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Abstract

This study addresses the need for automated damage and failure
detection in industrial machinery through sound analysis and
machine learning. Traditional methods rely on human experts to
identify faults using microphones, which can be time-consuming,
stressful, and prone to errors such as limited perception, subjectivity,
and inconsistency. This study leverages machine learning to create
a more objective and efficient alternative. Mel-Frequency Cepstral
Coefficients (MFCCs) were employed for feature extraction,
capturing intricate sound patterns associated with machinery faults.
Through rigorous experimentation, 11 MFCC coefficients were
identified as optimal. The Support Vector Machine (SVM) emerged
as the best-performing classifier compared to LightGBM and
XGBoost, achieving a training accuracy of 83.12% and testing
accuracy of 82.50%. The dataset was split between 80% for training
and 20% for testing. The small gap between training and testing
accuracy indicates an ideal model with no signs of over fitting, under
fitting, or data leakage. Real-world simulations validated the
model’s efficacy under various operational scenarios, demonstrating
its readiness for industrial deployment. This study highlights the
effectiveness of sound analysis and SVM classification in proactive
maintenance, offering a reliable tool to reduce downtime and
maintenance costs while enhancing operational efficiency and
reliability.

Keywords:
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1 Introduction

Damage and failure detection in industrial machinery has become
increasingly critical in modern manufacturing environments, as it
directly impacts operational efficiency, workplace safety, and
productivity [1]. The industrial landscape has undergone significant
transformation, aligning with the ninth Sustainable Development
Goal-Industry, Innovation, and Infrastructure [2]. Within this
context, the field of industrial maintenance has seen remarkable
advancements through the integration of cutting-edge technologies
[3]. Traditional maintenance methods, relying on scheduled
inspections and manual diagnosis, have proven inadequate for
modern industrial needs, being time-consuming, error-prone, and
limited by human perception and subjectivity [4]. These approaches
often depend on human experts to recognize damage through noise

analysis, which is stress-inducing and susceptible to human error due
to limited perception, subjectivity, inconsistency, and inefficiency.
The limitations of traditional approaches are further exacerbated by
the increasing complexity of industrial systems and the growing
demand for uninterrupted operational efficiency [5].

In response to these challenges, researchers have turned to non-
invasive, data-driven approaches, leveraging advancements in sound
analysis and machine learning [6], [7]. Sound analysis, or acoustic
monitoring, involves capturing and analyzing machinery sounds
during operation, providing crucial information about equipment
performance and condition [8], [9]. By examining the frequency,
amplitude, and other characteristics of these sounds, it becomes
possible to identify operational deviations from normal operation
and pinpoint potential defects, fundamentally changing maintenance
and defect detection practices [10], [11].

Machine learning techniques enhance sound analysis by handling
large datasets and discerning patterns that might elude human
observers [12]. These models can be trained to recognize specific
sound patterns indicative of machinery faults or inefficiencies [13],
[14]. Once trained, they can operate autonomously, continuously
monitoring equipment and alerting operators to anomalies [15].

However, challenges persist in fully realizing the potential of this
approach. These include determining optimal machine learning
models for classifying time series audio data, selecting relevant
features from audio signals, and developing comprehensive systems
capable of handling diverse acoustic signatures under various
operating conditions [16], [17].

This research aims to address these challenges by developing and
analyzing a machine learning-based system for automated damage
and failure detection through sound analysis in industrial machinery.
The study will explore advanced feature extraction techniques for
classifying audio signals with similar frequencies and evaluate the
performance of machine-learning algorithms suitable for handling
time-series audio data. By tackling these complex issues, this
research seeks to contribute to the advancement of industrial
maintenance practices, enhancing efficiency, reliability, and safety
in industrial operations.

2 Literature review

This chapter examines machine fault diagnosis through sound
analysis, a critical component in damage and failure detection.
Sound analysis has become essential in predictive maintenance,
allowing early detection of machinery abnormalities [18], [19]. This
non-invasive technique captures and analyzes acoustic emissions
during machine operation. The process involves sound capture,
digitization, feature extraction, and analysis using signal processing
and machine learning techniques [20], [21].

