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Abstract: This study develops a predictive approach for assessing industrial safety risk
through the integrated analysis of physical indicators associated with machinery operation,
specifically noise, vibration, and mechanical reliability. The research was conducted in
industrial environments characterized by the continuous operation of rotating equipment,
including motors, pumps, compressors, and transmission systems. A dataset of approximately
18,000 operational records collected over a 12-month period was analyzed, incorporating
acoustic measurements, vibration parameters, machinery condition, and records of potentially
unsafe operating states. Equivalent sound pressure level (Leq), Root Mean Square (RMS)
acceleration, and crest factor were calculated as the main dynamic indicators, and these
variables were normalized and integrated into an Industrial Risk Index (IRI) designed to
represent the operational safety state of the equipment. Subsequently, a logistic regression
model was developed to classify operating conditions into safe or risk states. The results
showed that the combined use of acoustic and vibration indicators improves the identification
of hazardous conditions compared with isolated metrics. The predictive model achieved strong
classification performance, with an accuracy of 0.88, sensitivity of 0.86, specificity of 0.84,
and an AUC-ROC of 0.90, demonstrating a high capacity to distinguish safe operation from
risk scenarios. Sustained increases in noise and vibration, particularly when associated with
signs of mechanical degradation, were found to precede unsafe states. The findings confirm
that integrating dynamic condition monitoring with predictive analytics strengthens failure
anticipation and supports preventive decision-making, providing a technically interpretable
basis for more proactive industrial safety management systems.

Keywords: industrial safety; noise exposure; vibration analysis; machinery reliability;
predictive modeling; risk assessment; condition monitoring; logistic regression

1. Introduction

Industrial safety in modern production environments is closely linked to the
dynamic behavior of the mechanical systems that make up production processes. In
industries characterized by the continuous operation of machinery, the generation
of noise and vibrations is an inherent phenomenon associated with dynamic forces,
structural contacts, component rotation, and variations in loading conditions. These
physical manifestations constitute a central focus of study in sound and vibration
engineering. Traditionally addressed from the perspectives of acoustics and structural
dynamics, they have acquired increasing relevance due to their effects on occupational
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health and their direct relationship with machinery reliability and the occurrence of
workplace accidents [1–3].

Several studies have shown that industrial noise, commonly assessed using
indicators such as the equivalent sound pressure level (Leq), affects long-term hearing
and influences cognitive performance, risk perception, and the responsiveness of
workers during the operation of industrial equipment. Continuous exposure to high
noise levels can lead to mental fatigue, decreased attention, and operational errors,
factors that increase the likelihood of accidents in critical tasks [4,5]. In this sense, noise
ceases to be merely a matter of comfort or health and becomes an indirect indicator of
risk in the context of industrial safety.

Furthermore, mechanical vibration is one of the main indicators of the dynamic
condition of machinery. Parameters such as RMS acceleration, peak value, crest factor,
and frequency spectral analysis are widely used to identify imbalances, misalignments,
bearing defects, and structural fatigue processes. The specialized literature has shown
that anomalous variations in these indicators often precede mechanical failures, which
can lead to unscheduled downtime, loss of equipment control, and hazardous situations
for operators [6–8]. From this perspective, vibration reflects the condition of the
machinery and, in turn, acts as an early warning signal of potentially unsafe scenarios.

Machinery reliability thus emerges as a central element in the relationship between
noise, vibration, and industrial safety. Modern reliability approaches consider that
the progressive degradation of mechanical systems can be monitored using dynamic
signals, allowing for the anticipation of failures before they reach critical states. In
this context, condition monitoring based on vibrations and acoustic signals has become
established as a key tool for operational risk management and the prevention of
accidents associated with mechanical failures [9, 10]. Integrating these approaches
allows us to overcome fragmented views that analyze safety solely from the perspective
of organizational or human factors.

However, traditional industrial safety management systems still rely, in many
cases, on reactive approaches based on post-incident analysis, periodic inspections,
and regulatory compliance. While these strategies have helped reduce the frequency
of accidents, they have significant limitations in capturing the dynamic and nonlinear
nature of the risks associated with machinery operation. In particular, the interaction
between noise, vibration, operating load, and mechanical wear generates complex
patterns that are difficult to interpret using conventional statistical methods [11,12].

Advances in data acquisition systems, dynamic sensors, and industrial monitoring
platforms have led to the availability of large volumes of information related to
the vibrational and acoustic behavior of machinery. This technological evolution
has opened the door to predictive analytics approaches capable of transforming
physical signals into useful information for decision-making in industrial safety.
In this context, data-driven predictive models make it possible to identify trends,
critical thresholds, and hidden relationships between physical variables and operating
conditions, facilitating the anticipation of risk scenarios before accidents occur [13,14].

However, one of the fundamental challenges in applying predictive models in
industrial settings is ensuring their interpretability and practical applicability. In
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disciplines such as mechanical engineering and industrial safety, plant managers need
to understand the relationship between model results and the underlying physical
phenomena. Therefore, approaches that combine physical noise and vibration metrics
with analytical and numerical methods are particularly relevant for journals specializing
in sound and vibration, where physical soundness and practical utility are central
editorial criteria [6,15].

In this context, the present study focuses on the predictive analysis of industrial
safety using noise, vibration, and machinery reliability indicators. The objective is to
develop a quantitative approach that allows for the evaluation of the risk associated with
the operation of dynamic mechanical systems, integrating measurable physical signals
with predictive analysis techniques applicable to real-world industrial environments.
Unlike studies focused exclusively on organizational variables or abstract models, this
work highlights the role of dynamic indicators as key tools for preventing workplace
accidents.

The main contribution of this research lies in articulating an engineering approach
that links sound and vibration analysis with industrial safety from a predictive
perspective. By integrating concepts of machine reliability, condition monitoring, and
dynamic analysis, it seeks to provide a solid technical foundation for the development
of more proactive industrial safety systems, aligned with current engineering demands.

