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Highlights:

 |oT-Edge system detects vibration faults in DTY machines using ADXL345 and ML models.
* Tuned Random Forest achieved 97% accuracy, outperforming SVM baseline (71%).

¢ Low-latency (20.37 ms) MQTT ensures real-time, scalable predictive maintenance.

Abstract

This study aimed to propose an loT-Edge method for detecting vibration abnormalities in Textile
Manufacturing, specifically on Draw Texturing Yarn (DTY) machines using an ADXL345 sensor and
a Machine Learning Algorithm. The proposed system incorporated wireless sensor nodes, the
MQTT protocol, Fast Fourier Transform (FFT) analysis, and a tuned Random Forest (RF) classifier to
enable real-time monitoring as well as predictive maintenance. During the analysis, vibration data
were collected from 13 spindles, with features extracted in both time as well as frequency domains
to distinguish between normal and abnormal machine conditions. The RF model, optimized
through hyperparameter tuning, achieved an accuracy of 97%, significantly outperforming the
Support Vector Machine (SVM) baseline, which reached 71%. Major results showed the
effectiveness of energy and centroid features in fault detection, with the Z-axis vibration proving
to be a good indicator of yarn defects. The system presented low latency (average 20.37 ms) in
data transmission using the MQTT protocol, ensuring practical deployability. This study offered a
scalable and cost-effective solution for industrial vibration monitoring, bridging gaps in real-time
processing and seamless loT incorporation to support predictive maintenance in textile
manufacturing.

Keywords: 1oT; DTY machine; ADXL345; MQTT; Random forest; Hyperparameter tuning

1.Introduction

Machine vibration monitoring is a crucial aspect of predictive maintenance in Industry 4.0,
especially in industrial sectors such as textile manufacturing, where high-speed machinery,
including Draw Texturing Yarn (DTY) equipment is widely used [1], [2], [3]. Abnormal vibration in
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Figure 1.
System architecture
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DTY machines adversely affect yarn quality by introducing production defects. As a result, existing
mitigation strategies depend on conventional methods, which are hindered by high costs,
structural inflexibility, and reliance on manual inspection. These limitations lead to delayed fault
detection, unpredictable maintenance expenditures, and costly operational disruptions [4].

In recent years, experts have increasingly applied machine learning methods to monitor
industrial equipment and predict mechanical failures. Among various methods, vibration signal
analysis has become a prominent non-invasive model due to its ability to detect mechanical
anomalies efficiently and a straightforward data acquisition process. Recent technological
developments have introduced cost-effective alternatives using MEMS accelerometers and
microcontrollers [5], [6], alongside machine learning models such as Support Vector Machines
(SVM) [7], [8]. Following the discussion, Random Forest (RF) has appeared as a preferred
classification algorithm owing to its robustness against overfitting, scalability, and effectiveness in
managing high-dimensional datasets [9], [10], [11]. Its intrinsic feature importance assessment
capability improves the utility in identifying critical attributes in complex vibration data. Deep
learning methods [12], [13], [14], such as Convolutional Neural Networks (CNNs), have also been
investigated [15], particularly for handling raw time-series vibration data. Although these models
show strong learning capabilities, the methods often require large datasets and substantial
computational resources, which can be less practical for industrial applications.

Current systems continue to face challenges in real-time data processing, seamless
incorporation of sensor networks and edge computing despite recent advancement. In addition,
optimizing machine learning algorithm remains particularly difficult for vibration monitoring in DTY
machine vibration. This study addresses the gap by proposing an incorporated loT framework that
combines the ADXL345 accelerometer [16], ESP32 microcontroller [17], and MQTT protocol [18],
along with an optimized RF classifier [19]. The proposed system incorporates wireless sensor
nodes, Fast Fourier Transform (FFT) analysis via Python, and an advanced hyperparameter tuning
algorithm to detect abnormal vibration in DTY machines.