Sound analysis's effectiveness stems from its ability to detect
early-stage faults, crucial for preemptive maintenance and
minimizing downtime costs [6], [9], [22]. Recent advancements in
digital signal processing and machine learning have significantly
improved its accuracy and efficiency [20]. These algorithms enable
systems to recognize and classify acoustic patterns, identifying faults
across various industrial settings [19], [23], [24]. This study utilizes
these advanced techniques, implemented through Python
programming, to develop a robust system for industrial machinery
damage and failure detection.

2.1 Mel Frequency Cepstral Coefficient

Mel Frequency Cepstral Coefficients (MFCCs) are a widely used
method for feature extraction in audio and speech processing [25].
MFCCs represent the short-term power spectrum of sound through a
linear cosine transform of a log power spectrum on a nonlinear mel
scale of frequency, effectively capturing the spectral envelope [25].

The process of deriving MFCCs involves a series of steps, as
illustrated in Fig. 1. First, the audio signal undergoes Fourier
transformation, converting it from the time domain to the frequency
domain. The powers of the resulting spectrum are then mapped onto
the mel scale using triangular overlapping windows. Subsequently,
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the logarithms of the powers at each mel frequency are taken,
followed by the discrete cosine transform of the list of mel log
powers [26], [27]. The resulting amplitudes constitute the MFCCs,
providing a compact yet informative representation of the audio
signal's spectral characteristics.
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Fig. 1. MFCC framework illustration.

MFCCs are preferred due to their ability to mimic the human
auditory system's response, offering a more intuitive representation
of the spectral envelope compared to techniques like the Fast Fourier
Transform (FFT) [28]. This makes them particularly useful in speech
recognition and music information retrieval [28]. In the context of
damage and failure detection through sound analysis, integrating
MFCCs with machine learning and Python programming is expected
to enhance fault detection accuracy and efficiency in industrial
settings [26], [29].

2.2 Support Vector Machine

Support Vector Machine (SVM) is a prominent-supervised
learning algorithm used in machine fault diagnosis through sound
analysis [24], [30]. It handles linear and nonlinear classification,
regression, and outlier detection tasks [8]. SVM's core principle
involves identifying an optimal hyperplane in a high-dimensional
feature space to separate data classes, maximizing margins between
them [24]. This approach enables SVM to capture complex
relationships in sound data, enhancing its ability to generalize across
diverse fault patterns [24], [31]. SVM's adaptability to multi-class
classification is advantageous for identifying various fault types in
industrial machinery [31], [32], while its interpretability allows
engineers to gain insights into critical acoustic features contributing
to fault identification [24].

2.3 Light Gradient Boosting Machine

Light Gradient Boosting Machine (LightGBM) is an advanced,
efficient machine learning algorithm gaining popularity in machine
fault diagnosis through sound analysis [30]. Developed by
Microsoft, LightGBM is renowned for its speed and scalability,
making it suitable for large datasets and high-dimensional feature
spaces [33]. It employs gradient boosting, building an ensemble of
weak learners sequentially to address previous errors [33], [34], [35].
LightGBM's innovative techniques, such as histogram-based
learning and leaf-wise tree growth, contribute to its computational
efficiency and ability to manage large-scale datasets [15], [33]. The
integration of LightGBM into the project framework strategically
enhances the accuracy and real-time processing capabilities of the
damage and failure detection system.

2.4 EXtreme Gradient Boosting

EXtreme Gradient Boosting (XGBoost) is a highly effective
machine learning algorithm widely used in machine fault diagnosis
through sound analysis [30]. Developed by Tianqi Chen in 2016,
XGBoost is renowned for its performance, versatility, and ability to
handle various machine learning tasks with high accuracy [36]. Its
strength lies in regularization techniques that prevent over fitting and
improve generalization by incorporating penalty terms into the
objective function [37]. In machine fault diagnosis, XGBoost excels
at identifying subtle sound cues indicative of potential faults in
industrial machinery, using MFCCs extracted via Python

programming [8]. Incorporating XGBoost into the project
framework aligns with the objectives, highlighting its importance in
advancing predictive maintenance and enhancing industrial
machinery resilience.

