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Abstract—Early anomaly detection in industrial rotating
equipment is crucial for enhancing predictive maintenance
methodologies and preventing unexpected failures. However,
real-world industrial settings often lack structured fault-labeled
datasets, making supervised classification approaches impracti-
cal. In such contexts, unsupervised novelty detection methodolo-
gies emerge as the most viable alternative, as they do not require
labeled fault data and operate under the assumption that only
normal conditions are available during training.

This research investigates the application of novelty detection
techniques for industrial bearing condition monitoring, compar-
ing machine learning-based methods with fixed threshold-based
strategies derived from standards. The analysis is conducted on
a dedicated experimental dataset, representing the first contri-
bution of its kind for spherical bearings with localized damage,
tested under variable speed and load conditions.

The findings reveal that fixed-threshold strategies result in
an excessive number of false positives, limiting their practical
applicability in industrial monitoring systems. Among the as-
sessed machine learning algorithms, Isolation Forest achieved the
highest recall, detecting the largest number of anomalies, while
Local Outlier Factor (LOF) demonstrated superior precision,
accuracy, F1-Score and precision-recall AUC.

Index Terms—novelty detection, rotating machinery, bearings,
condition monitoring, vibration analysis, unsupervised learning

I. INTRODUCTION

Industrial rotating machinery can greatly benefit from the
adoption of predictive maintenance technologies, which op-
timize resource utilization and generate significant economic
returns by reducing unplanned downtime and preventing catas-
trophic failures. These advantages justify the investment in
acquisition, processing, and analysis of vibration signals for
condition monitoring and early fault detection [1]–[3].

Over the past decade, there has been an exponential in-
crease in research focusing on the use of machine learning
(ML) and deep learning (DL) techniques for vibration signal
analysis, particularly using accelerometric data, to diagnose

bearing defects and predict maintenance needs in advance
[4], [5]. However, a significant portion of existing works
is centered around fault diagnosis algorithms [6]–[8], which
typically require a substantial amount of labeled data covering
different damage conditions and operational states. In real-
world industrial settings, structured datasets with labeled faults
are rarely available, limiting the practical applicability of such
approaches.

Some studies have explored anomaly detection methodolo-
gies, which aim to identify deviations from normal operational
behavior in datasets that may not contain labeled fault data. De
Fabritiis and Gryllias [9] leveraged unlabeled vibration data to
learn a distance metric and effectively discriminate anomalous
samples from normal ones in degradation stages, Sangeetha
et al. [10] adopted hybrid SVM-XGBoost model optimized
by Henry Gas Solubility Optimization for anomaly detection
in rotary equipment, achieving 94% accuracy, Mishra et al.
[11] employed Motor Current Signature Analysis (MCSA)
for system-level multi-fault anomaly detection using machine
learning algorithms and Asavalertpalakorn et al. [12] investi-
gated novelty detection method was implemented as a one-
class classification to detect early signs of failure in a rolling
bearing using long short-term memory (LSTM) autoencoder.
However, most of these studies rely on benchmark datasets
[13], [14] that are collected under highly controlled conditions,
often focusing on small-scale bearings, and do not account for
medium-to-large-sized bearings operating under variable speed
and load conditions, which are common in heavy industrial
environments.

This study investigates the applicability of novelty detection
techniques for industrial systems, under the assumption that no
labeled fault data is available for training, thereby necessitating
the use of unsupervised learning approaches. To achieve this,
a comparative analysis is conducted between state-of-the-



art novelty detection algorithms and fixed-threshold vibration
assessment methods, such as those derived from ISO 20816
standards [15]–[17]. The goal is to evaluate adaptive machine
learning models and evaluate their performance with respect to
non-adaptive threshold-based approaches in detecting anoma-
lies in real-world scenarios.

Additionally, this work presents a dedicated experimental
campaign and an exclusive dataset developed at the Politecnico
di Torino [18], specifically designed for the study of medium-
to-large-sized damaged bearings. The dataset [19] includes
vibration signals recorded under variable axial and radial loads
and across multiple rotational speeds, providing a unique
resource for evaluating novelty detection techniques in realistic
industrial conditions.

