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Abstract

The rapid advancement of smart agricultural technologies has transformed modern farm-
ing practices, enhancing productivity, precision, and sustainability while introducing new
ergonomic challenges. This study aimed to evaluate and prioritize ergonomic criteria asso-
ciated with three major smart agricultural technologies—GPS-guided tractors, agricultural
drones, and automatic irrigation systems—within a multi-stakeholder decision-making
framework. The Analytic Hierarchy Process (AHP) was applied to data collected from
53 experts representing four stakeholder groups: academia, operators/farmers, manufac-
turers, and sectoral organizations. Five ergonomic criteria—physical workload reduction,
task duration, user safety, training requirement, and cost/applicability—were analyzed
to determine their relative importance. The results indicate that user safety emerged as
the most influential ergonomic factor for academia, farmers, and sectoral organizations,
highlighting the importance of risk reduction and operator protection in smart farming
environments. In contrast, manufacturers prioritized cost and applicability, reflecting
economic feasibility considerations in technology development and deployment. These
findings demonstrate that ergonomic priorities differ across stakeholder groups and em-
phasize the need for human-centered design approaches in the development of smart
agricultural systems. The proposed multi-stakeholder AHP framework provides a practical
and evidence-based decision-support tool for integrating ergonomic considerations into
agricultural technology design, implementation, and policy development.

Keywords: ergonomics; smart agriculture; analytic hierarchy process (AHP); human factors;
multi-stakeholder analysis; agricultural machinery; safety; sustainable mechanization

1. Introduction
1.1. Background

To meet the food demand of a growing global population and to improve resource
efficiency, the agricultural sector is entering a new era, often referred to as Agriculture 4.0
or Smart Agriculture, driven by digitalization and automation [1-4].

This transformation integrates information and communication technologies (ICT)
such as the Internet of Things (IoT), unmanned aerial vehicles (UAVs), autonomous tractors,
cloud platforms, and precision sensors into agricultural production processes [5-8].

Appl. Sci. 2026, 16, 3368

https:/ /doi.org/10.3390/app16073368


https://crossmark.crossref.org/dialog?doi=10.3390/app16073368&domain=pdf&date_stamp=2026-03-31
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-8433-1872
https://orcid.org/0000-0003-3264-3636
https://doi.org/10.3390/app16073368

Appl. Sci. 2026, 16, 3368

2 of 16

These technologies—including UAVs for crop monitoring, spraying, and disease
detection, as well as semi-autonomous tractors used in field operations—not only enhance
precision and reduce labor demands but also reshape human-machine interaction in
agricultural systems [9-11].

While digital and robotic tools have significantly improved agricultural productivity,
they have also changed the nature of agricultural work, introducing new ergonomic and
cognitive challenges for workers [12-15].

Although these systems reduce physical workload, they often require higher levels of
visual attention, technical skill, and cognitive control [16-18].

In this evolving context, ergonomics—encompassing physical, cognitive, and orga-
nizational dimensions—remains a critical factor for achieving human well-being, system
safety, and sustainable agricultural performance [19-21].

1.2. Problem Statement

The integration of smart technologies in agriculture reduces traditional physical work-
loads (e.g., manual handling, repetitive tool use, or field spraying) [10,16].

However, it simultaneously introduces new types of ergonomic risks and cognitive
loads for operators.

Mechanized operations involving prolonged sitting and vibration exposure may
lead to musculoskeletal disorders (MSDs), while handheld devices can cause upper limb
fatigue and vibration-related discomfort. These findings are consistent with previous
studies highlighting ergonomic risks and occupational safety challenges in agricultural
systems [11,17].

Moreover, smart farming increasingly depends on screen-based monitoring, dig-
ital interfaces, and semi-autonomous control, which demand constant attention and
decision-making.

Continuous interaction with display panels and real-time sensor data may lead to
visual fatigue, increased mental workload, and operator stress, eventually leading to
cognitive strain and decreased efficiency [12,13,18].

Human-machine interaction, particularly in collaborative environments where hu-
mans and robots operate together, also brings new ergonomic challenges related to situa-
tional awareness, safety, and trust in automation [7,19].

