data acquisition; signal processing

1. Introduction

1.1 Background of the study

Brushless motors are essential in modern industrial production due to their efficiency and reliability. However, harsh
environments and prolonged operations often cause faults. Therefore, fault prediction and diagnosis are crucial for main-
taining operational efficiency and preventing downtime. Recent advancements in artificial intelligence and machine learn-
ing have significantly enhanced these capabilities, attracting considerable attention in both academic and industrial fields
[1].

For brushless motor fault prediction and diagnosis, we can use machine learning algorithms to realize it. One of the
common methods is to use a Support Vector Machine (SVM) to construct a fault prediction model. SVM is a binary
classification model, and its basic model is defined as: f(x) = sign(}Q[L; a; y;K(x;,x) + b), where x is the input vector,
y is the output label, K is the kernel function, a is the Lagrange multiplier, and b is the bias.

2. Literature review
2.1 State of the art of brushless motor fault prediction research

Research on fault prediction for brushless motors using machine learning has made significant progress. By collecting
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extensive sensor data, including parameters such as current, speed, and temperature, and analyzing and modeling this
data, machine learning algorithms such as neural networks, support vector machines (SVM), and decision trees have
shown promising results. Recent studies also suggest that joint learning for selecting matrices to optimize transmitters,
receivers, and Fourier coefficients in multi-channel imaging can further enhance the performance and accuracy of fault
prediction models [2]. For example, in image classification, semi-supervised learning that integrates labeled and unlabeled
data significantly improves model performance [3]. Additionally, the development of a versatile end-to-end model using
deep learning technology enables optical character recognition and noise reduction, thereby significantly enhancing the
diversity and accuracy of fault detection [4]. Particularly in scenarios requiring efficient model storage, the application of
dual compression artificial neural networks has demonstrated notable enhancements in both storage efficiency and pre-
dictive performance due to optimized algorithms [5]. In the intelligent monitoring of spatially distributed cracks, the use
of deep learning-assisted distributed fiber optic sensor technology further enhances the breadth of data acquisition [3].
Additionally, navigating complex data structures and storage formats in the architecture and implementation of distributed
file systems provides deeper insights into fault patterns [7]. Furthermore, the application of ultra-wideband (UWB) radio
technology in the range, based on extreme gradient boosting decision trees (XGBoost), further illustrates that combining
machine learning techniques can effectively improve system performance [8]. Finally, the use of deep learning models
based on distributed federated learning for privacy-preserving MRI brain tumor detection demonstrates how distributed
models can protect sensitive data in fault prediction [9].

However, current research has limitations. Data is often collected under static load or constant speed conditions,
whereas actual operating environments are complex and dynamic. This discrepancy results in models that lack sufficient
generalization capability in real-world applications. Additionally, most studies rely on manual feature extraction for fea-
ture selection, which demands substantial expertise and cannot fully explore the latent correlations among data features.
For instance, the success of prototype-based convolutional networks in image segmentation highlights that automated
feature extraction can reduce dependency on manual annotation [10]. Similarly, the application of semantic line frame
detection technology shows that the ability to automate the extraction of complex structural features enhances the accu-
racy of fault feature recognition [11]. Although neural networks and support vector machines are capable of handling
complex nonlinear data, they often require substantial time and expertise for parameter tuning and optimization. Addi-
tionally, these models typically lack interpretability, making it challenging to thoroughly understand the underlying causes
of faults. In contrast, system reliability analysis based on Gaussian process regression offers a more efficient approach to
optimization, effectively balancing model complexity and interpretability [12]. Incorporating attention mechanisms with
generative adversarial networks and autoencoders can enhance the robustness and accuracy of models when handling
noisy data, thereby providing strong support for fault prediction in brushless motors [13].

Therefore, future research on brushless motor fault prediction and diagnosis can focus on improving and perfecting the
following aspects:

In terms of data collection, it is recommended to employ multi-source data fusion, combining sensor data with other
data sources such as sound and vibration. This approach constructs a more comprehensive and multi-dimensional dataset,
enhancing the model's generalization ability. This method is similar to the approach used in Cloud RAN, where autono-
mous cell activation is achieved through reinforcement learning based on anchor graph hashing, demonstrating the po-
tential of multi-source data integration [14].

For feature extraction and selection, advanced machine learning methods such as convolutional neural networks (CNNs)
and recurrent neural networks (RNNs) can automatically learn and extract key features from data. This automation has
also proven effective in other domains. For instance, in credit card customer segmentation, machine learning combined
with economic stability indicators optimizes customer classification and marketing strategies [15]. Similarly, in sentiment
analysis, deep learning-based BERT models accurately predict sentiment by automatically identifying key textual features,
enhancing model performance and accuracy while reducing the reliance on expert knowledge [16, 17].

