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Abstract. Agricultural ergonomics employs methods such as Rapid Upper
Limb Assessment (RULA) and Rapid Entire Body Assessment (REBA) to
assess postural risks. However, these methods may be inaccurate and time-
consuming. The objective of this study is to compare the effectiveness of Artifi-
cial Intelligence (AI), specifically a software based on MediaPipe, with conven-
tional methods (RULA-REBA) to identify and assess ergonomic risks due to
postures in rice agriculture. The methodology employed involved the develop-
ment of AI software with MediaPipe, which was designed to detect postures in
real time. This model was capable of identifying 33 anatomical points, thereby
enabling detailed analysis of movement and posture. The results demonstrated
that the AI outperformed RULA and REBA in detecting forced postures. Fur-
thermore, it provided faster and more accurate assessments. The findings in-
dicated that AI could be a valuable tool in agricultural ergonomics, potentially
outperforming traditional methods. This could significantly improve working
conditions and reduce musculoskeletal disorders among farmers.

1 Introduction

Musculoskeletal disorders (MSDs) are one of the most common occupational health problems
in recent years, according to the Global Burden of Diseases, Injuries and Risk Factors Study
(GBD), being the second leading cause of non-fatal disability [1]. These disorders affect mil-
lions of people worldwide, especially employees performing manual activities. In particular,
rice farming involves various awkward postures that increase the risk of MSDs. Conventional
methods, such as RULA and REBA, although useful, may be limited in accuracy and agility,
requiring more effective alternatives.

Among the most significant issues are those related to musculoskeletal disorders, includ-
ing back pain, tendonitis, cervical pain, and wrist problems [1–5]. These are prevalent due to
prolonged awkward postures that employees maintain, mainly due to a lack of mechanization,
the use of tools, the division of labor, and the adoption of awkward postures in tasks such as
dividing, providing, and transplanting. Additionally, factors such as work experience, age,
and gender contribute to the prevalence of these musculoskeletal disorders. This not only
affects health but also productivity in any occupation, with a particular impact on agricultural
activities.

∗Corresponding author: michelle.varasch@ug.edu.ec

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons 

Attribution License 4.0 (https://creativecommons.org/licenses/by/4.0/).

E3S Web of Conferences 532, 02001 (2024)
CIIA 2024

https://doi.org/10.1051/e3sconf/202453202001



Other studies [4, 6–9] have also confirmed similar ailments attributed to a lack of mech-
anization and awkward postures. The importance of adapting agricultural ergonomics was
also discussed in works pointing out differences between developed and developing countries
[10]. Moreover, the necessity for the implementation of regulations such as ISO 11228-3 in
Chile for the effective management of these disorders emphasizes the importance of regular
ergonomic training and assessments to mitigate these risks [11–13].

A review of research in various global agricultural contexts has identified the urgent need
to address ergonomic risks and improve working conditions in order to prevent musculoskele-
tal disorders among field workers. A study of Colombian farmers using the REBA method
identified high ergonomic risk in the task of weeding [14]. Another study noted variable
risks in postharvest activities, highlighting the need for interventions in medium-risk tasks
such as shelling and cutting [15]. Concurrently, a prevalence of musculoskeletal symptoms
has been observed in Iran [16], with a higher incidence among women and those engaged in
specific agricultural tasks. Finally, a study conducted in Bhaktapur, Nepal, reported that 36%
of farmers suffered from back pain due to overexertion [17].

The collective findings underscore the pressing need to implement sustained, culturally
sensitive ergonomic interventions, which should be supported by both government and cor-
porate policies. The goal of these interventions is to improve health and safety standards in
the global agricultural sector.

The adoption of artificial intelligence (AI)-based technologies and automated ergonomic
tools in agriculture has led to significant advancements in reducing physical strain and in-
jury prevention in the sector [18–20]. These developments have demonstrated the potential
of automated RULA-based assessments and computer vision systems in improving working
conditions. Despite these advances, ergonomic challenges such as musculoskeletal disorders
caused by vibration, noise, and poor posture still persist [2, 21] underscoring the necessity
for continuous monitoring and training. Indeed, the use of sensorless AI has improved er-
gonomics in medical settings [3], suggesting its usefulness in surgical training and reinforcing
the importance of ergonomics in various professional settings.