Despite these emerging challenges, ergonomic assessment often lags behind the tech-
nological advancement of smart farming systems.

Most existing agricultural ergonomics studies focus mainly on physical workloads
in manual or mechanized operations [10,16,17], neglecting the cognitive and systemic
dimensions of human-technology interaction.

Moreover, few studies have conducted a comprehensive evaluation involving differ-
ent stakeholder groups such as academics, users, manufacturers, and sectoral organiza-
tions [6,9,13].

1.3. Research Gap and Motivation

Multi-criteria decision-making (MCDM) methods—particularly the Analytic Hierar-
chy Process (AHP)—are widely used to support complex agricultural decisions such as
technology selection, irrigation prioritization, and sustainability assessments [20-22].

Although these methods are well established for agricultural planning, studies that
explicitly address the prioritization of ergonomic factors across different smart agricultural
technologies remain limited [23,24].
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Existing frameworks for Agriculture 4.0 and Agriculture 5.0 emphasize productivity,
efficiency, and digital integration, but rarely incorporate ergonomic or human-centered
criteria in their evaluation models [1,4,5,25].

While “human-in-the-loop” and human-centered Al paradigms are frequently high-
lighted, few practical tools translate these concepts into systematic, decision-based ap-
proaches that consider ergonomic risks and user experience [25-27].

Furthermore, most ergonomic evaluations assess individual systems in isolation (e.g.,
tractors, drones, or irrigation systems) [11,16,17], without providing comparative insight
into their relative ergonomic effects.

Therefore, a need exists for a comprehensive, stakeholder-based analytical framework
that can compare multiple smart agricultural technologies in terms of ergonomic factors—
addressing both physical and cognitive aspects simultaneously.

In addition, there is a lack of comparative studies that simultaneously evaluate mul-
tiple smart agricultural technologies from an ergonomic perspective while incorporating
different stakeholder viewpoints. Existing research generally focuses on single technolo-
gies or specific ergonomic aspects, without providing an integrated framework that cap-
tures both physical and cognitive dimensions across diverse user groups. Therefore,
a systematic and multi-stakeholder-based prioritization approach is required to better
understand how ergonomic criteria influence the adoption and sustainability of smart
agricultural technologies.

1.4. Aim and Objectives

This study aims to prioritize and compare the ergonomic risk factors of selected
smart agricultural technologies (GPS-guided tractors, agricultural drones, and automatic
irrigation systems) within the context of Tiirkiye through a structured multi-stakeholder
evaluation approach.

Specific objectives are to:

1. Identify ergonomic factors associated with different technologies based on expert
perspectives and literature synthesis [11,16,17,23].

2. Define five key ergonomic criteria—physical workload reduction, task duration, user
safety, training requirement, and cost/applicability—and analyze their relative impor-
tance through a structured decision-making framework [10-13,18].

3. Compare and interpret how different stakeholder groups (academics, operators,
manufacturers, and sectoral organizations) prioritize ergonomic aspects within
smart agriculture, connecting the findings to human-centered Agriculture 4.0 and
5.0 paradigms [1,4,5,25-27].

By integrating ergonomic evaluation with multi-stakeholder perspectives, this study
contributes to bridging the gap between technological innovation and human-centered
agricultural mechanization.

2. Materials and Methods
2.1. Research Design

This research adopts a quantitative, multi-stakeholder analytical framework to evalu-
ate the relative importance of ergonomic factors associated with different smart agricultural
technologies.

This study integrates expert judgments from multiple stakeholder groups to estab-
lish a comparative understanding of ergonomic priorities using a structured decision-
making model.

The overall research flow involves three primary stages:

(1) Defining ergonomic evaluation criteria based on the literature;
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(2) Collecting expert assessments through a structured questionnaire;
(3) Analyzing the results through a weighted comparison among stakeholder groups.

The methodological structure follows a hierarchical evaluation model (Figure 1),
where the main research goal—to determine ergonomic priorities in smart agricultural
technologies—is placed at the top of the hierarchy, followed by five ergonomic criteria, and
finally, the selected smart agricultural technologies.

