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RESUMEN
Este trabajo propone un enfoque basado en un aprendizaje no supervisado para la detección de

anomalías en maquinaria rotativa industrial, utilizando Máquinas (OC-SVM). El estudio se basa
en datos reales recopilados por un dispositivo de monitoreo Dynamox instalado en un motor que
cuenta con una unidad reductora. El conjunto de datos incluye mediciones de temperatura, velocidad
y aceleración, estos datos han sido recolectados en tres ejes. Tras aplicar procesos estándar de
preprocesamiento y escalado de características, se entrenó un modelo OC-SVM sobre datos no
etiquetados, utilizando etiquetas sintéticas de valores atípicos con fines de análisis. Se realizó un
estudio de sensibilidad sobre los hiperparámetros clave (nu, gamma), identificando compensaciones
claras entre las métricas de recall y precisión. Gracias a la reducción de dimensionalidad mediante
t-SNE fue posible visualizar tanto los valores atípicos como la separación entre clústeres, mejorando la
interpretabilidad del modelo. Los resultados muestran que OC-SVM es una excelente alternativa para
la detección de anomalías en entornos con abundancia de sensores y ausencia de datos etiquetados
sobre fallas. Los hallazgos respaldan su integración en sistemas de mantenimiento predictivo, donde la
detección temprana de fallas es fundamental.

Palabras clave: Detección de anomalías, OC-SVM, aprendizaje no supervisado, mantenimiento
predictivo, t-SNE, datos de sensores industriales, hiperparámetros de OC-SVM.
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ABSTRACT

This paper approaches an unsupervised anomaly detection framework for industrial rotating machinery,
One-Class Support Vector Machines (OC- SVM). this study is supported on real sensor data col-
lected from a Dynamox monitoring device installed on a motor with a gear-reducing unit, the dataset
includes temperature, velocity, and acceleration measurements collected across three axes. After
standard preprocess- ing and feature scaling algorithms, the OC-SVM model was trained on unlabeled
data with synthetic outlier labels used for analysis purposes. We performed a sen- sitivity study on
key hyperparameter (nu, gamma) it was found distinct trade-offs between recall and precision. The
reduction in dimensionality with t-SNE enabled the visualization of outliers and cluster separability,
enhancing the interpretability of the model. The results showed that OC-SVM is a great alternative
for anomaly detection in sensor-rich environments without labeled failure data. The results obtained
support its integration into predictive maintenance pipelines where early fault detection is critical.

Key words: Anomaly detection, One-Class SVM, unsupervised learning, predictive maintenance,
t-SNE, industrial sensor data, OC-SVM hyperparameters.
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Unsupervised Anomaly Detection with OC-SVM for
Predictive Maintenance in Rotating Machinery

Lenin Salinas, David Vega

Abstract—This paper approaches an unsuper-
vised anomaly detection framework for industrial rotat-
ing machinery, One-Class Support Vector Machines
(OC-SVM). this study is supported on real sensor
data collected from a Dynamox monitoring device
installed on a motor with a gear-reducing unit, the
dataset includes temperature, velocity, and accelera-
tion measurements collected across three axes. After
standard preprocessing and feature scaling algorithms,
the OC-SVM model was trained on unlabeled data with
synthetic outlier labels used for analysis purposes. We
performed a sensitivity study on key hyperparameter
(nu, gamma) it was found distinct trade-offs between
recall and precision. The reduction in dimensionality
with t-SNE enabled the visualization of outliers and
cluster separability, enhancing the interpretability of
the model. The results showed that OC-SVM is a
great alternative for anomaly detection in sensor-
rich environments without labeled failure data. The
results obtained support its integration into predictive
maintenance pipelines where early fault detection is
critical.

Index Terms—Anomaly detection, One-Class
SVM, unsupervised learning, predictive maintenance, t-
SNE, industrial sensor data, OC-SVM hyperparameters.