This study distinctively contributes to the field by incorporating a cost-effective loT-edge
architecture (ADXL345, ESP32, MQTT) with a rigorously optimized machine learning pipeline for
real-time vibration analysis on live DTY machines. The method is validated using real-world
industrial data from 13 operational spindles different from many studies that rely on standardized
bearing datasets [7], [8], capturing authentic fault patterns specific to textile manufacturing.
Furthermore, the analysis delivers a comprehensive performance evaluation of both the
classification model and entire data transmission pipeline, including latency analysis, an aspect
often overlooked in similar studies. This holistic, industry-focused method improves both the
practical applicability and novelty of the proposed system.

2. Methods
2.1. Block Diagram

During this study, the system architecture was composed of spindle vibration from the DTY
machine as a novel data source. A spindle-mounted sensor sent data wirelessly using the MQTT
communication protocol incorporated with an ESP32 controller. The server/computer processed
the collected data through FFT and the RF machine learning algorithm, as shown in Figure 1.
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Figure 2.
The process of
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2.2. Data Acquisition and FFT Process

Figure 2 showed that vibration data were collected using an ADXL345 accelerometer
connected to an ESP32 microcontroller with the 12C protocol [20]. The sensor captured
acceleration along the X, Y, and Z axes, which were then transmitted via wireless communication
using a local HiveMQ broker hosted on a PC. A Python-based subscriber received and processed
the incoming data for analysis and classification, including latency testing. Before data acquisition,
the sensor was calibrated to ensure accurate readings.

As a data source, a total of 13 spindles (yarn winders) worked continuously to roll the yarn
for approximately 8 hours from start to finish. The data collection process was categorized into
two groups based on the source, namely, machine spindles identified with abnormal and those
with normal vibration. The criteria for determining normal and abnormal characteristics were
derived from field observation of yarn production on spindles, as established in previous studies
[21].

Each raw acceleration data set was transformed into the frequency domain using FFT [22].
Using a sample rate of 200 and a sample size of 512, the frequency resolution was 0.39 Hz. The
data collection process lasted 2.56 seconds (512/200) when retrieving data from the MQTT broker.
The resulting FFT output produced an amplitude spectrum over a range of frequencies, capturing
vibration characteristics of the DTY machine.

installing (a) and

calibrating (b) the
sensor on the DTY
machine spindle

2.3. MQTT Latency Measurement

Latency was measured as the time difference between the moment the ESP32 sent a
timestamp and the moment it was received by the Python subscriber to evaluate communication
performance, which included the following steps.

a. The ESP32 sent a JSON payload containing its local timestamp (in milliseconds) to the topic
sensor/espl_latency.

b. Upon receiving the message, the subscriber recorded the current time and computed the
latency as Latency =t received —t sent.

c. This process was repeated for 100 messages with a 5 ms interval (~200 Hz sampling rate).

2.4. Feature Extraction and Automatic Labeling

The acquired vibration signals from the ADXL345 sensor were processed through a systematic
pipeline to extract statistically relevant and spectrally discriminative features. The preprocessing
stage incorporated signal denoising and amplitude normalization across time-windowed segments
to improve data quality. Following the process, comprehensive time-domain feature extraction
was conducted for the triaxial components (X, Y, Z), capturing both distributional characteristics
and dynamic response patterns. Subsequent frequency-domain transformation via FFT enabled
spectral decomposition, facilitating the derivation of distinctive features including predominant
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Table 1.

Features extraction of
vibration signal for model
training and evaluation
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frequency components, spectral entropy measures, and total energy distribution. After the feature
extraction was completed, Violin [23] and PCA Plot Analysis were conducted [24] to observe the
characteristics of vibration features based on the extracted data.

Each feature vector was annotated with a class label ("0 for Normal" or "1 for Abnormal") to
facilitate supervised learning, reflecting the operational status of the DTY spindle machine during
data acquisition. Labeling criteria were established through expert evaluation and vibration
threshold analysis, ensuring good position with machine stability benchmarks. During the process,
the resultant labeled dataset served as the basis for training and validating the classification
models.

