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Abstract

In manufacturing enterprises, work safety assessments mostly focus on technical require-
ments and regulatory compliance, whereas the influence of workplace environmental
quality is still not adequately addressed. To bridge this gap, this paper develops a novel
approach to work safety analysis that incorporates both quantitative and qualitative pa-
rameters characterizing the working environment of employees involved in machining
processes. This framework consists of: (1) a description of the workstation, (2) a set of
quantitative and qualitative indicators characterizing the working environment of em-
ployees involved in machining processes, and (3) the Fuzzy Analytic Hierarchy Process
(FAHP) method. Overall, the developed analytical framework consists of eight quantitative
parameters representing workplace environmental values specified in legal regulations,
and eight qualitative parameters reflecting selected aspects of environmental quality and
work comfort. The results of the FAHP analysis revealed that the sense of security in the use
of machinery and equipment and the level of concentration/distraction were identified as
the most significant qualitative factors influencing work safety among employees engaged
in machining processes. Next, the findings of our study enabled the development of a
new method, namely occupational safety index (OSI). Finally our paper introduces the
main challenges and directions: (1) monitor a continuous change as new technologies are
introduced and implemented in machining process, (2) asses and analyse the necessary
competencies to ensure the safe operation of modern technological systems, (3) and incor-
porate the ongoing monitoring and regular updating of work safety assessment results into
the organization’s strategic management framework.

Keywords: work safety; machining process; FAHP; decision analysis

1. Introduction
The dynamic development of industrial technologies and occupational safety systems

reveals a research gap regarding the impact of environmental conditions and human fac-
tors on the level of work safety. In industrial practice, work safety assessment is most
often focused on technical requirements and regulatory compliance, while the influence of
workplace environmental quality and the psychophysical condition of operators remains
insufficiently addressed. At the same time, contemporary production environments are
characterized by high variability in operational parameters, such as noise, temperature, air
quality, and operator workload. These factors may directly affect workers’ concentration,
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fatigue levels, and decision-making abilities, thereby influencing the level of operational
safety. The motivation for undertaking this research is the need to develop an integrated ap-
proach enabling the simultaneous analysis of both quantitative and qualitative parameters
characterizing the working environment of employees involved in machining processes.
The application of a selected multi-criteria decision-making (MCDA) method makes it
possible to account for uncertainty and the subjective nature of expert judgments, thereby
enabling a more realistic assessment of work safety under dynamic industrial conditions.
Applying these methods allow for the simultaneous consideration of diverse technical,
environmental, and human-related factors, as well as the integration of quantitative and
qualitative data within a single safety assessment framework.

A review of the literature highlights the critical importance of safety of employees
involved in machining processes and compliance with safety standards. A key element
is the definition and implementation of safety protocols (e.g., those outlined in AS/NZS
4024.1:2019) [1], which help reduce the risk of machinery-related accidents [2]. Equally
important is the adoption of structured safety management frameworks and ensuring
compliance with established standards (e.g., ISO 12100, ISO 26262) [3,4]. From a regulatory
perspective, one of the fundamental obligations of employers is to provide occupational
health and safety (OHS) training and to carry out risk assessments necessary for identi-
fying potential hazards [5]. Within this context, workplace factors are typically classified
into three main categories: hazardous, harmful, and burdensome (or nuisance) factors.
Values are considered hazardous or harmful to health when they exceed the limits de-
fined by applicable regulations or the maximum permissible exposure levels. In the work
environment, parameters such as temperature, humidity, and dust levels are inherently
variable, and their fluctuations can directly affect employee well-being as well as increase
the risk of health issues with prolonged exposure [6]. Therefore, a recommended direc-
tion is to extend traditional safety approaches by incorporating dynamic management of
environmental conditions.

Real-time monitoring of working conditions, combined with consideration of the
worker’s psychophysical state, followed by an analysis of the environmental impact on
human performance ensure compliance with formal requirements and contribute to a tan-
gible improvement in the protection of employees’ health and safety, as well as the stability
of production processes [7,8]. However, such an approach requires the development of a
comprehensive set of indicators that go beyond those mandated by legal regulations. To
identify the key indicators, it is necessary to apply methods, e.g., selected Multiple Criteria
Decision Analysis (MCDA), which support the decision-making process in establishing
a standardized framework for work safety analysis integrating both quantitative and
qualitative parameters characterizing the working environment of employees involved in
machining processes. Therefore, when considering the role played by work safety analysis
and MCDA, two key research questions were formulated:

RQ1: How can work safety be analysed and assessed based on the characteristics of
the working environment of employees involved in machining processes?

RQ2: How can decision-making aimed at improving work safety be supported through
the analysis of the working environment of employees involved in machining processes?

So, this research is based on a systematic identification and assessment of quantita-
tive and qualitative safety-related criteria, where accidents may result in severe injuries,
fatalities, and operational disruptions [9]. Firstly, the literature review indicates the need to
develop a new approach to work safety analysis due to the necessity of increasing employ-
ees’ awareness of safety when working in environments incorporating new technologies
and of work comfort. Subsequently, a framework was developed consisting of: (1) a descrip-
tion of the workstation, (2) a set of quantitative and qualitative indicators characterizing

https://doi.org/10.3390/su18157974

https://doi.org/10.3390/su18157974


Sustainability 2026, 18, 7974 3 of 25

the working environment of employees involved in machining processes, and (3) the Fuzzy
Analytic Hierarchy Process (FAHP) method. Finally, a study based on expert opinions
was conducted to determine the relative importance of the identified parameters in the
assessment of work safety.

The study contributes to the development of a comprehensive decision-support frame-
work for improving work safety of employees involved in machining processes and sup-
ports the implementation of advanced safety management strategies aligned with the
principles of sustainable and human-centric manufacturing [10].

2. Literature Review
2.1. Work Safety of Employees Involved in Machining Processes

In the European context, work safety assessment is primarily based on the require-
ments of the Framework Directive 89/391/EEC, which establishes general principles for the
prevention of occupational hazards, the protection of workers’ health and safety, and the
obligation to conduct occupational risk assessments. This directive serves as the foundation
for a range of specific directives addressing machinery safety, workplace organization, the
use of personal protective equipment, and the control of exposure to physical, chemical,
and biological hazards. In the field of occupational safety management, the ISO 45001:2018
standard [11] is also widely applied, providing requirements for a systematic approach
to hazard identification, risk assessment, and the continuous improvement of working
conditions. Despite the broad scope of these regulations, work safety assessment remains
focused primarily on technical and organizational aspects, whereas the impact of dynamic
environmental conditions and human factors on operational safety continues to receive
comparatively limited attention. Moreover, the necessity of developing a novel approach
for harmonizing the assessment of occupational and process safety risks, in our case work
safety in machine processes, is emphasized by Stefan and Paltrinieri [12]. Also, Wang
et al. [13] underscored the importance of conducting safety assessments at the organiza-
tional level, highlighting their role in improving overall safety performance. So, based on
the assumption that the level of safety is determined by the interactions among technical,
organizational, environmental, and human factors [14], work safety in machine processes
is analysed in four fundamental dimensions: technical, organisational, environmental, and
human (Figure 1).
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Figure 1. Dimensions of work safety in machine processes.

Work safety in machine processes is based on ISO 12100:2010, which provides princi-
ples for machinery risk assessment and risk reduction, and ISO 45001:2018, which specifies
requirements for occupational health and safety management systems aimed at preventing
workplace injuries and ensuring continuous improvement of safety performance.