I. Introduction

ONE of the major challenges in industrial, an engineer-
ing environments is the maintenance of machinery.

The continuous operation of production systems relies on
the good functioning of mechanical components. If we
were capable of detecting early signs of malfunction and
predicting potential failures, we could improve operational
efficiency and minimize production delays. Most of the
time, failures in critical systems, such as electric motors or
gear reducers, are preceded by unusual patterns in sensor
readings, including but not limited to increases in temper-
ature or irregular vibration. Detecting these early changes
is key to implementing effective predictive maintenance
strategies. Thus, improving industry production.

This study explores an unsupervised approach
to detecting early-stage anomalies in sensor data col-
lected from a single industrial motor equipped with a
gear reducing unit. The motor is instrumented with a
Dynamox sensor that integrates accelerometer, velocimeter,
and a thermocouple, enabling continuous measurement
of acceleration, velocity, and temperature. This sensors
was installed at two distinct observation points on the

same motor: The input (LA) and output (LOA) sides of
the shaft. This dual location setup allowed us to see and
capture variations in mechanical and thermal behavior
across different propagation paths in the same system.
The final dataset, was created with over 176,000 time-
stamped entries and serves as the foundation for the
anomaly detection framework presented in this work.

As we mention before the primary objective is to
identify outliers: data points that deviate from nominal
operating conditions, and interpret them as early indicators
of potential mechanical issues. For example, analysis of the
dataset shows that temperatures above 60 ◦C fall within
the top 5% of all records, and values exceeding 67 ◦C are
in the top 1%, this may suggest overheating. Plus, most
regular operation falls between 24 ◦C and 44 ◦C, based on
the inter quartile range.

To identify such anomalies, this work uses One-
Class Support Vector Machines (OC-SVM), a non-
parametric method well suited for unsupervised anomaly
detection this study works perfectly without the need of
labeled data, this advantage makes it the best model for our
investigation . OC-SVM constructs a decision boundary
around normal instances in a high-dimensional feature
space, enabling the detection of outliers as deviations from
the learned normal profile [1]. This makes it particularly
accurate for industrial settings where failure events are
rare and unlabeled, where preserving model simplicity and
interpretability is necessary. To facilitate interpretation,
the sensor data is also transformed with a dimensionality
reduction using t-distributed Stochastic Neighbor Embed-
ding (t-SNE), which enables visual inspection of latent
structure and deviations in a two-dimensional space.

We also carried out a performance evaluation
using classification metrics based on simulated ground-
truth scenarios. By testing different OC-SVM configu-
rations, we explored how changing hyperparameters im-
pacts the model’s ability to correctly detect potential
faults—measured through precision, recall, and the F1-
score, which is the harmonic mean of precision and recall,
is especially useful when the dataset is imbalanced and
false positives or false negatives carry different costs [2].
Basically is a value that balances how many faults the
model can catch (recall) and how many of its predictions
are actually correct (precision). It’s especially useful in
studies like this were we don’t have many faults in the
data, which is often the case in real machines

Finally this work presents a modular and inter-
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pretable anomaly detection pipeline developed by using
real sensor data obtained from industrial equipment. The
pipeline is designed to operate without the need for
labeled failure instances, making it suitable for practi-
cal deployment in environments where such labels are
rarely available. In order to increase the effectiveness
of the proposed approach, the study explores different
configurations of the OC-SVM model and evaluates how
each affects anomaly detection performance. Although the
data itself is real, synthetic labels are introduced with
evaluation purposes, allowing the computational metrics
of standard performance data such as precision, recall,
and F1-score. The resulting framework enables reliable
outlier detection under real-world operating conditions and
supports proactive, data-driven maintenance planning in
complex mechanical systems.

Lenin Salinas

April, 2024

II. Prior Works
Anomaly detection has emerged as a central topic

in predictive maintenance strategies, to be more specific
in industrial contexts where labeled failure data is small
or unavailable. The One-Class Support Vector Machine
(OC-SVM) is widely used in this setting for its ability to
model normal operational behavior and flag deviations as
anomalies.