The initial dataset used in this study comprised 142,592 abnormal and 68,608 normal
samples. After balancing, both classes were later standardized to 68,608 samples each. The test
set (n=108) was derived through stratified random sampling from the balanced dataset to ensure
representative proportions of both classes for final model evaluation. This method prevented bias
and provided a reliable estimate of model performance on unseen data. A total of 6 most
discriminative features were selected for model training and evaluation, consisting of both time-
domain as well as frequency-domain characteristics, as shown in Table 1.

Feature Name Description Domain Units
X_energy Energy of vibration signal on X-axis Frequency (m/s?)?
Y_energy Energy of vibration signal on Y-axis Frequency (m/s?)?
Z_energy Energy of vibration signal on Z-axis Frequency (m/s?)?

X_centroid Spectral centroid of X-axis vibration Frequency Hz
Y_centroid Spectral centroid of Y-axis vibration Frequency Hz
Z_centroid Spectral centroid of Z-axis vibration Frequency Hz

2.5. A Supervised Learning Method

The current stage performed classification of vibration states of the DTY spindle machine
based on the extracted feature vectors. The analytical workflow started with dataset partitioning,
applying an 80:20 stratified split ratio to create distinct training and evaluation subsets, thereby
ensuring robust model generalization. The training subset facilitated model development and
optimization, while the testing subset served for final performance assessment.

RF algorithm was adopted as the primary classifier during the process, leveraging its shown
robustness, inherent interpretability, and effectiveness with high-dimensional feature spaces [25],
[26], [27]. For comparative analysis, an SYM model was implemented as a baseline reference under
identical data conditions [28], [29], [30]. Model efficacy was quantified through comprehensive
metrics, including classification accuracy, precision, recall, and F1-score, all derived from respective
confusion matrices.

2.6. Hyperparameter Tuning

RF classifier passed through systematic hyperparameter optimization via Grid Search CV to
improve predictive performance [31]. The search space comprised critical parameters including
n_estimators, max_depth, criterion, and min_samples_split. The optimal configuration,
determined by Cross-Validation [32], was subsequently retrained on the complete training dataset.
Computational efficiency was rigorously evaluated through comparative timing analysis of the
training phase, providing perceptions into both predictive accuracy and operational practicality.

2.7. Evaluation and Visualization

Final model validation included visual interpretation through confusion matrix analysis and
comparative metric visualization, conclusively showing the tuned superior performance of the RF
classifier relative to the SVM baseline for the target vibration classification task. All stages in this
method section were shown in Figure 3.

3. Results and Discussion
3.1. Results

The results of data acquisition were 142,592 vibration data from abnormal spindles and
68,608 from normal spindles. Figure 4 showed the sample data comparison from each spindle on

Mechanical Engineering for Society and Industry, Vol. 5 No. 2 (2025) 356



Figure 3.
Flow chart of the
study method

Figure 4.

FFT Data sample
from:

(a) Abnormal
vibration;

(b) Normal vibration
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the Z-axis. The Z-axis was selected because, according to a previous study [21], vibration changes

on this axis were dominant cause of yarn defects in DTY machines.
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Figure 5.
Latency process
measurement:
(a) First test;
(b) Second test

Figure 6.
MQTT explorer for
data monitoring
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Final result of data
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Figure 4 showed the FFT analysis of vertical (Z-axis) vibration signals from the DTY machine in
abnormal and normal operating conditions, respectively. The frequency domain representation
signified distinct spectral characteristics between the two conditions. In the abnormal condition
(Figure 4a), prominent peaks were observed at approximately 9.8 Hz, 36.5 Hz, and 70.2 Hz, with the
highest amplitude reaching nearly 130 m/s% These peaks showed the presence of significant
harmonic components, potentially implying mechanical anomalies such as imbalance or looseness.
In the normal condition (Figure 4b), vibration amplitudes were significantly lower across the
frequency range, with a maximum peak around 25.8 m/s? at approximately 52 Hz. Other minor
peaks were present but remained lower than 15 m/s?, signifying stable machine behavior with
minimal excitation of resonant frequencies.