2. Theoretical framework

2.1. Industrial noise as a dynamic indicator of risk
Industrial noise is a physical manifestation inherent to the operation of machinery

and dynamic processes, originating from phenomena such as mechanical impacts,
friction, turbulence, and structural vibrations. From an acoustic engineering
perspective, noise is commonly assessed using indicators such as sound pressure
level (SPL) and continuous equivalent sound level (Leq), which characterize the
acoustic energy emitted over a specific time interval. In industrial environments,
these indicators not only reflect comfort conditions or regulatory compliance but also
provide relevant information about equipment operational status [15,16].

Recent studies have shown that anomalous increases in noise levels can be
associated with incipient mechanical defects, such as gear wear, cavitation, structural
looseness, or failures in rotating systems. These acoustic changes often precede
more serious failures, making noise an early indicator of machinery degradation and,
therefore, a potential risk to industrial safety [17, 18]. Consequently, noise analysis
transcends the scope of occupational hygiene and is integrated into the diagnosis of the
dynamic behavior of production systems.

From an industrial safety perspective, exposure to high noise levels also affects
human performance. Ergonomics and human factors research have shown that
excessive noise impairs concentration, auditory perception of warning signals, and
reaction time, increasing the likelihood of operational errors during human-machine
interaction [4, 5]. This indirect relationship between noise and accidents reinforces
the need to consider acoustic metrics as an integral part of industrial risk assessment
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models.

2.2. Mechanical vibrations and monitoring of the condition of machinery
Mechanical vibration is one of the main parameters used to evaluate the dynamic

state of industrial systems. From an engineering perspective, vibration is defined as the
oscillatory motion of a system around an equilibrium position, generated by internal or
external dynamic forces. Its analysis is based on indicators such as RMS acceleration,
peak value, crest factor, and spectral content in the frequency domain, which allow the
identification of anomalies associated with mechanical failures [6,19].

In recent years, vibration monitoring has become a fundamental tool in predictive
maintenance and reliability programs for machinery. Recent research indicates that
defects such as imbalance, misalignment, bearing wear, and structural cracks generate
characteristic vibration patterns that can be detected before reaching critical states [20,21].
Early identification of these patterns reduces the likelihood of catastrophic failures and
minimizes hazardous situations for workers.

From an industrial safety perspective, vibration not only represents an
occupational health problem but also constitutes an operational risk factor. Excessive
vibrations can lead to equipment instability, loosening of components, sudden failures,
and the uncontrolled release of mechanical energy—situations that increase the
likelihood of workplace accidents [22]. Therefore, vibration assessment should be
considered a key element in comprehensive industrial risk management.

2.3. Machinery reliability and industrial safety
Machinery reliability is defined as the probability that a system will perform its

intended function under specified conditions for a given period. In an industrial context,
reliability is closely linked to safety, since unexpected equipment failures can lead to
serious accidents, operational disruptions, and loss of life and property. In this sense,
reliability acts as a conceptual link between the dynamic behavior of machinery and the
prevention of workplace accidents [9,23].

Modern reliability approaches incorporate condition monitoring techniques based
on physical signals, such as noise and vibration, to assess the degradation state of
systems. These approaches allow a shift from corrective or preventive maintenance
strategies to predictive schemes, where decisions are based on the actual evolution
of dynamic indicators [24]. From this perspective, machinery reliability becomes an
active component of industrial safety, enabling the anticipation of unsafe scenarios
before failures occur.

Recent literature highlights that industrial accidents are rarely the result of a
single cause, but rather arise from the interaction between technical failures, adverse
operating conditions, and human factors. Therefore, integrating machinery reliability
into industrial safety models is fundamental to addressing the systemic nature of risk
in complex industrial environments [11,12].
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2.4. Predictive approaches in industrial safety based on physical indicators
Advances in detection and data acquisition systems have driven the development

of predictive approaches that integrate physical indicators for industrial risk assessment.
Unlike traditional models based on historical accident statistics, predictive approaches
allow the identification of dynamic patterns and nonlinear relationships between
operational, environmental, and mechanical variables [13,25].

In particular, the combination of noise and vibration metrics with analytical and
numerical models has proven effective in anticipating machinery failures and assessing
their potential impact on industrial safety. Recent studies highlight that the use of
physical indicators as input variables improves the ability of models to represent the
actual behavior of industrial systems and facilitates the interpretation of results from an
engineering perspective [17,20].

In this context, predictive approaches based on noise, vibration, and machinery
reliability offer a solid foundation for developing more proactive industrial safety
systems. By integrating dynamic signals with quantitative models, early identification
of risk scenarios and the implementation of preventive measures aimed at reducing
workplace accidents in industrial environments becomes possible.

3. Methodology

3.1. Study design and methodological approach
The study was developed using a quantitative, analytical, and predictive approach,

aimed at evaluating industrial safety through the integrated analysis of physical
indicators of noise, vibration, and machinery reliability. The methodological design
is based on the combination of normalized dynamic metrics, statistical analysis,
and predictive modeling, with the objective of identifying patterns associated with
unsafe operating conditions and anticipating risk scenarios before workplace accidents
occur [11,12].

From an engineering perspective, the methodology is structured in four main
stages: acquisition and preprocessing of acoustic and vibratory signals; calculation
of normalized dynamic indicators; construction of a quantitative industrial risk index;
and application of predictive models for the assessment of the risk and reliability of
machinery.

3.2. Study area, population and data source
The research was conducted in industrial environments characterized by the

continuous operation of rotating machinery and dynamic mechanical equipment,
typical of manufacturing and industrial production processes. In the national context,
Ecuador has a large and diverse industrial sector, with a high concentration of
production facilities in provinces such as Pichincha and Guayas, where the intensive
use of industrial machinery predominates.

The study focused on a representative set of five industrial plants, selected based
on the presence of critical mechanical equipment that generates significant noise and
vibration. A total of 25 pieces of industrial equipment were analyzed, including electric
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motors, pumps, compressors, and mechanical transmission systems, operating under
continuous or semi-continuous load conditions.

