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Abstract
Bottling machinery is a critical component in agri-food industries, where maintaining operational efficiency is key to ensuring
productivity and minimizing economic losses. Early detection of faulty conditions in this equipment can significantly improve
maintenance procedures and overall system performance. This research focuses on health monitoring of gripping pliers in
bottling plants, a crucial task that has traditionally relied on analyzing raw vibration signals or using narrowly defined,
application-specific features. However, these methods often face challenges related to limited robustness, high computational
costs, and sensitivity to noise. To address these limitations, we propose a novel approach based on generic features extracted
through basic signal processing techniques applied to vibration signals. These features are then classified using a random forest
algorithm, enabling an effective analysis of health states. The proposed method is evaluated against traditional approaches and
demonstrates clear advantages, including higher accuracy in detecting and classifying faulty conditions, greater robustness
against random perturbations, and a reduced computational cost. Additionally, the method requires fewer training instances to
achieve reliable performance. This study highlights the potential of artificial intelligence and signal processing techniques in
predictive maintenance, offering a scalable and efficient solution for fault detection in manufacturing processes, particularly
within the agri-food sector.

Keywords Bottling systems · Preventive maintenance · Health condition monitoring · Feature extraction

1 Introduction

Maintenance strategies play a critical role in ensuring the
reliability and efficiency of industrial systems. However,
traditional approaches often fail to fully address the com-
plexity of modern industrial environments, where real-time
monitoring and predictive insights are essential. Key chal-
lenges include the high dimensionality of monitoring data,
the imbalanced nature of datasets due to infrequent fault
occurrences, and the lack of cost-effective solutions for com-
prehensive Health Monitoring (HM).

Defining a proper maintenance strategy of devices and
systems or, in a broader sense, an Asset Management (AM),
is a very hot topic with a huge impact on industry operation
as it enhances performance, increases reliability, decreases
time-down, and saves cost. An up-to-date state of the art of
this topic can be found in [1].

Extended author information available on the last page of the article

For any type of organizations, developing an effective AM
is a key factor to achieve value by balancing risks and oppor-
tunities, to attain an optimum trade-off between costs, risks,
and performance [2].

In the context of AM, up to five levels in the maintenance
of devices and systems are usually considered [3–5]: Reac-
tive Maintenance (level 1), running until a failure and then
repairing; PreventiveMaintenance (level 2), cyclic inspection
and conservation activities based on time or use; Condition-
Based Maintenance (level 3), triggered by some rules (e.g.
exceeding a certain threshold) based on objective measures
obtained by several sensors; Predictive Maintenance (level
4), where actual sensor data about the equipment and its oper-
ating condition are extensively and continuously analyzed
for a very early detection of potential malfunctioning, sug-
gesting equipment or operating conditions modifications and
predicting its RemainingUseful Life (RUL); and Risk-Based
Maintenance (level 5), for an integral and comprehensive
approach, considering assets performance, reliability, and
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costs. These maintenance maturity levels are depicted as a
pyramid in Fig. 1.

This paper focuses on the three upper levels of the pyramid
(highlighted in green), where Health Monitoring is essential.
HM involves capturing data such as vibrations (accelera-
tions), sounds, temperatures, voltages, and electric currents.
These measurements are typically recorded as temporal sig-
nals or time series data, often sampled at a constant rate.

The field of industrial Health Monitoring (HM) has
seen considerable advancements in maintenance strate-
gies, encompassing rule-based systems, traditional Machine
Learning (ML) techniques, and specialized feature extraction
methods. Despite these advancements, existing methodolo-
gies face significant challenges, particularly in addressing
the dynamic and resource-constrained nature of industrial
environments. Rule-based systems [6], while conceptually
simple, lack the adaptability to handle complex and variable
fault patterns, often resulting in suboptimal performance in
dynamic scenarios. Similarly, traditional ML techniques [7]
typically rely on extensive labeled datasets to achieve high
accuracy [8, 9]. However, the collection of such datasets in
HM applications is time-consuming, costly, and impractical,
as faults occur infrequently and datasets are often small and
imbalanced.

Recent studies have explored data-driven and ML-based
approaches as state-of-the-art solutions for analyzing high-
dimensional HM signals [10]. However, few have addressed
the critical trade-off between feature extraction complex-
ity and performance in resource-constrained environments.
For example, methods reliant on deep learning architectures
often achieve superior performance but at the cost of signifi-
cant computational and data requirements, which limits their
practical applicability in real-world settings [11]. Similarly,
many existing techniques fail to account for the robustness
needed to handle noisy environments and diverse fault types,
resulting in reduced reliability across applications.

A major limitation of existing data-driven methods is
their inability to balance computational efficiency with
classification accuracy. Approaches based on raw features,
such as vibration signals comprising thousands of samples,
yield high-dimensional datasets imposing excessive compu-
tational demands and often lead to overfitting when training
MLmodels [12]. These issues are further exacerbated by the
need for large and representative datasets, which are chal-
lenging to obtain in industrial contexts where faulty states
are rare.

Conversely, specialized feature extraction methods are
frequently designed for specific fault detection tasks [13],
requiring deep domain expertise and significant computa-
tional resources. When a deep knowledge of the signal
interpretation is available, very specialized features can be
extracted applying specific signal processing algorithms.
For instance, MPEG-7 [14] parameters or fine-tuned Mel
Frequency Cepstrum Coefficients [15] for audio signals,
State-of-Charge and State-of-Health related Key Perfor-
mance Indicators (KPI) for battery description [16], or
kurtogram-based attributes for rolling bearings [17]. While
these methods may achieve high accuracy in controlled envi-
ronments, their scalability and generalizability to diverse
industrial settings are limited.

On one hand, describing signals with raw features is
the simplest extracting procedure but it yields to high-
dimensional datasets, requiring a large number of instances
and very demanding classification algorithms. On the other
hand, characterizing signals by very specialized features
drives to low-dimensional reduced datasets which are more
easily classified, but at the cost of a large extraction effort
which requires a deep engineering knowledge.