II. NOVELTY DETECTION IN INDUSTRIAL EQUIPMENT

This section presents the methodology and dataset employed
for the assessment of novelty detection techniques within the
context of industrial bearing condition monitoring. Initially, the
experimental configuration and the data acquisition method-
ology are introduced, emphasizing the specifications of the
test rig and the vibrational dataset utilized. Subsequently, the
foundational concepts of unsupervised novelty detection are
articulated as well as the selection of machine learning algo-
rithms alongside the heuristic ISO threshold-based approach.

A. Vibration Dataset for Medium-Sized Industrial Bearings

The comparative evaluation proposed in this paper was
carried out by means of a database of vibrational signals built
for the purpose. Data were extracted from the experimental
campaign pertinent to the dataset [19] obtained through the
medium-sized bearing testing apparatus located within the
mechanical engineering laboratories of the Politecnico di
Torino. A comprehensive description of the testing apparatus is
presented in the works [18], [20], [21], while the arrangement
of the dataset is elucidated in [19].

The test rig shown in Fig. 1 and Fig. 2 is characterized
by a modular architecture that facilitates the use of bearings
with outer diameters variable up to 420 mm, rendering it a
multifaceted instrument for the assessment of medium- and
large-diameter bearings’ performance. The test rig is equipped
with an inverter-controlled 30 kW electric motor SIEMENS®,
which allows variable rotational velocities. Furthermore, the
system encompasses independent hydraulic actuators for ap-
plying radial and axial forces up to 200 kN.

Vibrational data are captured using high-sensitivity piezo-
electric accelerometers SKF®CMSS 2200T affixed to rigid
bearing adapters. Additionally, the entire system is overseen by
specialized TestLab software that facilitates real-time manage-
ment of test variables and supervision of bearing operational
conditions.

In the current investigation, the SKF®22240 CCK/W33
bearing (Fig. 3) was subjected to four distinct operational
scenarios: no damage (H), damage to the inner raceway (IR),
damage to the outer raceway (OR), and damage to the rolling
element (B). Damage was artificially induced via chip removal,

Fig. 1: Test rig for bearing monitoring: self-contained box [18].

Fig. 2: Test rig for bearing monitoring: shaft and adapters [18].

with a diameter of 2 mm and a depth of 0.5 mm. These
dimensions are comparable in scale with those present in the
literature dataset.Test conditions are reported in Table I.

TABLE I: Load Cases and Nominal Speeds.

Case 1 Case 2 Case 3 Case 4
Radial load (kN) 0 62.4 124.8 124.8
Axial load (kN) 0 0 0 49

Nominal speeds (rpm) 127, 227, 353, 457, 523, 607, 727, 877, 937, 997

For each experiment, vibrational signals of 30 seconds
duration were recorded at a sampling frequency of 20480
Hz. The signals were divided into segments comprising 4096
samples, with a 50% overlap between successive segments.
Subsequently, the dataset was established by extracting the
following features in the temporal domain: Mean T1, Stan-
dard Deviation T2, Root Amplitude T3, RMS T4, Absolute
Maximum T5, Skewness T6, Kurtosis T7, Crest Factor T8,
Form Factor T9, Shape Factor T10, and Impulse Factor T11.

To the authors’ knowledge, the testing apparatus and the
dataset constitute the first experimental contribution capable
of furnishing vibrational data for medium and large bearings,
inclusive of axial loading conditions. In comparison to well-
known datasets previously documented in the literature [13],
[14], which predominantly concentrate on small bearings
and circumscribed operational conditions, the present study
delineates a distinctive dataset of industrial significance for
applications within the heavy industry sector.



(a) Disassembled bearing. (b) IR damage [21].

Fig. 3: Bearing SKF®22240 CCK/W33.

B. Unsupervised Novelty Detection

The current study explores the anomaly detection effi-
cacy of a range of predictive algorithms grounded in non-
deep machine learning techniques. In this initial examination,
deep learning algorithms and neural networks are deliberately
excluded, as the authors posit that such approaches would
introduce an extraneous level of complexity (e.g., the selection
of neuron counts, layer configurations, and other architectural
considerations) that could obfuscate the interpretation of the
findings and introduce additional dependent variables into the
comparative analysis.