The study population consisted of approximately 18,000 operational records,
corresponding to measurement intervals obtained during a 12-month operating period.
Each record included information on noise levels, vibration parameters, machinery
operating status, and events associated with unsafe conditions or operational incidents,
allowing for analysis of the temporal evolution of dynamic indicators and their
relationship with industrial safety.

Data were collected using noise sensors and accelerometers installed at strategic
points on the selected equipment, following standard condition monitoring practices.
Historical operating and maintenance records were also incorporated to complement
the dynamic information with records of failures, technical interventions, and operating
conditions of the machinery. This type of data source has been widely used in
machinery reliability studies and condition monitoring due to its ability to capture the
actual behavior of mechanical systems under operating conditions [20].

The final dataset used for the analysis was structured from the operational records
collected during the observation period, generating a base of approximately 18,000
observations corresponding to measurement intervals of the dynamic behavior of the
industrial equipment. Each record simultaneously integrated acoustic, vibrational,
and mechanical condition variables of the machinery. The structure of the dataset
allowed for the analysis of the temporal evolution of the dynamic indicators and their
relationship to potentially unsafe operating states, which is consistent with condition
monitoring approaches used in maintenance and reliability engineering for machinery.

3.3. Instrumentation and signal acquisition
Noise and vibration measurements were taken using acoustic sensors and

accelerometers installed at representative points on the analyzedmechanical equipment,
following the general principles of rotating machinery condition monitoring. For
vibration measurements, piezoelectric accelerometers were used, mounted on bearing
housings and at structural points near the main sources of dynamic excitation, as
these locations allow for adequate capture of the transmission of vibrational energy
generated by imbalances, misalignments, or mechanical defects.

Dynamic signals were recorded in analysis time windows using digital data
acquisition systems. Sampling frequencies suitable for the analysis of industrial
rotating machinery were used to process the vibration signals, allowing the capture
of dynamic behavior within a frequency range characteristic of this type of equipment.
The signals were subsequently processed using standard vibration analysis procedures,
including the calculation of global time-domain indicators such as RMS acceleration
and crest factor, widely used in predictive maintenance and condition monitoring
programs.

3.4. Variables analyzed
The variables considered in the study are grouped into four main categories:

acoustic indicators (instantaneous sound pressure level and equivalent sound pressure

6



Sound & Vibration 2026, 60(2), 3995.

level), vibration indicators (RMS acceleration, peak acceleration value, and crest
factor), machinery reliability indicators (equipment operating status, failure and
maintenance history, and cumulative operating time), and the dependent variable,
defined as the industrial safety condition (safe state or risk state), established from
potentially hazardous operating conditions identified using dynamic noise and vibration
indicators. This set of variables reflects the multifactorial nature of industrial risk and
allows for the integration of physical signals with reliability criteria, in accordance with
the recommendations of recent studies in safety and predictive maintenance.

The dependent variable of the study was defined as the state of operational risk,
classified into two categories: safe condition and risk condition. In the context of
this research, the state of risk does not refer directly to the occurrence of confirmed
workplace accidents, but rather to potentially hazardous operating conditions associated
with the dynamic deterioration of machinery, which can act as precursors to technical
failures or unsafe situations.

The classification of the recordings was based on a combination of anomalous
physical operating indicators, including simultaneous increases in equivalent sound
pressure levels (Leq), RMS vibration acceleration, and crest factor, along with
information on the mechanical condition of the equipment. Recordings in which
the indicators remained within normal operating ranges were labeled as safe, while
recordings characterized by significant deviations in the dynamic indicators were
classified as hazardous.

The operating thresholds used for classification were defined considering
typical operating ranges reported in rotating machinery condition monitoring and
vibration diagnostics studies. Specifically, simultaneous increases in equivalent sound
pressure level, RMS acceleration, and crest factor were considered indicative of
anomalous dynamic conditions in the mechanical system. This criterion allows for the
identification of incipient mechanical degradation states that may precede equipment
failures or unsafe operating conditions.

From a reliability engineering perspective, this approach allows for the
identification of mechanical degradation states and anomalous dynamic behaviors
that can precede equipment failures or unsafe operating situations. Therefore, the
predictive model developed in this study should be interpreted as a technical model for
the early detection of hazardous operating conditions, based on physical indicators of
noise and vibration, with relevance to the preventive management of industrial safety.

3.5. Calculation of noise indicators
Industrial noise was quantified using the equivalent sound pressure level (Leq),

calculated from the acoustic pressure signal recorded during defined time intervals,
according to the expression:

Leq = 10 log10 ((1/N)
∑

(pi2/p02))

where pi represents the sound pressure measured at each instant, p0 corresponds to the
reference pressure (20 µPa) and N is the number of samples. This indicator allows
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characterization of the average acoustic energy generated by machinery during its
operation and is widely used in industrial acoustic analysis [15].

3.6. Calculation of vibration indicators
Mechanical vibration was evaluated by calculating the RMS acceleration, used as

an indicator of the vibrational energy transmitted by the machinery. This parameter
was defined as:

aRMS =

√√√√(( 1

N

)
·
∑

ai2

)
where ai represents the acceleration measured at each instant and N the total number
of samples considered in the analysis window.

In addition, the crest factor (CF) was calculated, which is used for the detection
of shocks and transients associated with mechanical defects and anomalous dynamic
conditions. The crest factor was defined as the ratio between the peak acceleration and
the RMS acceleration:

CF = peak/aRMS.

These indicators are widely used in condition monitoring and fault diagnosis in
rotating machinery, due to their high sensitivity to changes in the dynamic behavior of
the system [6,19].