To address these limitations, this study introduces a novel
methodology leveraging generic features for fault detection
and classification. Generic features provide a middle ground
between raw and specialized features, offering computa-

Fig. 1 Maintenance maturity pyramid
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tional efficiency without sacrificing classification accuracy.
This trade-off is depicted in Fig. 2. Unlike specialized fea-
tures, they require minimal domain-specific knowledge and
are inherently adaptable to various fault types. This innova-
tion significantly reduces data requirements, computational
complexity, and costs, making the methodology particularly
well-suited for real-world applications where scalability,
robustness, and efficiency are paramount. Moreover, the pro-
posed approach demonstrates strong resilience to noise and
variability, which are common in industrial environments,
thereby enhancing its practicality and reliability.

In this approach, vibration signals are summarized by
a reduced set of generic features, which are commonly
extracted from the signal using time, frequency, or time-
frequency domain analysis. Some more specific methods
have also been proposed, based on Cepstrum [18], Wavelet
Analysis [19], Hilbert-Huang Transform [20], Empirical
Mode Decomposition [21], Linear Predictive Coding [21],
Time Series Analysis [22], etc. A review of these feature
extraction procedures has been described for different appli-
cations, such as mechanical vibrations [23], sounds [24] or
biomedical signals [25].

The present paper studies the compromise between clas-
sification and feature extraction when the three previous
defined types of features are used to detect faults in a par-
ticular industrial context. In the research, we focus on the
input gripping pliers of the blow molding machine in a
plastic bottling plant (detailed in Section 2.1), where the fea-
tures must be extracted from vibration signals acquired by
accelerometers (extraction process described in Sections 2.2,
2.3, and 2.4).

Fig. 2 Trade-off between classification and feature extraction efforts

The analysis of the input gripping pliers serves as a
critical case study, as their malfunction can disrupt the pro-
duction line and contribute to inefficiencies. Understanding
the relationship between feature extraction and classifica-
tion accuracy in this context not only aids in fault detection
but also underscores the broader implications for optimiz-
ing production systems. By addressing these challenges, this
research aims to highlight how improved Health Monitor-
ing (HM) can directly impact key performance indicators
like overall equipment effectiveness (OEE), which remains
a pressing issue in many industries.

The importance of this study relies on one hand, in the
fact that the OEE in production companies is about 60% [26,
27]. The 40% loss of efficiency is mainly due to five factors:
(i) planned stoppages, for planned maintenance or cleaning
activities; (ii) machine failures, due to unexpected damages;
(iii) short process failures (up to a few minutes), caused by
jams or lacking products; (iv) process slowdown, where the
equipment is not running at its optimum production rate; and
(v), initialization procedures, to prepare the machine for a
certain production process. Most of these factors can be sig-
nificantly reduced with an adequate AM strategy, increasing
the OEE and enhancing the overall economic results.

Also, the studied application is very significant as bot-
tling plants are an essential element in the production phase
of the beverage [28] and other agri-food products life cycle
[29]. The food industry includes all activities (production,
processing, manufacturing, sale, and distribution) of food,
dietary supplements, and beverages [30]. In other words, the
food industry includes all the stages of the process, from
design to delivery of the product to the customer, through
design, construction, and maintenance, in the animal nutri-
tion industry and the food industry [31].

The primary contribution of this research is the demon-
stration that, in the studied industrial setting, a set of generic
features offers superior performance compared to both raw,
unprocessed features and highly specialized, knowledge-
based attributes. Unlike raw or highly specialized features,
generic features achieve a significantly higher classifica-
tion accuracy with much lower computational demands.
This advantage is particularly noteworthy in fault type iden-
tification, where generic features outperform specialized
attributes, which, while effective for general fault detection,
show limited capability in pinpointing specific fault causes.

Furthermore, generic features prove to be more resilient
to noise, maintaining classification performance even in
datasets with random noise contamination, a limitation
observed in raw and specialized features. Another important
contribution is the reduction in dataset size requirements;
classifiers trained with generic features need far fewer
data points, making this approach more practical and cost-
effective for industrial applications.
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Additionally, the research highlights the advantage of
dividing vibration signals into smaller segments, thereby
increasing the number of training examples and improving
classification performance, with an optimal segment length
identified to balance representational accuracy and instance
availability.

Byadvancing theunderstanding andapplicationof generic
features, this study contributes to bridging critical gaps in
HM methodologies. It offers a scalable, efficient, and robust
solution that addresses the key shortcomings of existing
approaches while enabling more effective fault detection and
classification. These contributions mark a significant step
forward in the field, particularly for resource-constrained
industrial systems requiring practical, high-performanceHM
solutions.

The remaining of the paper is organized as follows:
Section 2 describes the engineering application of the research
(a bottling system), their health conditions, the dataset gen-
eration process and the classification algorithm proposed;
Section 3 presents the results obtained by applying three
types of features (raw, specialized and generic); Section 4
discusses these results analyzing the impact of perturbations
on datasets, the number of training instances, the length of
vibration signals and the required computational effort; and,
finally, Section 5 states the main conclusions of the article.

2 Methodology

2.1 The bottling system

A bottling plant for filling beverages is a set of several very
different types of specialized machines and conveyors that
automatically handles the entire process from pallets sup-
plied with boxes containing empty bottles to the final output
of pallets with (clean) boxes and filled and labeled bottles
[32].

The bottling process can be abstracted as a discrete
sequence of operations aimed at transforming raw materi-
als into a finished product ready for distribution. Let S =
s1, s2. · · · , sn represent the set of sequential stages in the
bottling system, where si denotes the i-th process, and n
is the total number of stages. Each stage involves an input
state bi−1, a transformation fi (bi−1), and an output state bi .
Mathematically, the system can be expressed as:

bi = fi (bi−1), i = 1, · · · , n (1)

where b0 is the raw material input and bn represents the final
output, i.e., packaged and palletized bottles. The goal of this
work is to implement a health monitoring system for criti-
cal components C ⊂ S, ensuring operational reliability and
efficiency.

Specifically, the bottling system under investigation con-
sists of the following processes:

1. Input Stage (s1): A conveyor belt delivers raw plastic
preforms (b0) to the system (state b1).

2. Heating Stage (s2): An oven heats the preforms to a tem-
perature sufficient for blow molding, transforming the
preforms into a deformable state b2.