During the evaluation phase, data transmission via the MQTT protocol was tested using 100
samples, with each measurement repeated in two separate trials. The outcomes of these
experiments were shown in Figure 5. The monitoring results obtained through MQTT Explorer were
shown in Figure 6. Meanwhile, Table 2 showed the average test measurements during the process.
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espi_latency = {1 17060226) Despite this adjustment, the dataset

remained computationally intensive for

Latency Times (ms) RF training, primarily because of the

Average 20.37 incorporated frequency-domain

Maximum 23.14 features. A secondary feature extraction
Minimum 18.86

phase was conducted using FFT to
decompose the signals into amplitude-frequency representations. Table 3 showed the explanation
of the overall results of vibration signal extraction.

Table 3 showed the statistical analysis of vibration features, which included energy and
centroid values for the X, Y, as well as Z axes. The table presented the mean, standard deviation,
minimum, and maximum values for both normal (label = 0) and abnormal (label = 1) machine
conditions, as energy values rose significantly during abnormal operation. For example, X_energy
increased from 27,554.93 (normal) to 41,544.33 (abnormal). On the other hand, Z_energy showed
the largest jump, from 2,532.32 to 9,098.36. Centroid values changed slightly, where X_centroid
increased from 43.19 to 44.58. In addition, Y_centroid had a decrease from 46.98 to 45.33, and
Z_centroid stayed near 47.16 in both conditions.

Violin plots (Figure 7) confirmed the trends, showing that abnormal data signified wider
distributions and higher medians, specifically for energy features. This signified stronger, more
irregular vibration during faults in the process of the analysis.

The PCA scatter plot (Figure 8) showed clear separation between normal (green) and abnormal
(red) data clusters. This proved that these features effectively distinguished between machine
states for classification.

The performance evaluation of the RF classifier was shown in Figure 9, which signified
precision, recall, and F1-score for both normal as well as abnormal classes. The model showed high
and balanced performance across both categories, with all metric values exceeding 0.93.
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Concerning the normal class, the classifier achieved 0.94 precision, 1.00 recall, and 0.97 F1-
score. This showed that all actual normal instances were successfully identified, with a small
proportion of abnormal instances incorrectly classified as normal.

Table 3.

Statistics of vibration signal X_energy 0 27,554.93 18,475.52 1,463.85 95,171.15
extraction features (Units: X_energy 1 41,544.33 34,292.6 2,645.75 259,728.33
energy in (m/s?)?, centroid Y_energy 0 1,536.86 1,027.19 110.93 6,406.78

in Hz) Y_energy 1 2,701.07 2,400.12 112.98 18,714.21
Z_energy 0 2,532.33 1,130.78 155.87 6,952.74
Z_energy 1 9,098.36 13,998.48 185.82 69,319.42
X_centroid 0 43.19 2.91 36.8 48.61
X_centroid 1 44.58 3.17 31.73 51.18
Y_centroid 0 46.98 2.42 41.36 52.22
Y_centroid 1 45.33 2.76 37.38 51.54
Z_centroid 0 47.16 1.97 42.45 51.38
Z_centroid 1 47.16 2.48 36.91 51.82
X Energy
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Figure 9.
Classification metric

Table 4.
Performance
comparison between
RF and SVM

Table 5.
Model training time
comparison

Figure 10.
Confusion matrix
comparison:

(a) Random Forest;
(b) SVM

Deni Kurnia et al.

Classification Metrics per Class {Random Farest)

1o

o8

oes

SCore

0.4

oz

Normal

Abrormal

The precision reached 1.00, and the recall was slightly lower at 0.94 for the abnormal class,
leading to an Fl-score of 0.97. This signified the model was able to perfectly avoid false positives
for abnormal conditions, though a few abnormal samples were missed. The results confirmed that
the model achieved near-optimal classification in distinguishing between healthy and faulty
machine states using the extracted vibration features.

Table 4 showed a comparative summary of classification performance between RF and SVM
models in detecting vibration anomalies. RF achieved a total accuracy of 97%, significantly
outperforming SVM, which produced only 71% accuracy. Following the process, RF showed high
precision, recall, and F1-score for both normal and abnormal classes (> 0.94). Meanwhile, SVM
showed significant imbalance, with particularly lower recall (0.59) in detecting abnormal
conditions.