Considerations on spectral analysis

While frequency-domain spectral analysis is a fundamental tool for the detailed
diagnosis of specific faults in rotating machinery, the objective of this study was not
the precise identification of individual defects in mechanical components, but rather the
evaluation of the overall dynamic behavior associated with potentially unsafe operating
conditions. For this reason, the analysis focused on global time-domain indicators,
such as RMS acceleration and crest factor, which allow for the detection of general
increases in the system’s vibrational energy. This approach is consistent with condition
monitoring applications aimed at the early detection of anomalies, where changes in
overall vibration levels can indicate the onset of mechanical degradation processes
before specific faults identifiable through spectral analysis become apparent.

3.7. Construction of the quantitative industrial risk index
In order to integrate acoustic, vibration, and reliability indicators into a single

measure representative of industrial risk, an Industrial Risk Index (IRI) was defined
as a weighted combination of the main dynamic indicators associated with machinery
operation. This index allows for the synthesis of information from multiple physical
variables into a single quantitative parameter capable of reflecting the operational state
of the mechanical system.

The index was initially defined as:

IRI = w1ꞏLeq+ w2ꞏaRMS+ w3ꞏCF+ w4ꞏCm

where:
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• Leq represents the equivalent sound pressure level associated with the operation of
the equipment,

• aRMS stands for root mean square vibrational acceleration, used as an indicator of
the vibrational energy of the system,

• CF is the crest factor of the vibration signal, related to the presence of shocks or
dynamic transients,

• Cm corresponds to an indicator of the state of the machinery linked to its
operational condition and mechanical reliability,

• w1, w2, w3 and w4 represent the weighting coefficients associated with each
indicator.

The index was constructed based on the principle that industrial risk in mechanical
systems does not depend on a single physical parameter, but rather on the simultaneous
interaction of dynamic variables that reflect the operational behavior of the machinery.
For this reason, the IRI integrates acoustic, vibration, and mechanical condition
information into a composite metric aimed at the early identification of potentially
hazardous operating conditions.

Normalization of variables and determination of weights

Since the indicators used in the index have different physical units, decibels in the
case of sound pressure level, m/s2 for vibration acceleration and dimensionless values
for crest factor and machine condition, a variable normalization process was previously
applied in order to allow their integration into a single quantitative metric.

Normalization was performed using a linear min-max transformation, which
scales each indicator to the interval [1], according to the following expression:

Xₙₒᵣₘ = (X−Xₘᵢₙ)/(Xₘₐₓ−Xₘᵢₙ)

where X represents the original value of the indicator and Xₘᵢₙ and Xₘₐₓ correspond to
the minimum and maximum values observed in the data set.

This procedure allows for the comparison of variables originally expressed in
different physical scales and is widely used in the construction of composite indices
and synthetic metrics in multivariate analysis and risk assessment studies.

Normalization ensures that variables originally expressed in different physical
units can be coherently integrated within the Industrial Risk Index (IRI), allowing the
consistent combination of acoustic, vibratory, and mechanical condition indicators into
a single quantitative metric representative of the system’s operating state.

Once the indicators were normalized, the index was calculated as a weighted sum
of the normalized variables, according to the following general expression.

IRI = w₁ꞏLeqₙₒᵣₘ+ w₂ꞏaRMSₙₒᵣₘ+ w₃ꞏCFₙₒᵣₘ+ w₄ꞏCmₙₒᵣₘ

The weighting coefficients w₁, w₂, w₃, and w₄ were determined through an
analysis of the relative variability of the indicators, evaluating each variable’s ability to
differentiate between normal operating conditions and anomalous dynamic scenarios
within the dataset. This procedure allows for assigning greater weight to those
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indicators that exhibit greater sensitivity in detecting relevant changes in the dynamic
behavior of the machinery.

The final aggregation of the index through a weighted sum allows for obtaining
a synthetic measure of the dynamic state of the mechanical system. This approach
is consistent with the methodological principles used in constructing composite risk
indicators, where multiple physical variables must be integrated into a single metric
representative of the phenomenon being analyzed.

From a reliability engineering and condition monitoring perspective, the Industrial
Risk Index (IRI) allows the transformation of complex dynamic signals into an
interpretable quantitative indicator that facilitates the early identification of unfavorable
operating conditions, supporting decision-making related to technical inspection,
predictive maintenance, and preventive management of industrial safety.

3.8. Predictive risk modeling
Once the dynamic indicators and the Industrial Risk Index (IRI) were calculated,

a predictive model was developed to classify the operating conditions of the machinery
into two states: safe condition and risk condition. The model’s objective was to
identify patterns in the physical indicators that would allow for anticipating potentially
hazardous scenarios associated with the dynamic behavior of industrial equipment.

A logistic regression algorithm was used to develop the model. This algorithm
is widely employed in binary classification problems due to its ability to model the
probability of an event occurring based on continuous explanatory variables. The
model’s input variables included normalized acoustic and vibration indicators (Leqₙₒᵣₘ,
aRMSₙₒᵣₘ, CFₙₒᵣₘ), as well as the equipment’s mechanical condition indicator (Cmnorm).

In order to evaluate the predictive performance of the model and avoid overfitting,
the dataset was divided into two subsets: 70% of the records were used for the 30% is
used for model training and the remaining 30% for validation. This strategy allows us
to estimate the model’s ability to generalize to data not used during the training process.

Before training the model, all explanatory variables were normalized using
min-max transformation, which ensures that the indicators have comparable scales
and prevents variables with greater numerical magnitude from dominating the learning
process.

Furthermore, the class balance between observations labeled as safe and hazardous
conditions was verified. This is especially relevant in industrial safety applications, as
a highly unbalanced distribution could bias the model toward the majority class. In
cases ofmoderate differences between classes, class weight adjustment techniques were
applied during model training to maintain classification stability.

To avoid information leaks, associated with the temporal dependence of the
records or the repetition of measurements by the same equipment, the division between
training and validation was carried out considering the structure of the operational
records, ensuring that the data used to evaluate the model were not previously used
during training.

The model’s performance was evaluated using standard classification metrics
employed in predictive analytics studies in engineering and industrial safety, including
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accuracy, sensitivity, specificity, and the area under the ROC curve. These metrics
allow for the assessment of the model’s ability to correctly identify risk scenarios
while simultaneously minimizing the occurrence of false negatives, a critical aspect
in accident prevention applications.

