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Abstract. In the context of Industry 4.0, Al is transforming smart manufactur-
ing by allowing for accurate and efficient predictive maintenance strategies.
This paper aims to apply Al method to vibration analysis in manufacturing sys-
tems, using an existing dataset from previous research. The dataset, which in-
cluded vibration signals recorded from CNC machinery, was analyzed to de-
termine patterns and anomalies that could be indicative of faults. Two super-
vised machine learning algorithms were used to classify the data and predict
machine tool health i.e. SVM and Random Forest. Feature extraction, normali-
zation and other pre-processing techniques were applied to enhance the quality
of the dataset and build an optimal model. Model comparison was performed
using accuracy, precision, recall and F1-score. The obtained results showed that
SVM and Random Forest produced high classification accuracy, but with Ran-
dom Forest performing little better than SVM because it can also handle non-
linear relations as well as evaluate feature importance. These findings indicate
the avenues through which Al-driven techniques can be harnessed to develop
real-time vibration monitoring techniques for efficient fault diagnosis and
downtime reduction in smart manufacturing.

Keywords:Vibration Analysis, CNC machine, Predictive maintenance, SVM,
Random Forrest.

1 Introduction

In modern manufacturing, machining processes have become very critical in the high-
precision and high-quality production of products. Among these is tool wear, which
directly influences the machining process, affecting the quality of products, machine
efficiency, and total production costs [1]. Excessive tool wear can result in surface
defects, reduced dimensional accuracy, and even catastrophic failure of the tools,
which could damage the workpiece and machine [2]. Traditional approaches in tool
replacement are often based on personal experience and, consequently, predetermined
intervals. This will be inefficient as it may lead to premature tool changes with in-
creased costs and wastage or rather to delayed replacement causing defective products
as well as machine downtime. Hence, the need to develop an intelligent, data-driven
TCM [3] system for optimal utilization of the tools and better manufacturing efficien-
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CNC machines have transformed modern manufacturing by providing precise, auto-
mated, and efficient machining capabilities. These machines operate based on pre-
programmed instructions, allowing to produce complex components with minimal
human intervention [4]. CNC machining is has helped many industries such as medi-
cal industry, automotive industry, and aerospace industry, where high precision and
consistency are crucial [5]. However, maintaining the accuracy and efficiency of CNC
machines requires constant monitoring of machining parameters, including tool condi-
tion, which directly impacts product quality, machining performance, and production
costs. During machining operations, the cutting tool comes into direct contact with the
workpiece, gradually wearing down due to friction, heat, and mechanical stress [6].
The extent of tool wear significantly influences surface finish, dimensional accuracy,
and overall process stability. If a worn tool continues to operate beyond its optimal
lifespan, it can lead to surface defects, increased cutting forces, vibrations, and even
catastrophic tool failure. On the other hand, premature tool replacement increases
operational costs and reduces tool utilization efficiency [7].

To overcome these challenges, Tool Condition Monitoring (TCM) systems have been
designed to monitor the health of cutting tools in real-time. TCM aims to optimize
tool life by determining the precise moment for tool replacement, thereby minimizing
downtime, reducing machining costs, and improving overall productivity [8]. Tradi-
tional TCM methods rely on manual inspections or fixed tool replacement schedules,
which are often inaccurate and inefficient. In contrast, intelligent monitoring systems
leverage sensor-based data collection and advanced analytics to provide real-time
insights into tool wear conditions [9].

To overcome this challenge, various direct and indirect monitoring techniques for
predicting tool wear have been developed by researchers. Direct methods include the
real-time measurement of tool wear through vision systems or high-resolution sensors
but are usually expensive and difficult to be implemented in many industrial environ-
ments [7]. Indirect techniques rely on some analysis of signals such as vibration, cut-
ting forces, acoustic emissions, and spindle motor current to infer tool-wear condi-
tions [5]. Of these, vibration analysis has become particularly useful as a technique
since it strongly correlates with the pattern of tool wear and is easy to apply.

Among various indirect monitoring techniques, vibration analysis has proven to be a
reliable indicator of tool condition. Vibrations arise from interactions between the
cutting tool and the workpiece, [10] with their characteristics evolving as tool wear
advances. A sharp tool generates stable and controlled vibrations, whereas a worn tool
produces irregular and excessive vibrations due to increased cutting forces and insta-
bility. By analyzing vibration signals, it is possible to detect early signs of tool wear,
chatter, or impending tool failure [7].