C1: Physical
workload reduction

C2: Task duration

Ergonomic Evaluation| | C3: User safety

Criteria
| | C4: Training

requirement

Goal:

C5: Cost and

Determine ergonomic priorities — applicability

in smart agricultural

technologies
T1: GPS-guided
tractor
Smart Agricultural T2: Agricultural
Technologies drone (spraying)

T3: Automatic
irrigation system

Figure 1. Hierarchical structure of the Analytic Hierarchy Process (AHP) model used to prioritize
ergonomic criteria for three smart agricultural technologies: GPS-guided tractors, agricultural drones,
and automatic irrigation systems.

This hierarchical arrangement reflects the core logic of the Analytic Hierarchy Process
(AHP), which decomposes a complex decision problem into interrelated levels, allow-
ing for a systematic and consistent comparison of multiple criteria and alternatives.The
AHP framework was chosen for its proven effectiveness in evaluating ergonomics-related
decisions in agriculture and technology adoption studies.

2.2. Study Scope and Framework

This study was conducted in the context of smart agricultural technologies that
are increasingly adopted in Tiirkiye, particularly in regions with mechanized and semi-
automated farming systems.

Three technologies were examined based on their prevalence and relevance to er-
gonomic considerations:

e  GPS-guided tractors;
e  Agricultural drones (UAV-based spraying systems);
e  Automatic irrigation systems.

Each technology represents a distinct interaction type between human operators and
mechanized systems—ranging from direct physical operation (tractors) to remote control
(drones) and fully automated management (irrigation).

This selection allows for a comparative analysis of physical and cognitive ergonomic
demands across different automation levels.

These technologies were specifically selected due to their widespread adoption in
modern agricultural practices and their representation of different levels of automation
and human-machine interaction. GPS-guided tractors represent semi-automated systems
with direct operator involvement, agricultural drones reflect remote-controlled operations
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requiring high cognitive engagement, and automatic irrigation systems illustrate fully auto-
mated processes with minimal human intervention. This diversity enables a comprehensive
comparison of ergonomic challenges across varying operational contexts.

2.3. Definition of Ergonomic Criteria

Based on the agricultural ergonomics and occupational health literature, five key crite-
ria (Table 1) were identified to represent the primary dimensions of ergonomic performance
in smart farming environments:

Table 1. Ergonomic criteria used in the Analytic Hierarchy Process (AHP) model for evaluating smart
agricultural technologies.

Code Criterion Description Literature Basis

The ability of a technology to reduce

C1 Physical workload reduction  physical strain, awkward postures, and [9-11,19,23]
repetitive workload.

I Task duration Th.e .effect of the technology. on tgtal work time, [10,12,20]
efficiency, and task completion time.

3 User safety The reduction in risks 'related to accidents, [7.9,13,25]
exposure, or system failures.

C4 Training requirement Th? c.omplex1.ty of system use and th.e level of [12,14,15]
training required for effective operation.

cs5 Cost and applicability Economic feasibility, maintenance, and general [18,20,24]

accessibility of the technology.

These criteria represent both physical ergonomic dimensions (C1 and C3) and cognitive
or organizational aspects (C2, C4, and C5).

The criteria were validated by three independent experts in agricultural ergonomics
and occupational health prior to data collection to ensure contextual relevance and concep-
tual clarity.

2.4. Participant Groups and Sampling

The data were collected from 53 participants representing four stakeholder groups to
ensure a balanced and diverse multi-stakeholder evaluation:

e Academia (n =20, 37.7%)—researchers, engineers, and academic staff specializing in
agricultural engineering, ergonomics, and mechanization.

e  Operators/Farmers (n = 10, 18.9%)—active users of smart agricultural technologies
such as GPS-guided tractors, drones, and automatic irrigation systems.

e  Manufacturers/Industry Experts (n = 15, 28.3%)—professionals from agricultural
machinery and technology companies, including engineers, production managers,
and technical consultants.