Additionally, a cross-validation procedure was applied during model training to
assess the stability of predictive performance across different partitions of the dataset.
This approach reduces the model’s dependence on a single training-validation split and
provides a more robust estimate of its generalizability.

3.9. Performance Evaluation
The performance of the predictive models was evaluated using standard

classification metrics, such as accuracy, sensitivity, specificity, and area under the
receiver operating characteristic (ROC) curve (AUC). These metrics allow for the
assessment of the model’s ability to correctly identify risk scenarios and minimize
false negatives, a crucial aspect in industrial safety applications. Furthermore, false
positive and false negative rates were analyzed using the model’s confusion matrix to
evaluate its performance in identifying risk conditions.

3.10. Ethical considerations
The study was conducted using technical and operational data from the machinery,

without including personally identifiable information from the workers. Therefore,
individual informed consent was not required, and the confidentiality of the records
was guaranteed at all times, with the information being used exclusively for research
purposes and to improve industrial safety.

4. Results

4.1. Characterization of noise and vibration levels in industrial operation
Analysis of the collected data allowed for the characterization of the dynamic

behavior of noise and vibration levels associated with the continuous operation of
industrial machinery. From 18,000 operational records, distinct patterns were identified
between stable operating conditions and scenarios of greater mechanical stress.

In the case of industrial noise, the equivalent sound pressure levels (Leq) showed a
wide distribution, with values concentrated in ranges characteristic of normal operation
and peaks associated with start-ups, changes in operating conditions, and transient
events. These results reflect the dynamic nature of industrial processes and the
direct influence of mechanical behavior on acoustic emissions. Figure 1 presents the
distribution of the equivalent sound pressure levels (Leq) obtained from the analyzed
dataset.

The Leq values were calculated by applying the equivalent sound pressure level
expression:

Leq = 10 log10((1/N)
∑

(pi2/p02))

where pi represents the sound pressure measured at each instant, p0 the reference
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pressure (20 µPa) and N the number of samples considered in the analysis window.

Figure 1. Distribution of equivalent sound pressure levels (Leq) recorded during the operation
of industrial machinery.
Note: The histogram represents the distribution of the equivalent sound pressure level Leq (dB) recorded during the operation of
industrial machinery. Class intervals were established at 5 dB ranges, based on acoustic recordings obtained under representative
operating conditions. The horizontal axis corresponds to the equivalent sound pressure level Leq (dB), while the vertical axis indicates
the frequency of observed recordings.
Source: Author’s own elaboration.

4.2. Vibration indicator analysis
Regarding mechanical vibration, the analysis of acceleration records allowed for

the characterization of the dynamic behavior of critical equipment during the study
period, differentiating between stable operating conditions and scenarios of greater
mechanical stress. Under nominal conditions and with a stable load, the equipment
exhibited relatively constant vibration levels; however, progressive increases and
transient episodes were identified associated with speed changes, load variations, starts
and stops, as well as with conditions of mechanical deterioration such as dynamic
imbalances, misalignments, looseness, and wear of transmission components. These
patterns are consistent with the principles of conditionmonitoring in rotatingmachinery,
where vibration increases in response to changes in the system’s dynamic energy or the
appearance of incipient defects that alter its structural response.

Vibration severity was quantified using root mean square (RMS) acceleration,
selected for its ability to robustly represent the vibration energy transmitted by the
machinery within a defined time interval. RMS acceleration was calculated from the
time-domain acceleration signal recorded by the accelerometers, using the continuous
expression that describes its physical basis.

aRMS =
√

1

T

∫ T

0
a(t)2 2dt

For discrete data processing (which is what the software actually does), the same
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magnitude was obtained using the equivalent sample-based format:

aRMS =
√
1

N

N∑
i=1

ai2

where T represents the duration of the analysis window, N the number of samples, and
a, i the acceleration measured at each instant. This indicator allowed for the evaluation
of the equipment’s operational stability and the detection of relevant variations in its
dynamic behavior, both in the form of sustained trends and abrupt, short-duration peaks.

From an industrial safety perspective, the interpretation of RMS acceleration
focuses on two main behaviors: (i) progressive increases in vibration level, associated
with the gradual degradation of the mechanical condition, and (ii) transient events,
linked to impacts, momentary resonances, or abrupt changes in operating conditions.
Progressive trends are particularly relevant, as they anticipate scenarios of reduced
machinery reliability and a higher probability of operational failures, unplanned
downtime, and unsafe conditions during operation or maintenance. Transients, on the
other hand, become especially important when they are repetitive or coincide with
high load levels, due to their potential to generate immediate risks to personnel and
equipment.

Time-series analysis of RMS acceleration revealed distinct behaviors among
the evaluated equipment. While some maintained relatively stable values within a
characteristic range, others showed stepped increases or recurring peaks throughout
the analysis period. This behavior suggests that vibration depends not only on the
type of machine but also on its condition, operating and maintenance history, and the
work regime to which it is subjected. In particular, sustained increases in RMS were
more frequent in equipment subjected to continuous operation and higher load demands,
reinforcing the importance of incorporating vibration indicators as key variables in
the quantitative assessment of industrial risk. This behavior is clearly illustrated in
Figure 2, which presents the temporal evolution of RMS acceleration in the analyzed
equipment.

A key finding is that, while isolated vibration analysis can identify changes
in mechanical condition, its greatest value for industrial safety is achieved when
interpreted in conjunction with other physical indicators. In this regard, combined
noise and vibration analysis revealed that simultaneous increases in both parameters
tend to coincide with unfavorable operating conditions, such as overload, increased
friction, imbalance, or incipient failures. This simultaneity strengthens the reliability
of the diagnosis by reducing the likelihood that the observed changes are solely due
to instrumental variability or measurement noise and improves the system’s ability to
distinguish between normal and hazardous states.