The foundational idea of OC-SVM builds upon the
Support Vector Data Description (SVDD) introduced by
Tax and Duin [1], which formulates the anomaly detection
task as enclosing the majority of data points within a
small hyper sphere in a transformed feature space. This
kernel-based approach enables flexible modeling of complex
distributions, even in high-dimensional settings.

In recent years, researchers have made efforts to
improve the sensitivity of OC-SVM to local variations
within the data. Traditional OC-SVM models often as-
sume that data is distributed uniformly, this can lead to
inaccurate boundaries and higher false positive rates with
real data validations where this assumption doesn’t hold.
To address this, Mittal et al. [3] emphasized the growing
importance of using machine learning techniques, such as
OC-SVM, to perform anomaly detection in sensor-based
industrial environments. They explained that OC-SVM
maintain a valuable baseline due to its simplicity and
effectiveness in identifying deviations in high-dimensional
datasets where labeled failures are scarce. Their study
also highlights the need of complementary strategies, for
example: feature scaling and dimensionality reduction, to
enhance OC-SVM’s interpretability when struggling with
noisy and heterogeneous sensor data.

On the other hand it has been found that hybrid
methods have also gained traction. Lee et al. [4] demon-
strated that combining deep learning architectures with
OC-SVM improves anomaly detection in manufacturing

environments. Similarly, Graß et al. [5] explored unsuper-
vised methods for production line monitoring, showing the
viability of anomaly based alerts in cyber physical systems.

Recent studies reinforced the potential of mixing
deep learning with traditional anomaly detection models
to enhance better detection in complex environments. For
instance, the hybrid framework proposed in [6] couples
autoencoder-derived embeddings with classical detectors
such as OC-SVM, achieving greater resilience against noise
and improving interpretability. Plus, recent advances in
unsupervised deep learning, as explained in [7], show that
end-to-end models can autonomously extract informative
features from multivariate time-series sensor data, making
possible high-precision anomaly detection without the need
for labeled instances of failure. Both methods illustrate
the growing tendency to combine deep neural networks
with statistical models in order to address the challenges
of industrial anomaly detection more effectively.

However, in a recent applied study, Mateo et
al. [8] developed an ensemble system for anomaly auditing
in packaging machines using OC-SVM and Minimum
Covariance Determinant (MCD) classifiers. Their approach
achieved improvements of up to 933% in F1-score compared
to baseline models, underscoring the practical utility of
OC-SVM in real-world deployments with no labeled faults.

III. Methodology

Dataset

Preprocessing
(Missing Values, Scaling)

Outlier Detection
(One-Class SVM)

Synthetic Evaluation
Strategy

Dimensionality Reduction
(t-SNE)

Final Evaluation
(Metrics, Visualization)

Figure 1. Overview of the anomaly detection pipeline.

A. Dataset Description
The dataset used in this study was collected from a

single industrial motor equipped with a gear-reducing unit.
A Dynamox sensor was installed on the motor to monitor
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its operational behavior. This sensor integrates multiple
sensing capabilities, including a triaxial accelerometer,
velocimeter, and a thermocouple, enabling the simultaneous
recording of mechanical and thermal conditions from a
single observation point.

This device recorded multiple execution cycles of
the machine, resulting in a diverse dataset.

Each data point contains seven numerical features
obtained from the sensor’s measurements: A collection of
temperature, acceleration and velocity components across
the three orthogonal axes (X, Y, Z). In total, the dataset
comprises 176,510 time-stamped entries. Each record also
includes metadata such as equipment type, subsystem, and
monitoring point. The monitoring point is identified by
the values LA and LOA, which refer to the shaft’s input
and output sides, respectively. These labels indicate the
physical location of the sensor on either side of the motor,
providing insight into the direction and propagation of
mechanical stress or heat during operation. These variables
form the base of the dataset and represent the measurable
physical quantities used for anomaly detection:

• TEMPERATURE: temperature in degrees Celsius.
• VELOCITY X, VELOCITY Y, VELOCITY Z:

velocity components in the X, Y, and Z axes.
• ACCELERATION X, ACCELERATION Y,

ACCELERATION Z: acceleration components in
the X, Y, and Z axes.