Regarding model optimization and interpretability, introducing Bayesian optimization algorithms and automatic ma-
chine learning techniques can help refine model parameters more efficiently. Combining these approaches with domain
knowledge and expert experience can lead to the development of more effective and interpretable brushless motor fault
prediction and diagnosis models. Additionally, using distributed data-parallel acceleration in generative adversarial net-
works can significantly improve dataset diversity and model generalization, offering new solutions for brushless motor
fault prediction [18].

There are still many aspects worth exploring and improving in the current state of brushless motor fault prediction
research. To address noise and missing data in the acquisition process, more accurate and stable sensor technology can
be introduced to enhance the quality and integrity of data collection.

Feature extraction is a crucial factor influencing model performance. Future research can explore more efficient and
comprehensive feature extraction methods to better capture the implicit information in the data. Model optimization is
essential for improving prediction accuracy; combining different optimization algorithms and techniques can help identify
the optimal combination of model parameters, further enhancing model performance.
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Additionally, in-depth research can be conducted on data preprocessing, model fusion, and real-time monitoring. The
advancements in real-time dynamic neural implicit SLAM indicate that integrating multiple data types and real-time
processing techniques can significantly enhance fault detection capabilities in complex and dynamic environments [19].
For example, fusing data of different frequencies and resolutions could improve the model's ability to recognize complex
failure modes. Developing a real-time monitoring system tailored to actual engineering applications can help detect and
address potential failures promptly, thereby improving the safety and stability of equipment operation.

Leveraging advanced techniques from other fields, such as deep learning, pattern recognition, and multi-model fusion
strategies, can provide valuable insights for model integration in brushless motor fault prediction, significantly enhancing
detection accuracy [20]. For example, the success of prototype-based convolutional networks in one-shot segmentation
illustrates their potential for complex pattern recognition, suggesting valuable applications for improving fault analysis
in brushless motors [21]. The optimization of green supply chain management in chemical industry clusters demonstrates
how advanced strategies can improve system reliability and reduce operational inefficiencies, providing insights that can
be adapted for better fault detection and overall system performance in motor diagnostics [22, 23]. Furthermore, new
methods based on large language models (LLMs) for generating key points demonstrate that automating fault data anal-
ysis can significantly enhance the efficiency of extracting critical features [24].

2.2 Overview of relevant technologies

Several key technologies play a crucial role in brushless motor fault prediction and diagnosis. These technologies include
sensor technology, signal processing techniques, machine learning algorithms, and Internet of Things (IoT) technology.

1) Sensor Technology: Sensors are fundamental in monitoring the real-time running status of brushless motors.
They collect various data such as current, speed, and temperature, providing essential information for fault diag-
nosis. Common sensors include Hall sensors, temperature sensors, and current sensors, which help detect abnor-
malities promptly.

2) Signal Processing Technology: Signal processing techniques analyze and process the data collected by sensors
to extract useful information about the motor's condition. Commonly used techniques include power spectrum
analysis, wavelet transform, and fuzzy logic. These methods identify abnormal changes in motor operation, al-
lowing for accurate fault prediction.

3) Machine Learning Techniques: Machine learning is widely used for fault prediction and diagnosis in brushless
motors. By analyzing historical data, machine learning algorithms can build models to predict motor operating
status and potential faults. Common algorithms include support vector machines, neural networks, and decision
trees. These algorithms effectively identify motor fault characteristics and provide accurate predictions. Addition-
ally, the use of semi-supervised classification techniques improves the precision of detecting surface defects,
which in turn enhances the overall capability to predict equipment failures [25].

4) Internet of Things (IoT): IoT technology enables wireless data transmission and remote monitoring, allowing
real-time management of brushless motor operation. Combined with cloud computing and big data technology,
IoT enhances the capability to process large-scale data, improving the accuracy and efficiency of fault prediction.
Additionally, the dynamic programming approach used in optimizing truck fleet scheduling demonstrates the
potential for increasing transport efficiency and reducing energy consumption in complex network environments
[26, 27].

The integration of these technologies provides comprehensive and efficient solutions for brushless motor fault predic-
tion and diagnosis. The continuous advancement in sensor technology, signal processing, machine learning, and IoT will
further mature and perfect this field, offering more reliable guarantees for motor operation.

In summary, the development of these technologies makes fault prediction and diagnosis more automated, intelligent,
and convenient, ensuring the motor industry's reliability and efficiency.

3. Research methodology

3.1 Data collection and pre-processing

3.1.1 Feature extraction and selection

Feature extraction is crucial for predicting and diagnosing faults in brushless motors. This involves selecting representa-
tive features from raw data to recognize and classify fault patterns. Key features typically fall into two categories: time-
domain features and frequency-domain features.