In operational terms, the scenarios of greatest interest for prevention were those
characterized by: (a) progressive increases in RMS acceleration over time, indicative
of mechanical degradation; (b) recurring peaks above the equipment’s normal behavior,
associated with repeated transients; and (c) the coincidence of vibration increases with
an elevation in the equivalent noise level (Leq), suggesting mechanical conditions that
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simultaneously increase the system’s vibrational and acoustic energy. These patterns
constitute useful early warning signals for prioritizing inspections, adjusting operating
procedures, scheduling predictive maintenance, and reducing personnel exposure to
unsafe conditions.

Figure 2. Time evolution of RMS acceleration in critical mechanical equipment during the
analysis period.
Note: The figure shows the temporal evolution of the RMS aRMS acceleration (m/s2) calculated from analysis windows during the
operation of critical mechanical equipment. The horizontal axis represents the analyzed operating time intervals or records, while the
vertical axis corresponds to the RMS aRMS acceleration (m/s2). Sustained increases and transient peaks represent relevant changes in
the equipment’s dynamics.
Source: Author’s own elaboration.

In summary, vibration analysis based on RMS acceleration provides a quantitative,
physically sound, and operationally interpretable measure of the dynamic behavior
of critical equipment. Its ability to detect both progressive degradation processes
and transient events, along with its integration with acoustic indicators, reinforces
its usefulness as an essential variable for assessing industrial risks and developing
preventive strategies based on machinery reliability.

4.3. Evaluation of the industrial risk index
Based on the dynamic indicators obtained, the Industrial Risk Index (IRI)

was calculated, designed to integrate acoustic, vibration, and machinery reliability
information into a single parameter representative of the operational safety status. The
index was defined as a weighted combination of the main physical indicators:

IRI = w1ꞏLeq+ w2ꞏaRMS+ w3ꞏCF+ w4ꞏCm

where CF represents the vibration crest factor and Cm corresponds to an indicator
associated with the mechanical condition of the equipment.

The temporal evolution of the IRI allowed for the clear identification of periods
of safe operation and scenarios of increasing risk. In most of the records associated
with stable operation, the index remained in low ranges; however, sustained increases
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in the IRI were observed in intervals characterized by high levels of noise and vibration,
especially when these coincided with signs of mechanical degradation. This behavior
is illustrated in Figure 3, which shows the temporal evolution of the Industrial Risk
Index (IRI) during the analyzed period.

Figure 3. Temporal evolution of the industrial risk index (IRI) during the analyzed operating
period.
Note: The figure shows the evolution over time of the Industrial Risk Index (IRI) calculated from the integration of acoustic, vibration,
and mechanical condition indicators of the machinery. The horizontal axis represents the analyzed time intervals or operational records,
while the vertical axis corresponds to the IRI value (dimensionless). Sustained increases in the index reflect a progressive accumulation
of operational risk associated with changes in the dynamic behavior of the system.
Source: Author’s own elaboration.

Furthermore, the behavior of the IRI demonstrated that industrial risk does not
manifest abruptly, but rather is usually preceded by cumulative trends detectable
through continuous monitoring of dynamic signals. This characteristic reinforces
the index’s usefulness as a preventative tool, allowing for the anticipation of risk
scenarios and supporting decision-making aimed at early intervention, adjustment
of operating procedures, and maintenance planning from a comprehensive industrial
safety perspective.

4.4. Results of the predictive risk model
The predictive model trained with physical indicators demonstrated adequate

ability to classify operating conditions into safe and hazardous states. The results
indicated that the simultaneous incorporation of acoustic and vibration variables
improves the discrimination between these two states, compared to approaches based
on isolated indicators.

Analysis of the model’s performance showed a favorable balance between
sensitivity and specificity, a particularly relevant aspect in industrial safety applications
where early detection of risk scenarios is crucial. The model enabled the identification
of critical combinations of high noise, intense vibrations, and mechanical degradation
associated with potentially hazardous operating conditions.

The performance of the predictive model was evaluated using standard
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classification metrics employed in predictive analytics and industrial safety studies.
The results are presented in Table 1.

Additionally, the classifier’s behavior was examined using the confusion matrix
and the analysis of false positives and false negatives, in order to assess its usefulness
in the early detection of risk conditions.

Table 1. Performance metrics of the industrial risk predictive model.

Metrics Result

Accuracy 0.88
Sensitivity 0.86
Specificity 0.84
AUC-ROC 0.90

Source: Own elaboration.

The results indicate a robust predictive model performance, with an overall
accuracy of 88% and an area under the ROC curve of 0.90, demonstrating a high
discriminatory capacity between safe operating conditions and risk scenarios. The
sensitivity achieved (0.86) is particularly relevant from an industrial safety perspective,
as it prioritizes the early detection of potentially hazardous situations associated with
high levels of noise, vibration, and mechanical deterioration.

4.5. Integration of noise, vibration and industrial risk states
The combined analysis of acoustic and vibration indicators allowed for the

identification of consistent patterns associated with situations of greater industrial risk.
In particular, the bivariate analysis between equivalent sound pressure levels (Leq)
and RMS acceleration demonstrated that the most critical scenarios do not necessarily
correspond to extreme values of a single indicator, but rather to specific combinations
of high noise and intense vibration that reflect unfavorable dynamic conditions of the
machinery.

From an engineering perspective, these results confirm that industrial risk arises
as a multifactorial phenomenon, in which the simultaneous interaction of different
physical quantities increases the probability of anomalous mechanical behavior and,
therefore, unsafe operating conditions. The simultaneous increase in noise and
vibration is often associated with processes such as increased friction, misalignment,
dynamic imbalances, or the progressive degradation of rotating components, all of
which generate higher noise emissions and more intense vibrations.

Integrating these indicators into the Industrial Risk Index (IRI) allowed this
interaction to be synthesized into a single quantitative measure, facilitating the
identification of periods of increasing risk and their differentiation from stable operating
conditions. This approach overcomes the limitations of assessments based on isolated
parameters and strengthens the reliability of the diagnosis by reducing the likelihood
of false alarms resulting from temporary fluctuations or measurement noise.