2.5 Related works

The MFCCs were selected for feature extraction due to their
proven effectiveness in capturing spectral envelopes of sound
signals, making them suitable for industrial machinery fault
detection [25], [28]. The MFCCs extraction process aligns with the
project's goal of enhancing fault detection accuracy [26], [27].

SVM was chosen for its robust performance in high-dimensional
spaces and ability to handle non-linear relationships. SVM's optimal
hyper plane identification enables it to capture nuanced acoustic
characteristics indicative of potential faults [8], [24]. Its versatility in
multi-class classification suits the identification of various fault
types [31], [32].

LightGBM was selected for its speed and efficiency in handling
large-scale data. LightGBM's histogram-based learning and leaf-
wise tree growth techniques offer superior computational efficiency
[33]. Its Gradient-based One-Side Sampling (GOSS) and Exclusive
Feature Bundling (EFB) address limitations in traditional Gradient-
Boosting Decision Tree frameworks [35].

XGBoost was included based on its proven performance in
machine learning competitions and ability to handle complex data
relationships. XGBoost enhances weak learners through iterative
improvement and incorporates regularization techniques to prevent
overfitting [36], [37]. Its depth-first tree construction approach and
sparsity-aware split finding technique enable it to capture intricate
patterns in sound data efficiently.

The integration of these methods within Python enhances the
project's real-world applicability, leveraging extensive libraries for
scientific computing, data analysis, and machine learning to facilitate
efficient sound processing and fault diagnosis [30], [38]. This
approach, combining advanced feature extraction with state-of-the-
art machine learning, advances predictive maintenance strategies. By
leveraging Python's capabilities to process and analyze sounds
efficiently, the study aims to develop a robust system for damage and
failure detection in industrial machinery, contributing to improved
operational resilience and efficiency in industrial contexts.

3 Research methodology

This chapter outlines the systematic methodology employed to
leverage sound analysis for detecting damage and failure in
industrial machinery, specifically a DC motor. As depicted in Fig. 2,
the author's approach encompasses various stages, from data
gathering and database creation to feature extraction, data splitting,
model training, evaluation, and refinement.

3.1 Data gathering

The foundational stage of the methodological framework
centered on the meticulous acquisition of acoustic data from diverse
sources. This critical process, termed Data Gathering encompasses
the collection of sound signals emanating from DC motors operating
under varying conditions. Sound signals from a DC motor were
recorded under different conditions at a Japanese automotive
company. The author categorized machine sounds into two classes:
okay or good (OK) and not good (NG), each with two subclasses:
clockwise (CW) and non-clockwise (CCW).

The experimental setup, as shown in Fig. 3, utilized a laptop as
the data acquisition card, capturing signals at 48 kHz to cover the
audible range. Positioned 10 cm from the sound source, the laptop
utilized a microphone cable for recording. A total of 400 sound
recordings were meticulously collected from the DC motor under
various operational conditions, as detailed in Table 1. This
systematic categorization ensures a diverse and comprehensive
representation of the machine's sound profile, with 200 recordings in
each of the four subclasses (CW_OK, CW_NG, CCW_OK, and
CCW_NQG).
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Fig. 2. Block diagram of the research methodology.

Table 1. Distribution of sound recordings

employs a series of signal processing steps to transform the raw
audio recordings into meaningful features suitable for machine
learning analysis.

The process begins with pre-emphasis, applying a high-pass filter
to enhance high-frequency components in the audio signal. The
audio data then undergoes windowing, dividing it into overlapping
frames to facilitate the analysis of short-time features. Next, a
Discrete Fourier Transform (DFT) is applied to each frame via the
FFT, resulting in a spectrogram that captures the signal's frequency
content over time. By using Mel-filter banks, which mimic human
ear sensitivity, the process captures the energy distribution across
frequency bands, aligning with human auditory perception for
compact spectral representation. Applying a logarithmic
transformation enhances the feature's discriminative power by
compressing the data range and emphasizing spectral variations.
Finally, a Discrete Cosine Transform (DCT) is employed to extract
13 MFCCs, encapsulating the essential spectral features of the audio
waveform [28], [39].