e  Sectoral and Non-Governmental Organizations (STK) (1 = 8, 15.1%)—representatives
from national and regional professional bodies, such as:

s The Turkish Agricultural Machinery Association (TARMAKDER);
s The Turkish Association of Agricultural Machinery and Equipment Manufactur-
ers (TARMAKBIR);
s Local Chambers of Agriculture (e.g., the Kirsehir Chamber of Agriculture).
These organizations play a critical role in bridging policy, research, and practice within
the agricultural machinery sector. Their inclusion ensured that the study incorporated
perspectives from industry associations, producers, and end-user networks.
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Participants were selected using purposive sampling, focusing on individuals with a
minimum of two years of professional experience in agricultural technology, ergonomics, or
machinery operation. The category “0-5 years” in Table 2, therefore, represents participants
with experience ranging from 2 to 5 years.

Table 2. Demographic characteristics of participants (n = 53).

Variable Category n  Percentage (%)
Gender Male 48 90.57
Female 5 9.43
Age (years) 18-25 14 26.42
26-35 12 22.64
36-45 8 15.09
46-60 18 33.96
60+ 1 1.89
Experience with smart technologies 0-5 years 30 56.60
6-10 years 13 24.53
More than 10 years 10 18.87
Main technology used * GPS-guided tractor 28 52.83
Agricultural drone 20 37.74
Automatic irrigation 26 49.06
Affiliation/Sector Academia 20 37.74
Operator (Farmer) 10 18.87
Manufacturer 15 28.30
STK/NGO 8 15.09

* Note. Percentages were calculated based on 53 valid responses. Participants were allowed to select more
than one technology; therefore, the total percentage in the “Main technology used” category exceeds 100%.
This distribution reflects a balanced representation of academic, industrial, and field practitioners, providing
comprehensive coverage for multi-stakeholder evaluation.

The proportional distribution of stakeholder groups was designed to reflect the struc-
ture of the smart agricultural technology ecosystem, ensuring representation from research,
industry, and practical application domains. This approach enabled a balanced inclusion
of perspectives from decision-makers, technology developers, and end users, which is
essential for capturing diverse ergonomic priorities in multi-stakeholder evaluations.

All participants voluntarily completed the questionnaire after providing informed
consent prior to participation.

No personal or identifiable data were collected, and the study received ethical approval
from the Institutional Ethics Committee (Approval No. 2026/01/03, dated 22 January 2026).

2.5. Data Collection

Data were collected between November and December 2025 using an online question-
naire (Google Forms).
The survey consisted of two main sections:

(1) Demographic information (e.g., age, education, occupation, experience, and technol-
ogy used);
(2) A structured comparative evaluation of the five ergonomic criteria.
Participants were asked to perform pairwise comparisons between the ergonomic
criteria using a 1-9 importance scale, where
1 = equally important;
3 = slightly more important;
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5 = moderately more important;

7 = strongly more important;

9 = extremely more important.

Each participant answered 10 comparison questions (since 5 criteria yield 10 pairwise
combinations). The average response time was approximately 10-12 min.

2.6. Data Analysis

The analysis followed the hierarchical weighting and consistency assessment frame-
work proposed by Saaty (2013) [28].

For each stakeholder group, a 5 x 5 pairwise comparison matrix was constructed, and
the geometric mean method was applied to compute group-level aggregate judgments.

Criterion weights were obtained by normalizing the principal eigenvector of each
comparison matrix.

Specifically, the relative importance of each criterion was determined by calculating
the principal eigenvector of the pairwise comparison matrix and normalizing it so that
the sum of all weights equals one. This procedure ensures that the derived weights
reflect the relative contribution of each criterion to the overall decision-making process.
The consistency of these weights was then verified using the Consistency Index (CI) and
Consistency Ratio (CR).

The Consistency Index (CI) and Consistency Ratio (CR) were used to verify judgment
consistency, as shown in Equation (1):

(Amax — 1) cI

cI= (n—1) RI

where A4y is the maximum eigenvalue, n is the number of criteria (n = 5), and Rl is
the Random Index value (RI = 1.12 for n = 5). A CR value of 0.10 or lower indicates an
acceptable level of judgment consistency.