These sensor readings provide a comprehensive
view of the motor’s dynamic behavior and serve as the
foundation for the unsupervised anomaly detection models
developed in this study.

Preliminary analysis demonstrated that tempera-
ture values range from −46.16 ◦C to 128.86 ◦C, with typical
operation occurring between 24 ◦C and 44 ◦C. A small
percentage of extreme values suggests the presence of
anomalies or measurement errors.

B. Data Preprocessing

Table I
Summary of input variables in the BombaXLX dataset

Variable Description Unit
TEMPERATURE Temperature reading ◦C
VELOCITY X Velocity in X axis mm/s
VELOCITY Y Velocity in Y axis mm/s
VELOCITY Z Velocity in Z axis mm/s
ACCELERATION X Acceleration in X axis m/s2

ACCELERATION Y Acceleration in Y axis m/s2

ACCELERATION Z Acceleration in Z axis m/s2

The first step during the data pre-processing was
to define which portions of the raw data were useful
for modeling. The original dataset included contextual
metadata such as equipment type and monitoring location.

However, only the numerical sensor readings—temperature,
acceleration, and velocity—were relevant for the anomaly
detection task. Therefore, the scope was narrowed to
include only the seven key numerical variables that reflect
the motor’s physical behavior.

Once the relevant data was selected, the ex-
ploratory data analysis (EDA) phase began. String entries
such as "NAN" were converted to proper NaN representations
to correct handling of missing values. Next, rows containing
missing data in the selected variables were removed to keep
consistency and avoid potential bias during model training.

Figure 2. Correlation heatmap among physical variables measured
by Dynamox sensors. High correlations between certain pairs, such as
VELOC Y and VELOC Z, or ACEL Y and ACEL Z, suggest informational
redundancy. On the other hand, the variable TEMPERATURA shows low
correlation with the others, potentially providing complementary
information relevant for anomaly detection.

The correlation heatmap shown in Figure 2 reveals
high dependencies between several variables, particularly
between the velocity and acceleration components on
the Y and Z axes. Such relationships suggest potential
redundancy that could affect model interpretability or
induce multicollinearity in supervised learning settings.
Interestingly, temperature exhibits low correlation with
all other variables, reinforcing its value as an independent
signal that may capture distinct types of anomalies—such
as thermal drift or overheating—not directly observable
through vibrational data alone.

Then, all numerical variables were standardized
using the StandardScaler from the scikit-learn library.
This standardization process was necessary to ensure that
the One-Class SVM model could learn the underlying
structure of the data without being biased by differences
in scale. Plus without this normalization, variables with
larger magnitudes could disproportionately influence the
model, ending in biased or suboptimal results.
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Lastly, for evaluation purposes, a synthetic binary
label named true_outlier was introduced to emulate
ground truth in the absence of real failure annotations. This
label was generated by randomly assigning a small fraction
(e.g., 10%) of the samples as outliers, under the assumption
that anomalies are rare in industrial monitoring data.
While not reflecting actual faults, this approach enables
quantitative performance comparisons using classification
metrics such as precision, recall, and F1-score.

To better understand the spatial distribution of
anomalies detected by the OC-SVM, we applied a di-
mensionality reduction: the high-dimensional data was
projected into two dimensions using t-distributed Stochastic
Neighbor Embedding (t-SNE). This non-linear dimension-
ality reduction technique is well-suited for visualizing
complex datasets where clusters and outliers may not be
linearly separable.