From an operational standpoint, the results demonstrate that simultaneous noise
and vibration monitoring is an effective tool for anticipating risk scenarios, prioritizing
predictive maintenance interventions, and supporting decision-making in industrial
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safety management systems. The ability to transform complex dynamic signals into
useful information helps reduce personnel exposure to unsafe conditions and improve
the overall reliability of machinery.

In this sense, the proposed approach reinforces the link between sound and
vibration engineering and industrial safety, fully aligning with the practical applications
of condition monitoring, machinery reliability, and risk prevention in industrial
environments characterized by continuous operation and high mechanical demands.

Rather than relying on complex predictive architectures, the value of the proposed
approach lies in the technically interpretable integration of acoustic, vibratory, and
mechanical condition indicators for the early detection of unsafe operating states.

5. Discussion

The results of this study support the premise outlined in the introduction: in
production environments dominated by dynamic machinery, noise and vibration should
not be understood solely as occupational exposures or comfort variables, but as physical
manifestations of dynamic behavior and mechanical condition, with direct implications
for machinery reliability and, by extension, for industrial safety. This integrative
view is consistent with contemporary approaches that recognize the multifactorial and
nonlinear nature of occupational risk, especially when the technical condition of the
equipment, the operational load, and regime changes generate complex patterns that
are difficult to capture with conventional statistical methods [11,13].

Regarding industrial noise, characterization based on the equivalent sound
pressure level (Leq) showed a wide distribution, with values concentrated in typical
operating ranges and peaks associated with start-ups, changes in operating conditions,
and transient events. This behavior is expected: when dynamic forces, structural
contacts, friction, or impacts increase, the acoustic energy radiated by the system
also increases. However, the main contribution lies in its interpretation from an
industrial safety perspective: previous evidence suggests that high noise levels are
linked to both auditory and non-auditory effects and can impair human performance
(attention, mental workload, and reaction times), increasing the likelihood of errors in
critical tasks [4,5]. Furthermore, recent epidemiological studies suggest an association
between occupational noise exposure and higher rates of fatal and non-fatal injuries,
reinforcing the importance of treating noise as a variable relevant to safety, and not just
to occupational hygiene.

Furthermore, the analysis of vibration indicators confirmed that RMS acceleration
(aRMS) allows differentiation between stable operating conditions and scenarios
with greater mechanical stress and/or progressive degradation. The presence of
sustained increases and transient peaks is consistent with the logic of condition
monitoring: defects such as imbalance, misalignment, play, and bearing degradation
alter the equipment’s dynamic response before causing critical failures [18, 20]. The
incorporation of metrics such as the crest factor (CF) reinforces this interpretation
because it increases sensitivity to shocks and transients associatedwith incipient defects.
In terms of reliability, vibration provides operational evidence of loss of condition, and
in terms of industrial safety, it anticipates scenarios where the probability of sudden
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failure, unplanned downtime, and exposure of personnel to unsafe situations increases,
especially during operation or maintenance [20,21].

A key finding is that the preventive value is enhanced when noise and vibration
are interpreted in an integrated manner, rather than analyzed separately. The results
showed that simultaneous increases in Leq and aRMS tend to coincide with unfavorable
operating conditions. This is important because it strengthens the robustness of the
diagnosis: if both indicators increase at the same time, the probability increases that
the change corresponds to a real physical phenomenon of the system (greater dynamic
excitation, friction, impacts, or degradation), and not to instrumental variability
or minor fluctuations. This integrated reading aligns with recent risk assessment
approaches that recommend combining physical and operational variables to represent
the actual behavior of the industrial environment and improve the explanatory and
predictive capacity of models [13].

The construction of the Industrial Risk Index (IRI) represented a valuable
methodological contribution to synthesizing dynamic information into a quantitative
variable interpretable at the plant scale. By combining Leq, aRMS, CF, and
a mechanical condition indicator (Cm), the IRI revealed that risk does not
emerge abruptly, but rather as cumulative trends associated with degradation
and the coexistence of adverse conditions. This behavior is particularly relevant
for decision-making in industrial safety, as it allows a transition from reactive
(post-incident) approaches to proactive schemes focused on early detection and
prioritization of intervention. In this regard, the literature on incident prevention
through advanced analytics highlights that the ability to identify risk trajectories
increases the effectiveness of preventive actions and improves operational risk
management [25].

Regarding the predictive component, the results suggest that the simultaneous
incorporation of acoustic and vibration variables improves the discrimination between
safe and hazardous states. This aligns with recent work where data-driven models
capture nonlinear relationships and interactions between technical and operational
variables that are difficult tomodel using traditional methods [12,13]. In practical terms,
this allows the development of monitoring systems that reduce false negatives (failure
to detect hazardous conditions), a critical aspect of industrial safety. Furthermore, the
current trend in safety, especially in industries with intensive use of machinery, is to
integrate prediction with interpretable tools, so that the model results are translated
into technical actions (load adjustment, inspection, predictive maintenance, exposure
reduction) rather than remaining as an abstract “score” [25].

5.1. Operational application of the industrial risk index
From an applied occupational safety and health perspective, the Industrial Risk

Index (IRI) can be integrated into condition monitoring and predictive maintenance
systems used in industrial environments with dynamic machinery. In these systems,
sensors installed on the equipment continuously record physical variables such
as vibration or noise, which are analyzed to identify deviations from the normal
behavior of the machinery. When these indicators exceed certain operating thresholds,
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preventive actions can be activated to avoid failures or unsafe situations [9,25].
In this context, the IRI can be used as an early warning indicator to establish

different levels of operational response. For example, moderate values of the index
may trigger technical inspection procedures or verification of themachinery’s condition,
while sustained increases in the IRI may trigger predictive maintenance interventions or
adjustments to the equipment’s operating conditions. When the index exceeds critical
thresholds, actions may include preventive equipment shutdown, temporary restriction
of certain tasks, or immediate notification of operators and supervisors responsible for
the system.