These MFCCs serve as the transformed representation of the
original sound recordings, containing the essential characteristics
and patterns derived from the audio signals. The dataset, now with
the extracted MFCC features, is set and readied for integration into
various machine learning algorithms for further analysis.

3.3 Data splitting

Following the feature extraction stage, the DC motor sound
recording’s dataset is systematically partitioned into distinct subsets
for model training and evaluation. This careful partitioning ensures
data integrity and supports effective feature extraction and analysis
for the fault detection and diagnosis system.

To ensure robust model training and evaluation, the dataset is
split into 80% for training and 20% for testing, as shown in Table 2.
This allows the model to learn patterns from most of the data while
using an independent set to evaluate generalization. The labels
'CW_OK,'"'CW_NG,''CCW_OK,'and 'CCW_NG' for the DC motor
sound recordings are grouped into broader categories: 'OK' (for
CW_OK and CCW_OK) and 'NG' (for CW_NG and CCW_NG).
This transformation aids the model in accurately classifying the DC
motor's operational conditions.

Table 2. Training and testing data allocation

Set Class CW CCW Total
Training OK 80 80 160
NG 80 80 160
Testing OK 20 20 40
NG 20 20 40
Total 200 200 400

Class CW CCW Total
OK 100 100 200
NG 100 100 200

Total 200 200 400

10cm

Power supply (DC)

&

Microphone DC motor

Fig. 3. Experimental setup.

3.2 Feature extraction

The second stage of the methodological framework involves
extracting MFCCs from the recorded sound signals in the dataset.
Leveraging Python programming, the feature extraction process

3.4 Model train

In the fourth stage, the author trains a machine learning model
using 80% of the collected sound recordings from the DC motor as
the training data set. The training process involves extracting MFCC
features from the sound recordings, employing the machine-learning
algorithms, and using cross-validation to optimize the models’
performance and ensure its robustness in discerning patterns and
classifying the operational conditions of the DC motors, setting the
stage for subsequent stages using the reserved testing dataset.

3.5 Model evaluation

In the fifth stage, the author thoroughly evaluates the
performance of the trained machine learning model. The evaluation
process involves ingesting the reserved 20% testing dataset and
using the extracted MFCC features as inputs to the pre-trained
model. Key evaluation metrics are employed, including the
confusion matrix, which provides a visual representation of the
model's predictive accuracy across different classes, and the overall
model accuracy calculated by comparing predicted and actual test
labels. In the matrix, label 0 represents "Not OK" (NG) status and
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label 1 indicates "OK" status, showing how well the model
distinguishes between satisfactory and unsatisfactory conditions.

This detailed assessment enables a deeper understanding of the
model's predictive prowess across diverse operational conditions of
the machine system. The combination of visual aids and numerical
accuracy scores offers valuable insights into the model's
classification capabilities.

3.6 Model refinement

In the final stage, the author refines the machine learning model
through MFCC optimization and hyper parameter tuning to
maximize the model's accuracy in classifying sound signals from DC
motors. The goal is to achieve a balance between sensitivity and
specificity, address over fitting, under fitting, or data leakage issues,
and improve the model's generalization, ensuring its reliability in
real applications and meeting the research objectives.

3.7MFCC optimization

In the model refinement process, the author focuses on
optimizing the number of MFCCs to determine the ideal quantity for
accurate fault detection in the motor sound signals. MFCCs are
widely used in audio processing tasks, as they represent the short-
term power spectrum of a sound based on a linear cosine transform
of a log power spectrum on a nonlinear mel scale of frequency. The
author will test a range of 7 to 20 MFCCs, where the lower-order
coefficients capture the overall spectral shape or envelope, while the
higher-order coefficients represent finer spectral details [29]. By
systematically evaluating the impact of different MFCC quantities
on model accuracy, the author aims to refine the feature extraction
process and enhance the model's predictive capabilities for the
dataset.