The input to t-SNE consisted of the scaled feature
matrix. The resulting 2D coordinates were combined with
the OC-SVM outlier predictions and temperature values
for visualization. Each point in the plot represents a single
data instance, where:

• Marker shape encodes whether the instance was
detected as an outlier or not.

• Marker color corresponds to temperature, providing
understanding into thermal variation.

Figure 3. t-SNE projection of temperature, velocity, and acceleration
features. Outliers are indicated by symbols, and temperature is
captured by color. This visualization highlights cluster separation and
thermal gradients for visual interpretability.

As illustrated in Figure 3, several dense regions
arise, corresponding to normal operational clusters. Out-
liers tend to appear in low-density areas and are often
associated with temperature values outside the normal
range. This reinforces the hypothesis that thermal variation

may be a leading indicator of anomalous machine behavior
in this dataset.

C. Synthetic Evaluation Strategy

In the absence of ground-truth failure labels, this
study used synthetic labels to simulate a binary classi-
fication scenario. A column named true_outlier was
introduced, with values randomly assigned to mimic a
plausible 90%–10% split between normal and anomalous
data. While such labeling does not reflect real-world
failures, it provides a controlled environment for testing
the sensitivity and robustness of the One-Class SVM (OC-
SVM) under various parameter settings.

The dataset was split into training and validation
subsets using stratified sampling to preserve the class
distribution. Several OC-SVM models were trained on
the same scaled training data, each using a different
configuration of the nu and gamma hyperparameters. The
models were then evaluated on the validation set. To
measure performance, standard classification metrics were
computed:

• Precision: the fraction of predicted outliers that were
correctly identified.

• Recall: the fraction of actual outliers correctly de-
tected by the model.

• F1-score: the harmonic mean of precision and recall,
providing a balanced metric.

Table II
Performance metrics for different OC-SVM configurations

using synthetic labels.

Configuration Recall Precision F1-score
ν = 0.05, γ = scale 0.35 0.92 0.50
ν = 0.15, γ = scale 0.95 0.70 0.80
ν = 0.10, γ = 0.001 0.52 0.89 0.66
ν = 0.10, γ = 1.0 0.75 0.41 0.53

ν = 0.20, γ = scale 0.98 0.61 0.75
ν = 0.05, γ = 0.01 0.29 0.91 0.44

Plus, a second evaluation approach was employed
to compare OC-SVM configurations against a baseline
model (ν = 0.1, γ = scale) served as a reference for
evaluation This reference model provided consistent pseudo-
labels for benchmarking the relative effectiveness of other
configurations.
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Table III
Performance of OC-SVM models under different

hyperparameter combinations (relative to baseline model).

Configuration Recall Precision F1-score
ν = 0.15, γ = scale 1.000 0.667 0.800
ν = 0.20, γ = scale 1.000 0.500 0.666
ν = 0.10, γ = 1.0 0.666 0.666 0.666

ν = 0.05, γ = scale 0.500 1.000 0.667
ν = 0.10, γ = 0.001 0.454 0.454 0.454
ν = 0.05, γ = 0.01 0.366 0.733 0.488

Figure 4. t-SNE projection of velocity components (VELOC X,
VELOC Y, VELOC Z) using One-Class SVM. Red points represent
anomalies detected by the model, while green points indicate normal
behavior. This visualization reveals broad clusters with moderately
defined separation.

Figure 5. t-SNE projection of acceleration components (ACEL X,
ACEL Y, ACEL Z) using One-Class SVM. A greater density of anoma-
lies can be observed, suggesting higher sensitivity of acceleration
signals to irregular behaviors.

The visualizations suggest that velocity-based
features submit more distinct clustering between normal
and anomalous data compared to acceleration. This shows
us that velocity signals may capture clearer patterns
of abnormal behavior in the motor’s operation, while
acceleration data contributes useful but more dispersed
information.