3. Transfer Stage (s3): Gripping pliers transfer the heated
preforms to the blow molding machine (state b3).

4. Blow Molding Stage (s4): The blow molding machine
applies a shaping force to form the final bottle structure
b4.

5. Intermediate Transfer (s5): Gripping pliers transfer the
bottles to the filling machine (state b5).

6. Filling and Capping Stage (s6): The bottles are filled with
a target liquid volume and capped (state b6).

7. Packaging Stage (s7): The bottles are grouped into pack-
ages (state b7).

8. Palletizing Stage (s8): Packages are stacked onto pallets
for distribution, ensuring a spatial arrangement that max-
imizes stability during transport (state b8).

The health monitoring system, indicated in gray in Fig. 3,
focuses on critical stages C = {s3, s4, s5}, particularly
the gripping pliers, which are prone to wear and mechan-
ical failures. These components operate under thermal and
mechanical conditions that are monitored using specialized
sensors. Fig. 3 illustrates the system layout, highlighting
cold parts (blue), hot parts (orange), and health monitor-
ing system integrations (gray). By generalizing the system’s
operations using the above formulations, the methodology
can be adapted to a wide range of bottling processes beyond
the specific implementation described here.

The gripping pliers are embedded in a mechanical system
with several moving parts, where the plier’s position is con-
trolled by a rotating motor linked through a bearing, and the
opening of the plier’s arms is driven by a cam coupled by a
spring. Four gripping pliers, at a 90°angle, are linked to the
rotating motor through a rod (see Fig. 4). The bottles arrive
at a nominal rate of 7200 pieces per hour (120 per minute)
which means that motor rotates at 30 rpm (4 bottles are man-
aged in each revolution). The operation at an increased rate
of 9200 bottles per hour (bph) has also been tested (the motor
rotating at 38.3 rpm).

In this arrangement the most mechanically demanded
elements are the bearings (supporting a continuous high-
speed friction) and the springs (suffering repetitive cycles
of stretching and compression). Additionally, the input grip-
ping pliers (showed in Fig. 5) suffer increased wear and tear
as they operate at slightly higher temperatures than the output
counterparts. Therefore, the focus of this research will be in
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Fig. 3 Bottling system diagram. Cold parts (blue), hot parts (orange), and health monitoring (gray)

those elements. A more detailed description of the bottling
system and the studied elements can be found in [33].

The hypothesis of thiswork is that possible damages in any
of the elements under supervision (bearings or springs), will
yield a different pattern of mechanical vibrations. To explore
this postulate, a single axis accelerometer is attached to the
pliers’ structure measuring de vibrations in the radial direc-
tion (orthogonal to the rotation axis). More complex faults
may necessitate monitoring across multiple axes; however,
these scenarios are beyond the scope of our study. Since the
vibration signals (both healthy and faulty) have a bandwidth
of approximately 5.5 kHz, sensor values are acquired at a rate
of 12.8 kHz. This rate exceeds twice the bandwidth and is
among the sampling options available in the data acquisition
equipment described in [33].

Abottlingmachine, typical of thoseused inbottlingplants,
was tested across 13 experiments conducted over multiple
days under controlled conditions. The machine was evalu-
ated under three health conditions: in four experiments (1 to
4), it operated in a healthy state; in five experiments (5 to 9), a
spring damage (SD) fault was introduced; and in the remain-
ing four experiments (10 to 13), a bearing damage (BD) fault
was induced. Each experiment lasted approximately 3 min-
utes.

2.2 Raw features

Considering each experiment an instance (example) in a
machine learning approach, their number (4 or 5 of each

Fig. 4 Diagram of the mechanical system controlling position and opening of the input gripping pliers. The most mechanically demanded elements
are colored in orange
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Fig. 5 Input gripping pliers of a bottling system

class) are clearly insufficient for a data-driven classification.
Therefore, each experiment is split in 5-seconds segments
which obtains 497 hundred instances (instead of the origi-
nal 13). The number of segments in each class is detailed
in Table 1. The value chosen for the segment duration (five
seconds) is discussed in Section 4.5.

The number of values (features in ML terminology) char-
acterizing each 5-seconds segment is 64000, a figure directly
derived from the 12.8 kHz sampling rate. This is a high
dimensional vector that poses a special challenge for clas-
sifier algorithms.

A graphical representation of the vibration signals is
depicted in Fig. 6, for examples of each health state. This
time-domain representation seems quite confusing and, at a
first glance, no definitive conclusion about the correspond-

Fig. 6 Examples of vibration signals for each health state. Acceleration
units are expressed in terms of g (9.81 m/s2)

ing health state can be easily reached. Then, another set of
features representing vibrations must be explored.

2.3 Specialized features

As the high dimensionality of raw vectors may cause special
complexities to theMLalgorithms, specially is the number of
instances is not too large, alternative features are considered.
In a general case, the deep knowledge of the engineering pro-
cess yielding the vibration signals, can be used to design a
very short set of highly specialized features that summarize
the health state of the system. For the input gripping pliers of
the bottling machine, these summarizing features are derived
from the hypothesis–initially inspired by [33]–that the sys-
tem behaves similarly to a rolling bearing, an assumption
later validated through this research. This approach lever-

Table 1 Experiments and segments for each health state

Health State Experiment Speed (bph) # Segments # Segments (per class)

Healthy 1 7200 31 139

2 7200 38

3 9200 42

4 9200 28

Fault SD (spring damaged) 5 9200 43 213

6 9200 43

7 9200 42

8 7200 42

9 7200 43

Fault BD (bearing damaged) 10 7200 38 145

11 9200 41

12 9200 28

13 7200 38
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Fig. 7 Overview of the process to extract the kurtosis-based specialized feature

ages the extensive body of knowledge on rolling bearings,
which have been widely studied for health monitoring pur-
poses [34]. Specifically, the specialized features proposed
here are primarily based on kurtosis, as defined in [35] and
[17].

The process to obtain these features begins with band-
pass filtering of the vibration signal, followed by envelope
detection and calculation of the statistical kurtosis of the
resulting values. This sequence is repeated across a range
of filters, selecting the filter that produces the highest kurto-
sis as the optimal choice, with this kurtosis value serving as
the feature characterizing the vibration. To provide a clearer
understanding of the workflow and its connection to the
paper’s outcomes, Fig. 7 offers an overview of the process
and references Figs. 8 to 11 to highlight their interrelation.