The confusion matrix (Figure 10a and Figure 10b) further confirmed the results. The RF classifier
correctly predicted 54 normal and 51 abnormal instances, with only 3 misclassified cases.
Consequently, SVM misclassified 31 samples, including 9 normal and 22 abnormal instances.

The training time (Table 5) for RF remained

L Random Forest SVM acceptable (0.1883 s) despite the higher
Prp‘ec;;;czo) gzg; 8:2; computational complexity, which was sufficient
Precision (1) 1.00 0.78 for deployment in real-time embedded systems.

Recall (0) 1.00 0.83 After performing hyperparameter tuning on the
Recall (1) 0.94 0.59 RF classifier, the resulting model showed a
F1-score (0) 0.97 0.74 consistent and high level of classification
F1-score (1) 0.97 0.67 performance. The confusion matrix (Figure 11a)

signified that the model correctly identified 54

Model Training Time (seconds) out of 54 "Normal" instances and 51 out of 54
Random Forest 0.1883 "Abnormal" instances, leading to a total of 105
Support Vector Machine 0.0229

correct predictions out of 108 samples.

Confusion Matrix - Random Forest Confusion Matrix - SVM

50
40
Normal 40 Normal 35
E 20 E 30
3 2
v o
'g g 25
20
20
Abnormal Abnormal
10 15
° 10
Normal Abnormal Normal Abnormal
Predicted label (@) Predicted label (b)

Mechanical Engineering for Society and Industry, Vol. 5 No. 2 (2025)



Figure 11.
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The performance metrics of the tuned RF model were shown in Figure 11b. The model
achieved 0.97 accuracy, 1.00 precision, 0.94 recall, and 0.97 F1-score, signifying excellent capability
in distinguishing between normal as well as abnormal machine vibration patterns.

The improvement in classification performance came at the cost of increased training time.
During the process, the training time of the tuned RF model was 12.6 seconds, which was

Model Training Time (seconds) significantly longer compared to the
Random Forest (untuned) 0.1883 untuned version (0.1883 seconds) and the
Support Vector Machine 0.0229 SVM model (0.0229 seconds), as shown in
Random Forest (tuned) 12.6 Table 6.

3.2. Discussion
3.2.1. FFT and MQTT Data Transmission Performance

The comparative FFT analysis clearly showed that abnormal machine conditions led to
elevated vibration amplitudes and more pronounced spectral peaks. The high-amplitude peaks at
36.5 Hz and 70.2 Hz in the abnormal spectrum corresponded to harmonics of the operating
frequency of the machine at 1,500 RPM, which was improved by faults such as misalignment,
unbalanced components, or mechanical looseness. The presence of such harmonics was a well-
known indicator of deteriorating machine health.

The FFT spectrum of the normal condition showed that the machine operated in acceptable
vibration levels, with energy concentrated in a narrow frequency band. The absence of excessive
harmonics and the relatively smooth spectrum signified that the machine components were
operating in a mechanically sound state.

This difference confirms that frequency-domain analysis is an effective method for early
detection of mechanical faults in rotating machinery. These results supported Patil et al.'s study,
who showed that unbalanced faults signified a dominant frequency characteristic [33]. The distinct
spectral signatures observed could be leveraged for automated classification and predictive
maintenance strategies using machine learning algorithms.

The performance evaluation of MQTT-based data transmission using ESP32 and ADXL345
sensor showed outstanding latency variations. In the first test (Figure 5a), initial messages
experienced significantly high latency, with the maximum reaching approximately 9700 ms.
However, as the communication stabilized, latency gradually decreased and became consistent at
around 8000 ms. This behavior showed that the system required an initial warm-up or setup phase
before achieving stable transmission performance.

The second test (Figure 5b) showed a stable latency distribution around 389.000 ms, with a
sudden extreme spike observed in the 100th message. This anomaly was possibly caused by
transient network congestion, processing delays in the microcontroller, or irregularities in
timestamp synchronization. Consistent with Mishra et al.'s results [34], these results showed that
HiveMQ did not outperform Mosquitto and ActiveMQ brokers. Even with this deviation, the total
communication remained stable, showing the reliability of HiveMQ for continuous WiFi-based
MQTT sensor data transmission. Further optimization was needed to handle such anomalies,
specifically for real-time or latency-sensitive applications.

