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Abstract. This study presents a comparative analysis of two machine learning
algorithms—Random Forest (RF) and Support Vector Machine (SVM)—for
detecting spindle anomalies using vibration signal features. A structured
workflow was implemented that involved signal acquisition, feature extraction,
preprocessing, and model training. To enhance classification accuracy, both
models were optimized using the Randomized Search CV method with 5-fold
cross-validation. Evaluation metrics included accuracy, precision, recall, F1-score,
confusion matrix, and the Receiver Operating Characteristic/(ROC) curve|analysis.
Before hyperparameter tuning, RF demonstrated superior performance
compared to SVM, particularly in abnormal condition detection. After the
optimization process, SVM exhibited substantial improvements across all metrics,
achieving an accuracy of 96% and a perfect Area Under the Curve (AUC) score of
1.00. In comparison, RF maintained stable, balanced performance, with an
accuracy of 94% and an AUC of 0.99. Training time analysis further revealed that
SVM is significantly faster, making it more suitable for real-time applications!
These results highlight the effectiveness of model tuning in improving fault
detection and demonstrate the potential of both RF and SVM as reliable tools for
predictive maintenance in DTY machines. Moreover, the findings offer practical
insights for implementing machine-learning-based solutions in industrial
vibration monitoring, particularly in the textile manufacturing sector.

Keywords: DTY machine, textile manufacturing, random forest, support vector
machine, hyperparameter tuning

Content from this work may be used under the terms of the Creative Commons Attribution 4.0 licence. Any further distribution
BY

of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOL
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1. Introduction

The textile manufacturing industry relies heavily on Draw Texturing Yarn (DTY) machines to
produce high-performance synthetic yarns [1]. The operational integrity of these machines hinges
on the condition of their spindles, where unchecked vibration anomalies can result in mechanical
breakdowns, reduced productivity, and escalated maintenance expenses [2], [3]. Thus, early
detection of spindle vibrations is critical for implementing predictive maintenance and ensuring
uninterrupted production [4], [5].

Conventional condition monitoring techniques, such as threshold-based vibration analysis,
often lack the sophistication to identify subtle, early-stage anomalies. In contrast, machine
learning (ML)-driven approaches become increasingly popular in industrial diagnostics due to
their ability to model complex, non-linear relationships in vibration data, delivering superior
accuracy and robustness [6], [7]-

Prior research has explored various ML models, including Support Vector Machines (SVM) [8]-
[10] and Random Forest (RF) [11]-[16], for vibration-based fault detection. However, few studies
have systematically compared the impact of hyperparameter optimization on model performance
in real-world DTY machine applications. Additionally, the generalizability and reliability of these
models under different operational conditions remain underexplored.

This study bridges these gaps by comparing an optimized RF model with an SVM for spindle-
vibration anomaly detection in DTY machines, using Randomized Search CV. The key
contributions include: (1) A structured framework for vibration signal feature extraction. (2) A
performance benchmark of optimized RF and SVM models using multiple evaluation metrics. (3)
Practical insights into deploying these models for predictive maintenance in industrial settings.
By addressing these aspects, this work aims to enhance anomaly detection accuracy and support
data-driven decision-making in textile manufacturing.

2. Methodology

L ° The methodology for detecting spindle vibration anomalies in DTY machines can be described
using a block diagram, as illustrated in Figure 1. The process begins with data acquisition, where
vibration signals are collected from the DTY machine’s spindle under both normal and anomalous
operating conditions based on methods in our previous studies [17]. Each condition contributed
268 data points, resulting in a balanced dataset of 536 records in total.

Next, feature extraction is performed to derive discriminative characteristics from the raw
signals, focusing on energy-based and control-related features. These features are then visualized
using boxplots to assess their distributions and identify potential outliers [18]-[20].

In the data preprocessing stage, irrelevant columns are removed to reduce dimensionality, and
feature scaling is applied specifically for the SVM algorithm to ensure uniformity in the input
space. The dataset is then split into training (80%) and testing (20%) subsets to facilitate
unbiased model evaluation [21], [22].

- a Two machine learning algorithms, REF and SVM, are selected for comparative analysis. To
optimize their performance, hyperparameter tuning is conducted using RandomizedSearchCV
with 5-fold cross-validation, which efficiently explores the parameter space [23], [24]. The search

L] 38 spaces for both algorithms were designed to strike a balance between thoroughness and
LM 19 computational efficiency. For RF, key parameters included: n_estimators (50, 100, 150), which
L] 18 controls the number of trees in the ensemble and balances bias and variance; max_depth (None,

10, 20), which regulates tree complexity to avoid overfitting; and min_samples_split (2, 5) along
with min_samples_leaf (1, 2), which help define robust split criteria for building effective decision
boundaries.
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Figure 1. Research method diagram

For the SVM, the tuning focused on: C (0.1, 1, 10, 100), to adjust regularization and control
margin violations; gamma (values from 0.001 to 1, including 'scale' and 'auto'), to set the influence
radius of the RBF kernel; and kernel ('rbf’, 'linear"), to determine the most suitable transformation
of the feature space.