The investigation is undertaken with the understanding
that in real industrial settings, labeled datasets are frequently
unavailable for the execution of supervised classification.
Consequently, it is often pragmatic to employ unsupervised
techniques that do not necessitate an extensive labeling by
the operators. This consideration is particularly salient in
industrial applications where the presence of abnormal data
is constrained and often fails to represent the spectrum of
potential anomalies. A further pivotal component is the dif-
ferentiation between novelty detection and outlier detection,
which is directly mirrored in the methodology employed in
this study.

Novelty Detection is concerned with the identification of
new instances that were not included during the training phase
and that diverge from the established normal training data [22].
This methodology develops on a training dataset devoid of
anomalies, rendering it especially appropriate for industrial
contexts characterized by the rarity and unpredictability of
anomalies. Conversely, Outlier Detection concerns the iden-
tification of data points that significantly deviate from the
predominant data within the training dataset [23], which may
already be included in the training phase. In our analysis,
we situate ourselves within the framework of novelty detec-
tion, wherein the training dataset remains uncontaminated by
outliers. Thus, the objective is to assess the efficacy of the
algorithms in recognizing novelties that manifest within the
test dataset.

The dataset was partitioned into a training subset, which
exclusively comprises normal data, and a testing subset, which
encompasses both normal data and anomalies. The methodol-
ogy employed for this partitioning is delineated below.

• Training subset: comprises solely normal data sourced

from the original dataset.
• Testing subset: encompasses both normal data and

anomalies, with the proportion of anomalies established
at 10% of the total testing subset (Fig. 4).

Table II shows the dataset partitioning and evaluation setup.
Namely, the initial dataset had 47,840 samples, the training
subset size (normal data exclusively) is of 5,980 samples,
the testing subset size (normal + anomalous) is of 5,980
samples, where 5,382 are normal data and 598 are anomalies.
Anomalies are randomly drawn and can therefore belong to
any damage class. The tested algorithms underwent evaluation
across five repetitions to enhance statistical significance.

Fig. 4: tSNE representation of test data on fifth repetition.

TABLE II: Dataset Description and Evaluation Setup.

Description Samples
Initial dataset 47,840
Training subset (normal data) 5,980
Testing subset size 5,980

- Normal data 5,382
- Anomalies 598

Evaluation repetitions 5

For the purpose of this analysis, the following algorithms
were investigated: Isolation Forest [24], One-Class SVM [25],
Local Outlier Factor (LOF) [26], and Elliptic Envelope [27].
These algorithms are chosen as they are among the most
common for unsupervised novelty detection and do not require
anomalies in the training set.

• Isolation Forest: This algorithm is particularly suitable for
anomaly detection as it isolates observations by randomly
selecting features and splitting values. Its efficiency
and scalability make it effective for high-dimensional
datasets, enabling it to perform well in novelty detection
scenarios.

• One-Class SVM: This method constructs a decision
boundary around the data distribution, aiming to iden-
tify novel or anomalous samples that fall outside the
boundary. Its kernel-based approach allows it to model
complex data distributions, making it versatile for novelty



detection. In this study, radial basis function (RBF) kernel
with auto γ and ν = 0.1 is employed.

• Local Outlier Factor (LOF): LOF evaluates the local den-
sity deviation of a sample with respect to its neighbors.
Samples with significantly lower densities are flagged
as anomalies, making it effective for identifying local
patterns and deviations. LOF is set in novelty detection
mode with a number of neighbors of 20.

• Elliptic Envelope: This algorithm assumes the data fol-
lows a Gaussian distribution and identifies anomalies
based on the Mahalanobis distance. Although more tai-
lored for traditional outlier detection tasks, it was incor-
porated here for comparative purposes. Elliptic Envelope
is set with contamination factor 0.1.