3.2.2. Violin and PCA Scatter Plot Analysis

Both statistical analysis and visualizations showed that energy features were the best
indicators of machine faults. When the machine operated abnormally, energy values increased
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significantly across all axes, showing stronger and more irregular vibration, as a clear sign of
mechanical problems or imbalance.

The higher standard deviation values during faults (such as X_energy increasing from
18,475.52 to 34,292.60) confirmed the result. This showed more variation in vibration patterns
when the machine was not working properly. As centroid features changed less dramatically, the
features still provided useful information. Moreover, small centroid shifts showed changes in
vibration frequencies that could appear before significant energy increases, making the processes
valuable for detecting early-stage problems.

Violin plots showed wider, more spread-out distributions for faulty operation, specifically in
energy measurements. The PCA plot also signified that both energy and centroid features
effectively separated normal as well as abnormal machine states, proving the usefulness of the RF
classifier. As a result, combining energy and centroid features enabled reliable fault detection in
the vibration monitoring system, including the identification of early warning signs.

3.2.3. Classification Results and Error Implications

In Figure 9 and Figure 10a, the classification results reflected the effectiveness of the feature
extraction process and the suitability of the RF algorithm for this task. The perfect recall for the
normal class (1.00) showed that the model was highly reliable in detecting non-faulty conditions,
critical for avoiding unnecessary maintenance actions.

The perfect precision for the abnormal class (1.00) was equally important, ensuring that the
model was certain when flagging a machine as faulty. This is a valuable trait for real-world
deployment, where false alarms can be costly or disruptive.

The minor trade-off appeared in the recall of the abnormal class (0.94), signifying that a small
portion of faulty cases might be undetected. Even though this performance was still excellent, the
model showed an area for potential improvement, such as feature augmentation or ensemble
optimization.

3.2.4. Model Comparison between RF and SVM

The analysis showed RF outperformed SVM for vibration data classification, achieving higher
accuracy and better handling of both normal as well as fault conditions. The advantage of RF came
from its ensemble nature, which combined multiple decision trees to reduce overfitting and
improve generalization on noisy, real-world industrial data. RF captured complex non-linear
relationships and feature interactions in vibration signals difference from SVM that found a single
optimal hyperplane, such as the interplay between energy as well as centroid values across
different axes, making it particularly robust for this application.

Theoretical Superiority of RF. Outside the numerical results, the superiority of RF could be
attributed to its ensemble architecture, which inherently handled non-linear relationships and
feature interactions prevalent in vibration data. RF combined multiple decision trees different from
the single hyperplane method of SVM, reducing overfitting and improving robustness to sensor
noise as well as outliers. Furthermore, the built-in feature importance assessment of RF
automatically prioritized the most discriminative attributes (e.g., Z-axis energy), providing inherent
interpretability that SVM lacked.

The results of this study showed superior performance of RF across all key metrics (precision,
recall, F1-score). A critical weakness of SVM was its high false-negative rate for faults, a significant
risk in industrial settings where missed detections led to machine damage or downtime. Although
SVM trained faster, the superior accuracy and reliability of RF were dominant for predictive
maintenance systems. As some studies (e.g., Dong et al. [35]) reported SVM performing well on
specific machine data, these results confirmed that the consistency and balance of RF made the
model a more suitable selection for robust, real-world vibration monitoring.

3.2.5. Model Evaluation After Hyperparameter Tuning

After comparing models, RF performed better than SVM, specifically for imbalanced vibration
data. The analysis tuned its hyperparameters (such as tree count and depth) using Grid Search CV
to improve RF further. The tuned RF showed excellent results, which included the following.

e Correctly classified 54/54 normal cases and 51/54 abnormal cases (Figure 11a).
e Only 3 abnormal cases were misclassified.
e Achieved 97% accuracy, perfect precision (1.00), 94% recall, and 97% F1-score (Figure 11b).
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As tuning improved performance, the process increased training time from 0.22s to 12.6s
(Table 5). This trade-off was useful as the tuned RF significantly outperformed SVM (97% vs 71%
accuracy) and was reliable for real-world use.