The technical aspect should be understood as, among other things, compliance with
standards and regulations (e.g., the Machinery Directive 2006/42/EC), the implementation
of safety systems, the level of automation, as well as the design and inherent safety of ma-
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chinery [15]. It also includes the application of engineering controls, fail-safe mechanisms,
and risk reduction measures integrated into machine construction and operation [16]. In
turn, the organisational aspect encompasses all activities related to the management of work
processes within an organisation, including safety management systems, safety culture,
operational procedures, and employee training in the operation of machines and equip-
ment [17]. It also covers supervision practices, maintenance planning, and the continuous
improvement of safety-related workflows. In practice, both the technical and organisational
dimensions are often developed at a relatively high level, largely due to strong regulatory
frameworks and industry standards that require the implementation of specific safety
solutions. This regulatory pressure, combined with increasing awareness of occupational
risks and the adoption of modern safety management approaches, contributes to the sys-
tematic improvement of both engineering and managerial safety practices in industrial
environments. The environmental aspect refers directly to workplace conditions, including
temperature, humidity levels, noise exposure, and dust concentration [18]. These parame-
ters have a direct impact on employees’ well-being as well as their cognitive and physical
performance. Inadequate environmental conditions increase the risk of fatigue, reduced
concentration, and the development of health-related issues, which in turn significantly
raises the likelihood of human error and occupational accidents [19].

In contrast, the human aspect is primarily related to the competencies, behaviour,
and psychophysical state of workers. It includes factors such as professional experience,
level of training, fatigue, stress, and overall psychological and physiological readiness to
perform tasks in machine-based environments [20]. This dimension is increasingly recog-
nised as critical, as human performance variability remains one of the key determinants
of safety outcomes in complex industrial systems. According to data from EU-OSHA [21],
one-third of workers in the European Union are already exposed to hazards related to
extreme temperatures, adverse weather events, or air pollution, and 31% of employees
express concerns about the impact of environmental hazards on their safety and health at
work. This indicates that environmental factors and human factors constitute significant
risk areas that should be adequately addressed within occupational safety and health man-
agement systems through appropriate risk assessment procedures and the implementation
of technical and organizational control measures.

2.2. MCDA Applications in Work Safety and Ergonomics

Multiple Criteria Decision Analysis (MCDA) methods are widely applied to support
decision-makers in solving complex problems involving the selection of the best alternative
from a set of competing options characterised by multiple, often conflicting qualitative
and quantitative criteria. Due to the inherent complexity of such problems, particularly in
industrial and safety-related systems where data originate from technical, organisational,
environmental, and human domains, MCDA provides a structured and systematic frame-
work for modelling, evaluation, and prioritisation of decision alternatives. MCDA methods
are applied to support decision-making in multi-criteria contexts, where it is necessary
to consider multiple, often conflicting, criteria simultaneously [22]. MCDA methods are
widely applied to support decision-makers in solving complex problems involving the
selection of the best alternative from a set of competing options characterised by multiple,
often conflicting qualitative and quantitative criteria. Due to the inherent complexity of
such problems, particularly in industrial and safe-ty-related systems where data originate
from technical, organisational, environmental, and human domains, MCDA provides a
structured and systematic framework for modelling, evaluation, and prioritisation of deci-
sion alternatives. MCDA methods can generally be divided into two main categories [23].
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• Classical methods are based on the assumption that input data are deterministic and
precisely defined during the evaluation process [24]. This group includes, among
others: the Analytic Hierarchy Process (AHP), the Analytic Network Process (ANP),
the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), VIKOR,
ELECTRE, PROMETHEE, and the Decision-Making Trial and Evaluation Laboratory
(DEMATEL) method [25].

• Fuzzy methods incorporate uncertainty, subjectivity, and imprecision of input data
into the decision-making process [26]. This class of approaches includes, among others:
Fuzzy Analytic Hierarchy Process (FAHP), Fuzzy TOPSIS (FTOPSIS), Fuzzy VIKOR
(FVIKOR), Fuzzy Analytic Network Process (FANP), Fuzzy DEMATEL (FDEMATEL),
as well as the Pythagorean Fuzzy Analytic Hierarchy Process (PFAHP) [27].

To address RQ1, a literature review was conducted on the application of MCDA
methods in the areas of safety, ergonomics, and occupational risk within the industrial
sector (Table 1).

Table 1. Literature review on the application of MCDA in work safety and ergonomics in the
industrial sector.

No. MCDA Methods Approach Application Area References

1 F-TOPSIS PF-AHP

Methodology for quantifying occupational risk
ratings; parameters subjectively assessed by
occupational health and safety experts, with

importance levels assigned accordingly.

A comparative outline for quantifying
risk ratings in occupational health and

safety risk assessment.
[28]

2 F-AHP
F-TOPSIS

Methodology for enhancing Health, Safety and
Environment (HSE) strategies; prioritization

and classification of leading and lagging
indicators.

Prioritizing leading and lagging safety
and health indicators using Fuzzy-AHP

and TOPSIS methods
[29]

3 AHP TOPSIS
Occupational risk assessment in the

manufacturing industry; ranking of identified
hazards by severity and likelihood

Application of AHP and TOPSIS in
occupational risk assessment: a case

study in manufacturing industry
[30]

4 F-AHP Ergonomic assessment of workstations in
industrial environments

Ergonomic risk assessment using Fuzzy
Analytic Hierarchy Process (F-AHP) in

industrial environments
[31]

5 DEMATEL ANP
Analysis of interdependencies between

occupational risk and safety factors using
cause-and-effect mapping

Analyzing occupational safety factors
using Decision-Making Trial and

Evaluation Laboratory (DEMATEL) and
Analytic Network Process (ANP)

methods

[32]

6 VIKOR AHP
Selection of optimal workplace safety

improvement strategies through multi-criteria
ranking

Selection of safety improvement
strategies using AHP and VIKOR

methods
[33]

7 F-TOPSIS Assessment and ranking of hazards in heavy
and process industries under uncertainty

Risk assessment in process industries
using Fuzzy Technique for Order of

Preference by Similarity to Ideal Solution
(F-TOPSIS)

[34]

8 ELECTRE III
Decision support for industrial risk

management using outranking-based
methodology

Application of ELECTRE (Elimination
and Choice Expressing Reality) methods

in industrial risk management
[35]

9 AHP PROMETHEE Multi-criteria ergonomic assessment of
operator comfort and working conditions

Multi-criteria ergonomic assessment
using AHP and Preference Ranking

Organization Method for Enrichment
Evaluation (PROMETHEE)

[36]

10 F-VIKOR
Decision optimization in occupational health
and safety management systems under fuzzy

conditions

Fuzzy VIKOR approach for occupational
health and safety management [37]

Based on the literature review results (Table 1), the main application areas of MCDA
methods in the context of work safety and ergonomics can be identified as follows:
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• Work environment optimisation, where MCDA methods enable the integration of
both measured data and expert judgments, as well as support the selection of optimal
environmental parameters to improve working conditions [38].

• Safety and risk assessment, where MCDA approaches assist in hazard identification,
risk evaluation, and the selection of appropriate preventive and corrective actions [39].

• Ergonomic design, where MCDA methods facilitate the analysis of workload and sup-
port the assessment of comfort, usability, and the fit between workers and workstation
design [40].

• Safety management systems, where MCDA techniques are applied to prioritise key
safety performance indicators and support decision-making in Work safety manage-
ment [41].

Table 1 presents examples of the application of MCDA methods for work safety
assessment, taking into account multiple criteria simultaneously, such as environmental
parameters, workplace ergonomics, human factors, and occupational risk. The reviewed
studies demonstrate that MCDA methods enable the simultaneous evaluation of both
measurable workplace environmental parameters and qualitative factors related to operator
performance and behaviour. Therefore, based on the results of the literature review on
work safety (Section 2.1) and the potential application of MCDA methods (Table 1), a
new approach is proposed, indicating that a comprehensive assessment of work safety in
machining processes requires a multicriteria approach that integrates both quantitative and
qualitative factors within a decision-making model.