3.8 Hyper parameter tuning

In the pivotal model refinement stage, the author engages in
meticulous hyper parameter tuning using manual intervention. This
hands-on approach leverages the author's domain knowledge and
intuition to fine-tune the model's settings, ensuring they are tailored
to the specific characteristics of the data and the nuances of the sound
signals [40], [41]. The author identifies and prioritizes key hyper
parameters, such as learning rates, regularization strengths, and tree
depths, which significantly influence the model's learning process
and predictive capabilities. By meticulously selecting and adjusting
these parameters, the author aims to craft a finely tuned model that
strikes an optimal balance between complexity and generalization
ability, ensuring robust performance in real-world scenarios.

For each machine learning model, the author prioritizes three key
hyper parameters essential for optimizing performance. For SVM,
the emphasis is on the kernel type, regularization parameter (C), and
kernel coefficient (gamma) [40]. For LightGBM, the author focuses
on num_leaves, learning rate, and n_estimators, which impact the
model's complexity, learning step size, and the number of boosting
iterations [41]. Similarly, for XGBoost, the learning rate,
max_depth, and n estimators are identified as crucial
hyperparameters, affecting the step size, model capacity, and the
number of trees. By systematically adjusting these parameters, the
author aims to refine one of the models for accurate classification of
sound signals from DC motors.

3.9 Machine learning model selection

In the final stage of the research, the author methodically
evaluated three machine learning models-SVM, LightGBM, and
XGBoost-to determine the best model for detecting machine damage
and faults. The evaluation process involves scrutinizing the
performance of each model across various metrics, as outlined in the
previous section, including accuracy, precision, recall, and F1-score.

The primary criterion for selecting the best model is the highest
testing accuracy, as this is a fundamental requirement for effective
fault detection. Additionally, the author will consider models with a
lesser chance of over fitting, under fitting, or data leakage, as these
factors can compromise the model's robustness and reliability in real-
world application scenarios.

Through this meticulous process of experimentation and
evaluation, the author aims to make an informed decision, selecting
a model that not only demonstrates superior predictive capabilities
within the dataset but also promises to be a reliable and robust
solution for real-world applications. By carefully considering the
various performance metrics and potential risks, the author will
choose the model that best meets the research objectives.

3.10 Application

In this stage of the research, the author conducts a real simulation
to evaluate the model's performance in classifying new data against
the entire dataset. The testing dataset, representing 10% of the
dataset, is divided into two scenarios. In Scenario 1, 75% of the data
is labeled as 'OK' and 25% as 'NG', while in Scenario 2, this
distribution is reversed. These scenarios replicate practical situations
where the model encounters additional data and must accurately
classify it based on prior training.

Using a setup where 90% of the data serves as the training dataset
(considered as the entire dataset in this simulation), and the
remaining 10% as the testing dataset (treated as new data), the author
aims to assess how effectively the optimized MFCCs and selected
optimized machine learning model generalize to new data and
distinguish between 'OK' and NG' conditions. This evaluation
validates the model's robustness and reliability in real applications,
ensuring it can handle diverse distributions of unseen data.

4 Result and discussion

This chapter presents the research results, including findings
from feature extraction, optimization, hyper parameter tuning, model
selection, and real application. Results are illustrated through
figures, graphs, and tables to clarify the outcomes and their
implications for sound-based fault detection in industrial machinery.

4.1 Feature extraction

In this section, MFCCs are extracted from DC motor sound
recordings. An example of this process will be demonstrated using a
file from the CW_OK class. The original audio waveform for
CW_OK is depicted in Fig. 4, showing a minor delay of 0 to 0.1
seconds due to the recording equipment, which is considered
acceptable for this study. The MFCC extraction process involves
several steps, including pre-emphasis, framing, windowing, FFT,
Mel-filter bank processing, logarithm of the power spectrum, and
DCT, with each step detailed in Fig. 5 to Fig. 10.
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Fig. 4. Original audio graph.
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Fig. 5. Pre-emphasized graph.
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The extracted MFCCs capture distinctive audio characteristics,
enabling effective classification of DC motor conditions. This sets
the stage for model development. The dataset is split into two, of
which 80% are for training and 20% are for testing, ensuring the
machine learning models are evaluated on unseen data, providing a
realistic assessment of their performance.