Time-domain features are statistical data calculated from the raw data, including mean, variance, skewness, kurtosis,
etc. These features reflect the different states and changes during the operation of the brushless motor, which helps to
recognize the failure modes. The frequency domain features, on the other hand, are the spectral features obtained by
Fourier transforming the original signal, including spectral amplitude, frequency distribution, etc., which can reveal the
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frequency components of the fault mode generation in the frequency domain.

For feature selection, methods like correlation analysis, principal component analysis, and information gain are used.
Correlation analysis excludes unrelated features, reducing redundancy and improving accuracy. Principal component
analysis transforms original features into new orthogonal features, reducing correlation and simplifying model complexity.
Information gain evaluates the contribution of features to the target, selecting key features for classification.

We analyzed the experimental data and model predictions. Our findings indicate that the machine learning-based fault
prediction and diagnosis for brushless motors are both accurate and reliable. These features can comprehensively reflect
the changes in the operating state of the brushless motor, help the system accurately identify the failure modes, and take
corresponding maintenance measures in time to ensure the safe operation and stable performance of the brushless motor.

3.2 Evaluation methods and metrics

To thoroughly evaluate the performance of machine learning models used for predicting and diagnosing faults in brushless
motors, we use a variety of metrics. These metrics help us understand different aspects of the model's performance, en-
suring both its accuracy and reliability.

1) Accuracy

A _ TP + TN
ey = TP Y TN + FP + FN

Definition: Accuracy is the proportion of true results (both true positives and true negatives) among the total number
of cases examined.

Importance: It provides a general measure of how often the model is correct but can be misleading if the dataset is
imbalanced.

2) Recall

Definition: Recall, also known as sensitivity or true positive rate, measures the proportion of actual positives that are
correctly identified by the model.

Formula:

TP
TP +FN
Importance: High recall is important in applications where missing a positive case is critical.
3) Precision
Definition: Precision measures the proportion of positive identifications that are actually correct.
Formula:

Recall =

Precision — TP
recision = 7=
Importance: High precision is important in applications where the cost of a false positive is high.

4) F1 Score
Definition: The F1 Score is the harmonic mean of precision and recall, providing a balance between the two metrics.
Formula:

Precision X Recall

F1 =2X
score Precision + Recall

Importance: It is useful when we need to balance precision and recall, particularly in situations with uneven class
distribution.

Where, TP (True Positive): The number of samples that are actually positive and are correctly predicted as positive by
the model. TN (True Negative): The number of samples that are actually negative and are correctly predicted as negative
by the model. FP (False Positive): The number of samples that are actually negative but are incorrectly predicted as
positive by the model. FN (False Negative): The number of samples that are actually positive but are incorrectly predicted
as negative by the model.

5) Generalization Ability

Definition: Generalization ability refers to the model’s performance on unseen data, indicating how well the model can
apply what it has learned to new examples.

Importance: High generalization ability ensures that the model performs well not only on the training data but also on
new, unseen data.

6) Efficiency

Definition: Efficiency measures the computational resources required by the model, including time and memory.
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Importance: Efficient models are crucial for practical applications where computational resources and time are limited.

Metrics: Efficiency can be categorized into:

Training Speed: Time taken to train the model.

Inference Speed: Time taken to make predictions using the model.

Memory Usage: Amount of memory consumed during training and inference.

7) Log Loss (Logarithmic Loss)

Definition: Log loss measures the performance of a classification model where the prediction input is a probability
value between 0 and 1.

Formula:

N
1
Log Loss = =+ > (yilog@) + (1 - y)log(1 - 3))
i=1

Importance: Lower log loss values indicate better model performance, as it penalizes false classifications more when
the probability is far from the true class.
where,

N: The total number of samples in the dataset.

y;: The true label of the i-th sample. It can be either 0 or 1 in binary classification.

¥;: The predicted probability of the i-th sample being in the positive class. This value ranges between 0 and 1.

log(¥;): The natural logarithm of the predicted probability of the i-th sample being in the positive class.

log(1 — 9;): The natural logarithm of the predicted probability of the i-th sample being in the negative class.

4. Brushless motor failure prediction modeling
4.1 Model building and optimization

When designing the brushless motor fault prediction model, it is first necessary to collect a large amount of motor oper-
ation data, including key parameters such as current, voltage, speed, and temperature. These data can be collected in real
time by sensors and transferred to the computer for storage and analysis through a data acquisition card. In the process of
building the prediction model, we can use a variety of machine learning algorithms, such as neural networks, support
vector machines, decision trees, etc., and select the most suitable algorithm through comparison experiments.