3. Materials and Methods
3.1. A Description of the Workstation in Machining Processes

The study was conducted on an experimental workstation designed for the execution
and monitoring of machining processes located in the Institute of Mechanical Engineering
at the University of Zielona Gora, Poland. The workstation is equipped with a computer
numerical control (a DMG Mori CLX 350 CNC) machine tool and a measurement infrastruc-
ture that enables the acquisition and recording of technological and operational parameters
throughout the machining process. An integral component of the workstation is an Internet
of Things (IoT)-based sensor system, which facilitates continuous collection of data related
to machine operation, process performance, and selected environmental conditions. The ac-
quired data are used to analyze process characteristics, assess process stability, and identify
factors influencing the quality of manufactured components. The workstation enables the
analysis of cutting parameters, and the determination of indicators describing the efficiency
and quality of technological operations. The collected information provides a basis for
evaluating process performance and supports activities aimed at process optimization and
continuous improvement. The operator is responsible for the following tasks:

• preparing the workstation for the machining process, including the setup and posi-
tioning of the workpiece, selection and inspection of cutting tools, as well as initiating
and supervising the machining operations,

• monitoring the proper functioning of the machine tool, responded to any deviations
from the pre-scribed process parameters, and performed quality control of the manu-
factured com-ponents.

This description of the workstation serves as the industrial context for the application
of the proposed framework. Its purpose is to provide the necessary background and opera-
tional conditions required to demonstrate the practical implementation and evaluation of
the methodology in a real industrial environment.

https://doi.org/10.3390/su18157974

https://doi.org/10.3390/su18157974


Sustainability 2026, 18, 7974 7 of 25

3.2. Defining Qualitative and Quantitative Parameters Describing the Environment of Workers
Performing a Machining Process

Answering the first RQ, we found the key workplace environmental parameters de-
fined in relevant work safety and health regulations and international guidelines (Table 2).
The listed indicators describe the physical and chemical conditions of the working envi-
ronment that directly influence human performance, comfort, and safety in machining
processes. The eight quantitative indicators (Table 2) were not selected arbitrarily: each one
is anchored to a specific regulatory or normative source already cited in the manuscript—
e.g., national labour regulations for temperature [39] for relative humidity, WHO indoor
air quality guidelines for CO2, PM2.5 and PM10. Two additional parameters considered
in earlier stages of indicator screening (PM1 and PM4, see the note under Table 2) were
excluded specifically because no recommended/limit values exist for them in the appli-
cable standards, which made them unsuitable for the quantitative, regulation-anchored
part of the framework. Next, Table 3 presents qualitative indicators describing subjec-
tive human-related factors associated with occupational safety, including mental comfort,
fatigue, concentration, emotional well-being, and perceived safety during machine op-
eration. These factors (Table 3) are selected firstly based on the analysis of literature
and occupational safety standards (ISO 45001:2018, ISO 6385:2016, PN-N-18002:2011, EU-
OSHA) [42–45]. Secondly, indicators were selected according to inclusion criteria: (1) direct
influence on operator safety, cognitive performance, or decision-making during machine
operation; (2) relevance to machining processes; (3) the assumption that an increase in
the indicator level increases the likelihood of human error occurrence or occupational
accidents. Due to the subjective and difficult-to-measure nature of these variables, a five-
point assessment scale was adopted, ranging from Level I (very favorable conditions) to
Level V (very unfavorable conditions). The application of a five-level scale was considered
appropriate because it enables a sufficiently detailed differentiation of expert and employee
assessments while maintaining clarity and interpretability of results. Furthermore, the
adopted approach is consistent with occupational risk assessment methodologies com-
monly applied in Poland and corresponds to the principles of risk estimation described in
the Polish Standard PN-N-18002:2011 “Occupational safety management systems—General
guidelines for occupational risk assessment”. The interpretation of the rating levels was
standardized across all indicators, with each successive level reflecting an increasing de-
gree of mental workload, reduced work capacity, and higher occupational risk. Next, the
adopted five-point scale enables the transformation of qualitative expert judgments into
linguistic variables that can subsequently be represented using fuzzy numbers within the
FAHP framework.

As a result, subjective perceptions related to psychological load, stress, fatigue, and
workplace comfort can be systematically incorporated into the multi-criteria decision-
making model alongside measurable environmental and operational parameters.

The factors presented in Table 3 relate to the psychophysical functioning of the op-
erator, as the literature indicates that work safety in machine-based processes depends
not only on technical parameters but also on cognitive abilities, mental workload, and
the employee’s emotional state. The selected indicators cover areas that directly affect
human reliability during the performance of operational tasks. Indicators associated with
concentration, fatigue, and task preparedness were included in the model because these
factors directly influence the operator’s reaction time, decision-making ability, and the
likelihood of human errors during machine operation. In addition, indicators related
to psychological comfort, emotional well-being, and perceived safety were considered,
as prolonged mental strain and stress may reduce cognitive performance and increase
operational risk. Furthermore, work and workspace comfort, as well as the availability
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of organizational support, were incorporated into the analysis because ergonomic and
organizational factors affect employee workload, task performance quality, and the stability
of work processes. The selected indicators therefore enable a comprehensive assessment of
work safety from the perspective of human factors, which are increasingly recognized as
one of the key elements in reducing occupational risk in modern industrial environments.

Table 2. Workplace environmental parameter values defined in legal regulations.

No. Indicator Abbreviation Unit Recommended Value Source

1 Temperature
(light work) T ◦C 18–26 National labour regulations

2 Relative humidity RH % 40–60 PN-EN ISO 7730 [46]

3 Absolute humidity AH g/m3 — —

4 Noise exposure — dB(A) 85 (daily exposure limit) Directive 2003/10/EC

5 Carbon dioxide
concentration CO2 ppm <1000 WHO indoor air quality

guidelines

6 Illuminance — lx 300–1000 PN-EN 12464-1 [47]

7 Particulate matter
(PM2.5) PM2.5 µg/m3 15 (24 h WHO guideline) WHO Air Quality

Guidelines (2021)

8 Particulate matter
(PM10) PM10 µg/m3 45 (24 h WHO guideline) WHO Air Quality

Guidelines (2021)

Comments: indicators are limited to the area of machine work. The PM_1 and PM_4 parameters are not included due to
the lack of recommended values. The WHO indicates indicative values that an organization can adopt as limit values.

Table 3. Selected values of environmental quality parameters and work comfort.

No. Indicator
(Abbreviation)

Indicator
Description

Range

I II III IV V

1 Mental comfort (MC)

Subjective feeling of
pressure related to work

pace, workload, and
deadlines

No pressure; full
psychological

comfort

Slight pressure
occasionally
experienced

Moderate and
noticeable

pressure affecting
comfort

High pressure
causing stress

and discomfort

Very high pressure
causing severe
psychological

discomfort and
tension

2
Preparation/

competence for
entrusted tasks (P/C)

Subjective perception of
preparedness,

competence, and
confidence in task

execution

Fully prepared
and confident in
all assigned tasks

Mostly prepared
with only minor

uncertainties

Moderate
confidence;

occasional need
for assistance or

clarification

Low confidence
and noticeable

difficulties in task
execution

Very low
competence

perception; inability
to perform tasks
independently

3
Sense of security in

the use of machinery
and equipment (SoS)

Emotional tension and
perceived safety related
to operating machinery

and equipment

Complete sense
of safety and

control

Minor concerns
but generally
safe feeling

Moderate sense
of risk and

occasional stress

High level of
stress and

insecurity during
operation

Very high fear and
lack of safety when

operating
machinery

4
Subjective

tiredness/drowsiness
(T/D)

Self-assessment of
physical and mental
fatigue during work

Fully alert and
rested

Slight fatigue
with no impact

on work

Moderate
tiredness

affecting comfort
and efficiency

High fatigue
causing reduced
performance and

attention

Extreme fatigue or
drowsiness
significantly

impairing work
ability

5
Level of concentra-

tion/distraction
(C/D)