In more detail, for each vibration segment, defined as a
signal v(t), a band-pass filtered signal r(t) is obtained for a
filter in the frequency range [ fc − bc, fc + b f ], where fc is
the central frequency and bc the semi-bandwidth of the filter.
Then, the envelope e(t) of the filtered signal r(t) is derived.
Since envelope detection of a signal is some sort of demod-
ulation of an Amplitude Modulated signal, the envelope e(t)
is centered at zero-frequency and has bandwidth b f . The
spectrum of the vibration, filtered, and envelope signals are
depicted in the left panel of Fig. 8 for a healthy experiment.
In the right panel, the envelope’s spectra of different health
conditions are compared.

The time-domain representation of the envelope signal is
depicted in Fig. 9 for segments with different health condi-
tions.

Once the envelope signal e(t) has been obtained, its sam-
ples are statistically analyzed and its kurtosis derived using
the following expression,

k( fc, b f ) = 1

N

N∑

i=1

(
ei − μe

σe
)4 (2)

where ei is the value of the i th sample of the e(t), μe and
σe are the mean and standard deviation of the values of e(t),
and N is the total number of samples in the segment. The
probability density functions of the samples of e(t) for dif-
ferent health states are depicted in Fig. 10. They have been
obtained using a kernel density estimation technique.

The value of the kurtosis is a function of the parameters of
the filter, fc and bc. This relationship is drawn as a heat-map
in Fig. 11 for a certain segment.

The kurtosis feature K is defined as the maximum value
of the kurtosis k( fc, b f ), that is,

K = max
fc,bc

k( fc, bc) (3)

For the segment represented in Fig. 11, the maximum
value is K = 174, obtained for an optimum band-pass

Fig. 8 Example of spectra for a vibration signal. Left: Original healthy signal (blue), and the result after filtering (orange), and envelope detection
processes (green). Right: Spectra of the envelope signal corresponding to three different health states
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Fig. 9 Envelope signals for vibrations corresponding to different health
conditions

Fig. 10 Statistical distribution of the samples of the envelope signals,
for vibrations corresponding to different health conditions

Fig. 11 Kurtosis of the envelope of a filtered vibration signal, for differ-
ent values of the filter’s parameters: central frequency fc , and bandwidth
b f

filter centered at f ∗
c = 3936Hz with a semi-bandwidth

b∗
f = 202Hz. When the optimum filter is applied to a seg-

ment, an optimum filtered signal and an envelope signal are
obtained, denoted as r∗(t) and e∗(t) respectively.

From the previous process, a companion feature can also
be obtained, the Root Mean Square (RMS) of the optimum
envelope e∗(t). It can be defined as:

R =
√√√√ 1

N

N∑

i=1

e∗
i
2 (4)

Using this approach, the number of features characterizing
each segment is just two (kurtosis and RMS), which is a very
low dimensional vector, quite convenient forML algorithms.

2.4 Generic features

The specialized features described in the previous section
obtains a very low-dimensional description of the vibrations
but requires a significant extraction process (computation-
ally expensive) and, even more important, a deep knowledge
of the underlying engineering process. In fact, the proposed
features have been derived from the field of rolling bearings,
but do not consider the unknown engineering details of other
faults, such as those concerning the springs.

An alternative, intermediate between raw and specialized
features, is to use a reduced set of generic features which are
not tailored for any known engineering process. In the case of
time signals, they are derived analyzing the vibrations both
in the time-domain and in the frequency-domain. The set of
generic features used in the paper are inspired in those used
for some other authors [36–38].

The process of feature extraction assumes that the vibra-
tion signal v(t) is sampled at a certain rate obtaining a
sequence of N ordered values, where the i th sample is
denoted as vi . Then. in the time-domain, up to 24 features
are defined, as it is described in Table 2.

In this time-domain set of features, T12 resembles the spe-
cialized kurtosis defined in (2) and (3), and T7 looks like a
scaled version of the RMS defined in (4) but they are not the
same, since generic features are obtained from the original
vibration signal while the specialized attributes are derived
from the envelope signal.

Applying the Fast Fourier Transform to a vibration signal,
its power spectrum is obtained in the form of a sequence of
M ordered values, where the j-th element denoted as Vj ,
corresponds to the power of the harmonic component at the
frequency f j . By the Nyquist-Shannon sampling theorem,
the number of values in the power spectrum is one half of
the number of samples, M = N/2. Then, in the frequency-
domain, up to 9 features have been defined, as it is described
in Table 3.
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Table 3 Definition of frequency-domain generic features

F1 Cumulative Power
∑M

i=1 Vj F6 Power Spectrum Deformation
F4
F2

F2 Spectral Centroid

∑M
i=1 f j V j

F1
F7 Spectral Skewness

∑M
j=1 ( f j − F2)3Vj

F1F3
5

F3 Median Frequency fa,
∑a

i=1 = ∑M
i=a+1 Vj =

∑a
i=1 Vj

2
F8 Spectral Kurtosis

∑M
j=1 ( f j − F2)4Vj

F1F4
5

F4 Frequency RMS

√∑M
j=1 f 2j V j

F1
F9 Spectral Crest

max j Vj

1

M
F1

F5 Spectral Spread

√∑M
j=1( f j − F2)2Vj

F1

Using this approach, the number of generic features
characterizing each segment is 33.Thismeans that the dimen-
sionality of the vector describing each vibration segment,
while not low, is certainly quite moderate.

2.5 Designmatrices

The segments of vibrations obtained from the experiments
described in Table 1, can be characterized using three dif-
ferent strategies: raw, specialized, and generic features. So,
the design matrices corresponding to each approach has the
same number of rows (497, one for each 5-seconds length
segment), but different number of columns (features).

To tune the ML model, the rows of the design matrix are
split into 3 groups using a hold-out technique: training (60%,
298 instances), to obtain the parameters of the ML model;
validation (20%, 99 instances), to select the hyperparameters
of the model; and testing (20%, 100 instances), to generalize
the results of the model to data not used in its construction.
The number of rows in each design matrix corresponds to
the count of observations. The number of columns, however,
depends on the feature set used in each scenario: 64,000
columns for raw features (5-second recordings sampled at
12.8 kHz), 2 columns for specialized features (kurtosis and
RMS), and 33 columns for generic features (as outlined in
Tables 2 and 3). The structure of the corresponding design
matrices is summarized in Table 4.