In the context of rice farming, the introduction of artificial intelligence (AI)-based er-
gonomic risk assessment software raises several key issues that need to be addressed. First,
it is critical to determine the accuracy of these AI systems and posture detection models in
identifying ergonomic risks by comparing them to traditional assessments performed by oc-
cupational risk prevention experts. This comparison will not only assess the technology’s
ability to accurately identify postures that could lead to musculoskeletal disorders (MSDs),
but also whether AI results can improve or complement existing methods.

In addition, it is important to explore how the implementation of automated assessment
using AI can contribute to the early detection and prevention of MSDs by investigating
whether these tools can more quickly and accurately identify hazardous postures commonly
faced by farmers. Finally, it is critical to address the challenges and limitations of integrat-
ing this advanced technology into the agricultural environment. This includes overcoming
technical, operational and adaptability hurdles, and identifying key areas that require further
development and improvement for effective implementation of the software in agricultural
settings.

By demonstrating the superiority or complementarity of AI over conventional methods,
this study could not only improve ergonomic assessment practices, but also make a significant
contribution to reducing the incidence of MSDs among farmers, thereby improving their
quality of life and work efficiency.

The following section presents the methodology applied, based on an advanced artifi-
cial intelligence software and the MediaPipe framework, which is designed to detect and
evaluate postures in real time and could offer superior accuracy and speed compared to the
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traditional RULA and REBA methods. Subsequently, the results obtained by applying the
aforementioned methods are presented, followed by a discussion and a conclusion that al-
lows associating the results of other related studies, as well as the limitations of the work.

2 Method
This section describes the methodology employed to examine a system for preventing poor
ergonomic posture. Figure 1 illustrates the pipeline that starts analyzing input video mate-
rial from both stored files and real-time transmissions. The videos are processed frame by
frame. MediaPipe’s technology for detecting key body points allows the system to calculate
Euclidean distances to determine body part angles such as neck, torso, and knee inclinations.
The assessment methodology conforms to the standards RULA and REBA methods. The
result is a detailed estimate of the ergonomic risk associated with each frame of the video.
To validate the effectiveness of the developed system, a comparative analysis of the auto-
mated results was performed with ergonomic evaluations performed by human experts, using
the same sets of videos. Each video was subjected to a detailed evaluation following the
RULA and REBA methods, thus providing a reference data set against which the results of
the artificial intelligence system were contrasted.

Figure 1. The pipeline for automatic risk assessment: Input video or streaming is analyzed frame by
frame to identify body landmarks using Media Pipe. Then angles are calculated according RULA and
REBA standards. The output is the ergonomic risk.

2.1 Dataset

The data section of the article consists of a set of 20 videos taken at the rice planting site.
Each video portrays an individual farmer during the planting process in the tasks of dividing,
proportioning, and planting. The recordings document three critical activities: dividing, pro-
portioning, and planting. The videos, averaging two minutes in length, are in MP4 format
and recorded at 30 frames per second to ensure a smooth and detailed observation of the work
practices. The videos are 368 pixels wide by 640 pixels high, with a consistent data rate of
765 kbps to optimize image quality while maintaining data handling efficiency.

In the preprocessing stage, the original frames of the videos are not modified; instead,
selective filtering is applied using OpenCV. This filtering is governed by an adjustable param-
eter that controls the rate of processed frames. This strategy ensures optimized operational
efficiency, adapting to the specific needs of the study without compromising data quality and
representativeness. In the experiments conducted in this study, the OpenCV filtering param-
eter was set to process only five frames per second of each video. This approach reduces the
amount of data to be analyzed by focusing on a representative sample that provides sufficient
insight into the farmer’s activity without the need for unnecessary processing of redundant
information.