All analyses were conducted using Microsoft Excel and cross-validated using the
SuperDecisions software (Version 3.2).

The resulting weights were compared across stakeholder groups to identify differences
in ergonomic prioritization patterns and to reveal variations in decision-making preferences
among stakeholders.

The results were visualized using bar charts and radar plots to represent relative
importance across criteria and stakeholder groups.

3. Results
3.1. Descriptive Statistics of Participants

A total of 53 experts participated in the study, representing four stakeholder groups:
academia (n = 20, 37.7%), operators/farmers (n = 10, 18.9%), manufacturers (n = 15, 28.3%),
and sectoral or non-governmental organizations (n = 8, 15.1%).

All participants voluntarily participated in the survey after providing informed consent.

Table 2 summarizes the demographic characteristics of the participants, including
gender, age, professional experience, and technological background.

Most respondents were male (90.6%), aged primarily between 46 and 60 years (34%).

The majority of participants had less than five years of experience (56.6%) with smart
agricultural technologies, mainly involving GPS-guided tractors (52.8%), automatic ir-
rigation systems (49.1%), and agricultural drones (37.7%). These distributions reflect a
balanced representation of both academic and field-level expertise, consistent with the
multi-stakeholder design of this research.
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3.2. AHP Matrix Consistency and Validation

In the Analytic Hierarchy Process (AHP), the consistency of expert judgments is a
critical criterion that determines the reliability and stability of the resulting weights.

According to the theoretical framework established by Saaty (2013) [28] and further
developed by Forman and Gass (2001) [29], the logical coherence of pairwise comparisons
must be evaluated using the Consistency Index (CI) and Consistency Ratio (CR).

The CR is obtained by dividing the Consistency Index (CI) by the Random Index (RI)
value, as shown in Equation (2):

(Amax — 1) CR — CI

Rzi —_
R=T—1) <RI’ RI

(2)
where Ay is the maximum eigenvalue of the comparison matrix, n is the number of
criteria, and RI is the Random Index (1.12 for n = 5).

A CR value of 0.10 or lower is generally considered acceptable and indicates that the
expert judgments are logically consistent and free from significant contradictions [28-30].

All responses satisfied the acceptable CR threshold (<0.10); therefore, no responses
were removed from the dataset.

Group-level consistency was then verified using the geometric mean method, which
reduces the influence of extreme judgments and ensures more stable group decisions [31,32].

This approach has been widely adopted in agricultural ergonomics and risk evalu-
ation studies for its ability to maintain internal coherence across heterogeneous expert
groups [10,23,24].

The mean CR values for each stakeholder group are presented in Table 3.

Table 3. Consistency Ratio (CR) values per stakeholder group.

Stakeholder Group Amax CI CR Interpretation
Academia 5.00 0 0.00 Consistent
Operators/Farmers 5.04 0.011 0.01 Consistent
Manufacturers 5.11 0.028 0.02 Consistent
STK/NGO 5.00 0 0.00 Consistent

Note. The Consistency Ratio (CR) threshold of <0.10 is widely accepted for ensuring reliable AHP judgments. All
group CR values were below this limit, demonstrating that participants’ pairwise comparisons were consistent
and suitable for aggregation.

All four groups achieved acceptable levels of consistency (CR < 0.10), confirming that
participants provided reliable and logically consistent pairwise comparisons throughout
the pairwise comparison process.

The CR values reported in Table 3 represent the average consistency ratios calculated
for individual responses within each stakeholder group before aggregation.

3.3. Priority Weights of Ergonomic Criteria

The priority weights of the ergonomic criteria were calculated using the Analytic
Hierarchy Process (AHP) for each stakeholder group. Table 4 presents the normalized
weights obtained from the pairwise comparison matrices aggregated through the geometric
mean method.

The results reveal noticeable differences in how stakeholder groups prioritize er-
gonomic factors in smart agricultural technologies. While academic experts, NGOs, and
farmers placed the highest importance on user safety (C3), manufacturers prioritized cost
and applicability (C5) as the most influential factor.
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Table 4. Priority weights of ergonomic criteria by stakeholder group.