For a given vibration segment, the values of its corre-
sponding features can significantly differ from each other,
leading to a convergence problem in many ML algorithms.
To avoid it, the design matrix is usually normalized by col-
umn before its use for training. In this research a z-score
normalization has been employed. For a design matrix X of
dimension (n × d), the value of the i-th row and j-th column

is normalized using the expression:

Zi, j = Xi, j − μx j

σx j
(5)

where μx j and σx j are the mean and standard deviation of
the values in the j-th column, that is,

μx j = 1

n

n∑

i=1

Xi, j , σx j =
√√√√1

n

n∑

i=1

(Xi, j − μx j )2 (6)

To extend the research tomore demanding scenarios, some
synthetics design matrices are derived from the original ones
by adding some random noise. The value of the i-th row and
j-th column of the noisy synthetic design matrix is obtained
using the expression, W(i, j) = Z(i, j) + G(i, j), where G
is a random gaussian matrix of dimension (n×d), null mean,
and standard deviation σN , also known as noise level.

2.6 Classification algorithm

TheMLalgorithm requires, not only a designmatrix, but also
a target (column) vector, y, of dimension (n × 1), where the
value at the i-th row corresponds to the health state of the i-th

Table 4 Structure of the design matrices

Columns (# of features)
Raw Specialized Generic
64000 2 33

Rows (# of segments) Training 298

Validation 99

Testing 100

Total 497
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vibration segment. As there are only three different values of
the health state (see Table 1) and they are nominal (no order
between them can be established), the ML algorithm must
face a classification problem.

Many classification algorithms have been proposed. As
the purpose of this research is to compare different ways
of describing vibrations and not classification algorithms, a
particular classifier has been selected: the random forest clas-
sifier [39], which canwork in non-linear problems, has a very
limited number of hyperparameters, outperformsmany other
algorithmswhendatasets have a lownumber of instances, and
its predictions can be very well generalized as it contains an
ensemble of underlying decision trees.

The computing tasks in the research have been coded
in Python, while the ML algorithms and, in particular, the
random forest classifier, have been programmed using the
scikit-learn library [40]. The random forest classifier uses
the default options in that library but two of them are used
to tune the model. These two hyperparameters are: the num-
ber of decision trees in the forest; and the maximum depth
of every tree. This later one plays the role of regularization
hyperparameter, avoiding overfitting to training data.

The performance of a certain classification algorithm can
be revealed by the absolute confusion matrix, where the ele-
ment Akq of this matrix represents the number of instances
belonging to the k-th class, that has been classified as belong-
ing to the q-th class. It is also common to represent the
algorithm’s performance in terms of classification ratios by
using the relative confusionmatrix, where the elementCMkq

is obtained as

CMkq = Akq

nk
(7)

being nk the number of instances belonging to the k-th class.
To summarize the confusion matrix in a single value, sev-

eral classification metrics have been proposed. Probably the
most used one is the classification’s accuracy ACC defined
as

ACC = 1

n

C∑

k=1

nkCMkk (8)

where C is the total number of classes. This metric is easy to
understand, has a good behavior under slightly imbalanced
datasets [41] and it is not affected by a change in the order
of the classes [42].

3 Results

3.1 Classification using raw features

As it was described in Section 2.2 and summarized in Table 4,
each vibration segment can be featured using 64000 raw
values. This high-dimensional vectors can be graphically
represented by applying a Principal Component Analysis
(PCA) [43]. This technique rotates the vectors using a linear
transformation that maximize statistical variance in the first
components of the new vectors. Then the transformed vec-
tor is projected onto the plane of the two first components,
obtaining a 2D representation. The result, indicatingwith col-
ors the different health states, is shown in Fig. 12. From this
figure, we should expect a quite good separation of classes
but with some overlaps leading to a few misclassifications.

To select the two hyperparameters of the random forest
classifier several combinations of the number of trees and
their maximum depth have been explored. The classification
accuracy on the validation dataset for these combinations is
depicted in Fig. 13. An ensemble of 75 trees with amaximum
depth of 30 steps between the root node and the leaf node
have been selected as the hyperparameters of the classifier.

After training the model with these hyperparameters, the
classification results obtainedon the testing dataset are shown
as a confusion matrix shown in Fig. 14, with an overall accu-
racy of 83%.

3.2 Classification using specialized features

In the case of using the two specialized features described in
Section 2.3, , kurtosis andRMS, the graphic representation of
the segments in the dataset is straightforward, as it is shown
in Fig. 15. As the range of values for kurtosis is very large,

Fig. 12 Bidimensional representation of the vibration dataset using raw
features and a PCA dimensionality reduction technique
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Fig. 13 Classification accuracy as a function of the values of the hyperparameters: maximum depth of trees (left) and number of tress (right)

they have been represented in logarithmic scale. From this
figure, a very good identification of healthy vibrations should
be expected. In fact, using only the kurtosis feature, most of
the healthy segments are correctly separated. However, the
two types of damages (on bearing and spring) are very over-
lapped, suggesting a difficult separation of these two faulty
classes.

A clearer view of the overlapping of the feature values can
be seen using the probability density function (PDF) of these
values as they are depicted in Fig. 16. By using just kurto-
sis, healthy segments appear very well separated from faulty
ones, but the pdfs of the faulty conditions are significantly
overlapped. On the other hand, RMS values could help to
separate the faulty segments, but a limited success should be
expected as their PDFs are still considerably overlapped.

Fig. 14 Confusionmatrix for the random forest classifierwith segments
defined by raw features

A random forest classifier has been selected and trained
using these specialized features. The best results on the val-
idation datasets have been obtained for the same values of
the hyperparameters indicated in the previous Section. And
the classification results are drawn as a confusion matrix in
Fig. 17, with an overall accuracy of 88%. It can be seen that
healthy segments are successfully identified in a 100% of the
cases, but identifying the type of fault is a much harder task
for this classifier.

3.3 Classification using generic features

Finally, if the vibration segments are defined using the 33
generic features defined in Section 2.4, the dataset can be
graphically represented using PCAas it is depicted in Fig. 18.
A cleaer separation of classes can be observed,which suggest
that classification algorithms should obtain very good results.