2.2 Pose detection with AI

Pose detection, also referred to as pose estimation, is a computer vision technology that
identifies a person’s position and orientation in images and videos by marking key points
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Figure 2. List of the landmarks detected by the posture detection model of the MediaPipe framework
in the human body.

on the human body, such as joints. MediaPipe, an open-source media processing library
created by Google, implements pose detection using convolutional neural networks (CNNs)
trained on large datasets of images and videos featuring diverse human postures. Previous
research has demonstrated the effectiveness of the MediaPipe posture detection model in
identifying and analyzing human postures with high accuracy [5]. These technologies enable
detailed analysis of movements and postures in real-world work environments, overcoming
the limitations of traditional methods.

Figure 2 illustrates the 33 anatomical landmarks [22] or key points identified by the
posture recognition model. These landmarks include joints and body segments such as the
head, shoulders, elbows, wrists, hips, knees, and ankles. Each landmark represents the two-
dimensional (x, y) coordinates relative to the coordinate system of the analyzed image or
video, enabling a detailed analysis of posture and movement.

2.3 Angle estimation

Table 1 describes all the angles calculated for later use in the estimation of RULA and REBA
scores. To illustrate, let’s consider the left forearm angle (FL). The landmarks used to de-
termine this angle are the left shoulder (landmark 11), the left elbow (landmark 13), and the
left wrist (landmark 15). The distance dp,q is the straight line distance between any two land-
marks p and q, measured in the plane of motion. This is given by the Euclidean distance
formula, which computes the distance based on the x and y coordinates of these points.

dp,q =

√
(Xp − Xq)2 + (Yp − Yq)2 (1)
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Table 1. MediaPipe key points used to calculate the angles according to the body parts defined by the
RULA and REBA.

Body part angle Abbreviation Involved landmarks
Left arm AL ∠13, 11, 23

Right arm AR ∠14, 12, 24
Left shoulder S L ∠12, 11, 13

Right shoulder S R ∠11, 12, 14
Left forearm FL ∠11, 13, 15

Right forearm FR ∠12, 14, 16
Left hip side HL ∠11, 23, 25

Right hip side HR ∠12, 24, 26
Left knee KL ∠23, 25, 27

Right knee KR ∠24, 26, 28
Left wrist WL ∠13, 19, 15

Right wrist WR ∠14, 20, 16
Left wrist deviation UL ∠17, 15, 19

Right wrist deviation UR ∠18, 16, 20
Neck flexion NF ∠0, 12, 11

Neck bending left NL ∠11, 7, 12
Neck bending right NR ∠11, 8, 12
Trunk flexion left XL ∠23, 11, 25

Trunk flexion right XR ∠24, 12, 26
Trunk twisting left T L ∠23, 11, 24

Trunk twisting right TR ∠23, 12, 24

These distances correspond to the lengths of the sides of the triangle formed by the three
landmarks. For instance, d11,13 is the distance between the shoulder and the elbow, effectively
representing the length of the upper arm. Similarly, d13,15 represents the length of the forearm,
and d11,15 is the hypotenuse of the triangle, stretching from the shoulder directly to the wrist.

By applying the law of cosines in Equation 2, we can determine the angle at the elbow
joint. This angle reflects the degree of forearm flexion and is a critical component in evaluat-
ing the ergonomic risk of a worker’s posture.

FL = arccos
(

d11,13 + d13,15 + d11,15

2 · d11,13 · d13,15

)
(2)

Thus, the distances dp,q are fundamental to calculating the specific angles which form the
basis for the RULA and REBA scoring system, providing a quantifiable measure to assess
ergonomic risk.

2.4 RULA and REBA scores

The methodology combines AI software with RULA and REBA. This integration provides
a dynamic and accurate assessment of ergonomic risk. Figure 3 shows the angles and posi-
tions marked by the software during the division, distribution and planting operations. The
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Table 2. Score assignment thresholds that define the risk level defined by RULA and REBA standards.