For model evaluation, key metrics such as accuracy, precision, recall, F1 Score, and a confusion
matrix are computed to/quantify performance. The Receiver Operating Characteristic (ROC) curve
is used to evaluate a model’s capability to differentiate between two classes, such as normal and
abnormal conditions [25]. It illustrates the trade-off between sensitivity (true positive rate) and
specificity (false positive rate) across different classification thresholds. A curve that approaches
the upper left corner indicates strong model performance. To quantify this, the Area Under the
Curve (AUC) is calculated as a numerical performance indicator: an AUC of 1.0 represents a perfect
classifier, 0.5 indicates no discriminative power (equivalent to random guessing), and values
below 0.5 suggestithe model performs worse than random chance. Finally, the results are analyzed
to determine the superior algorithm for detecting spindle vibration anomalies in DTY machines.

3. Result and Discussion

3.1. Feature Visualization

To evaluate the discriminative capability of the extracted features, boxplot visualizations were
created for key spectral characteristics, specifically focusing on energy-based features (X_energy,
Y_energy, Z_energy) and spectral centroids (X_centroid, Y_centroid, Z_centroid), allowing for a
clear comparison of feature distributions across different classes. The boxplots revealed distinct
separation between Normal (0) and Abnormal (1) operational states, confirming the statistical
significance of the selected features for classification. This clear divergence in feature
distributions underscores their suitability for training machine-learning models to detect
spindle-vibration anomalies (Figure 2).
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Figure 2. Bloxplot feature visualization between normal (0) and abnormal (1) machine condition

According to Figure 2, the boxplots reveal distinct distributional differences between normal
and abnormal classes across all six spectral features, confirming their relevance for classification.
Energy features exhibit higher variability in abnormal states, particularly along the Z-axis, which
may indicate increased vibration intensity during fault conditions. Similarly, spectral centroid
features show noticeable shifts in central frequency content, suggesting that faults alter the
frequency composition of spindle vibrations. This finding is in line with the research of
Alagambigai, et al. [18], that Boxplot is an excellent tool for detecting and illustrating changes in
location and variation of a dimension. These patterns demonstrate that the selected features
effectively capture underlying signal changes, providing meaningful input for both RF and SVM
classifiers.

3.2. Classification Models
The model performance evaluation revealed significant differences between RF and SVM

.e classifiers in spindle vibration anomaly detection, as shown in Figure 3.
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Figure 3. Confusion Matrix (a) Random Forest (b) SVM

According to Figure 3, the RF model demonstrated strong detection capability with 54 true
positives for normal conditions and 51 true negatives for abnormal states, yielding an overall
accuracy of 89.2%. Notably, it showed balanced performance, with only 3 false negatives in
abnormal-condition detection. In contrast, the SVM classifier exhibited reduced performance,
particularly in abnormal condition identification, with a higher rate of misclassification evident
from the confusion matrix distribution. Both models showed slightly better precision in detecting
normal operations compared to abnormal states, but RF maintained superior recall metrics
across both classes. In detail, the classification comparison between RF and Support SVM can be
seen in Table 1.

Table 1. Classification Report Comparison - Random Forest (RF) vs SVM

Precision Recall F1-score Support

Class

RF SVM RF SVM RF SVM RF SVM
Normal 0.95 076 1.00 0.98 0.97 0.85 54.00 54.00
Abnormal 1.00 0.97 0.94 0.69 0.97 0.80 54.00 54.00
accuracy 0.97 0.83 0.97 0.83 0.97 0.83 0.97 0.83
macro avg 0.97 087 0.97 0.83 0.97 0.83 108.00 108.00
weighted avg 0.97 0.87 0.97 0.83 0.97 0.83 108.00 108.00

Table 1 presents a comprehensive comparison of classification performance between the
tuned Random Forest (RF) and Support Vector Machine (SVM) models for detecting spindle
vibration anomalies. The evaluation includes class-wise metrics (precision, recall, and F1-score),
along with aggregate metrics such as accuracy, macro average, and weighted average.
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For the Normal class, the RF model achieved a precision of 0.95 and a perfect recall of 1.00,
resulting in an F1 score of 0.97. In contrast, the SVM model showed lower precision (0.76) and
slightly lower recall (0.98), resulting in an F1 score of 0.85. These results suggest that RF was
more consistent and accurate in correctly identifying normal operating conditions, which is
critical in reducing unnecessary maintenance interventions caused by false alarms.