Figure 1 presents a flowchart outlining the benefits and processes involved in optimizing the production process
through digital monitoring and traceability. The chart begins with the starting point and branches into three main objec-
tives, each with specific sub-benefits:

1) Enhance Productivity

* Reduce Labor Costs: Implementing digital monitoring systems can automate various aspects of production,
thereby reducing the need for manual labor.

¢ Shorten the Production Cycle: By streamlining and optimizing production processes through digital tools,
the overall production cycle time can be significantly reduced.

2) Improve Product Uniformity and Stability

* Avoid Human Error: Digital monitoring systems can minimize human intervention, reducing the likelihood
of errors during production.

¢ Stable Product Quality: Consistent monitoring and data analysis ensure that the product quality remains
stable and meets the required standards.

3) Realize Digital Monitoring and Traceability of the Production Process

*  Production Process Control: Digital systems provide real-time data and control over the production process,
allowing for immediate adjustments and improvements.

*  Product Quality Assurance: Continuous monitoring ensures that each product meets the quality criteria,
assuring high product standards.

By implementing these digital strategies, the production process can be optimized for better efficiency, cost-effective-
ness, and product quality.

In the process of model building, we can also use the method of feature selection to filter out the most predictive
features. Feature selection can help us reduce the complexity of the model and improve the accuracy of prediction. Com-
monly used feature selection methods include statistically based filtering, wrapping, and embedding. When selecting
features, we can combine domain knowledge and actual needs to make comprehensive considerations to ensure that the
most representative and predictive features are selected.
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Figure 1. Digital Monitoring and Traceability in Production Process Optimization.

In the process of model building, data preprocessing is needed, including data normalization, data smoothing, and data
cleaning. These preprocessing steps can help us improve the training speed and prediction accuracy of the model. Mean-
while, cross-validation methods can also be used to evaluate the performance of the model, through which we can effec-
tively avoid overfitting and underfitting problems and select the optimal model parameters.

We compared the accuracy of Support Vector Machine (SVM), Neural Network, and Random Forest models under
three different data preprocessing scenarios: Original data, Standardized data, and Fully Preprocessed data as shown in
Figure 2. Each model's performance is measured by the accuracy metric, with specific accuracy values annotated on top
of each bar. The SVM model achieves an accuracy of 0.68 on both original and standardized data, indicating that stand-
ardization does not affect its performance. However, with full preprocessing, the SVM model's accuracy significantly
increases to 0.9500, demonstrating that feature selection, data balancing, and hyperparameter tuning are crucial for en-
hancing the model's predictive capability. The Neural Network model achieves an accuracy of 0.68 on original data but
slightly decreases to 0.6067 on standardized data, possibly due to the dataset's specific nature or initial hyperparameters
not being optimal for standardized data. Nonetheless, with full preprocessing, the Neural Network model's accuracy dra-
matically improves to 0.9700, highlighting the effectiveness of preprocessing techniques in optimizing model perfor-
mance. The Random Forest model achieves an accuracy of 0.6833 on both original and standardized data, indicating that
standardization does not significantly affect its performance. However, with full preprocessing, the accuracy increases to
0.9200, showing the importance of preprocessing steps in enhancing the model's accuracy.

Comparison of Model Accuracies (Original vs Standardized vs Preprocessed Data)

Lo 0.9700
Original 0.9500
= Standardized
e Preprocessed

0.9200

0.6800 0.6800 0.6833 0.6833

Accuracy

044

0.2

0.0

svM Neural Network Random Forest
Model

Figure 2. The accuracy of Support Vector Machine (SVM), Neural Network, and Random Forest models (Original data,
Standardized data, and Fully Preprocessed data).

Overall, full preprocessing substantially improves the model accuracy for all three algorithms, emphasizing the critical
role of preprocessing in machine learning workflows, especially in fault prediction and diagnosis applications. The

DOI: 10.26855/ea.2024.07.004 135 Engineering Advances



Xiaoyang Chen, Meng Wang, Huitao Zhang

research results indicate that with appropriate preprocessing, machine learning models can achieve high accuracy and
good generalization ability, making them reliable tools for brushless motor fault prediction and diagnosis.

In the process of model optimization, we can use hyperparameter tuning, integrated learning, and model fusion to
further improve the model performance. Hyperparameter tuning can help us find the optimal combination of hyperparam-
eters to improve the generalization ability of the model. Integration learning can combine the prediction results of multiple
base models to improve the accuracy of the overall model. Model fusion, on the other hand, can be used to obtain more
robust and stable prediction results by combining the prediction results of different models.