Body member Angle used Position Score

Arm position [AL, AR]

(−20°, 20°) +1
(−∞,−20°) ∨ (20°, 45°) +2

(45°, 90°) +3
(90°,∞) +4

Arm abduction [S L, S R] (110°,∞) +1

Forearm position [FL, FR]
(60°, 100°) +1

(−∞, 60°) ∨ (100°,∞) +2
Forearm to the side [S L, S R] (25°,∞) +1

Wrist position [WL,WR]
0° +1

(0, 15°) +2
(15°,∞) +3

Wrist radial / ulnar [UL,UR] (−∞, 30°) +1

Neck flexion [NF]

(0°, 10°) +1
(10°, 20°) +2
(20°,∞) +3
(−∞, 0°) +4

Head rotation [NL,NR] (1°, 5°) +1
Head lateral tilt [NL,NR] (30°, 45°) +1

Trunk flexion [XL, XS ]

≈ 0° +1
(1°, 20°) +2

(20°, 60°) +3
(60°,∞) +4

Trunk rotation [T L,TR] (1°, 5°) +1
Trunk lateral tilt [T L,TR] (30°, 45°) +1

Legs
[HL,HR] (100°, 180°) 1

[HL,HR] ∧ [KL − KR] (100°, 180°) ∧ (0°, 5°) 1
[HL,HR] ∧ [KL − KR] (100°, 180°) ∧ (5°,∞) 2

angles are calculated on the basis of Table 1. The thresholds [19, 23, 24] defined in Table 2
correspond to the RULA and REBA standards for assigning the risk level.

RULA employs a series of specific body angle measurements to assess the ergonomic risk
associated with upper extremity and torso postures. For example, arm postures (AL, AR) are
evaluated based on specific angles, with a scoring system that assigns more points to postures
that are considered higher risk. An arm angle of between -20° and 20° is assigned one point,
while an angle greater than 90° is assigned four points, indicating a higher ergonomic risk.
Similarly, wrist position (WL, WR) and wrist deviation (UL, UR) are also assessed and scored
based on their alignment. The scores are then compared to obtain a total score for each group
(arm group and neck/trunk group). The total score is then used to identify the level of action
required, according to the consolidated RULA table.
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REBA extends the assessment to the entire body, including the legs and feet, in addition
to the areas covered by RULA. As in RULA, specific body part angles are measured, such
as trunk flexion (XL, XR) and trunk rotation (TL, TR). A score is assigned based on the
ergonomic risk of the posture. For example, trunk flexion close to 0° receives one point,
while flexion greater than 60° receives four points. The scores for each body segment are
then compared to tables defined for the upper and lower extremities that are subsequently
adjusted for additional factors such as load and grip. Finally, a consolidated REBA score
table is used to determine the urgency of needed ergonomic interventions.

2.5 Evaluation

Figure 3. The system in test mode plots each frame with estimated angles. A: the farmer is dividing
the garba with trunk flexion 14º. B: is distributing proportionally with trunk flexion 14º. C: is plating
with trunk flexion 101º.

The evaluation process analyzed the activities of 20 workers during rice planting using
the transplanting technique, specifically for three tasks: A) dividing the garba, B) distributing
in equal parts and C) planting. The figure 5 illustrates these activities, in which the system in
test mode plots the angles in degrees of the workers’ postures. This test mode is crucial, as
it facilitates real-time ergonomic visualization and evaluation, providing an interactive tool
for immediate posture adjustment and correction. When the software operates outside the
test mode, it does not record video images, limiting itself to capturing specific angles and
calculating the resulting ergonomic risk.

The applied experimental design examines ergonomic risk assessment methodologies,
specifically contrasting the efficacy of the manual/traditional method performed by experts
with the artificial intelligence (AI) technique under both the RULA and REBA standard
schemes.

A single worker was selected for a focused ergonomic evaluation for each task, includ-
ing dividing, distributing, and planting. Two well-established manual methods, RULA and
REBA, were administered by an ergonomic expert to evaluate the worker’s posture. The ex-
pert’s assessment involved a step-by-step analysis of the worker’s movements and postures,
capturing the intricacies of dividing, distributing and planting. At the same time, the same
task was analyzed using AI-based software developed with MediaPipe. This software pin-
pointed key body angles by identifying and tracking anatomical landmarks on the worker’s
body frame by frame during the selected task. Special emphasis was placed on the accuracy
of angle detection around critical regions such as the torso, neck, knees, and arms.