In addition to the aforementioned algorithms, a heuristic
methodology grounded in the ISO 20816-1 [15] and 20816-3
[16] standards was also evaluated. This methodology leverages
the energy of the vibration signal, as indicated by the root
mean square (RMS) broadband velocity, to detect anomalies
in relation to a predetermined threshold. The application of
this standard carried out by the authors in this work is
fundamentally heuristic and does not rigorously adhere to
procedures and considerations delineated by the standard itself
but rather utilizes the threshold concept to assess the efficacy
of methods predicated on acceleration signal energy. Namely,
the RMS vibration velocities values were computed to assess
the operational condition of the machines being investigated. A
benchmark of 4.5 mm/s, as indicated by the ISO 20816-1 and
ISO 20816-3 standards [15], [16], was employed to activate
condition monitoring alerts. This benchmark could generally
delineate the parameters of acceptable operational conditions
from those necessitating intervention in industrial machinery.
Fig. 5 depicts the probability distributions of RMS vibration
velocity corresponding to various health states of the bearings
being analyzed.

Frequency-based methods, relying on characteristic fault
frequencies are also widely used in bearing fault diagnosis.
Since this paper focuses on unsupervised novelty detection,
the authors did not consider prior knowledge of fault types
or spectral signatures. This agnostic approach is particularly
beneficial in industrial settings where anomalies may arise
without predefined fault models or in unconventional fre-
quency patterns. While we acknowledge the effectiveness
of frequency-based methods, our goal is to develop more
versatile novelty detection techniques applicable to dynamic
and variable real-world scenarios.

III. RESULTS AND DISCUSSION

This study aims to evaluate the effectiveness of of the
above-mentioned novelty detection algorithms for condition
monitoring in industrial bearings. The primary objective is
to compare the performance of machine learning-based ap-
proaches against a threshold-based method derived from stan-
dards. The evaluation is based on key classification metrics,
including accuracy, precision, recall, F1-score, and Precision-
Recall Area Under the Curve (PR AUC) to determine the

Fig. 5: Distribution of RMS velocities on test data.

most reliable approach for detecting bearing anomalies under
varying operating conditions. PR AUC is particularly relevant
given the highly imbalanced nature of the dataset, as it
provides a more informative assessment of model performance
in scenarios with a significantly lower prevalence of anomalies.

A primary significant finding pertains to the methodology
based on the ISO 20816 threshold, which utilizes a threshold
of 4.5 mm/s to differentiate between normal and anomalous
states. Despite this approach exhibiting a sensitivity (Fig. 7c)
that is similar with that of poor performing models such as
the Elliptic Envelope (Fig. 6a), it manifests an exceedingly
elevated incidence of false positives, as delineated by the
confusion matrix shown in Fig. 6b and overall recall reported
inFig. 7c. This phenomenon results in a markedly diminished
precision, rendering an uncalibrated threshold suboptimal
within the framework of an automated industrial monitoring
system, wherein minimizing false alarms is paramount to avert
unnecessary interruptions and maintenance activities.

It becomes evident that the capacity to accurately iden-
tify damages when they are indeed present (i.e., sensitivity
or recall) is superior in the Isolation Forest (Fig. 6c and
Fig. 7c), which succeeded in detecting the greatest number
of real anomalies. Nonetheless, this achievement is realized
at the cost of a considerable number of false positives,
thereby adversely impacting precision (Fig. 7b). To mitigate
the high false positive rate observed in Isolation Forest,
several strategies could be considered, including fine-tuning
the decision threshold to optimize the trade-off between recall
and precision, adjusting hyperparameters such as the number
of estimators and sample size, leveraging ensemble methods
to enhance model robustness, and incorporating additional
features to improve the discrimination between normal and
anomalous conditions. Conversely, the Local Outlier Factor
(LOF) (Fig. 6d) algorithm emerges as the one that recorded
the highest precision (Fig. 7b), indicating that when the model
predicts an anomaly, it is correlated with the highest likelihood
of actual presence. This is congruent with the observation that
LOF possesses the least number of false positives, thereby
representing the most conservative approach in declaring an
anomaly. Furthermore, LOF attained the highest overall accu-
racy value Fig. 7a, which quantifies the aggregate proportion



of correct predictions relative to the total sample size.
Another critical metric for assessing the effectiveness of a

model in a novelty detection context is the F1-score shown in
Fig. 7d, which encapsulates the equilibrium between precision
and recall. The LOF model achieved the optimal F1-score,
signifying that it is the model that most effectively reconciles
the capability to identify anomalies while mitigating false
positives. A high F1-score suggests that the model is proficient
in minimizing overall errors while sustaining both remarkable
sensitivity and accuracy.