Fig. 15 Bidimensional representation of the vibration dataset using
specialized features. Kurtosis values are in logarithmic scale
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Fig. 16 Probability density functions corresponding to the specialized features: kurtosis (left) and RMS (right)

Fig. 17 Confusionmatrix for the random forest classifierwith segments
defined by specialized features

Fig. 18 Bidimensional representation of the vibration dataset using
generic features

The classification results obtained by the random forest
classifier using the generic features are represented in Fig. 19.
A100%success rate havebeenobtained clearly overperform-
ing the other two ways of featuring vibration signals.

4 Discussion

The results described through Section 3 show that, for the
analyzed dataset, the description of vibrations by generic fea-
tures clearly outperforms the other two alternatives: raw or
specialized features.

In this section the impact on performance of four issues
will be discussed: synthetically generated noisy features,
number of training instances, length of vibration segments
and computational effort of each method.

Fig. 19 Confusionmatrix for the random forest classifierwith segments
defined by generic features
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Fig. 20 Confusion matrices for the random forest classifier with segments defined by three types of noisy features (noise level σN = 1): raw (left),
specialized (center) and generic (right)

4.1 Noisy features

To extend the study’s conclusions beyond the original
datasets, a synthetic modification of the design matrices, as
described in Section 2.5, was performed. First, each feature
value was normalized to achieve a mean of zero and a stan-
dard deviation of σ = 1. Gaussian noise with a mean of
zero and a standard deviation of σN was then added. For
σN , classification performance significantly decreased: over-
all accuracy dropped by 26 percentage points (from 83% to
57%) for raw features, 52 percentage points (from 88% to
36%) for specialized features, and 14 percentage points (from
100% to 86%) for generic features.

Confusion matrices for these three types of features are
shown in Fig. 20. It must be noted that a classifier making a
random guess of one out of the three possible classes should
obtain on average an accuracy of 33.3%, a close value to the
result obtained when specialized features are used.

It can be seen that the use of generic features not only
obtains the best accuracy results in the original datasets,
but they are also the most robust features under noise per-

turbations. These results can be extended to different noise
levels showing that accuracy ofmodels using generic features
worsen more slowly than those based on raw or specialized
features, as it is depicted in Fig. 21.

To evaluate the noise robustness of each feature set, we
define the Half-Accuracy Noise Threshold (HANT, σN50 ) as
the noise level that reduces the accuracy by half. For each
line in Fig. 21, which depicts the function acc = (σN ) for
a given feature set, it holds that acc = (σN50) = acc(0)/2.
The values obtained for each feature set are shown in Table 5.
The results indicate that generic features demonstrate greater
resilience to noise compared to specialized features, with raw
features occupying an intermediate position between the two.

4.2 Alternative techniques

As part of the research, various alternative approaches have
been explored, including strategies to address dataset imbal-
ance, the evaluation of different sets of generic features, and
an analysis of the impact of using various classifiers.

Fig. 21 Classification performance as a function of the noise level added to the original dataset: accuracy (left); loss of accuracy (right)
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Table 5 Noise robustness for each feature set

Feature set Half-Accuracy Noise Threshold (σN50 )

Raw 2.12

Specialized 0.45

Generic 3.18

First, to address the slight class imbalance in the dataset,
the Synthetic Minority Over-sampling Technique (SMOTE)
[44] was initially applied to increase the instance count of
each class to match that of the most populated class. How-
ever, as the imbalance was small and SMOTE yielded no
significant improvement, the study proceeded without syn-
thetic instances.

Second, in addition to the generic features listed in
Tables 2 and 3, two additional feature sets were analyzed:
one proposed by Nayana [45], based solely on time-domain
characteristics, and another introduced by Yan [46], which
incorporates statistical metrics from both time and frequency
domains. The results, presented in Fig. 22, show that all
generic feature sets outperform both specialized and raw fea-
tures, with the feature set proposed in this research achieving
the best performance among all.

Finally, additional classifiers were tested, including logis-
tic regression, support vector machines (SVM), and various
configurations of feedforward neural networks. While these
models showed similar accuracy for both specialized and
generic features, the high dimensionality of raw features
presents a significant challenge for classification. As a result,
performance varies noticeably, depending heavily on the
classifier type and its hyperparameters. Among these algo-
rithms, logistic regression had the lowest computational cost,
followed by SVM and random forest with moderate require-
ments,while the neural network configurationswere themost
computationally demanding.

Fig. 22 Accuracy vs. noise level added for other generic feature sets

4.3 Bottling speed

All acquired vibration signals include bottling speed as
associated information.However, this informationwas inten-
tionally excluded as a feature in the design matrices for the
three classification approaches (using raw, specialized, and
generic features). Instead, only features derived from the
vibration signal itself were used. This choice was based on
the observation that bottling speed information is inherently
embedded in the other features. For example, a PCA rep-
resentation of the dataset using raw features, as shown in
Fig. 23, reveals that instances with different bottling speeds
occupy distinct regions, indicating that just two principal
components are sufficient to differentiate the corresponding
bottling speeds.

Classification accuracy under varying noise levels was
also evaluated for the three feature types, both with and
without including bottling speed as a feature. The results,
shown in Fig. 24, indicate that incorporating bottling speed
in the design matrices has a negligible effect on accuracy.
This aligns with expectations, as bottling speed is inherently
embedded in the other features, rendering it non-essential for
accurately identifying the health state.

4.4 Learning curves

As it was described in Section 2, the vibration signal obtained
in each experiment is split in many 5-seconds segments to
increase the number of examples available to train the ML
models. To check if the resulting number of segments are
enough, the corresponding learning curves are depicted in
Fig. 25, where each plot represents the evolution of the clas-
sification accuracy as the number of training examples is
increased.

Fig. 23 Learning curves. The accuracy of the random forest classifier
using different set of features is plotted as a function of the number of
examples used to train the model
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Fig. 24 Classification accuracy as a function of noise level added to
the original dataset, evaluated across different feature types, with and
without bottling speed as an additional feature

It can be concluded that the random forest classifier using
generic features on a dataset with no added noise requires
just 50 examples to achieve the maximum accuracy, while
the use of the specialized features requires about 175, and
the use of raw features do not get the maximum accuracy for
the available training samples (the blue line does not stabi-
lize for the range of available training instances). In the case
of adding a noise level σN = 1, the classifier using generic
features requires 125 instances, that based on specialized fea-
tures needs about 200, while the use of raw features appears
to require more instances that those available in the training
dataset. By performing more experiments and/or increasing
their duration, the classifiers based on raw features would
probably increase its accuracy even over the specialized fea-
tures.