The expert performed a manual validation by comparing the angles derived by the AI
software with those observed during the manual assessment. This cross-validation was used

7

E3S Web of Conferences 532, 02001 (2024)
CIIA 2024

https://doi.org/10.1051/e3sconf/202453202001



to assess the accuracy of the software in real-time posture analysis. The frames captured by
the AI software, indicating the angles at which the selected activity was performed, provided
a visual and quantitative reference for the expert to confirm or challenge the accuracy of the
AI. The design of this experiment sheds light on the reliability of AI software in ergonomic
risk assessment, specifically its accuracy in reflecting expert judgment about posture-related
risks.

3 Results

3.1 Artificial Intelligence (AI)

The results of the automatic evaluation exhibit a lower concentration of scores, which indi-
cates greater consistency in the assignment of risk levels by artificial intelligence. Another
variable that was validated is the percentage of average time required for the evaluation ap-
plying AI. This allows for a reduction of the time required for the evaluation process. The
time required for evaluators to complete their tasks was reduced by 60%, allowing them to
perform other tasks while the machine was processing the videos to be analyzed. The reduc-
tion in the time required by a single individual to conduct ergonomic risk assessments has
enabled the evaluation of a greater number of farmers with the same time commitment to
activities related to rice cultivation.

3.2 AI vs RULA

Figure 4. Method RULA vs AI RULA

A comparison of the results of the divide activity reveals a significant discrepancy in the
risk levels identified by the experiments. For RULA, this activity reflected 85% of high to
very high levels, while in AI it reflected 80% of medium levels. The remaining percentage
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for RULA is medium (15%), and for AI it reflected an acceptable level (20%). These results
indicate a varied need for intervention, ranging from immediate postural corrections to more
detailed assessments.

The RULA method was employed to assess the risk associated with the "distribute" ac-
tivity. The results indicated that the risk level was classified as "very high" for 95% of the
farmers. Conversely, the AI identified a "high" risk level, which was observed in 90% of
the farmers. These findings suggest that the two methods yielded comparable results, with
minimal differences in the level of risk. This observation does not impact the effectiveness of
the intervention to reduce the musculoskeletal effects of the worker. In other words, the two
results indicate the necessity of correcting the posture as soon as possible.

In the final activity, "planting," 100% of farmers exhibited a high risk level for RULA.
However, with AI, 85% exhibited a high level and 15% exhibited a very high level. Both
methods underscore the urgency of implementing immediate postural corrections to mitigate
the associated ergonomic risks, as illustrated in Figure 4.

3.3 AI vs REBA

Figure 5. Method REBA vs AI REBA

In the activity evaluated, "dividing" for REBA, 70% corresponded to the medium level.
Conversely, for AI, 70% corresponded to the low level, indicating a perception of lower
overall risk in this activity compared to REBA. This suggests that a variety of interventions
ranging from moderate to low may be appropriate.

The evaluation of the "distribute" activity yielded a result indicating a variation in the risk
level as determined by the applied method. In REBA, 75% of the results revealed a very
high risk level. In contrast, the AI revealed 60% of results with a medium level, while 40%
showed a high level. This result indicates that, in comparison to REBA, AI presents a reduced
perception of urgency in the necessary interventions. Consequently, AI offers a potentially
more detailed and varied analysis of the risk positions.
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The activity of "planting" represents a variation in risk level between the two methods.
The application of REBA corresponded to a very high risk level, whereas IA reflected a
combination of high and medium levels (65% and 35% respectively). While both require
intervention, AI indicates a lower immediacy in the need for correction postulate compared
to REBA.