In brushless motor fault prediction and diagnosis, it is crucial to build an efficient model. By optimizing the algorithm
and training with a large amount of data, we can improve the accuracy and generalization ability of the model. This will
provide a solid foundation for achieving smarter motor maintenance and management. In future research and practice, we
will continue to work on improving and promoting this technology to better support and guarantee industrial production
and motor operation.

Above is the model-building and optimization process of brushless motor fault prediction and diagnosis based on ma-
chine learning. The model building and optimization process codes for SVM and NN are as follows:

*'python

iimport numpy as np

import pandas as pd

from sklearn.model_selection import train_test split

from sklearn.preprocessing import StandardScaler

from sklearn.svm import SVC

from sklearn.neural network import MLPClassifier

from sklearn.metrics import accuracy_score, classification_report

import json

# Load data

data = pd.read_csv('data.csv")

X = data.drop('label', axis=1)

y = data['label']

# Split data into training and test sets

X train, X test, y_train,y test =train_test split(X,y, test size=0.2, random_state=42)

# Scale features

scaler = StandardScaler()

X _train = scaler.fit transform(X_train)

X test = scaler.transform(X_test)

# Train SVM model

svm_model = SVC(kernel="linear")

svm_model.fit(X_train, y train)

y_pred_svm =svm_model.predict(X _test)

accuracy_svm = accuracy_score(y_test, y_pred svm)

report svm = classification_report(y test, y pred svm, output dict=True)

# Train NN model

nn_model = MLPClassifier(hidden_layer sizes=(100,), max_iter=1000, random_state=42)

nn_model.fit(X_train, y_train)

y_pred nn =nn_model.predict(X_test)

accuracy nn = accuracy_score(y_test, y pred nn)

report nn = classification_report(y_test, y pred nn, output dict=True)

# Output results

output = {

'SVM': {
'accuracy': accuracy_svm,
‘classification_report': report svm

12

r 1. {
'accuracy': accuracy nn,
‘classification_report": report nn

print(json.dumps(output, indent=4))
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4.2 Experimental design and parameter setting

When designing the fault prediction model, we first analyzed the characteristics of brushless motor faults, including cur-
rent, speed, and vibration. From a large amount of historical data, we identified features closely related to faults and
constructed feature vectors. We then selected common machine learning algorithms, such as Support Vector Machine
(SVM), Random Forest, and Neural Networks, and fine-tuned their parameters through cross-validation to ensure perfor-
mance and generalization.

To improve the model's reliability and validity, we used data enhancement techniques, including random outlier re-
moval and data balancing, to increase generalization for different fault types. We also normalized the data to avoid in-
consistencies in feature magnitude during model training.

In our experiments, we collected a large amount of brushless motor data under real operating conditions and divided it
into a training set and a test set. We use the training set to train the model and the test set to verify the generalization
ability and prediction performance of the model. During the experiments, we also designed a cross-validation strategy to
ensure the robustness and stability of the model.

By analyzing the results of the experiments, we found that the machine learning-based brushless motor fault prediction
model we designed achieved significant results in fault prediction and diagnosis. The model can accurately identify dif-
ferent kinds of faults and provide effective fault prediction and diagnosis information, which provides an important ref-
erence for the operation and maintenance of brushless motors.

Our experimental design and parameter settings can effectively improve the performance and reliability of the brushless
motor fault prediction model. By analyzing and processing a large amount of historical data, combined with the applica-
tion of machine learning algorithms, we have successfully constructed a reliable brushless motor fault prediction model,
which provides a strong support for the detection and diagnosis of brushless motor faults in engineering practice. We
believe that with further research and practice, the machine learning-based brushless motor fault prediction and diagnosis
technique will be more widely applied and promoted in the future [6].

By continuously optimizing the experimental design and parameter settings, we can not only improve the accuracy and
stability of the model but also further optimize the performance and effect of the model. In future research, we can con-
sider introducing more feature engineering methods to better capture the characteristics of brushless motor faults; at the
same time, we can try different machine learning algorithms and model fusion techniques to further improve the predictive
ability and generalization performance of the model.

We can also further expand the size of the experimental dataset to include more samples and more kinds of brushless
motor fault cases to increase the training and testing scope of the model. Meanwhile, with the development of deep
learning technology, we can explore the use of deep neural networks to construct more complex fault prediction models
to better adapt to the working environment and performance requirements of modern brushless motor systems.

In addition, we can also combine the actual operation of the brushless motor system to design a fault prediction and
diagnosis strategy that is closer to the actual engineering applications, to improve the application effect and reliability of
the model in the actual scenarios. By continuously improving the experimental design and parameter settings, we believe
that the machine learning-based brushless motor fault prediction and diagnosis technology will continue to make break-
throughs and progress, bringing more convenience and reliability to engineering practice.