4.5 Length of segments

The number of examples to train the models could be eas-
ily increased by reducing the length of each segment. The
intuition says that a very short segment may not be represen-

tative enough of its health condition and, therefore, classifiers
trained on that segments will show lower performance.

On the other hand, choosing very long segments yields
to a very scarce training dataset which certainly will affect
the classifier performance as it was shown in the previous
Section. Additionally, as the testing dataset will also be very
scarce, the value of the accuracy will have a large variance.

Then, a balance must be sought about the length of the
segments: nor too short under-representative signals, nor too
long but scarce instances. To explore this balance, the classi-
fication accuracy has been computed using different length
of segments. The results are depicted in Fig. 26 for the three
types of features using the original dataset (no noise), and a
perturbed datasets with a noise level of σN = 1. It can be seen
that short segments (leftmost part of the plots) show compar-
atively low accuracy, while long segments (rightmost part of
the plots) also have low accuracy with values very spread
(large variance due to the scarcity of testing instances). A
trade-off can be reached for segments of 5-seconds length,
as it is indicated in the figure, justifying the election made in
Section 2.4.

Splitting signals to increase dataset size is a scalable
methodology suitable for handling very long signals. The
optimal segment length, however, is application-specific and
should be tailored to each case. For example, in [47], the
authorsworkwith one-year-long signals,which they segment
into one-day intervals. From a computational standpoint,
splitting is highly efficient, as feature extraction becomes
less costly with shorter segments. Overall, the computational
impact of splitting is minimal.

4.6 Explaining the Overperformance of Generic
Features

As demonstrated in the results section, the generic features
proposed in this research consistently outperform the special-
ized features, which are primarily based on kurtosis. This
outcome remains consistent even when alternative sets of

Fig. 25 Learning curves. The accuracy of the random forest classifier using different set of features is plotted as a function of the number of
examples used to train the model (for two noise levels)
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Fig. 26 Classification accuracy for different segment lengths. The 5-second length selected for this research is depicted as a red dotted line

generic features are employed, as shown in Section 4.2. Here,
we will delve into the possible reasons behind these findings.

To begin, let’s examine the random forest classifier’s accu-
racy in identifying the health state condition when only a
single feature—either specialized or generic—is used. The
results, shown in Fig. 27, reveal that the carefully crafted
kurtosis-based specialized feature achieves accuracy well
above the mean. However, it performs at a level similar
to several generic features, such as T9, T12, and F2. This
suggests that, for our application, the lengthy design and
time-consuming extraction process of the kurtosis-based
feature does not yield a significant advantage over certain
off-the-shelf generic features.

Next, consider the correlation of the kurtosis-based spe-
cialized feature with other features, as measured by the
absolute value of Pearson’s correlation coefficient. In Fig. 28,
the blue line represents the kurtosis-based feature’s correla-
tion with other features, while the orange line represents the
root mean square (RMS)—a companion specialized feature.
RMS offers a distinct perspective of the vibration signal,
demonstrated by its low correlation with kurtosis, which
can enhance feature diversity. Interestingly, other generic
features also exhibit low correlation with kurtosis while
achieving better performance in single-feature classification

(e.g., T9, F2, and F3), making them potentiallymore valuable
complements to the kurtosis-based specialized feature.

Finally, we explore the cumulative accuracy achieved by
classifiers asmore features are added, using the Forward Fea-
ture Selection (FFS) algorithm [48]. In the first step, T12 is
chosen, as it yields the highest accuracy in Fig. 27. Adding
F4 further improves performance. This process is iteratively
repeated until all features are considered, as shown in Fig. 29
(blue line). For comparison, we also conducted the same
process starting with the kurtosis-based specialized feature,
followed by the remaining features in sequence; this result
is depicted by the orange line. In both cases, accuracy stabi-
lizes around 15 features, suggesting that the superior results
of the generic features are not attributable to any single opti-
mal feature. Instead, they reflect the cumulative contribution
of various features, each providing complementary insights
into the vibration signals.

A hunting analogy illustrates this concept: to catch elusive
prey, a shotgun firing multiple pellets—each with slightly
diverging trajectories—is often more effective than a sin-
gle, high-precision bullet. This analogy underscores the
advantage of using a broad set of generic features over a
limited set of specialized ones, a principle that appears to be
domain-independent. Similar benefits have been observed in

Fig. 27 Classifier accuracy using single features
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Fig. 28 Absolute Pearson’s correlation of kurtosis (blue) and RMS (orange) with other features

industrial applications like battery healthmonitoring [47] and
various other classification contexts [49, 50].

4.7 Computational cost

In previous Sections, the three types of features have been
analyzed from the perspective of their performance, as they
are measured by the classification accuracy. However, the
computing effort required by each method should also be
considered. This effort can be broken down into three cate-
gories: extraction, training, and testing.

The extraction time considers the processes required to
convert a 5 second vibration signal to a vector of raw, spe-
cialized, or generic features. In the case of raw features, no

process is required, as the 64,000 values of the vibration
(sampling rate of 12.8 kHz) already are the raw features.

In the other hand, to extract the specialized features it
is required to filter the signal, to get its envelope and then
compute its kurtosis and RMS values (see Section 2.3). This
process must be repeated for a grid of parameters of the fil-
ter, combining pairs of values for central frequency fc and
bandwidth b f . The specialized features have been extracted
using a grid of 50× 50 pairs of values, which is a very time-
consuming process.

Finally, the extraction of generic features implies making
some calculations on the raw values to obtain the time-
domain features, computing the spectrum of the signal using
a Fast Fourier Transform (FFT), and eventually deriving the

Fig. 29 Classifier accuracy with incremental feature selection using Forward Feature Selection: generic features (blue) vs. kurtosis-based plus
remaining features (orange)
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frequency-domain features from the spectrum values (see
Section 2.4).