The results show that there is a difference of one level of risk between the evaluation
performed with REBA and the application of AI. This difference is evidenced by the fact that
the calculation of angles using AI presents variations in relation to the frames per seconds of
the analyzed videos compared to the traditional method, as shown in Figure 5.

4 Discussion

4.1 AI-RULA

When comparing RULA and AI, differences in risk assessment are observed. RULA tends to
classify more cases as high risk compared to AI. AI provides a more balanced and detailed
perception of risk. It uses advanced measurements and subtle motion capture to identify
risky postures. This pattern of differences may be influenced by technological developments
in ergonomic assessment as discussed in the literature review.

In the "divide" activity, RULA demonstrated a more dispersed distribution of risk levels
in contrast to AI, which tended to rate the majority of cases as medium risk. This discrep-
ancy can be attributed to AI’s continuous analysis capability. This finding is analogous to the
observations made in the study by [25], which demonstrated the effectiveness of the Azure
Kinect camera in accurately capturing critical angles. Another advantage is evident in the
method presented by [19], which employs computer vision to perform automated, simultane-
ous ergonomic assessments. These advances demonstrate how technology can enhance the
accuracy of ergonomics.

For the "distribute" activity, RULA saw a very high level of risk that required immediate
correction. The AI rated the majority as high risk, indicating less urgency. This difference
suggests that the AI processes the data more thoroughly than RULA. [26] and [20] show that
advanced technologies such as Kinebot and computer vision improve accuracy. They use
deep learning algorithms for more detailed and frequent analysis. Compared to RULA, these
methods are less subjective. AI enables more accurate and realistic risk assessment. These
technological advances better reflect the complexity of work postures.

For the "transplant" activity, both methods assigned a high and very high risk levels to
all cases. Both methods showed consistency in the identification of high-risk situations. This
is aligned with what was observed in the study by [27] and with the findings of [3], which
highlighted the ability of OpenPose technology to perform accurate and rapid assessments,
facilitating early and effective intervention in critical situations.

In addition, studies such as [28] highlight adaptive and participatory ergonomic interven-
tions that complement IA. IA customizes assessments with specific data, improving accuracy
and acceptance. This increases the effectiveness of preventive measures among workers.

The authors of this study suggest that the differences between RULA and AI are partly
due to the inherent nature of each method. RULA uses static and subjective judgments. AI
adapts algorithms for dynamic and contextual risk detection. This adaptability is critical in
agricultural environments where risks vary across tasks and seasons.

The integration of AI in ergonomic assessment is progressing towards precision and less
invasive, adapting to current work environments. Consistency between RULA and IA in
high-risk tasks shows their effectiveness. Variations highlight the importance of selecting the
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appropriate method according to the context. Thus, future research should focus on optimiz-
ing the integration of these technologies to maximize ergonomic benefits in all application
areas.

4.2 AI-REBA

The comparative analysis between REBA and AI revealed significant differences in risk cali-
bration. These can be attributed to the methodologies used and recent technological advances
in ergonomics.

For the "splitting" activity, IA showed lower perceived risk than REBA, suggesting a need
for more varied intervention. This ability of AI to adjust assessments to actual risk may be
due to its advanced technology, which allows it to capture and analyze subtle variations in
postures and movements, an advantage also noted by [29] in using deep learning to improve
the accuracy of ergonomic assessments.

For the "provide" activity, REBA identified a higher percentage of cases as very high
risk compared to IA, which showed a more balanced risk distribution. IA analyzes postures
and movements in detail, providing realistic and less conservative assessments, similar to the
observations of [20], who highlighted the effectiveness of automated systems such as "Quick
Capture" in accurate and rapid ergonomic assessment.

In the "transplant" activity, both methods agreed in identifying high risk, although AI dis-
criminated more between high and medium risk levels. This AI approach may reflect a better
ability to implement accurate and personalized interventions, consistent with studies such as
[27] that use motion capture technologies for accurate, noninvasive, real-time assessment.