Comparison Between Tables II and III.
Table II presents performance against randomly gener-
ated synthetic labels, simulating a realistic, and artificial
scenario in the absence of known failures. This approach
evaluates the OC-SVM’s general ability to separate a
minority anomaly class under blur assumptions.

In contrast, Table III benchmarks each configura-
tion against a fixed OC-SVM model (ν = 0.1, γ = scale),
using it as a reference to generate pseudo labels. This
relative comparison highlights how similar or divergent
each model is in capturing the same decision boundaries,
providing insight into the stability and variance of the
learned anomalies.

Overall, these complementary tables enable a
broader understanding of the OC-SVM’s behavior under
uncertainty and without real failure ground truth. They
provide an absolute and a relative lens through which we
can interpret model performance.

IV. Discussion and Insights
The results from the OC-SVM experiments re-

vealed elegant trade-offs between sensitivity and specificity
based on hyperparameter selection. It was found that
configurations with high nu values, such as 0.15 or 0.20,
resulted in excellent recall successfully capturing nearly
all anomalous samples but at the cost of precision, which
declined as more normal points were misclassified as out-
liers. Conversely, more conservative settings (e.g., nu=0.05)
yielded better precision but missed a larger fraction of true
outliers.

The effect of gamma was also fundamental: lower
values produced smoother decision boundaries, resulting
in higher generalization but lower detection sensitivity. In
contrast, aggressive values such as gamma=1.0 captured
complex data patterns but increased false positives. This
confirms the idea that gamma controls the model’s local
flexibility and that its interaction with nu must be carefully
tuned.

Plus, the use of t-SNE visualizations provided
interpretable insights into the clustering structure and
temperature gradients. Observations flagged as outliers
often appeared at the margins or limit zones in the t-SNE
projection, reinforcing the model’s capacity to detect subtle
deviations in thermal and also mechanical behavior.

From a practical stance, these findings support
the deployment of OC-SVM in early-warning systems for
rotating machinery. Operators can choose hyperparameter
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settings depending on their risk tolerance, either favoring
comprehensive fault detection or reducing false alarms in
production environments. Future work could explore semi-
supervised extensions or incorporate temporal dynamics
for enhanced diagnostic improvement.

V. Conclusion
This study introduced an unsupervised approach

for detecting anomalies in sensor data collected from
industrial rotating machinery, improving the capabilities of
One-Class Support Vector Machines (OC-SVM). The pro-
posed methodology combined careful data preprocessing,
dimensionality reduction, and a dual evaluation strategy
to address the common challenge of missing labeled fault
data in real-world applications.

Our results highlight how sensitive the OC-SVM
model is to its hyperparameters particularly nu and gamma
which directly affect the balance between recall and preci-
sion. Through visual exploration using t-SNE, we were able
to understand how outliers relate to underlying thermal
patterns, reinforcing the value of combining quantitative
and visual diagnostics.

Overall, the OC-SVM is used as a effective tool
for anomaly detection in environments where fault labels
are hard to obtain or even unavailable. Its simplicity and
interpretability make it perfect for deployment in a wide
range of industrial settings, specially those aiming for
proactive and cost-efficient maintenance.

Furthermore, this work goes beyond anomaly
flagging by proposing a structured evaluation framework.
Designing two complementary strategies: One using syn-
thetic ground-truth labels and another pointing against a
baseline model, we were able to test both the model’s
general detection capability and its consistency across
parameter settings. This revealed meaningful trade-offs be-
tween sensitivity and specificity, showing that the OC-SVM
can be fine-tuned depending on whether early detection or
false alarm reduction is prioritized.

Recommendation for Future Work: To further
enhance model performance, future studies should consider
hybrid approaches that integrate temporal dynamics or
expert-defined rules. Combining OC-SVM with time-series
embedding methods, recurrent architectures, or ensemble
voting mechanisms could improve robustness in highly vari-
able industrial environments, and increase its applicability
in fault prognosis.
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