With the rise of Industry 4.0, machine learning (ML) and artificial intelligence (AI)
are increasingly utilized to enhance the accuracy and reliability of TCM systems.
Some of the applied ML techniques in vibration signal analysis and tool wear condi-
tion classification are SVM, DT, DL, and CNNs [7]. However, the selection of the
most appropriate ML model for vibration-based TCM is an active area of research.
This study, leverage an existing dataset from previous research to develop an Al-
driven approach for vibration-based tool condition monitoring [11]. In this implemen-
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tation and comparison of two widely used machine learning algorithms—Support
Vector Machines (SVM) and Random Forest (RF)—to classify tool wear conditions
based on vibration signal features [12]. The dataset undergoes preprocessing, includ-
ing feature extraction and normalization, to enhance model performance. The perfor-
mance of the two models is measured in terms of accuracy, precision, recall, and F1-
score as standard metrics [13]. The primary aim of this research is to investigate the
possibility of Al-based vibration analysis for real-time tool condition monitoring in
smart manufacturing. A comparison of the performance of SVM and Random Forest
will provide insight into the most suitable Al technique for this application. Findings
from this research will help develop more robust, cost-effective, and intelligent TCM
systems, which would eventually reduce machining costs, minimize downtime, and
improve overall production efficiency [14].

2 Methodology

The vibration data for this study was generated from a CNC machine while operating
under both good and bad tool conditions to simulate real-world machining scenarios.
To accurately capture the vibrations, an MPU6050 sensor, which integrates a 3-axis
accelerometer and gyroscope, was mounted on the machine near the cutting tool. This
sensor was interfaced with an Arduino microcontroller, which collected and transmit-
ted the vibration signals in real time. The data was recorded at a high sampling rate to
ensure that even the smallest variations in tool behavior were captured, allowing for
precise analysis of tool wear effects.

During the data collection process, the CNC machine was operated under controlled
conditions with both a sharp tool (good condition) and a worn-out or damaged tool
(bad condition). The vibration signals were continuously monitored, and noticeable
differences in amplitude, frequency, and overall signal patterns were observed be-
tween these two states. These variations were crucial in understanding how tool wear
influences the machine’s vibration profile. To better interpret and analyze the record-
ed data, Python visualization tools such as Matplotlib, Seaborn were used to plot the
vibration signals. These visualizations provided clear insights into how tool wear
affects machine vibrations and served as a foundation for further machine learning
analysis in tool condition monitoring.
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Fig. 1.Plotted Data Using Matplotlib
Data preprocessing is an essential stage in the machine learning pipeline, where raw
data is cleaned, transformed, and organized to enhance model efficiency. In this study,
the preprocessing methodology consists of several key steps, including handling miss-
ing values, normalizing the data, and feature extraction to enhance the quality and
interpretability of the dataset.

2.1 Handling Missing Values and Data Normalization

The dataset may contain missing values due to sensor failures, transmission errors, or
inconsistent data collection. To tackle this problem, utilization of linear interpolation
to estimate the missing values by analyzing the trends of adjacent data points. This
method ensures smooth continuity in the dataset while preserving underlying patterns.
After interpolation, any remaining missing values were dropped to prevent distortions
in further analysis. Since the dataset consists of multiple features with varying scales,
it is essential to normalize them to bring all values to a comparable range. So applica-
tion of Standard Scaler helps to normalize the features by subtracting the mean and
scaling them to have unit variance. The transformation follows the formula:

1 _ (x-w)
X= M
where:
e X is the original feature value,
e s the mean of the feature,
e . is the standard deviation.
This normalization stabilizes the training process of machine learning models, espe-
cially Support Vector Machines (SVM), which are sensitive to variations in feature
scales.

2.2 Feature Engineering, Extraction and Label Generation
Feature engineering plays a vital role in improving the predictive performance of the
model. The raw dataset contained three primary sensor readings: acc X, acc_y, and
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acc_z, representing acceleration along three axes. From these raw signals, extraction
of several informative features, including:
e Root Mean Square (RMS): Measures the overall magnitude of acceleration
signals, capturing variations in motion.

acc? + accj + acc?
3

o Fast Fourier Transform (FFT) Components: Extracts frequency-domain fea-
tures for each acceleration axis to capture periodic patterns and signal fluctu-
ations.

e  Statistical Features: Includes mean and standard deviation of acceleration
values to describe distribution properties.

e Ratio Features:

o X to y ratio: Measures the relative magnitude of acceleration along
the X and Y axes.

accy

RMS =

X to y ratio = —————
accyt+le—6

o Yy to zratio: Measures the relative influence of Y and Z axes.
y to Z ratio =——
accz+1le—6
o These extracted features provide better representation of the data
and allow the model to differentiate between normal and anoma-

lous behavior more effectively.