Above are our experimental design and parameter settings for machine learning-based brushless motor fault prediction
and diagnosis. Our application code using random forest is as follows:

*'python

# -*- coding: utf-8 -*-

import numpy as np

import pandas as pd

import json

data = pd.read_csv('data.csv")

X = data.iloc[:, :-1].values

y = data.iloc[:, -1].values

from sklearn.model_selection import train_test split

X train, X test, y train,y test=train_test split(X,y, test size=0.2, random_state=0)

from sklearn.preprocessing import StandardScaler

sc = StandardScaler()

X train = sc.fit_transform(X_train)

X test = sc.transform(X_test)

from sklearn.ensemble import RandomForestClassifier

classifier = RandomForestClassifier(n_estimators=100, criterion='entropy', random_state=0)

classifier.fit(X train, y train)
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y_pred = classifier.predict(X _test)

from sklearn.metrics import classification_report

report = classification_report(y_test, y_pred, output_dict=True)
output = json.dumps(report, indent=4, separators=(',', : ')
print(output)

Code instructions:

. import necessary libraries: numpy, pandas, JSON and sklearn, etc.

. read data: read data from data.csv file.

. data preprocessing: divide the data into feature matrix X and target vector y.

. Split training set and test set: use train_test split function to split the data into a training set and test set.
. feature scaling: use StandardScaler to normalize the feature matrix.

. Model building: Use RandomForestClassifier to build a random forest classifier model.

. train the model: call the model's fit method on the training set.

. Prediction: Call the prediction method of the model to predict on the test set.

. Model Evaluation: Calculate the classification report of the model using the classification report function.
10. output_results: output the model evaluation results in JSON format.

O 01N LN Wi~

5. Experimental results and analysis
5.1 Model performance evaluation

For brushless motor fault prediction and diagnosis, we employed various machine learning algorithms and assessed their
performance. The dataset was divided into training and test sets to facilitate model training and validation.

We measured the model's fault recognition capability using metrics such as accuracy, recall, precision, and F1 score.
The results indicate that our machine learning model accurately identifies faults with high precision and good recall.

The model's generalization ability, or performance on unseen data, was evaluated through cross-validation on different
datasets. The findings demonstrate that our model possesses good generalization ability, along with high reliability and
stability.

Additionally, we assessed the model's operational efficiency and practicality by comparing the running speed and
memory consumption of different algorithms. The results show that our model is highly efficient in predicting and diag-
nosing brushless motor faults, thus meeting the requirements of practical engineering applications.

Overall, the machine learning-based brushless motor fault prediction and diagnosis model shows good performance in
the experiments. Our research results provide new methods and ideas for fault prediction and diagnosis in the field of
brushless motors, which are expected to be widely used in engineering practice. In the future, we will further optimize
and improve the model to enhance its performance and practicality and make greater contributions to the development of
the engineering field.

Our study also provides a detailed analysis of the stability and reliability of the model and verifies its performance on
different datasets through several experimental results. The experimental results show that our model can maintain a high
level of performance in the face of different situations and challenges, which provides strong support for its stability and
reliability.

In evaluating the operational efficiency and usefulness of the model, we use a variety of perspectives and metrics for
comparison and analysis. By comparing the running speed, memory consumption, and other key parameters of different
machine learning algorithms, we finally chose the algorithm with the best performance to build the model. The experi-
mental results show that our model has high efficiency and reliability in the task of brushless motor fault prediction and
diagnosis, and can meet the needs of practical engineering applications.

Table 1. Machine Learning Algorithm

Machine Learning Al- Accu- Re- Preci- F1 Generalization Efficienc
gorithm racy call sion Score Ability Y
Alg"“g{,“;ﬁ (cg. 95%  94%  96% 95% High High (Fast/Low Memory)
Algorithm B (e.g., RF)  92%  90%  93% 91% Medium Medium (Medium Speed/Medium
Memory)
Algorithm C (e.g., NN) 97% 95% 98% 96% High Low (Slow/High Memory)
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Table 1 compares the performance of three machine learning algorithms—Support Vector Machine (SVM), Random
Forest (RF), and Neural Network (NN)—in fault prediction and diagnosis. The evaluation metrics include Accuracy,
Recall, Precision, F1 Score, Generalization Ability, and Efficiency. Each algorithm exhibits distinct strengths and weak-
nesses across these metrics.

Support Vector Machine (SVM) demonstrates high performance, with an accuracy of 95%, recall of 94%, precision of
96%, and an F1 score of 95%. It also shows high generalization ability and efficiency, making it suitable for applications
requiring fast processing and low memory usage. Random Forest (RF) offers a balanced performance with an accuracy
of 92%, recall of 90%, precision of 93%, and an F1 score of 91%. While its generalization ability and efficiency are rated
medium, it provides reliable results with moderate speed and memory consumption.