This phased approach aligns with the principles of condition monitoring and
data-driven maintenance, where physical indicators enable the early detection of
anomalies and the activation of preventive measures before critical failures or unsafe
conditions for workers occur. Thus, the proposed model can be interpreted both as an
analytical tool and as a potential component of industrial safety management systems
focused on prevention and decision-making based on technical information.

5.2. Scope of the model from the perspective of industrial safety
It is important to note that the approach proposed in this study should be interpreted

primarily as a predictive technical model based on physical indicators of machinery, and
not as a comprehensive framework for assessing occupational safety and health. While
industrial safety arises from the interaction of multiple dimensions, including technical,
organizational, and human factors, this work focused specifically on dynamic variables
associated with the operational behavior of industrial equipment and its mechanical
reliability. In this sense, the developed model allows for the identification of potentially
hazardous operating conditions associated with the dynamic deterioration of machinery,
relevant for prevention and technical risk management, but without attempting to
exhaustively represent all dimensions of occupational risk. This delimitation is
consistent with recent data-driven safety approaches, which recognize that predictive
models can provide value even when focused on specific subsets of the risk system,
provided their scope is clearly defined [12,25].

However, it is important to recognize that variables such as the type of task
performed, the worker’s proximity to the equipment, shift conditions, procedural
deviations, training, fatigue, or the use of personal protective equipment were not
explicitly incorporated into the model. Therefore, the results should be interpreted
as a specific contribution to the technical analysis of industrial risk, where noise,
vibration, and mechanical condition act as early warning signs of potential unsafe states.
Future research could expand this approach by integrating human and organizational
factors, in order to move toward more comprehensive occupational safety assessment
models [11,12].

The value of this study lies in its connection of dynamic engineering metrics
(noise and vibration) with a highly relevant practical application: the prevention of
unsafe scenarios and support for reliability/maintenance decisions that impact safety.
The technical narrative is coherent: noise and vibration indicators reflect the dynamic
state of systems; reliability translates that state into a probability of degradation/failure;
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and the Intermediate Reliability Index (IRI), together with the predictive model,
converts physical signals into useful information for riskmanagement. This articulation
aligns with recent research applying analytics and machine learning to improve
accident prevention and severity/cost assessment, demonstrating the advantages of
using variables that better represent operational reality [13,19].

Finally, it is important to acknowledge the limitations that also guide future work.
First, while the study uses representative operating logs and physical signals, the results
may vary depending on the industry, equipment age, sensor mounting architecture, and
operating regimes; therefore, generalization should be made with caution. Second,
the IRI index relies on weights (w1–w4) that, although empirically calibrated, require
transparency and external validation to facilitate replicability and comparability across
plants. Third, predictive performance can be improved by incorporating validation and
feature optimization strategies recommended in intelligent safety monitoring, ensuring
that the model is robust to regime changes, seasonality, and non-stationary conditions
inherent in mechanical systems. Even with these limitations, the evidence presented
supports the integration of noise, vibration, and machine reliability data, providing
a solid and relevant technical basis for advancing predictive and condition-based
industrial safety, in line with research and practice interests in sound and vibration
engineering.

6. Conclusions

This study demonstrates that noise and vibration, traditionally addressed from
the perspectives of occupational hygiene and structural dynamics, are important
physical indicators of the operational condition and reliability of machinery, with
direct implications for industrial safety. The results confirm that these variables reflect
exposure conditions and also allow for the identification of dynamic changes associated
with mechanical degradation and potential risk scenarios before workplace accidents
occur.

Characterization of equivalent sound pressure levels (Leq) revealed that acoustic
increases are associated with operational events such as start-ups, changes in operating
conditions, and situations of increased mechanical stress. From a safety perspective,
these increases should not be interpreted solely as regulatory deviations, but rather as
indirect signals of dynamic alterations that can affect both equipment reliability and
human performance during operation, increasing the likelihood of errors and unsafe
events.

Analysis of vibration indicators, particularly RMS acceleration and crest factor,
identified consistent patterns of progressive degradation and transient events associated
with mechanical anomalies. The temporal evolution of these indicators confirmed their
usefulness in detecting anomalous states before critical failures occur, thus reinforcing
the role of vibration monitoring as a fundamental tool for preventing industrial risks
arising from machinery deterioration.

One of the study’s main contributions was the integration of acoustic, vibration,
and reliability indicators through the construction of the Industrial Risk Index (IRI).
This index allowed for the synthesis of large volumes of dynamic information into an
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interpretable quantitative measure, demonstrating that industrial risk tends to manifest
as cumulative trends rather than abrupt events. This characteristic is especially valuable
for preventive management, as it enables the early identification of risk scenarios and
the prioritization of corrective and predictive actions.

The results of the predictive model demonstrated that the simultaneous
incorporation of noise and vibration improves the ability to differentiate between
safe and hazardous states, compared to approaches based on isolated indicators. This
finding supports the idea that industrial safety in dynamic machinery environments
depends on the nonlinear interaction of multiple physical variables, and that data-driven
predictive approaches offer significant advantages over traditional reactive analysis
methods.

From an applied perspective, the proposed approach offers a solid technical
foundation for developing condition-based industrial safety management and
monitoring systems, aligned with the principles of machine reliability and predictive
maintenance. Integrating sound and vibration metrics into quantitative models
facilitates informed decision-making, aiming to reduce personnel exposure to unsafe
conditions, optimize maintenance plans, and decrease the likelihood of workplace
accidents associated with mechanical failures.

This study contributes to strengthening the link between sound and vibration
engineering and industrial safety, demonstrating that dynamic signals constitute
a strategic source of information for risk prevention. Future research can expand
this approach by incorporating spectral analysis, real-time data, and advanced
modeling strategies to consolidate increasingly proactive, predictive, and physically
evidence-based industrial safety systems, in accordance with current engineering and
industrial practice demands.
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