4.2 Model refinement

Following the feature extraction process, this section delves into
the model refinement phase for the dataset. The refinement process
includes two key steps: MFCC optimization and hyper parameter
tuning. These steps aim to enhance the model's performance and
accuracy in detecting faults in industrial machinery

4.2.1 MFCC optimization

In the initial step of model refinement, the author focuses on
optimizing the number of MFCCs used to capture the distinctive
characteristics of the audio signals. Through a series of experiments
using SVM, the author tested a range of 7 to 20 MFCC coefficients,
including the commonly used default of 13, and evaluated the
performance using training and testing accuracies. Table 3 presents
the results of the MFCC optimization experiments.

Table 3. MFCC optimization

Coefficient Train accuracy (%) Test accuracy (%)
7 76.96 81.25
8 79.06 76.25
9 79.69 80.00
10 78.12 78.75
11 80.94 81.25
12 86.56 77.50
13 85.94 80.00
14 87.19 80.00
15 87.19 78.75
16 88.44 72.50
17 90.00 73.75
18 89.69 73.75
19 90.31 73.75
20 91.56 68.75

The goal is to identify the optimal number of coefficients that
maximize the model's accuracy while avoiding over fitting, under
fitting, or data leakage. The results show that using 11 MFCC
coefficients provides a balanced and high performance, with both
training and testing accuracy at around 80%. In contrast, higher
numbers of coefficients, such as 12 and above, tend to exhibit higher
training accuracy but lower testing accuracies, indicating potential
over fitting. On the other hand, lower coefficients, such as 7 and 8,
show reasonable testing accuracy but lower training accuracies,
which could suggest data leakage. The choice of 11 MFCC
coefficients strikes an optimal balance, ensuring the model has
enough detail to accurately classify.the sound signals without over
fitting, and this finding can be adapted for other machine learning
models like XGBoost and LightGBM.

4.2.2

Following the optimization of MFCC, the author moves to the
critical step of hyper parameter tuning to fine-tune the machine
learning models for optimal performance in classifying sound
signals from the dataset. Each model underwent a comprehensive
search across a specified hyper parameter space, detailed in Table 4,
to determine the best configuration based on training and testing
accuracy. The hyper parameter tuning process explored a total of 105
combinations for SVM and 27 combinations each for LightGBM and
XGBoost.

In the hyper parameter tuning of the SVM model, the optimal
configuration was found to be C = 10, gamma = 0.1, and kernel =
'tbf, resulting in a testing accuracy of 82.50% and a training
accuracy of 83.12%, as shown in Table 5.

Hyper parameter tuning
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Table 4. Hyperparameter search space for each machine learning
model

Model Hyper parameter Options

SVM C 0.01,0.1, 1, 10, 100
Gamma ‘auto’, ‘scale’, 0.001, 0.01, 0.1, 1, 10
Kernel ‘tbf”, ‘linear’, ‘sigmoid’

LightGBM num leaves 5, 20,31
learning_rate 0.05,0.1,0.2
n_estimators 50, 100, 150

XGBoost  learning_rate 0.01,0.1,0.3
max_depth 4,6,10
n_estimators 5, 100, 150

Table 5. SVM accuracy before and after optimization

Parameter Scenario —
Default Optimized
C 1.0 10
Gamma ‘scale’ 0.1
Kernel ‘rbf’ ‘rbf’
Training accuracy (%) 80.94 83.12
Testing accuracy (%) 81.25 82.50

This setup demonstrated a minimal gap between training and
testing accuracies, indicating a balanced model capable of
generalizing well to new data. The chosen parameters optimized the
model's performance, achieving higher testing accuracy compared to
the default configuration (testing accuracy of 81.25% and training
accuracy of 80.94%). The confusion matrix in Fig. 11(a) illustrates
the model's ability to classify instances into 'OK' and 'NG' categories,
with 28 out of 40 'NG' instances correctly classified and 38 out of 40
'OK' instances correctly classified.