As the 12.6s training time presented a challenge for real-time edge model updates, this
operation was typically performed offline during model development. For deployed systems, only
the inference time was critical, and the prediction latency of RF remained sufficiently low for real-
time vibration monitoring. The tuned parameters were deployed to edge devices without requiring
on-device retraining, making this method practical for industrial applications where model stability
was prioritized over frequent updates.

Benchmarking against Daviran et al.'s GA-based hyperparameter tuning showed improved
accuracy (up to 100% model identification) [36], though such results remained dataset-dependent
and might not generalize across all cases. The experimental outcomes signified that a Grid Search
CV-optimized RF classifier was highly effective for machine vibration analysis, making it a suitable
candidate for real-world industrial fault detection. To build upon the analysis, subsequent studies
could focus on incorporating this model into larger ensembles or using feature selection to reduce
computational overhead while maintaining predictive performance.

3.2.6. Limitation and Future Work

This study presented an effective loT-based method for detecting vibration anomalies in DTY
machines using RF classification, as several limitations needed to be addressed. First, the system
was tested exclusively on DTY machines in controlled textile manufacturing conditions. Its
applicability to other machine types or environments with different load dynamics and rotational
speeds remained unverified and required further validation in broader industrial contexts [37].
Second, the analysis heavily relied on Z-axis vibration features, which showed the strongest
indication of defects. As this produced high accuracy, fault patterns varied across axes depending
on sensor placement and machine configuration. Future work should investigate multi-axis signal
fusion to improve robustness [38]. Third, the dataset was limited to 13 spindles over an 8-hour
recording period. Though sufficient for initial modeling, a larger and more diverse dataset was
needed to improve model generalization and capture rare or long-term fault patterns [39]. Fourth,
hyperparameter tuning improved accuracy but significantly increased training time, from 0.18 s to
12.6 s. This trade-off might hinder real-time applications in edge computing environments with
limited resources. Similar concerns applied to the observed latency fluctuations during MQTT-
based data transmission, specifically under unstable networks or higher sampling rates [40]. Fifth,
the use of FFT-based features provided strong discriminatory power but demanded high
computational effort. Lightweight alternatives such as wavelet transforms or statistical moment
features could reduce processing time without compromising accuracy [41].

This study did not consider external environmental variables such as temperature, humidity,
or electromagnetic interference, which may affect sensor readings. Incorporating environmental
data might improve system reliability under real-world operating conditions [42], and finally,
model comparison was limited to SVM. Future evaluations should include other state-of-the-art
models such as gradient boosting, lightweight neural networks, or hybrid ensemble methods to
better assess the relative performance of the system [43]. In addition, future studies should also
include collecting larger datasets across diverse industrial settings, optimizing the model for edge
devices, improving resilience to network variability, incorporating environmental sensors, and
conducting field trials to assess system performance in live production environments.

4. Conclusion

In conclusion, the study successfully developed an loT-based vibration monitoring system for
DTY machines, leveraging the ADXL345 sensor, ESP32 microcontroller, MQTT protocol, and a tuned
RF classifier. By combining FFT-based feature extraction and machine learning, the system
achieved high accuracy (97%) in distinguishing abnormal vibration, significantly outperforming
SVM. The Z-axis vibration data and energy from the ADXL345 sensor were identified as critical
indicators of machine faults, associated with industrial observations. Despite increased
computational time post-hyperparameter tuning (12.6 seconds), the reliability and precision of the
model justified its use in real-world applications. The MQTT protocol ensured efficient data
transmission with minimal latency, validating the feasibility of the system for real-time monitoring.
This work advanced predictive maintenance in textile manufacturing by offering a robust, scalable
solution that reduced dependency on manual inspections and mitigated operational disruptions.
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Future study could explore ensemble methods or edge computing to further optimize performance
and deployment efficiency.
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