Ability to maintain
attention and focus on

work tasks

Full
concentration

and focus
maintained

Minor
distractions with
negligible impact

Moderate
distraction

affecting task
continuity

Frequent loss of
concentration
and reduced

attention

Very low
concentration with

inability to
maintain focus

6 Emotional well-being
(EW-B)

Overall emotional state,
mood, interpersonal
relations, and work

atmosphere

Very positive
mood and
supportive
atmosphere

Generally
positive

emotional state

Neutral
emotional

condition with
occasional

tension

Negative
emotional state

and frequent
stress

Very poor
emotional

well-being and
strong negative

emotions

7 Comfort of work and
space (CoWaS)

Assessment of
workplace ergonomics,

spatial arrangement,
and workstation comfort

Very comfortable
and ergonomic

workspace

Mostly
comfortable with

minor
inconveniences

Moderate
comfort with

noticeable
ergonomic
limitations

Uncomfortable
workspace

affecting task
performance

Very poor
ergonomic

conditions causing
discomfort and

difficulty

8 Availability of
support (AoS)

Availability of
organisational, technical,

and interpersonal
support during work

Immediate and
comprehensive

support available

Support
generally

available when
needed

Limited support
causing

occasional
difficulties

Insufficient
support in many
work situations

Lack of support
significantly

hindering work
performance
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3.3. Fuzzy Analytic Hierarchy Process (FAHP)

Among MCDA techniques, the AHP, introduced by Saaty, is one of the most widely
used methods for deriving criteria weights through structured pairwise comparisons [48].
AHP has been success fully applied in numerous domains, including risk assessment,
environmental management, infrastructure planning, and engineering decision problems,
often in combination with Geographic Information Systems (GIS) and other optimisation
tools. However, despite its broad applicability, classical AHP operates under the assump-
tion of precise numerical judgments (typically using a fixed 1–9 scale), which limits its
ability to explicitly capture uncertainty, vagueness, and subjectivity inherent in expert
evaluations [49].

To overcome these limitations, the FAHP was developed by integrating AHP with
fuzzy set theory [50]. FAHP extends the classical framework by allowing decision-makers
to express pairwise comparisons using fuzzy numbers and linguistic variables instead of
crisp values. This enables a more realistic representation of human reasoning in situations
where judgments are imprecise or uncertain. As a result, FAHP improves the robustness of
weight estimation by explicitly modelling uncertainty in expert assessments and allowing
aggregation of group expert opinions, as well as analysis of variability in derived criteria
weights. In FAHP-based approaches, uncertainty is not treated as a limitation but as an
intrinsic characteristic of the decision problem. The method also supports the assessment
of consistency in expert judgments and can be combined with simulation techniques, such
as Monte Carlo analysis, to evaluate the stability of results under small perturbations of
input data. Consequently, FAHP has been widely applied in complex decision environ-
ments, including facility location selection, environmental risk assessment, machine tool
evaluation, landfill site selection, and infrastructure and energy systems planning.

The FAHP method employs a linguistic scale and triangular fuzzy numbers to repre-
sent the uncertainty and ambiguity inherent in expert judgments [51]. Linguistic scale and
triangular fuzzy numbers applied in the FAHP analysis presents Table 4.

Table 4. Linguistic scale and triangular fuzzy numbers applied in the FAHP analysis.

Linguistic Assessment Saaty Scale
Equivalent

Triangular Fuzzy
Number (TFN)

Interpretation in Occupational Safety
Assessment

Equal importance 1 (1, 1, 1) Both indicators have the same influence on
occupational safety and ergonomic conditions

Weak importance 2 (1, 2, 3) One indicator is slightly more important than
another in the assessment of work safety

Moderate importance 3 (2, 3, 4) One indicator has a noticeable influence on
safety performance compared to another

Moderate to strong
importance 4 (3, 4, 5) The importance of one indicator is clearly

higher and regularly affects occupational risk

Strong importance 5 (4, 5, 6) One indicator strongly influences work safety
and operational reliability

Strong to very strong
importance 6 (5, 6, 7) The indicator has a dominant role in shaping

workplace safety conditions

Very strong importance 7 (6, 7, 8) One criterion is considered critically
important compared to another

Very strong to extreme
importance 8 (7, 8, 9) The indicator almost completely dominates

the comparative assessment

Extreme importance 9 (8, 9, 9) One indicator is absolutely more important in
occupational safety evaluation
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Based on the review of MCDA methods, it was concluded that the FAHP method
would be used to build the assumed methodology of risk assessment in machine processes.
The fuzzy method was considered to be a good method due to the subjective nature of
the data, which requires expert evaluation. The use of the FAHP method through the use
of fuzzy logic is the preferred method for gradual evaluation of values instead of a strict
comparison of values, e.g., true/false [52]. As indicated by the literature, FAHP permits
decision-makers to express their opinions in a more natural and intuitive way [53]. In the
case of the developed set of qualitative indicators presented in Table 3, where there are
terms such as “medium comfort”, the FAHP method allows for formal modelling of such a
determination, thus indicating its better fit in the proposed approach than in the case of the
AHP method. In addition, the FAHP method makes it possible to build a system based on
the aggregation of quantitative and qualitative data, taking into account the uncertainty and
opinion of experts, which is particularly important in a dynamic industrial environment.

Finally, we propose the new approach to analyse the work safety that incorporates
both quantitative and qualitative parameters characterizing the working environment of
employees involved in machining processes (Figure 2).

 

Figure 2. Proposed approach for Work Safety Assessment in Machine Processes using FAHP.
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4. Research Results
4.1. FAHP Analysis

Answering RQ2, the FAHP analysis was performed using pairwise comparison ma-
trices developed by five experts representing both industrial and academic environments.
Expert judgments were expressed using linguistic variables corresponding to triangular
fuzzy numbers (TFNs), as presented in Table 4. The adopted linguistic scale enabled experts
to formulate assessments under conditions of uncertainty, subjectivity, and incomplete
information, which is particularly relevant in the evaluation of qualitative occupational
safety indicators in machining environments. The selection of experts was based on their
professional experience and competencies in occupational safety, ergonomics, and indus-
trial risk assessment. The panel included five specialists with extensive backgrounds in
both industrial practice and academic research. Expert 1 represents an industrial occu-
pational safety specialist with 10 years of professional experience in occupational health
and safety (OHS). He works as an external OHS consultant for companies operating in
various industrial and service sectors. His responsibilities include the development and
implementation of occupational safety management systems, conducting occupational
risk assessments, and ensuring compliance with safety regulations. He holds a higher
education degree in occupational health and safety and has extensive experience in hazard
identification, workplace environmental assessment, and the organization of safe work
systems. Expert 2 is an occupational safety practitioner with extensive experience in manu-
facturing environments. His expertise includes occupational risk assessment, analysis of
workplace environmental conditions, and the implementation of safety improvements in
machine-based processes. He has participated in safety audits, near-miss event analysis,
and the continuous monitoring of environmental factors influencing operator safety and er-
gonomics. Expert 3 represents the academic community. He has been an academic lecturer
for more than 15 years, specializing in occupational health and safety (OHS), with particular
expertise in the technical safety of machinery and equipment. His teaching and research
activities focus on machine safety, risk assessment methodologies, safety management
systems, and compliance with occupational safety regulations. He has extensive experience
in educating future OHS professionals, supervising research projects, and participating in
scientific studies related to workplace safety and accident prevention. Expert 4 is also an
active academic lecturer with many years of experience in teaching occupational health
and safety. Expert 5 is an occupational health and safety (OHS) specialist with five years of
professional experience in the industrial sector. He has practical experience in applying
OHS management principles in manufacturing environments and promoting a proactive
safety culture within organizations. The participation of expert practitioners in the devel-
opment of the proposed approach is in line with recommendations [54] emphasizing that
the development of procedures should be undertaken in close cooperation with artisans
and supervisors.

The general structure of the FAHP pairwise comparison matrix for qualitative occu-
pational safety indicators is presented in Table A1. To verify the reliability of the expert
judgments, a consistency analysis was performed following the classical Analytic Hierarchy
Process (AHP) procedure proposed by Saaty. Since pairwise comparisons were initially
expressed using triangular fuzzy numbers (TFNs), the consistency analysis was conducted
on the defuzzified comparison matrices. A consistency test was chosen, which is commonly
used in studies using the FAHP method [55–58].
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Step I. Construction of the fuzzy pairwise comparison matrix.
The experts evaluated the relative importance of the criteria using linguistic vari-

ables represented by triangular fuzzy numbers (TFNs). Consequently, the fuzzy pairwise
comparison matrix was defined as:

∼
A =


(1, 1, 1)

∼
a12

∼
a1n

∼
a21 (1, 1, 1)

∼
a2n

...
. . .