For the LightGBM model, the optimal configuration involved
setting num_leaves = 5, learning_rate = 0.2, and n_estimators = 50,
resulting in a testing accuracy of 81.25% and a training accuracy of
90.00%, as detailed in Table 6. This setup aimed to strike a balance
between model complexity and accuracy, enhancing the model's
ability to classify sound signals effectively. The decision to adopt
these parameters was based on their ability to improve testing
accuracy significantly compared to the default setup (testing
accuracy of 72.50% and training accuracy of 88.75%), while also
reducing the risk of over fitting. The confusion matrix in Fig. 11(b)
shows that 30 out of 40 'NG' instances were correctly classified, and
35 out of 40 'OK' instances were correctly classified.

Table 6. LightGBM accuracy before and after optimization

Parameter Scenario P
Default Optimized
num_leaves 31 5
learning_rate 0.1 0.2
n_estimators 100 50
Training accuracy (%) 88.75 90.00
Testing accuracy (%) 72.50 81.25

The XGBoost model's optimal configuration was achieved with
learning rate = 0.1, max depth = 4, and n_estimators = 100,
resulting in a testing accuracy of 76.25% and a training accuracy of
88.75%, as presented in Table 7. This configuration aimed to
enhance the model's generalization ability while maintaining high
accuracy during training. The parameters were selected based on
their ability to improve testing accuracy compared to the default
settings (testing accuracy of 75.00% and training accuracy of
89.06%), thereby minimizing the risk of over fitting. The confusion
matrix in Fig. 11(c) indicates that 27 out of 40 'NG' instances were
correctly classified, and 36 out of 40 'OK' instances were correctly
classified.

Table 7. XGBoost accuracy before and after optimization

Parameter Scenario —
Default Optimized
learning_rate 0.03 0.1
max_depth 6 4
n_estimators 100 100
Training accuracy (%) 89.06 88.75
Testing accuracy (%) 75.00 76.25

Test Accuracy: 0.825

35

True label

5
Predicted label
(a) SVM
Test Accuracy: 0.81 35

©
0
©
(8]
=3
=
Predicted label
(b) LightGBM
Test Accuracy: 0.76
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]
I
g
=

10

Predicted label
(c) XGBoost

Fig. 11. Confusion matrices of optimized machine learning models.
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The comprehensive hyper parameter tuning conducted on the
SVM, LightGBM, and XGBoost models reveals several key insights.
Firstly, fine-tuning hyper parameters significantly enhances the
models' performance in classifying sound signals from the Motor
Machine Sounds dataset, not only refining the models to achieve
higher testing accuracy but also mitigating the risks of over fitting or
under fitting observed in default configurations. The iterative nature
of model refinement through hyper parameter tuning reinforces its
indispensable role in achieving robust and reliable performance in
real applications.

4.3 Machine learning model selection
This section evaluates the performance of three machine learning

models - SVM, LightGBM, and XGBoost - for sound-based fault
detection in machinery. Each model underwent meticulous
refinement, including feature optimization and hyperparameter
tuning, to maximize accuracy in classifying sound signals from the
dataset. Table 8 presents a comparative analysis of these models after
optimization.
Table 8. Accuracy comparison between ML models

Models

Training accuracy (%) Testing accuracy (%)

SVM 83.12 82.50
LightGBM 90.00 81.25
XGBoost 88.75 76.25

Based on the evaluation, SVM emerges as the optimal choice for
fault detection using the Motor Machine Sounds dataset. SVM
demonstrates superior performance with a testing accuracy of
82.50%, closely aligned with its training accuracy of 83.12%. This
minimal gap indicates excellent generalization capability, crucial for
real-world applications. SVM's ability to handle high-dimensional
data and maximize the margin between classes contributes to its
effectiveness in this context. While LightGBM shows higher training
accuracy (90.00%), its testing accuracy (81.25%) suggests a slightly
higher risk of overfitting compared to SVM. XGBoost, despite its
robustness, exhibits a wider gap between training (88.75%) and
testing (76.25%) accuracies, indicating potential overfitting issues.

By selecting SVM, the author ensures high accuracy in
classifying 'OK' and 'NG' conditions while minimizing over fitting
risks. This choice lays a solid foundation for immediate application
and future scalability in industrial contexts, where reliability and
accuracy are paramount for effective fault detection in machinery.