In detecting the Abnormal class, RF again demonstrated strong performance, achieving perfect
precision (1.00) and high recall (0.94), with an Fl-score of 0.97, While SVM exhibited strong
precision (0.97), its recall dropped significantly to 0.69, resulting in an F1 score of 0.80. This
indicates that although SVM is effective in correctly labeling abnormal cases when detected, it
fails to capture a substantial portion of them—posing a potential risk for missed fault detections
in practical applications. This finding is consistent with the study by Dong et al., which reported
that both SVM and RF models achieved satisfactory prediction accuracy [26]. Similarly, Toma et
al. successfully applied the RF algorithm for bearing fault detection, further supporting its
reliability in machine condition monitoring tasks [27]. Overall, RF achieved higher accuracy
(0.97) than SVM (0.83), reflecting more reliable, balanced classification across both classes. The
macro average and weighted average metrics further confirm RF’s superior and stable
performance, with all values consistently at 0.97, while SVM remained in the range of 0.83 to 0.87.

3.3. Hyperparameter Tuning and Model Evaluation

Hyperparameter optimization was conducted using 5-fold cross-validation with accuracy as the
scoring metric. This approach maintained class balance within each fold and produced reliable
performance estimates. The tuning process was particularly important for SVM, as its
performance is highly sensitive to parameter selection in vibration-related applications. For both
classifiers, Randomized Search CV was employed to efficiently explore the hyperparameter space
within a fixed computational budget. Figure 4 presents the confusion matrix for RF and SVM after
hyperparameter tuning, respectively. A clear improvement in classification performance is
observed following the optimization process, particularly for the SVM model.

Confusion Matrix - Tuned Random Forest Confusion Matrix - Tuned SVM

50 50

40 40

Normal Normal

30 30

True label
True label

F20 r20

Abnormal 4 Abnormal 4

r 10 r 1o

T T
Normal Abnormal Normal Abnormal
Predicted label Predicted label

(@) (b)

Figure 4. Confusion Matrix (a) Random Forest (b) SVM after tuning
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Based on Figure 3 (before tuning), the RF classifier already demonstrated strong
performance, correctly identifying all 54 normal samples and 51 out of 54 abnormal samples,
resulting in only 3 false negatives. In contrast, the SVM model showed a significant imbalance in
detecting abnormal conditions, with|17 abnormal samples misclassified as normal. This reflects
SVM’s initial sensitivity to parameter settings, particularly when dealing with imbalanced or
noisy features common in vibration data. Then after tuning (Figure 4), the performance of both
models improved and became more balanced. The RF classifier maintained its strong capability
in identifying normal cases (53 correct, 1 misclassified) and showed a modest improvement in
abnormal detection (49 correct, 5 misclassified), indicating slightly more balanced error
distribution compared to before. However, the most significant improvement was observed in
the SVM classifier. The number of misclassified abnormal samples dropped from 17 to only 3,
reflecting a major enhancement in its ability to correctly detect faults. This suggests that the
optimized kernel and regularization parameters enabled SVM to better adapt to the structure of
the feature space.

Furthermore, both models showed very low false positive rates after tuning (only 1
misclassified normal case each), which is important in industrial applications to avoid
unnecessary maintenance actions. The improvement in SVM’s performance indicates that, while
it is more sensitive to hyperparameter settings, proper tuning enables it to perform on par with,
or even slightly better than, RF in balanced classification.

To complete the data analysis, Table 2 illustrates the classification performance of both RF
and SVM models after hyperparameter tuning.

Table 2. Classification Report Comparison - Random Forest (RF) vs SVM after hyperparameter tuning

Precision Recall F1-score Support

Class

RF SVM RF SVM RF SVM RF SVM
Normal 091 0.95 0.98 0.98 0.95 096 54.0 54.0
Abnormal 0.98 0.98 091 0.94 0.94 0.96 54.0 54.0
Accuracy 0.94 0.96 0.94 0.96 0.94 0.96 0.94 0.96
Macro avg 0.95 0.96 0.94 0.96 0.94 0.96 108.0 108.0
Weighted avg 0.95 0.96 0.94 0.96 0.94 0.96 108.0 108.0

After optimization, both SVM and RE showed significant improvements across all metrics. For
the Normal class| SVM’s precision jumped from 0.76 to 0.95 while maintaining a high recall of
0.98, boosting its F1-score from 0.85 to 0.96. RF also performed well, achieving a 0.95 F1-score
with 0.91 precision and 0.98 recall. In the Abnormal class, SVM’s recall surged from 0.69 to 0.94,
raising its F1-score from 0.80 to 0.96, while RF maintained strong results (0.94 F1-score) despite
alslight trade-off between precision (0.98) and recall|(0.91). Overall, SVM’s accuracy rose from
0.83 to 0.96, surpassing RF (0.94), with its macro and weighted averages also improving to 0.96.