Neural Network (NN) achieves the highest accuracy at 97%, with recall at 95%, precision at 98%, and an F1 score of
96%. Despite its superior performance in prediction metrics, NN is less efficient due to its slower speed and higher
memory requirements, which may limit its practicality in resource-constrained environments. This comparison highlights
the trade-offs between accuracy and efficiency among different machine learning algorithms for fault prediction and
diagnosis.

5.2 Analysis of fault prediction and diagnosis results

We analyzed the experimental data and model predictions. Our findings indicate that the machine learning-based fault
prediction and diagnosis for brushless motors are both accurate and reliable. In our experiments, we used machine learning
algorithms such as support vector machine (SVM), neural network (NN), and random forests (RF) for prediction and
diagnosis, and the results show that these models can detect the fault state of the motor more accurately.

However, we also found some problems existed in our prediction and diagnosis models. The training dataset of the
model may have labeling errors or incompleteness, which may cause the accuracy of the model to suffer. The feature
selection of the model may not be sufficient or reasonable, resulting in the model not being able to fully explore the
potential information of the data. Different motors may differ in actual operation, and our model may not be trained for a
specific motor, which may also affect the accuracy of prediction and diagnosis.

To further improve the accuracy and reliability of machine learning-based fault prediction and diagnosis for brushless
motors, we can take some improvement directions. We need to further clean and label the training dataset to ensure the
accuracy and completeness of the data. We can try to use more advanced feature selection algorithms, such as automatic
feature extraction methods in deep learning, to improve the model's sensitivity to the data and expressive ability. For the
characteristics of different motors, we can try to build personalized prediction and diagnosis models to improve the mod-
el's ability to identify specific faults of motors.

Brushless motor fault prediction and diagnosis based on machine learning has some potential, but there are still some
problems to be solved in practical applications [7]. By continuously improving and optimizing the model algorithms and
data processing methods, we believe that this technique can provide more effective solutions for motor fault prevention
and maintenance.

In the next research, we can also consider introducing knowledge from more fields, such as signal processing and
electrical engineering, to further improve the prediction accuracy and diagnostic capability of the model. Combined with
practical application scenarios, we can explore the method of multi-sensor fusion to obtain data information from different
perspectives to improve the detection rate and accuracy of the system for faults.

For application scenarios with high real-time requirements, we can research and develop an efficient real-time fault
prediction and diagnosis system to ensure timely response and treatment when faults occur. At the same time, combined
with cloud computing and IoT technology, we can establish a remote monitoring platform for fault prediction and diag-
nosis to achieve remote monitoring and analysis of the motor status, and provide users with customized maintenance and
repair suggestions. Table 2 summarizes the existing flaws and potential solutions.

We can also try to combine deep learning and reinforcement learning techniques to build an intelligent prediction and
diagnosis system for brushless motors to improve the level of model intelligence and autonomous decision-making capa-
bility. Combined with big data and data mining techniques, we can mine the potential laws and associations to provide a
more comprehensive and in-depth analysis for motor fault prediction and diagnosis.

6. Discussion and outlook
6.1 Discussion of results

6.1.1 Shortcomings and directions for improvement

In this paper, we have used machine learning methods for brushless motor fault prediction and diagnosis. In the process
of modeling, the setting of parameters is very important. Table 3 shows the parameter settings of the machine learning
model we used, including the learning rate, the number of iterations, the batch size, and so on. By adjusting these
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parameters, we can further optimize the performance of the model and improve the accuracy of fault prediction and

diagnosis.
Table 2. The Existed Flaw and Potential Solutions
Category Current Status Improvement Methods
Model Perfor- Uses SVM, RF and NN algorithms, ac-  Conduct in-depth analysis of existing algorithms, try integration or
mance curately identifying motor faults. improvement to increase accuracy.

Data Quality &  Training dataset has label errors and in- Per.form data cleaning and labeling to ensure data quality and in-

tegrity. Implement automated data processing to reduce human er-
Management complete data.

Feature Selection
& Processing

Model Generali-
zation

Real-time Moni-

Feature selection may be insufficient or
unreasonable, limiting model perfor-
mance.

Model has limited generalization abil-
ity across different motors.

Needs to respond quickly when faults

Tors.

Introduce automatic feature extraction methods such as deep learn-
ing, and utilize advanced feature selection algorithms to optimize
feature engineering.

Build personalized models, considering specific characteristics and
operating environments of different motors, to improve adaptabil-
ity and generalization.