...
∼

an1
∼

an2 (1, 1, 1)

 (1)

where:
∼
aij = (l, m, u).

is a triangular fuzzy number describing the relative importance of criterion i over criterion
j, while the reciprocal comparisons satisfy:

∼
aij =

(
1

uij
,

1
mij

,
1
lij

)
(2)

Step II. Defuzzification of the fuzzy matrix.
The consistency analysis cannot be performed directly on fuzzy values. Therefore,

each triangular fuzzy number was converted into a crisp value using the Centre of Gravity
(COG) method:

aij =
lij + mij + uij

3
(3)

As a result, the fuzzy comparison matrix was transformed into the crisp matrix:

A =
[
aij
]

(4)

which was subsequently used for consistency verification.
Step III. Determination of the priority vector and the maximum eigenvalue.
The normalized priority vector was determined by solving the eigenvalue problem

Aw = λmaxw (5)

Step IV. Consistency Index.
The Consistency Index (CI) was determined from:

CI =
λmax − n

n − 1
(6)

where n—the number of criteria (6).
Step V. Consistency Ratio.
The Consistency Ratio (CR) was calculated according to:

CR =
CI
RI

(7)

where RI—denotes Saaty’s Random Index (7).
In our research, the RI for the 8 criteria is 1.41.
The consistency of expert judgments was evaluated according to the following criterion:

• CR < 0.10—the pairwise comparison matrix is considered consistent;
• CR ≥ 0.10—the expert judgments should be revised.
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The consistency analysis was carried out for the judgments provided by all five experts.
The obtained values are presented in Table 5.

Table 5. Consistency of expert assessment.

Expert λmax CI CR Decision

1 8.234 0.033 0.024 Consistent
2 8.611 0.087 0.062 Consistent
3 8.206 0.029 0.021 Consistent
4 8.450 0.064 0.046 Consistent
5 8.206 0.029 0.021 Consistent

Since all obtained CR values were below the threshold of 0.10, the expert judgments
were considered sufficiently consistent and suitable for further FAHP calculations. Al-
though all five expert matrices satisfied the CR < 0.10 consistency criterion, some variation
in judgment consistency and emphasis can be observed. Expert 2 (CR = 0.062) and Expert 4
(CR = 0.046) exhibited comparatively less consistent judgments than Experts 1, 3, and 5
(CR ≈ 0.02–0.03), reflecting a wider spread in the relative weights they assigned to C/D
and Sense of Safety (SoS) compared to the other criteria. Nevertheless, all five experts—
irrespective of their industrial or academic background—consistently ranked C/D and SoS
among the two most important qualitative indicators, while AoS was consistently rated as
the least influential.

Table 6 presents the results based on Equations (8) and (9) [59].

∼
aij =

(
K

∏
k=1

l(k)ij

)1/K

,

(
K

∏
k=1

lm(k)
ij

)1/K

,

(
K

∏
k=1

u(k)
ij

)1/K

(8)

aij=
lij + mij + uij

3
(9)

where:
∼
a ij—aggregated triangular fuzzy number representing the pairwise comparison between
criteria i and j;
aij—defuzzified value of the aggregated triangular fuzzy number;
i, j—indices of the compared criteria;
K—total number of experts participating in the evaluation;

l(k)ij , m(k)
ij , u(k)

ij —lower, modal, and upper values of the triangular fuzzy number assigned by
expert k for the comparison of criteria i and j, where k = 1, . . . , K;
∏—product operator;
1/K—exponent corresponding to the geometric mean used to aggregate expert judgments.

Table 6. The aggregated pairwise comparison matrix.

Criteria MC P/C SoS T/D C/D EW-B CoWaS AoS

MC 1.587 0.933 0.362 0.707 0.313 1.000 1.129 1.316
P/C 2.756 1.000 0.631 1.168 0.686 1.000 1.587 2.419
SoS 3.659 1.587 1.000 2.000 1.000 1.587 2.080 2.782
T/D 1.587 0.857 0.500 1.000 0.588 0.812 1.147 1.290
C/D 3.659 1.587 1.000 1.698 1.000 1.587 2.340 2.782
EW-B 1.587 1.000 0.631 1.147 0.631 1.000 1.587 2.080

CoWaS 0.933 0.631 0.481 0.707 0.480 0.631 1.000 1.587
AoS 0.631 0.414 0.302 0.631 0.362 0.481 0.631 1.000
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Although Equations (1) and (2) are formulated in their classical form for the pairwise
aggregation of two expert judgments, in the present study they were applied iteratively to
aggregate the assessments of all five participating experts: for each pairwise comparison,
the corresponding fifth root of the product of the five expert-specific triangular fuzzy
numbers was calculated, generalizing the square-root geometric mean shown below to
n = 5 experts.

The evaluation made it possible to identify priority quality indicators (Table 7).

Table 7. Ranking of quality indicators based on expert assessment.

Ranking Position Indicator Priority Weight

1 SoS 0.2024
2 C/D 0.2007
3 P/C 0.1391
4 EW-B 0.1258
5 T/D 0.1029
6 MC 0.0907
7 CoWaS 0.0767
8 AoS 0.0616

The aggregated pairwise comparison matrix (Table 6) was derived using the geometric
mean of judgments provided by five experts representing industrial and academic envi-
ronments. This approach enabled the integration of diverse perspectives on work safety
determinants in machining processes, ensuring that both operational and research-oriented
viewpoints were reflected in the final evaluation. The results of the aggregation indicate
a clear differentiation in the perceived importance of the analysed criteria. Among all
evaluated dimensions, safety-related and cognitive performance factors exhibit the highest
relative importance, particularly the criterion sense of security in the use of machinery and
equipment (SoS) and Level of concentration/distraction (C/D). These indicators consis-
tently received high comparative values across expert groups, reflecting their critical role
in ensuring safe machine operation. In the aggregated matrix, SoS demonstrates strong
dominance over most criteria (e.g., MC = 3.659; EW-B = 1.587), while C/D also maintains
consistently high values (e.g., against MC = 3.659; CoWaS = 2.340), confirming its central
position in the decision structure. Environmental and organisational factors, represented by
MC, EW-B, and CoWaS, exhibit moderate importance. Their values in the aggregated ma-
trix remain close to unity in several comparisons, indicating a balanced but not dominant
influence on overall work safety. This suggests that, while regulatory and technical aspects
of machine operation are well established in industrial practice, their marginal contribution
to variability in safety perception is lower compared to human-related factor. In contrast,
the lowest relative importance is observed for AoS, which consistently shows lower com-
parative values across the matrix (e.g., MC = 0.631; C/D = 0.362). This indicates that, within
the expert judgment structure, organisational support mechanisms were perceived as less
influential in determining immediate safety outcomes in machining processes compared to
cognitive and environmental stressors.