To classify the data into normal and anomalous conditions. a threshold-based ap-
proach based on the RMS feature is used. The threshold was defined as:

Threshold = Mean (RMS)+2xStandard Deviation (RMS) 2)

Any sample with an RMS value exceeding this threshold was labelled as anomalous
(1), while the rest were labelled as normal (0). This approach helps in identifying
deviations from expected patterns.

2.3 Data Splitting for Model Training

The pre-processed dataset was further divided into training and test sets with stratified
sampling to preserve the original class balance. In this, 70% of the data is divided for
training purposes and 30% for testing, making sure that both the sets contained an
equal proportion of normal and anomalous instances. The division was done using the
train test split function with stratification, which avoids data imbalance problems and
enhances model generalization. By following this systematic data preprocessing
methodology, insurance of that the dataset was clean, well-structured, and informa-
tive, ultimately leading to better model performance and reliable anomaly detection
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2.4 Decision Scores of SVM
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Fig. 2. Decision Score Plot of SVM

The histogram presented in the figure illustrates the distribution of decision scores
generated by the Support Vector Machine (SVM) model. Decision scores represent
the model’s confidence in classifying data points, with negative values typically indi-
cating normal instances and positive values suggesting anomalies. The distribution
reveals a skewed nature, with a significant concentration of scores around -2, indicat-
ing a strong bias towards normal classifications. Additionally, the presence of a long
tail towards more negative values suggests variations in normal instances, while the
sparse positive region indicates a limited number of detected anomalies. This distribu-
tion helps in understanding how well the SVM model differentiates between normal
and anomalous data, guiding the selection of an optimal decision threshold to improve
classification accuracy.
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2.5 Confusion Matrix of SVM
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Fig. 3. Confusion Matrix of SVM Model

The confusion matrix presented in the figure provides an evaluation of the classifica-
tion performance of the trained Support Vector Machine (SVM) model. The matrix
highlights that out of 1,626 normal instances, the model correctly classified all as
normal (True Negatives), demonstrating high specificity. Additionally, out of 30
anomalous instances, 25 were correctly classified as anomalies (True Positives), while
5 were misclassified as normal (False Negatives). Notably, the model produced no
False Positives, indicating it did not incorrectly classify normal instances as anoma-
lies. This performance suggests that the model is highly effective in distinguishing
between normal and anomalous data, with minimal misclassification errors. The re-
sults demonstrate strong overall accuracy, making the model suitable for real-world
applications where precise anomaly detection is critical.
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2.6 Random Forest Model Performance

The Random Forest classifier, which isan ensemble learning approach,
was also trained on the same dataset as the SVM model. The classifi-
er is composed of aset  of decision  trees, each voting for a  class, and
the overall prediction is done via majority voting. The Random Forest model is inher-
ently less sensitive to outliers and can handle imbalanced data effectively.

However, when evaluated on the dataset, the Random Forest classifier slightly under-
performed compared to SVM. The confusion matrix for Random Forest is shown
below:

2.7 Decision Scores of Random Forest
Distribution of Decision Scores (Random Forest)
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Fig. 4. Decision Scores Plot of Random Forest Model

The above histogram illustrates the distribution of decision scores obtained from the
Random Forest classifier. The decision scores represent the confidence level of the
model in classifying instances into normal or anomalous categories. Unlike the SVM
method, where decision scores were more skewed, the Random Forest model demon-
strates a more balanced Gaussian-like distribution. The majority of the scores are
centred around -3.5, with a gradual decline towards both extremes. This suggests that
the classifier is more conservative in making high-confidence predictions, leading to a
smoother distribution. The lower spread of extreme values compared to SVM indi-
cates that Random Forest maintains a more stable decision boundary, potentially re-
ducing false positives and negatives in anomaly detection tasks.
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2.8 Confusion Matrix of Random Forest
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Fig. 5. Confusion Matrix of Random Forest Model

The confusion matrix for the Random Forest model provides a clear representation of
its classification performance in distinguishing between normal and anomalous in-
stances. The matrix indicates that the model correctly classified 1618 normal samples
while misclassifying 8 normal instances as anomalies (false positives). Similarly,
among the anomalous samples, the model accurately identified 24 cases but misclassi-
fied 6 anomalous instances as normal (false negatives). This results in a slightly lower
performance compared to the SVM model, which had fewer misclassifications. The
presence of false positives and false negatives suggests a trade-off between sensitivity
and specificity, indicating that while the model is highly effective, there is still room
for optimization