Develop an efficient real-time fault prediction and diagnosis sys-

toring & Diagno-  occur; current real-time diagnostic ca-  tem using loT technology for remote monitoring and real-time data
sis pability needs improvement. analysis.
Technology Inte-  Current technology applications focus ~ Explore combining deep learning with reinforcement learning, and
gration & Inno- mainly on single machine learning al-  investigate multisensor fusion and big data technologies to enhance
vation gorithms. the comprehensiveness and depth of fault diagnosis.

Customized Ser-
vices

Need to provide personalized mainte-
nance and care recommendations for
different users.

Combine cloud computing to build a customized maintenance ser-
vice platform, providing personalized recommendations based on
data analysis.

Table 3. Machine Learning Model Parameter Settings

Parameter Value
Learning Rate 0.01
Number of Iterations 1000
Batch Size 32
Number of Training Samples 800
Number of Validation Samples 200
Number of Test Samples 300

To better reflect the importance of parameter selection on model performance, we chose the NN Model with the best-
simulated results for parameter optimization demonstration, as shown in Figure 3. The results illustrate the simulated
impact of various learning rates and batch sizes on the accuracy of a neural network (NN) model. The analysis considers
five different learning rates (0.001, 0.005, 0.01, 0.02, 0.05) and seven batch sizes (8, 16, 32, 64, 128, 256, 512). The
results show that a learning rate of 0.01 achieves the best performance across all batch sizes, reaching the target accuracy
of 97% at batch sizes 128, 256, and 512. The learning rate of 0.02 also performs well, achieving a maximum accuracy of
96%. Lower learning rates of 0.005 achieve maximum accuracies of 95%, indicating slower convergence. The learning
rates of 0.001 and 0.05 are either too small or too large, resulting the lowest learning rate of 93%. It is also found that
smaller batch sizes generally show lower accuracy, while larger batch sizes improve accuracy, with the highest accuracies
observed at batch sizes 128 and above. In conclusion, a learning rate of 0.01 combined with batch sizes 128 and higher
provides the best accuracy, demonstrating the importance of careful hyperparameter tuning for optimizing neural network
model performance.

7. Contents

Brushless motor fault prediction and diagnosis based on machine learning is a critical and challenging area of current
industrial research. With the continuous development of artificial intelligence and machine learning technologies, signif-
icant progress has been made in this field. However, there are still several limitations and shortcomings, such as
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incomplete data acquisition, insufficient feature extraction, and challenges in model optimization. To address these issues,
future research must focus on improving and refining data acquisition, feature extraction, and model optimization pro-
cesses. Multi-source data fusion, combining sensor data with other sources like sound and vibration, can create a more
comprehensive and multi-dimensional dataset, enhancing the model's generalization ability. Additionally, deep learning
methods can automatically learn and extract important features from the data, reducing the dependence on professional
knowledge and experience while improving model performance and accuracy. Incorporating Bayesian optimization al-
gorithms and automatic machine learning techniques, combined with domain knowledge and expert experience, can help
construct more efficient and interpretable models for brushless motor fault prediction and diagnosis. The research has
shown that machine learning-based models can significantly enhance the accuracy and efficiency of fault diagnosis, of-
fering strong support for industrial production and equipment maintenance.

Simulated Impact of Learning Rates and Batch Sizes on NN Model Accuracy
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Figure 3. The impact of different learning rates and batch sizes on the accuracy of the NN model.

Future research should further explore new technologies and methods in brushless motor fault prediction and diagnosis.
For instance, integrating Internet of Things (IoT) technology with cloud computing platforms can enable real-time mon-
itoring and remote diagnosis of brushless motor status, improving the operational efficiency and reliability of equipment.
Deep reinforcement learning algorithms can be introduced to achieve more accurate and rapid fault diagnosis by training
models through simulated environments and large amounts of data. Additionally, brushless motor health monitoring tech-
nology based on sound and vibration signals can be investigated to provide online monitoring and early warning of motor
operating status by analyzing signal spectrum and characteristics. Image recognition and computer vision technologies
can also be explored for brushless motor fault diagnosis, enabling early detection and treatment of potential faults by
monitoring the motor's external morphology and operating status. The research demonstrated that machine learning mod-
els could effectively predict faults, with SVM, RF, and NN achieving 95%, 92%, and 97% accuracy respectively, high-
lighting the potential for significant advancements in this field.

Overall, future research will continue to advance the development of brushless motor fault prediction and diagnosis
technology, providing more comprehensive and effective support for industrial production and equipment maintenance.
The successful implementation of these advanced techniques will lead to improved efficiency, reduced downtime, and
enhanced product quality, ensuring the reliability and stability of industrial operations.
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