The C/D indicator reflects an operator’s ability to maintain sustained attention on
task-related activities while resisting both internal and external stimuli that may interfere
with safe and effective machine operation. The obtained results are consistent with both
expert opinions and findings reported in the literature, which identify sustained atten-
tion and vigilance as key determinants of human reliability in industrial environments.
Empirical studies have shown that attentional failures are among the leading causes of
workplace accidents and safety incidents, whereas the ability to maintain continuous focus
is essential for safe and stable operation in complex and dynamic work systems [60,61]. In
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machining processes, the operator functions as a real-time supervisor of the technological
process and is required to respond to unexpected events such as equipment malfunctions,
process deviations, or safety alarms. These situations often occur under time pressure and
in environments characterized by multiple sensory stimuli. Under such conditions, even
short-term lapses in attention may lead to operational errors, delayed hazard recognition,
or incorrect responses to warning signals. This explains the dominant position of the C/D
criterion in the FAHP results. The aggregated results also highlight the strong role of
SoS (Sense of Safety), which reflects the operator’s perceived level of control and safety
during machine operation. The relatively high weights associated with SoS indicate that
perceived safety is not only an emotional construct but also a functional determinant of op-
erational performance. Operators who perceive higher levels of safety tend to demonstrate
improved decision-making accuracy and lower cognitive stress, which directly influences
their ability to maintain concentration. The prominence of C/D within the FAHP model
can further be explained by its strong interdependencies with other evaluated criteria. The
literature indicates that operator concentration is directly influenced by environmental
conditions such as noise, temperature, air quality, and illumination [62,63]. Prolonged
exposure to adverse environmental conditions contributes to increased psychophysical
fatigue, reduced cognitive performance, and impaired perceptual abilities. Consequently,
concentration should be interpreted as an integrative indicator reflecting the combined
effects of environmental (MC, EW-B), organisational (CoWaS), and human-related factors
(SoS, AoS) on occupational safety. At the same time, the aggregated matrix shows that tech-
nical and organisational factors (MC and EW-B) maintain a moderate level of importance,
indicating their stabilizing role in the overall safety system. Although these factors are
strongly regulated in industrial practice, their marginal influence on variability in safety
perception is lower compared to cognitive and perceptual dimensions. In contrast, AoS
and CoWaS received relatively lower importance values, suggesting that, in the context of
machining processes, they are perceived as indirect rather than immediate determinants
of operational safety. Overall, the results confirm that occupational safety in machining
processes is primarily driven by human-centered factors, with concentration/distraction
and perceived safety forming the core determinants of risk variation. This highlights the
need to treat cognitive performance not as a secondary variable, but as a central component
of safety assessment frameworks. The concept presented in the paper is the basis for the
calculation of the occupational safety index (OSI).

4.2. The New OSI-Based Framework

The calculation of the OSI requires the following steps:

(1) Normalization of quantitative indicators (Table 2), in which the measured data are
transformed to a 0–5 scale according to their impact on occupational safety. Values
exceeding the reference limits result in a lower occupational safety rating.

It was assumed that, in an industrial environment focused on technological devel-
opment in accordance with the Industry 4.0/5.0 paradigm, the quantitative indicators
(Table 2) would be measured using the IoT infrastructure deployed on the shop floor. These
parameters are recorded in real time and provide a direct representation of the physical
working conditions at the machining workstation. It should be emphasized that the quanti-
tative indicators constitute the fundamental environmental parameters in real industrial
conditions and provide the basis for occupational safety assessment.

https://doi.org/10.3390/su18157974

https://doi.org/10.3390/su18157974


Sustainability 2026, 18, 7974 16 of 25

(2) Application of the FAHP method to determine the weights of qualitative criteria.

The results obtained from the experts, in the form of the aggregated pairwise compari-
son matrix developed using the FAHP method, enable the determination of the relative
importance of the adopted qualitative criteria by calculating their corresponding weights.

(3) Aggregation of quantitative and qualitative indicator assessments into a single OSI.

OSI is derived from the combination of two groups of indicators. The qualitative
indicators (Table 3) are assessed using a five-point scale ranging from 1 to 5, whereas the
quantitative indicators (Table 2) are normalized to the same 1–5 scale, where a value of 1 rep-
resents a fully safe (optimal) condition and a value of 5 corresponds to a critical condition.

At the same time, the qualitative indicators reflect the operator’s perception and
psychophysical state, with the 1–5 scale describing the level of subjective comfort and
workload. The proposed framework also incorporates indicator priorities. The weights
assigned to the qualitative indicators are based on the expert evaluations obtained using the
FAHP method, whereas all quantitative indicators are assumed to have equal importance.
The relative importance of the indicators constitutes an integral component of the final
occupational safety assessment.

The assessment scale adopted for the qualitative indicators is presented in Table 3,
while their corresponding weights are given in Table 7. The qualitative indicators are rated
on a five-point scale (1–5), with each score representing the value reported directly by
the operator during the assessment. For the quantitative indicators, a five-level rating
scale was developed to reflect graduated deviations from the reference values (Table A2).
Level 1 corresponds to the recommended range, ensuring a high level of operator comfort
and appropriate working conditions, whereas Level 5 represents a critical condition in
which the parameter values may adversely affect the operator’s health, well-being, and
work performance.

Due to the absence of a clearly established regulatory or legal reference value for
AH, the reference range adopted for Level 1 (6–12 g/m3) is based on commonly accepted
indoor environmental comfort guidelines rather than on a binding standard. This range was
retained within the equally weighted set of quantitative indicators to ensure methodological
consistency and should be re-evaluated once a task-specific normative reference value
becomes available.

Therefore, the OSI is developed:

OSI = OSIqual + OSIquant (10)

OSI quality:
OSIqual = ∑8

i=1 wi · Qi (11)

where:

wi—weight of this criterion i (∑ wi = 1).
Qi—evaluation of this criterion assigned from the decision matrix i(Qi ∈ {1, 2, 3, 4, 5}).

OSIquant =
1
8∑8

j=1 Nj (12)

where:

Nj—normalized to a scale of 1–5 the value of the -th measurement j (Nj ∈ [1, 5]).
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To keep OSI within the same 1–5 range as its two components, and consistent with the
Optimal/Alert/Critical thresholds defined below, the two sub-indices are aggregated as
an average rather than a direct sum: OSI = (OSI_qual + OSI_quant)/2. This preserves the
equal-contribution principle described above while ensuring that OSI remains bounded
within the interval [1, 5]. On the basis of the OSI, the level of occupational safety is defined
on the following scale:

— Optimal level (1.00 ≤ OSI ≤ 2.00): the working conditions are stable. The operator
shows optimal psychophysical readiness. No action required.

— Alert level (2.01 ≤ OSI ≤ 4.00): conditions have deteriorated. Working conditions
should be checked and changes made.

— Critical level (4.01 ≤ OSI ≤ 5.00): imminent risk of an accident or extreme opera-
tor fatigue.

If safety systems can be adapted, it is recommended to automatically initiate process
stop procedures or force supervisory intervention if a critical level is detected.

The workstation in machining processes described in Section 3.1 was used to demon-
strate the application of the proposed OSI-based framework as a tool supporting managers
in their decision-making processes. In the example the weights from Table 7 (wi for the
qualitative indicators, 0.125 for each quantitative indicator) are applied. So, for the task:
preparation of the workstation for the machining process it is assumed: sample ratings
(1 = safe/favorable, 5 = critical/unfavorable): qualitative − MC = 2, P/C = 1, SoS = 1,
T/D = 2, C/D = 2, EW-B = 2, CoWaS = 2, AoS = 2; quantitative − T = 1, RH = 1, AH = 1,
Noise = 1, CO2 = 1, Illuminance = 2, PM2.5 = 1, PM10 = 1. OSI_qual = Σ(wi·Qi) ≈ 1.66;
OSI_quant = (1/8)·ΣNj = 9/8 = 1.13. OSI = (1.66 + 1.13) / 2 ≈ 1.39, which falls within
the Optimal level (1.00 ≤ OSI ≤ 2.00): working conditions are stable and the operator
shows optimal psychophysical readiness before the machining process begins. Next, for
the task: supervision of the machining process and machine operation OSI is calculated.
After several hours of continuous operation, the qualitative ratings shift toward increas-
ing fatigue and reduced concentration: MC = 3, P/C = 2, SoS = 3, T/D = 4, C/D = 4,
EW-B = 3, CoWaS = 3, AoS = 2; the quantitative readings are T = 2, RH = 2, AH = 1,
Noise = 3, CO2 = 3, Illuminance = 2, PM2.5 = 2, PM10 = 2. OSI_qual = Σ(wi·Qi) ≈ 3.10;
OSI_quant = (1/8)·ΣNj = 17/8 ≈ 2.13. OSI = (3.10 + 2.13) / 2 ≈ 2.61, which falls within
the Alert level (1.81 ≤ OSI ≤ 3.50): conditions have deteriorated—driven mainly by the
increase in C/D and T/D, the two highest-weighted or most safety-critical qualitative
indicators—and working conditions should be checked and preventive measures (e.g.,
a scheduled break or task rotation) implemented before the risk of operational error in-
creases further.