3. Result

In this study, comparison of the performance of Support Vector Machine (SVM) and
Random Forest classifiers for anomaly detection based on their decision scores, clas-
sification accuracy, and confusion matrices. The results from both models reveal cru-
cial insights into their strengths and weaknesses in handling the dataset.
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The SVM classifier achieved a slightly higher accuracy than the Random Forest mod-
el. This can be attributed to its ability to create a well-defined decision boundary us-
ing support vectors, which helps in effectively separating normal and anomalous data
points. Where, the Random Forest algorithm, while slightly less accurate, demonstrat-
ed robustness in handling different variations within the dataset due to its ensemble-
based learning approach. From the confusion matrices, it was observed that both
models performed exceptionally well in classifying normal instances. The SVM mod-
el exhibited nearly perfect classification, with only a minimal number of false posi-
tives and false negatives. In comparison, the Random Forest model had a relatively
higher number of false negatives, indicating that some anomalies were misclassified
as normal. This suggests that while Random Forest is effective, it may require further
fine-tuning to improve anomaly detection.

Examining the decision scores for both models, it was noticed that SVM had a more
skewed distribution, meaning that its predictions were often made with high confi-
dence. The decision boundary of SVM is sharp, which explains why its predictions
are more distinct. However, this could sometimes lead to overconfidence in classifica-
tion, potentially affecting generalization to unseen data. On the other hand, the deci-
sion scores for the Random Forest model followed a more Gaussian-like distribution,
meaning that its predictions were more spread out and had smoother confidence lev-
els. While this ensures better handling of uncertainty, it also suggests that Random
Forest is more cautious in classifying anomalies, sometimes leading to higher false
negatives.

3.1 Practical Implications

e [f the primary goal is to maximize anomaly detection accuracy, SVM
is the preferred choice, as it provides a clear and decisive boundary
between normal and anomalous instances.

e However, if the focus is on reducing overfitting and improving gener-
alization to real-world data, Random Forest offers better stability by
considering multiple decision trees to make a balanced decisionSus-
tainability in Manufacturing and the Environment

Sustainable manufacturing, or green manufacturing, aims to minimize pollution, pro-
mote environmental sustainability, and enhance productivity in industries like auto-
motive. It not only benefits the planet but also improves safety and well-being for
workers and consumers. By reducing energy consumption, waste, and processing
time, companies can boost operational performance and establish leadership roles in
the market. Sustainable production integrates product and process design to enhance a
company's image and customer loyalty. Implementing waste reduction strategies,
recycling, and utilizing technologies like additive manufacturing can help reduce the
environmental footprint and contribute to sustainability goals.

4. Conclusion
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This study presents a comparative analysis of Support Vector Machine (SVM) and
Random Forest classifiers for anomaly detection. While both models exhibited strong
performance, notable differences were observed in their classification accuracy. Both
models demonstrated strong performance, but key differences emerged in their classi-
fication accuracy, decision boundary behavior, and handling of uncertainty.

The SVM model exhibited higher accuracy, correctly classifying most normal and
anomalous instances with minimal misclassification. Its ability to create a clear deci-
sion boundary resulted in better anomaly detection, making it a strong choice for ap-
plications where precise classification is crucial. However, due to its strict boundary-
based approach, SVM may struggle with overlapping classes or noisy data, leading to
potential misclassification in real-world scenarios.

Where, the Random Forest model provided a more generalized and stable approach
by utilizing multiple decision trees. While its overall accuracy was slightly lower than
SVM, it handled data variations better and exhibited less sensitivity to outliers and
noise. However, its tendency to assign lower confidence scores to anomalies resulted
in a higher false negative rate, meaning some anomalies were misclassified as normal
instances.

5. Future Scope

While both models have their advantages, a hybrid approach combining SVM’s preci-
sion with Random Forest’s generalization capabilities could further enhance anomaly
detection. Additionally, fine-tuning hyperparameters and using advanced techniques
like feature engineering, ensemble learning, or deep learning-based models may im-
prove classification accuracy for complex datasets.

Ultimately, selecting between SVM and Random Forest depends on the specific ap-
plication and the acceptable trade-off between false positives and false negatives. This
study serves as a foundation for selecting the most appropriate anomaly detection
method based on real-world requirements, ensuring better security, reliability, and
predictive insights across various domains.
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