In [30], they developed a semi-automated AI-based tool that improves accuracy and re-
duces assessment time by quickly identifying hazardous postures. This is similar to the re-
sults of IA in this study, where the technology allows for more accurate differentiation of risk
levels. The authors suggest that IA enables continuous and dynamic assessments that out-
perform traditional methods. REBA, which is based on static assessments, does not capture
the true complexity of postures. AI processes large amounts of data in real time, allowing
for more detailed analysis. This improves the accuracy and efficiency of ergonomic assess-
ments. It also reduces subjective bias and optimizes the timeliness and appropriateness of
interventions.

4.3 AI-RULA-REBA

This study found early limb problems in rice harvesters. The use of RULA, REBA or AI
shows significant ergonomic risks in this trade. Although there are differences in the eval-
uation of each method, ergonomic problems affect the back, neck and shoulder [14]. It is
essential to implement control or mitigation measures immediately. [31] suggests obtaining
rapid results for early detection of occupational diseases. The use of AI also allows for imme-
diate recommendations and risk control. This improves the work environment and minimizes
health impacts.

The automated scores show a more accurate distribution of scores, from 2 to 10 with
a mean of 5.68. This suggests that the IA assigns more uniform risk levels than REBA or
RULA, which show very high risks with scores from 11 to 13 and a mean of 12.6. The
automated assessment gave a lower score of 7.3, indicating a lower risk, although it does
not take into account the handling of hazardous tools. The professionalism of the assessor is
essential to the accuracy of the data, which is crucial to validate the results of any assessment,
as [32] noted.
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According to [33] y [34], the adaptability of IA extends to other areas of work, demon-
strating its effectiveness in different rice farming contexts. Incorporating AI into ergonomic
assessments improves accuracy and personalizes interventions. This technology reduces er-
gonomic risks and personalizes safety in agriculture. The integration of new technologies is
essential to improve occupational health and safety.

4.4 Limitations

The study highlights the challenges of applying AI to ergonomic risk assessment. It is critical
to compare its accuracy with traditional methods such as RULA and REBA. Although these
methods are subjective, they set a high industry standard. Any new technology must meet
or exceed these standards to be effective. This underscores the importance of accuracy and
feasibility in ergonomic improvement.

In addition, the use of AI in the early detection and prevention of musculoskeletal dis-
orders faces significant hurdles in its integration into the agricultural environment. These
include overcoming technical and operational limitations, making the necessary adjustments
to adapt the technology to different field conditions, and providing adequate training to users.
These barriers underscore the importance of continuous and careful development to ensure
that the implementation of IA is not only technologically feasible, but also effective in im-
proving working conditions and worker health.

5 Conclusions

In terms of accuracy, the results indicated that AI software based on MediaPipe demonstrated
superior performance compared to RULA and REBA. In the "split" task, AI identified 80%
of cases as medium risk, while RULA marked 85% of cases as high risk. These differences
highlight the superior accuracy of AI, as it provides a more balanced and detailed risk assess-
ment, which is crucial for planning appropriate and timely interventions.

Furthermore, the integration of AI into automated assessments has reduced assessment
time by 60%, thus accelerating the analysis of occupational hazards. This advancement al-
lows for more frequent analysis, which is crucial for the early detection and prevention of
musculoskeletal disorders in farmers. By acting early, the development of chronic injuries
in farmers can be prevented, thus improving their well-being. AI demonstrates high consis-
tency in assigning risk levels, thus optimizing the identification of hazardous conditions.This
consistency is superior to that of traditional methods and facilitates the prioritization of nec-
essary interventions. In addition to streamlining assessments, AI improves the accuracy and
effectiveness of ergonomic interventions.

The adoption of AI technology in agriculture, particularly in rice cultivation, presents
significant advantages but also faces important challenges. These include adapting the tech-
nology to varying field conditions, overcoming technical limitations such as the accuracy
of analysis in natural environments, and providing adequate training to users. Additionally,
difficulties exist in fully capturing the profiles of those being assessed through video, which
can compromise the accuracy of the assessments. These challenges underscore the need for
continuous and meticulous development leaving a gap for future studies that consider these
limitations to improve working conditions and worker health.
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