The results highlight how hyperparameter tuning enhances model performance, especially for
SVM, which initially struggled with imbalance. After optimization, both models became viable for
real-world deployment—SVM excels in recall and accuracy, while RF provides more balanced
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performance, making it better for minimizing false positives. This demonstrates that tuning is
crucial for avoiding bias and ensuring reliable anomaly detection in industrial systems.

Next, the ROC (Receiver Operating Characteristic) curve (Figure 5) supported these findings,
with both models achieving high AUC scores (0.99 for RF and 1.00 for SVM). Though SVM
achieved a perfect AUC, this could indicate potential overfitting, and further validation on external
datasets may be required.
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Figure 5. ROC (Receiver Operating Characteristic) curve (a) RF and (b) SVM

Figure 5 illustrates the ROC curves for the tuned RF and SVM models, respectively, providing
a graphical representation of their classification performance across different decision
thresholds. The ROC curve plots the true positive rate (recall) against the false positive rate,
providing insight into the model's ability to|distinguish betweennormal and abnormal vibration
signals. The Random Forest model (Figure 5a) achieved an Area Under the Curve (AUC) of 0.99,
indicating near-perfect discrimination capability. The curve rises steeply toward the top-left
corner, reflecting a high true positive rate and a very low false positive rate across all thresholds.
This result confirms that the RF model can reliably identify both normal and abnormal conditions,
making it suitable for |industrial scenarios where both detection accuracy and false alarm
reduction are critical. In comparison, the SVM model (Figure 5b) achieved an AUC of 1.00,
representing a theoretically perfect classifier on the test set. The ROC curve forms a right-angle,
suggesting that the model correctly classified all positive and negative cases across the evaluated
thresholds. While this may seem ideal, such a result warrants careful interpretation. A perfect
AUC may indicate potential overfitting, especially in relatively small or well-separated datasets.
Therefore, further validation using unseen or external datasets is recommended to assess the
model’s generalizability.

Lastly, training time comparisons showed that SVM is significantly faster to train. Table 3
compares the training times of the tuned Random Forest (RF) and Support Vector Machine (SVM)
models. The RF model took about 6.6 seconds to train, while the SVM was much faster at just 0.6
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seconds. This shows that SVM is more efficient, making it better for real-time tasks like edge
computing. SVM trains faster because it has a simpler structure and uses efficient optimization.
In contrast, RF is slower because it builds many decision trees.

Table 3. Training Time Comparison after tuning

L] ° Models Training Time (seconds)
Random Forest 6.6
Support Vector Machine 06

This suggests that although RF offers more robust classification performance, SVM may be
more suitable for real-time or resource-constrained applications if properly tuned. However, RF
may still be useful when robustness and interpretability matter more than speed. Both models
performed well in accuracy, so the choice depends on needs—speed (SVM) vs. stability (RF).

In summary, both models demonstrate strong potential for spindle health monitoring using
vibration signals. RF is recommended for immediate deployment due to its robustness and
balanced performance, while SVM may serve as a complementary tool in hybrid models or rapid
deployment scenarios with further tuning.

The models' validity was ensured through 5-fold cross-validation, maintaining class balance
in each fold. Additionally, the optimized parameters were tested on an independent validation set
(if applicable) to confirm generalizability. The results align with prior studies [26],[27], where RF
and SVM demonstrated robust performance in vibration-based fault detection. Reproducibility
was guaranteed by fixing random seeds during training.

4. Conclusion

This study bridges the gap in systematic hyperparameter optimization for spindle anomaly
detection by proposing a structured workflow combining vibration signal features (energy,
spectral centroids) with RandomizedSearchCV. The boxplot analysis confirms the discriminative
power of the selected features, addressing the lack of robust feature-extraction methods in prior
DTY machine studies.

The optimized RF model achieved balanced performance (94% accuracy, 0.99 AUC), excelling
in abnormal condition recall (91%), while SVM, though faster (0.6s training time), required
tuning to reach comparable metrics (96% accuracy, 1.00 AUC). This benchmark, validated via 5-
fold cross-validation, demonstrates RF’s superiority in handling industrial noise and class
imbalance, aligning with findings in [12],[16].

For textile manufacturers, RF’s high precision (98%) in abnormal detection reduces false
alarms, enabling cost-effective predictive maintenance. SVMs’ speed suits real-time monitoring
but demands frequent recalibration. These insights guide the selection of ML tools based on
operational priorities: robustness (RF) vs. deployment speed (SVM).
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