Stakeholder C1 Physical Workload C2 Task C3 User C4 Training C5 Cost and

Group Reduction Duration Safety Requirement Applicability
Academia 0.105 0.087 0.447 0.151 0.210
NGO/STK 0.166 0.139 0.337 0.141 0.217
Farmers 0.134 0.122 0.354 0.140 0.250
Manufacturers 0.109 0.174 0.195 0.212 0.309

As shown in Figures 2 and 3, user safety (C3) emerged as the most influential er-
gonomic factor for academia (0.447), NGOs (0.337), and farmers (0.354). In contrast, the
manufacturer group emphasized cost and applicability (C5) with the highest weight of
0.309. The radar chart highlights the overall pattern of stakeholder differences, while the
bar chart provides a clearer comparison of the magnitude of these differences across criteria.
Together, these visualizations enhance the interpretability of stakeholder-based ergonomic
prioritization. These findings indicate that ergonomic priorities differ across stakeholder
groups, reflecting their distinct operational roles and technological expectations within

smart agricultural systems.

C1 Physical workload
reduction

C5 Cost & applicability C2 Task duration
=@==/\cademia
—8=NGO / STK
Farmers

=@=N\anufacturers

C4 Training requirement C3 User safety

Figure 2. Radar chart illustrating stakeholder-based differences in ergonomic criteria prioritization.

These findings are consistent with previous studies that applied multi-criteria
decision-making approaches in agricultural and technological contexts, where safety-
related and operational factors were frequently identified as dominant criteria in decision
processes [20-22]. Similarly, studies focusing on agricultural ergonomics and mechaniza-
tion have emphasized that risk reduction, operator safety, and system efficiency are key
determinants influencing technology adoption and performance outcomes [23-27]. In this
context, the prioritization patterns observed in this study align with existing literature,
confirming that ergonomic considerations—particularly user safety—play a central role in
the evaluation of smart agricultural technologies.

https:/ /doi.org/10.3390/app16073368


https://doi.org/10.3390/app16073368

Appl. Sci. 2026, 16, 3368

10 of 16

C1 Physical workload reduction

C5 Cost & applicability

C4 Training requirement

C3 User safety

C2 Task duration

‘ d
U

0.00 0.05 0.10 0.15 020 025 030 035 040 045 0.50

Manufacturers Farmers MW NGO/STK ™ Academia

Figure 3. Bar chart comparing ergonomic criteria weights across stakeholder groups.

4. Discussion
4.1. Main Findings

The results of this study indicate that user safety (C3) emerged as the most influen-
tial ergonomic criterion among the majority of stakeholder groups, including academics,
farmers, and representatives of sectoral organizations. This finding highlights that, de-
spite the increasing automation of agricultural systems, human-centered considerations
such as operator safety and risk reduction remain fundamental in the adoption of smart
agricultural technologies.

In contrast, the manufacturer group assigned the highest importance to cost and
applicability (C5). This difference reflects the economic and technological feasibility con-
siderations that typically guide industrial decision-making processes. Such variations
demonstrate that ergonomic priorities are not uniform across stakeholders and are shaped
by the professional roles, responsibilities, and operational contexts of each group within
the agricultural technology ecosystem.

Overall, the prominence of safety-related concerns confirms that technological inno-
vation in agriculture must remain closely aligned with human well-being. Even though
automation and digitalization aim to reduce physical labor, agricultural operators continue
to face safety risks and ergonomic challenges associated with machinery operation, system
monitoring, and human-machine interaction. Therefore, ensuring safe and ergonomically
optimized working conditions remains a key requirement for sustainable smart agriculture.

These findings are consistent with previous research emphasizing that mechanized
and semi-automated agricultural systems, while improving productivity, may still expose
operators to risks related to vibration, posture, and system interaction [9,10,19].

The relatively lower prioritization of cost/applicability (C5) and training requirement
(C4) among most stakeholder groups suggests that ergonomic and safety benefits are often
perceived as more critical than economic or educational considerations.