Furthermore, PR AUC, shown in Fig. 7e, further supports
the effectiveness of the LOF model. LOF achieves the highest
PR AUC, reinforcing its ability to maintain a strong balance
between precision and recall. Given the dataset’s strong class
imbalance, PR AUC provides a more insightful evaluation
of the model’s capacity to detect anomalies without being
disproportionately influenced by the prevalence of normal
samples. This result confirms that LOF not only minimizes
false positives but also consistently identifies true anomalies,
making it the most robust approach in this context.

The findings, derived from five independent repetitions,
reveal a low variability in the performance of the models,
suggesting a degree of robustness in the advanced evaluations.
Nevertheless, to enhance the level of statistical significance,
further studies carried out on more extensive samples and
additional random iterations will be required, in order to
more comprehensively assess the variability of the predictions.
An additional factor to contemplate is that the anomalies
were randomly selected from signals exhibiting diverse op-
erational conditions, spanning various categories of damage
along with differing speed and load regimes. This variability
could potentially influence the performance of the algorithms,
rendering certain models more responsive to specific oper-
ational conditions. Consequently, a subsequent phase will
involve the exploration of adaptive strategies that facilitate the
customization of detection based on the distinct characteristics
inherent to each operational regime.

In summary, the results confirm that fixed thresholds based
on ISO standards may be inadequate for advanced condition
monitoring applications, while machine learning-based meth-
ods, especially LOF and Isolation Forest, offer a better com-
promise between accuracy and ability to detect real anomalies.

IV. CONCLUSIONS

This research investigated novelty detection algorithms per-
tinent to the monitoring of industrial bearing conditions,
juxtaposing machine learning-based methodologies with a
threshold-based approach extrapolated from ISO 20816 stan-
dards. The findings underscore significant differences in per-
formance metrics, accentuating the inadequacy inherent in
static threshold techniques while exposing the advantages of
adaptive machine learning strategies.

Furthermore, this study presents an experimental campaign
that, for the first time, explores novelty detection applied to
medium-sized spherical bearings with localized damage, oper-
ating under variable loads and rotational speeds. This aspect is

(a) Elliptic Envelope. (b) ISO threshold.

(c) Isolation Forest. (d) Local Outlier Factor.

(e) One-Class SVM.

Fig. 6: Confusion matrices.

particularly relevant, as existing studies often focus on small-
scale bearings or controlled conditions, whereas the present
work addresses a more complex and industrially significant
scenario.

The results demonstrate that general thresholding could
produce a substantial false positive rate, markedly diminishing
precision. Although this approach attains a sensitivity that
is commensurate with simplistic statistical models such as
the Elliptic Envelope, it is deficient in robustness within
practical scenarios where the minimization of false alarms is
of paramount importance.

Among the evaluated machine learning algorithms, the
Isolation Forest algorithm manifested the highest sensitivity,
proficiently identifying a considerable quantity of anomalies.
Nevertheless, this elevated sensitivity was accompanied by a
substantial incidence of false positives, thereby impairing its
overall precision. In contrast, the Local Outlier Factor (LOF)
algorithm exhibited the highest precision and comprehensive



(a) Accuracy.

(b) Precision.

(c) Recall.

(d) F1-Score.

(e) PR AUC.

Fig. 7: Overall results.

accuracy, rendering it the most conservative model in predict-
ing anomalies and curtailing false alarms.

Moreover, the LOF attained the highest F1-score and PR
AUC, indicative of the optimal equilibrium between precision
and recall. This observation implies that while LOF is rec-
ognized as the most accurate model and balanced in terms
of precision and recall, whereas the Isolation Forest may
represent the most sensitive to anomalies. The results, derived
from five independent iterations, reveal a low variance, thereby
reinforcing the statistical reliability of the conclusions drawn.

Notwithstanding the robustness of the models assessed,
further validation utilizing larger datasets with an increased
number of random iterations should be performed to assess sta-

tistical significance. Additionally, adaptive detection strategies
customized to particular operational conditions could further
enhance model performance by mitigating sensitivity to fluc-
tuations in speed and load. Lastly, an ensemble methodology,
which amalgamates multiple models, could serve to optimize
both precision and recall, thereby achieving a more dependable
novelty detection system for industrial applications.
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