The proposed OSI-based framework (Section 4.2) serves as an integral component of
decision-support systems that integrate environmental, organizational, and psychophysical
data into a unified occupational health and safety assessment model.

5. Discussion
The conducted study confirms that occupational safety in machining processes should

be analyzed from a holistic perspective, taking into account not only technical and organiza-
tional aspects but also environmental parameters and human-related factors. Contemporary
industrial environments are characterized by highly dynamic working conditions; therefore,
traditional approaches to safety assessment, primarily based on regulatory compliance and
the analysis of individual hazards, are becoming increasingly insufficient. The proposed
approach, based on the FAHP, enables the incorporation of uncertainty and subjectivity
inherent in expert judgments, which is particularly important when evaluating qualitative
occupational safety factors. The OSI thresholds proposed in Section 4 (Optimal, Alert,
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Critical) offer a direct, actionable decision rule: an Alert-level OSI should trigger a review of
working conditions, while a Critical-level OSI should trigger an automatic process stop or
mandatory supervisory intervention, as illustrated by the numerical example in Section 4.
In terms of limitations, the proposed weights reflect the judgments of five experts and
the specific machining workstation described in Section 3.1; validating the framework
across additional workstations, industries, and larger expert panels, together with a formal
sensitivity analysis of the FAHP weights, remains an important direction for future research.

Looking at the research results summarized in Table 1, the proposed approach com-
plements the existing literature in the area of safety and risk assessment, where the FAHP
is applied to support risk evaluation. A significant advantage of the proposed model is
the integration of environmental parameters into occupational safety assessment. Recent
studies increasingly indicate that the quality of the working environment directly affects
operators’ cognitive performance, concentration levels, and the frequency of operational
errors. The added value of the proposed approach (Figure 1) lies in the development of an
integrated framework that combines both quantitative and qualitative indicators for the
assessment of work safety in the machine process.

Unlike many existing studies that focus primarily on either technical risk factors or
selected occupational safety aspects, the proposed approach enables a more comprehensive
evaluation by incorporating technical, organizational, environmental, and human-related
factors within a assessment structure.

Particular attention should be given to factors such as noise levels, temperature, air
quality, and airborne particulate matter concentrations. Despite the growing body of
research on indoor environmental quality, these parameters are still relatively rarely in-
corporated into risk assessment models for machining processes. The results indicate that
environmental factors may indirectly influence occupational safety through their impact
on workers’ psychophysical condition. Prolonged exposure to excessive noise, inadequate
thermal conditions, or elevated CO2 concentrations may lead to reduced concentration,
increased fatigue, and impaired decision-making capabilities. In practical terms, this im-
plies that even a properly designed and safeguarded technological process may generate
elevated operational risk if environmental conditions are not adequately monitored and
controlled. It is worth emphasizing that the proposed approach aligns with current de-
velopments in occupational safety systems based on real-time environmental monitoring.
Environmental sensors and automated data acquisition systems are increasingly being
deployed to continuously assess workplace conditions. The integration of such data with
multicriteria decision-making methods may provide valuable support for safety man-
agement and decision-making processes. Therefore, the proposed framework extends
the current application of FAHP in safety assessment by providing a holistic method for
evaluating work safety in the machine process.

As highlighted in the literature on workplace safety technologies [64], the collection of
well-being-related data (e.g., fatigue levels after the sixth hour of a work shift), combined
with incident and safety-performance data, allows managers to make dynamic decisions
regarding break scheduling, task allocation, and job rotation. Consequently, integrating
human-factor indicators with operational safety data may significantly improve the effec-
tiveness of risk management and contribute to the prevention of workplace accidents in
industrial environments. So, the proposed solution enables the identification of the actual
dominant risk factors affecting operator safety.

However, several limitations of the proposed model should be acknowledged. First,
the analysis is based on expert evaluations, which—despite the application of fuzzy logic
retain a degree of subjectivity. Consequently, the results may vary depending on the
experts’ experience and the specific characteristics of the analyzed industrial environment.
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Another research gap concerns the limited number of studies integrating environmental
parameters, psychophysical factors, and multicriteria decision-making methods within a
unified occupational safety assessment framework. To date, most studies have focused
separately on workplace ergonomics, conventional risk assessment, or environmental
condition monitoring. The proposed approach represents an attempt to combine these
areas within a single decision-support model.

Future research may extend the model by incorporating data obtained from real-time
sensor systems and by applying artificial intelligence techniques to support dynamic risk
assessment. Another promising direction involves the development of adaptive safety
models that account for variations in environmental conditions as well as the current
psychophysical state of machine operators during machining operations. Such advance-
ments could contribute to more proactive, data-driven, and resilient occupational safety
management systems in modern manufacturing environments. Next, future research will
also focus on validating the proposed OSI-based framework through its application in
real-world settings, for instance, using an approach similar to the case study presented
in [65].

Contribution to Sustainability

The proposed framework directly supports the implementation of SDG 3 Good health
and well-being by integrating continuous monitoring of workplace environmental con-
ditions with the assessment of operators’ psychophysical state. Unlike conventional oc-
cupational safety approaches, which primarily focus on compliance with environmental
regulations or technical safety measures, the proposed methodology combines quantita-
tive environmental indicators with qualitative human-related factors within a unified OSI.
This integrated approach enables a comprehensive assessment of occupational safety by
simultaneously considering the physical working environment together with the operator’s
cognitive, emotional, and psychophysical condition. The quantitative component of the
framework relies on the real-time acquisition of workplace environmental parameters
using an IoT-based monitoring infrastructure. Continuous measurements of temperature,
humidity, noise, illuminance, carbon dioxide concentration, and particulate matter (PM2.5
and PM10) enable the early identification of deviations from recommended values before
they adversely affect employees’ health, cognitive performance, or operational safety. Con-
sequently, preventive actions can be implemented promptly, reducing workers’ exposure
to harmful physical and chemical factors and improving overall workplace conditions.

The importance of continuous environmental monitoring is further supported by
recent findings published by the EEA. According to the EEA report [66], long-term exposure
to fine PM2.5 was responsible for approximately 239,000 premature deaths in Europe,
while ozone exposure contributed to around 70,000 deaths and nitrogen dioxide (NO2)
exposure to approximately 48,000 deaths. These findings highlight the need for systematic
monitoring of workplace environmental conditions, particularly in industrial environments
where employees may be exposed to elevated concentrations of airborne pollutants.

While environmental conditions constitute a fundamental component of occupational
health, the operator’s psychological and cognitive state is equally important for ensuring
safe work performance. For this reason, the proposed framework incorporates qualita-
tive indicators describing mental comfort, fatigue, concentration, emotional well-being,
perceived safety, task preparedness, workplace comfort, and the availability of organiza-
tional support. These human-related factors are integrated with objective environmental
measurements through the FAHP-based decision model, enabling a holistic assessment of
occupational safety and facilitating the early identification of situations in which deteriorat-
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ing environmental conditions may negatively affect human performance and increase the
likelihood of operational errors or workplace accidents.

The importance of including psychosocial factors in occupational safety management
is emphasized by international organizations. The WHO states that mental health di-
rectly influences productivity, work ability, occupational safety, accident occurrence, and
long-term employment stability, making the promotion of psychological well-being an
essential component of healthy workplaces [67]. Similarly, the European Agency for Safety
and Health at Work (EU-OSHA) highlights that favourable psychosocial working condi-
tions improve employees’ health, well-being, and work performance, whereas chronic
work-related stress contributes to poorer health outcomes, increased absenteeism, reduced
productivity, and a higher risk of occupational accidents [68]. Overall, the proposed frame-
work supports a proactive approach to occupational health management by combining
continuous environmental monitoring with the assessment of operators’ psychophysical
readiness. Through the early detection of both environmental and psychosocial risk factors,
the methodology contributes to healthier, safer, and more sustainable workplaces, thereby
directly supporting the achievement of SDG 3.