This finding is consistent with the results reported by Benos et al. [10] and Vitale
et al. [11], who observed that in agricultural mechanization contexts, operators often
prioritize risk reduction and ease of operation over financial feasibility.
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While academics and STK/NGO representatives emphasized user safety, operators pri-
oritized workload reduction and time efficiency, and manufacturers paid greater attention
to cost-effectiveness.

This diversity of priorities reflects each group’s professional focus and operational
responsibilities within the smart agriculture ecosystem.

4.2. Comparison with Previous Studies

The results of this study align with a growing body of literature highlighting the
importance of ergonomic considerations in modern agricultural systems. Benos et al. [10]
and Bara¢ and Plasc¢ak [23] demonstrated that ergonomic risks such as posture strain, vi-
bration exposure, and musculoskeletal disorders remain significant even in technologically
advanced tractor operations.

Similarly, Eskandari Nasab and Maghsoudi [24] reported that user safety and train-
ing requirements are among the most influential factors in evaluating drone-based agri-
cultural spraying systems. These findings confirm that technological advancements do
not eliminate ergonomic challenges but instead shift them toward new forms of human-
technology interaction.

The present study extends these insights by providing a comparative, multi-technology
evaluation framework, simultaneously examining tractors, drones, and irrigation sys-
tems. By integrating multiple technologies within a single analytical structure, the study
provides a more comprehensive understanding of ergonomic trade-offs in smart agri-
cultural environments.

Furthermore, the prioritization of safety-related criteria supports the emerging perspec-
tive of Agriculture 5.0, which emphasizes human-centered technological systems designed
to enhance human capability rather than replace it [14-16]. In this context, ergonomics
becomes not only a worker welfare issue but also a critical factor influencing productivity,
technology acceptance, and long-term sustainability.

Compared with previous studies such as those by Lieder et al. [18] and Aiello and
Catania [26], this research contributes by explicitly incorporating multi-stakeholder per-
spectives into the ergonomic evaluation process. The results demonstrate how decision
priorities vary between academic experts, industrial actors, and field operators, offering a
more nuanced understanding of ergonomic decision-making in smart agriculture.

4.3. Practical Implications

The findings of this study offer several practical implications for policymakers, agri-
cultural engineers, and technology developers.

First, the consistent prioritization of user safety among most stakeholder groups under-
scores the importance of integrating safety-oriented ergonomic principles into the design
of smart agricultural machinery and systems. Manufacturers should therefore prioritize
features such as vibration mitigation systems, improved cabin ergonomics, intuitive control
interfaces, and enhanced operator protection mechanisms [33].

Second, the relatively high importance assigned to physical workload reduction and
task efficiency suggests that agricultural operators still evaluate technology primarily
through its ability to improve physical performance and operational efficiency. Extension
programs and training initiatives should therefore focus not only on the technical opera-
tion of smart technologies but also on their ergonomic use, particularly for older or less
experienced users.

Third, sectoral organizations and professional associations, such as TARMAKDER,
TARMAKBIR, and regional chambers of agriculture, can utilize these findings to pro-
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mote safer technology adoption practices through targeted training programs, awareness
campaigns, and industry guidelines.

Such collaborative efforts between policymakers, industry stakeholders, and agricul-
tural users can help ensure that technological innovation remains aligned with human
capabilities and ergonomic sustainability.

4.4. Limitations and Future Research

Despite its contributions, this study has several limitations that should be acknowl-
edged. First, the Analytic Hierarchy Process (AHP) relies on expert judgments, which
inherently contain a degree of subjectivity despite the application of consistency verifi-
cation procedures (CR < 0.10). Future studies could complement these findings with
objective ergonomic measurements, such as postural analysis, electromyography (EMG),
or physiological workload indicators [34-36].

Second, although the study included multiple stakeholder groups, the participants
primarily represent the Turkish agricultural sector. Future cross-country studies could
investigate whether cultural, technological, or operational differences influence ergonomic
perceptions and technology evaluation patterns in smart agriculture [37]. In addition, the
gender distribution of participants was predominantly male, which reflects the current
structure of the agricultural machinery and mechanization sector. This imbalance reflects
industry trends rather than a limitation of the sampling design. Nevertheless, future studies
could aim to include a more gender-balanced sample to further enrich the diversity of
perspectives in ergonomic evaluations.