Once the design matrix has been constructed, its training
portion is used to obtain the parameters defining the classi-
fier. And finally, the time required to classify the instances in
the testing dataset is analyzed. Usually, longer feature vec-
tors drive to more computing costs on training and testing.
Extraction, training, and testing costs have been measured
using a Python 3 script running in a desktop computer pow-
ered by an Intel�i7-11700 processor at 2.10 GHz, under
a Windows-11 operating system. The resulting computing
times are shown (in logarithmic scale) in Fig. 30

Using raw features means no extraction effort but the cor-
responding longer feature vectors require significant training
and testing times. Alternatively, specialized features demand
veryheavycomputing for extraction (highlydependent on the
grid size used to determine the optimum filter), but they have
the shortest training and testing times due to the low dimen-
sionality of the feature vectors. Finally, generic features are
relatively easy to extract while its use for training and test-
ing demands slightly higher computing resources than the
specialized features.

These results demonstrate that both raw and generic fea-
tures are suitable for real-time environments, as the extraction
and prediction (testing) times are well below the segment
duration (real-time training is not required). However, the
extraction time for specialized features on a high-end lap-
top approaches the segment duration, presenting a significant
challenge for real-time implementation on low-cost edge
devices.

These values can be redrawn to replicate with actual data,
the sketch depicted in Fig. 2. For this purpose, the classifi-
cation effort will be assimilated to the sum of training and
testing computing times.Results are shown inFig. 31.awhere
the specific values are the center of the ellipses corresponding

to each type of feature. Additionally, the computational effort
(the sum of extraction, training, and testing times) associated
to each features type can be compared to the classification
accuracy obtained for that type, as it is depicted in Fig. 31.b.
Rawand specialized features have a similar classificationper-
formance at a comparable computational costs, while generic
features clearly overperforms both of them requiring a much
lower effort.

4.8 Implementation and scalability considerations

The integration of AI-based health monitoring with existing
maintenance workflows in bottling plants presents opportu-
nities to transition from preventive to predictive maintenance
strategies. Unlike traditional preventive maintenance, which
operates on scheduled intervals, predictive maintenance
leverages real-time anomaly detection to address emerging
issues proactively. By identifying subtle signs ofwear ormal-
function in gripping pliers, the proposed AI system allows
maintenance teams to plan interventions more strategically,
aligning with production goals of minimizing unscheduled
downtime and enhancing equipment reliability.

However, deploying this solution at scale involves sev-
eral practical challenges. One of the primary considerations
is the installation and positioning of sensors on all relevant
equipment, which could be logistically demanding and may
necessitate wireless solutions to reduce operational disrup-
tions. Furthermore, the high data throughput required for
real-time monitoring could strain existing network infras-
tructure, especially if additional critical assets are to be
monitored. Approaches such as edge computing or selective
monitoring of high-priority assetsmaymitigate data handling
challenges, facilitating smoother implementation at scale.

Compatibility with existing IT infrastructure is another
critical aspect, as data integration between new AI systems

Fig. 30 Computing times for different processes using raw, specialized, and generic features: feature extraction (left), model training (center), and
classifier testing (right)
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Fig. 31 Summary of computational effort: left (a), trade-off between classification and feature extraction efforts for the actual data of this research;
right (b), classification accuracy and computational effort

and legacy maintenance frameworks can be technically com-
plex. To address this, middleware solutions or APIs designed
for seamless data interoperability can enhance integration,
ensuring that the AI-driven system communicates effec-
tively with established control systems. Additionally, data
security is paramount, as real-time data processing and AI-
driven maintenance introduce cybersecurity vulnerabilities.
Industry-standard security practices, such as data encryp-
tion and role-based access control, are recommended to
safeguard sensitive operational information and maintain
system integrity.

From an operational standpoint, workforce considerations
are essential for successful adoption. Implementing an intu-
itive user interface and providing training for interpreting
AI-driven insights could improve usability for maintenance
technicians unfamiliar with AI systems.Moreover, establish-
ing a feedback loopwith plant operators can further refine the
model, allowing the system to adapt to the specific conditions
and operational rhythms of individual plants.

The long-term implications of deploying this AI health
monitoring system extend to both economic and operational
benefits. By enhancing equipment uptime and reducing reac-
tive maintenance, the system has the potential to yield a
significant return on investment (ROI) over time. Future
research should focus on validating the system’s effective-
ness across various agri-food production environments and
exploring its application to other critical equipment. Studying
the system’s performance under diverse operational condi-
tions would provide a more comprehensive understanding of
its broader industrial applicability and impact.

5 Conclusions

The main finding of this research is that, for the analyzed
industrial application, the use of a set of generic features

clearly overperforms the other two alternatives: either raw
unprocessed features or highly treated over-specialized
knowledge-rooted attributes. Its classification accuracy is
significantly higher while its computational cost is much
lower.

Although specialized features have achieved excellent
results in detecting fault conditions, they gotmediocre results
to identify the type of fault. This problem has been overcome
using generic features that have shown a remarkable perfor-
mance in discriminating the causes of faulty conditions.

Generic features have also shown a more robust behavior
than raw or specialized features in synthetic datasets where
the original design matrices were corrupted by an increasing
level of random noise.

On the other hand, the size of the dataset required for
classifiers using generic features is remarkable smaller than
those needed for specialized or, even more, for raw features.
The size of the dataset available for this research (about 40
minutes of vibration signals) has revealed to be enough for
the two first cases, but insufficient for the raw features case.

The research has also revealed that, splitting the original
vibration signals in smaller segments, increases the num-
ber of training examples, which can help to achieve a better
classification accuracy. An optimal segment length has been
deduced, as too short segments do not properly represent their
health states and too large ones yield few training instances.

To enhance the applicability of our method, future stud-
ies could explore extending this approach to other types
of machinery commonly used in the agri-food industry,
such as conveyors, mixers, or pumps. These machines also
generate vibration signals, and a similar classification frame-
work could potentially improvemaintenance practices across
diverse equipment types.

To further improve dataset size, a logical next step would
be to conduct data collection campaigns acrossmultiple facil-
ities and under varied operational conditions. This would
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enable a more comprehensive dataset that captures a wider
range of potential equipment states and wear patterns. Addi-
tionally, integrating advanced signal processing techniques,
such as wavelet transforms or cepstral analysis, could help
extend generic feature extraction to other domains, improv-
ing the method’s robustness and accuracy.

These steps could contribute to a more generalized, scal-
able AI-driven solution for equipment health monitoring in
the agri-food sector.
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