Next, it supports the implementation of SDG 9 Industry, Innovation and Infrastructure
by integrating Industry 4.0 technologies, IoT sensors, and multicriteria decision-making
methods into occupational safety management. The continuous acquisition and analysis of
environmental and psychophysical indicators enable real-time monitoring of machining
processes, early detection of hazardous situations, and data-driven decision-making. Such
an approach contributes to the development of intelligent and resilient industrial infrastruc-
ture by supporting predictive safety management instead of reactive accident prevention.
Furthermore, the integration of IoT technologies with the FAHP decision-support model
promotes digital transformation of manufacturing systems and increases the efficiency,
reliability, and sustainability of industrial operations. These assumptions are consistent
with the Industry 5.0 concept, where human-centered digital technologies improve both
production performance and worker safety. Previous studies indicate that digitalization,
smart monitoring systems, and IoT-based data analytics constitute key enablers of sustain-
able industrial innovation and resilient infrastructure, directly supporting the achievement
of SDG 9 [69–71].

Finally, the proposed methodology also contributes to SDG 12 Responsible consump-
tion and production by improving the efficiency and sustainability of manufacturing
processes through continuous monitoring of workplace conditions and human perfor-
mance. Early identification of adverse environmental conditions and operator-related risk
factors reduces the likelihood of production errors, machine failures, defective products,
and process interruptions. Consequently, the proposed OSI supports more efficient use
of raw materials, energy, and manufacturing resources by minimizing waste generated
through human errors and unplanned downtime. Moreover, the integration of environ-
mental monitoring with occupational safety assessment enables organizations to optimize
production processes while simultaneously protecting employees and reducing the en-
vironmental impact associated with inefficient manufacturing. This holistic approach is
consistent with sustainable production principles, which emphasize resource efficiency,
waste prevention, and environmentally responsible industrial management as fundamental
components of SDG 12. Recent studies indicate that Industry 4.0 technologies, IoT systems,
and data-driven decision-support tools play an increasingly important role in achieving
responsible production by improving process efficiency, reducing resource consumption,
and supporting circular economy practices [72,73].
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6. Conclusions
The conducted study demonstrated that occupational safety in machining processes

should be assessed comprehensively, taking into account technical, organizational, environ-
mental, and human-related factors. The application of the FAHP enabled the incorporation
of uncertainty and expert knowledge into the evaluation process, particularly with respect
to qualitative safety indicators that are difficult to measure directly. The results indicate that
environmental parameters, including noise levels, air quality, temperature, and airborne
particulate matter concentrations, have a significant impact on operators’ psychophysical
condition and may indirectly influence operational safety performance.

Specifically, the FAHP analysis showed that SoS and C/D obtained the highest weights
among the eight qualitative indicators (0.2024 and 0.2007, respectively; Table 7), identifying
operator concentration and perceived safety—rather than purely technical or organizational
factors—as the dominant determinants of work safety in the analysed machining process.
Availability of organizational support (AoS) obtained the lowest weight (0.0616), suggesting
it plays a comparatively secondary, indirect role.

The proposed approach facilitates the prioritization of safety indicators and supports
decision-making processes related to occupational safety management in machining opera-
tions. Furthermore, the study highlights the need for continued research on integrating
real-time environmental monitoring data with multicriteria decision-support methods. Fu-
ture work should focus on validating the proposed model in real industrial environments
and extending it with dynamic risk assessment mechanisms capable of accounting for
changing workplace conditions.

From a practical standpoint, these results imply that safety managers should pri-
oritize interventions that protect operator concentration and perceived safety—such as
structured break scheduling after prolonged machine supervision, task rotation to limit
sustained attentional load, noise and lighting control at the workstation, and targeted
training that reinforces confidence in machine operation—ahead of measures aimed solely
at organizational support mechanisms, which the FAHP results identify as comparatively
less critical.
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Appendix A

Table A1. General structure of the FAHP pairwise comparison matrix for qualitative occupational
safety indicators.

Criteria MC P/C SoS T/D C/D EW-B CoWaS AoS

Expert 1: Industrial environment

MC 1 1/3 1/3 1/2 1/5 1/2 1 3
P/C 3 1 1 2 1/3 1/2 3 5
SoS 3 1 1 2 1/3 1/2 3 5
T/D 2 ½ 1/2 1 1/4 1/3 2 4
C/D 5 3 3 4 1 2 5 7
EW-B 2 2 2 3 1/2 1 4 6

CoWaS 1 1/3 1/3 1/2 1/5 1/4 1 3
AoS 1/3 1/5 1/5 1/4 1/7 1/6 1/3 1

Expert 2: Industrial environment

MC 4 2 ½ 1/4 1/2 ½ 1/3 1
P/C 6 4 1 1/3 1 1 1 3
SoS 6 4 1 1/2 1 1 1 3
T/D 5 3 ½ 1/3 1 1 1 2
C/D 8 6 2 1 3 2 3 5
EW-B 6 4 1 1/2 2 1 1 2

CoWaS 2 1 ¼ 1/6 1/3 ¼ ¼ 1/2
AoS 1 ½ 1/6 1/8 1/5 1/6 1/6 1/4

Expert 3: Academic environment

MC 1 1/2 1/5 3 1/3 2 3 4
P/C 2 1 1/3 4 1/2 3 4 5
SoS 5 3 1 7 2 4 5 6
T/D 1/3 1/4 1/7 1 1/5 1/3 1/2 1/2
C/D 3 1/2 1/2 5 1 3 4 5
EW-B 1/2 1/3 1/4 3 1/3 1 2 3

CoWaS 1/3 1/4 1/5 2 1/4 1/2 1 2
AoS 1/4 1/5 1/6 2 1/5 1/3 1/2 1

Expert 4: Academic environment

MC 1 1/3 1/5 1/3 1/3 1/3 1/3 1/4
P/C 3 1 1/3 1/2 1/2 1/3 1/3 1/4
SoS 5 3 1 1/2 1/2 1/3 1/3 1/3
T/D 3 2 2 1 1/2 1/2 1 1/2
C/D 3 2 2 2 1 1 1 1/2
EW-B 3 3 3 2 1 1 1/2 1/2

CoWaS 3 3 3 1 1 2 1 1/2
AoS 4 4 3 2 2 2 2 1

Expert 5: Industrial environment

MC 1 1/2 1/4 1/2 1/2 2 2 3
P/C 2 1 1/2 1 2 2 3 4
SoS 4 2 1 2 3 4 4 5
T/D 2 1 1/2 1 2 3 3 4
C/D 2 1/2 1/3 1/2 1 2 3 3
EW-B 1/2 1/2 1/4 1/3 1/2 1 2 2

CoWaS 1/2 1/3 1/4 1/3 1/3 1/2 1 2
AoS 1/3 1/4 1/5 1/4 1/3 1/2 1/2 1
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Table A2. Assessment Levels for Quantitative Indicators and the Adopted Priority Weights.

Crtiteriaquant 1 2 3 4 5 Priority

T 18–26 16–<18 or >26–28 14–<16 or >28–30 12–<14 or >30–32 <12 or >32 0.125

RH 40–60 30–<40 or >60–70 20–<30 or >70–80 10–<20 or >80–90 <10 or >90 0.125

AH 6–12 4–<6 or >12–14 3–<4 or >14–16 2–<3 or >16–18 <2 or >18 0.125

Noise ≤70 70–<80 80–<85 85–<90 ≥90 0.125

CO2 <800 800–<1000 1000–<1500 1500–<2000 ≥2000 0.125

Illuminance 300–1000 200–<300 or >1000–1200 150–<200 or >1200–1500 100–<150 or >1500–2000 <100 or >2000 0.125

PM2.5 ≤15 15–<25 25–<35 35–<50 ≥50 0.125

PM10 ≤45 45–<75 75–<100 100–<150 ≥150 0.125
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