Third, the research focused on three representative smart agricultural technologies—
GPS-guided tractors, agricultural drones, and automatic irrigation systems. Future research
could expand the analysis to include emerging technologies such as autonomous harvesters,
robotic planting systems, and Al-based decision-support tools [38].

In addition, future research could incorporate SCADA-based monitoring and control
systems, especially in automated irrigation and precision agriculture, to investigate their
potential impact on ergonomic performance and human-machine interaction in smart
farming environments [34,39].

Additionally, integrating other multi-criteria decision-making approaches—such as
TOPSIS, DEMATEL, or Fuzzy-AHP—could improve sensitivity analysis and enhance the
robustness of ergonomic prioritization models [5,20-22,40-42].

5. Conclusions

This study developed and applied a multi-stakeholder AHP-based analytical frame-
work to evaluate and prioritize five ergonomic criteria—physical workload reduction, task
duration, user safety, training requirement, and cost/applicability—across four stakeholder
groups (academia, operators/farmers, manufacturers, and sectoral organizations) within
the context of smart agricultural technologies. Using 10 pairwise comparison questions
derived from the AHP hierarchy, the model quantified the relative importance of ergonomic
factors based on the judgments of 53 experts representing different actors in the smart
agriculture ecosystem.

The results revealed that user safety (C3) consistently received the highest priority
weights among academia, farmers, and sectoral organizations, emphasizing that the adop-
tion of smart agricultural technologies remains strongly influenced by safety considerations
and risk reduction. In contrast, manufacturers prioritized cost and applicability (C5),
reflecting economic feasibility and implementation concerns associated with technology
development and commercialization. These findings highlight that ergonomic priorities
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vary across stakeholder groups, shaped by their operational roles and expectations within
smart agricultural systems.

These findings further demonstrate that the transition toward Agriculture 4.0 and
Agriculture 5.0 must remain fundamentally human-centered, ensuring that technological
innovation enhances operator safety, usability, and overall well-being rather than focusing
solely on productivity and automation efficiency [14-16,35].

The proposed AHP framework provides a quantifiable and evidence-based approach
for integrating ergonomic considerations into decision-making processes in agricultural
technology evaluation. By incorporating multi-stakeholder expertise, the model bridges
the gap between theoretical ergonomic principles and practical technological design con-
siderations, offering a comprehensive perspective for future smart farming systems [36,41].

From a practical standpoint, the results suggest three key directions for improving
the ergonomic sustainability of smart agricultural technologies: (i) the development of
ergonomic design standards for smart machinery and human-machine interfaces, (ii) the
implementation of training and extension programs aimed at improving ergonomic aware-
ness and safe technology use among operators, and (iii) stronger collaboration among
research institutions, manufacturers, and sectoral organizations to promote safety-oriented
innovation in agricultural mechanization [36,41].

Future research could further strengthen the analytical robustness of ergonomic priori-
tization by incorporating objective ergonomic indicators, such as posture analysis, vibration
exposure, and physiological workload measurements, alongside expert-based evalua-
tions [35,36]. In addition, integrating hybrid multi-criteria decision-making (MCDM) meth-
ods, such as TOPSIS, DEMATEL, or Fuzzy-AHP, may provide deeper insights into the inter-
relationships between ergonomic factors and technology adoption decisions [20-22,40-42].

Comparative studies across different countries or agricultural production systems
may also help identify how cultural, technological, and environmental conditions influence
ergonomic decision preferences in smart farming environments [37,39,43,44].

Ultimately, this research demonstrates that technological progress in agriculture
should not only pursue productivity gains but must also be guided by ergonomic awareness
and human-centered design principles. The multi-stakeholder AHP model proposed in
this study offers a practical decision-support framework for integrating human factors into
the development of next-generation agricultural technologies, ensuring that automation
supports and enhances human capabilities rather than replacing them [35,41].
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