4.4 Real application

In this section, the author assesses the performance of the
optimized SVM model in real application scenarios by simulating
new data classification. The testing dataset, representing 10% of the
total, is divided into two scenarios: Scenario 1 and Scenario 2, as
shown in Table 9. Scenario 1 has a distribution of 75% 'OK' and 25%
'NG', and Scenario 2 has the reverse distribution of 75% 'NG' and
25% 'OK'. The remaining 90% serves as the training dataset.

Table 9. Accuracy report of the scenario

Scenarios Testing dataset distribution (%) Accuracy (%)
NG OK Training  Testing
1 25 75 86.58 80.00
2 75 25 84.21 70

In Scenario 1, the confusion matrix in Fig. 12 shows that out of
10 instances labeled 'NG', 6 were correctly classified, and 4 were
misclassified as 'OK'. Of the 30 instances labeled 'OK', 26 were
correctly classified, and 4 were misclassified as 'NG'. This scenario
demonstrates the model's ability to handle a majority of 'OK' labels
accurately, but with some difficulty in correctly identifying 'NG'
instances. The overall testing accuracy for this scenario is 80.00%,
as shown in Table 9.

In Scenario 2, the confusion matrix in Fig. 13 indicates that out
of 30 instances labeled NG', 19 were correctly classified, and 11
were misclassified as 'OK'. For 10 instances labeled 'OK', 9 were
correctly classified, and 1 was misclassified as NG'. This scenario
highlights the model's proficiency in identifying 'NG' labels, but with

an increased rate of misclassifying 'OK' labels. The overall testing
accuracy for this scenario is 70.00%.

Test Accuracy: 0.8

25.0

22.5

20.0

17.5

15.0

True label

12.5

10.0

0 1
Predicted label
Fig. 12. Confusion matrix—scenario 1.

Test Accuracy: 0.7

True label

0 1

Predicted label
Fig. 13. Confusion matrix—scenario 2.

The drop in accuracy, particularly in Scenario 2, highlights the
potential risk of over fitting, where the model struggles to maintain
performance when encountering a higher proportion of 'NG'
conditions. This disparity underscores the importance of balanced
training data to ensure robust fault detection capabilities across
various scenarios.

Imbalance data can be mitigated using several methods. The
common methods are random oversampling, random under sampling
of the imbalance data, or Synthetic Minority Oversampling
Technique (SMOTE) [42], [43], [44]. These techniques adjust the
distribution of the dataset to achieve a more balanced representation
of each class. In addition, certain algorithms were designed to handle
imbalances on the dataset [45]. Incorporating these techniques can
lead to more robust and accurate models.

Overall, the real application simulation highlights the importance
of continual model evaluation and adjustment, as initial high
performance in a controlled setting does not always translate to real
effectiveness. The advantages of the optimized SVM model, such as
the careful MFCC feature optimization and hyper parameter tuning,
have improved the model's reliability compared to its initial state.
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However, further refinement and integration of additional data or
techniques may be necessary to enhance the model's robustness and
accuracy in practical applications, ensuring the system's reliability
and effectiveness in sound-based fault detection.

5 Conclusions and future works

This study developed a machine fault diagnosis system using
sound analysis and machine learning for damage and failure
detection in industrial machinery. Acoustic features were extracted
using MFCCs, with optimal performance achieved using 11
coefficients and SVM hyper parameters: C = 10, gamma = 0.1, and
kernel = 'rbf. Among the classifiers tested (SVM, LightGBM, and
XGBoost), SVM outperformed the others, achieving a training
accuracy of 83.12% and testing accuracy of 82.50%. These results,
along with a minimal accuracy gap, indicate strong model
generalization and minimal risk of over fitting. The system
effectively distinguished subtle anomalies in machine sounds,
supporting its suitability for real-time, industrial applications.
Furthermore, the model was validated through scenario-based
simulations, demonstrating its potential for deployment in proactive
maintenance strategies. Future work should address data imbalance
using techniques such as random oversampling, under sampling, or
SMOTE in the training and testing phases.
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