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ABSTRACT

Ergonomic suitability is critical in tasks involving musculoskeletal movement. Many industries
have examined best practices and assessed workers’ ergonomic conditions during physical tasks.
Prolonged awkward postures are a known cause of discomfort and restricted mobility in areas
such as the arms, spine, and neck. Technologies like computer vision and human activity
recognition can help identify and prioritize ergonomic improvements. This paper presents findings
from a two-decade scoping review on the role of automation and study design in ergonomic
assessments of physical workplace tasks. Articles were sourced from Scopus, PubMed, IEEE Xplore,
Engineering Village, and Google Scholar. Eighty-four studies were analyzed to evaluate the use of
technologies in data collection, experimentation, analysis, and validation. We examined how
participant variables (e.g. sample size, body part of interest) and validation accuracy impact study
outcomes across domains. Integrating advanced technologies into ergonomic evaluations can
enhance worker safety and productivity by supporting real-time, evidence-based decision-making.

Practitioner Summary: This scoping review examined 84 studies on ergonomic assessments
involving automation technologies like computer vision and wearable sensors. The findings
showed automation improves data collection, analysis, and validation accuracy. These
advancements support real-time, reliable ergonomic assessments; however, epidemiological
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studies are needed to confirm their direct impact on musculoskeletal disorder outcomes.

1. Introduction
1.1. Background and rationale

Occupational safety and health are significant concerns
across sectors of the economy, especially within the
industry (Sudrez Sdnchez 2014). This is particularly true
of industries involving lifting of heavy goods, assembly
line jobs, prolonged sedentary work at a desk, and
repetitive task routines including military tasks (Blanco
et al. 2022; Daneshmandi et al. 2017; Fang, Fu, and
Zheng 2022; Raei et al. 2024). Bad ergonomic practices
often stem from accessibility and workers’ line of sight
of vital objects or other workers. Parno et al. (2017)
reported a high prevalence of work-related musculo-
skeletal disorders in the lower and upper back among
Iranian workers, with rates exceeding 38%. These can
lead to continued departure from a commonly
assumed body posture in pursuit of a better perfor-
mance outcome (Roveshti et al. 2024).

A developing knowledge base of human perfor-
mance examination can help automate systems for
human workers (Parasuraman 2000). Computer vision
(CV) can analyze posture and movement non-invasively
to enable a naturalistic work environment (lyer et al.
2024b). Depth sensing (Khosrowpour, Niebles, and
Golparvar-Fard 2014; Li and Lee 2011; Plantard et al.
2017) can be combined with regular camera imagery
to get information about limb and head extension and
movement. Simple cameras measure postural and
musculoskeletal parameters using pose estimation
models like MediaPipe (lyer and Jeong 2024; Jeong
and Kook 2023; Lugaresi et al. 2019), which detect
joint angles and postural deviations. However, field of
view limitations in stationary cameras can hinder full
motion capture and lead to occlusions. These chal-
lenges can be resolved with multi-camera setups or
depth cameras, along with advancements in
image-processing algorithms that compensate for
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incomplete data. Prince et al. (2008) highlighted the
necessity for precise and dependable measurements of
physical activity to assess varying levels of activity,
interventions, and the connections between physical
activity and health outcomes. However, general mea-
surement techniques must be further specialized for
assessing posture and its effects on long-term muscu-
loskeletal health (Khandan et al. 2016). The review pre-
sented in this paper focuses on ergonomic assessment
to compare how different studies used ergonomic
tools for their specific use case.

Procedures used to quantify and rate the
posture-based ergonomic risk in physical workers per-
forming specific industry-related tasks include the
Ovako Working Posture Analysis System (OWAS), Rapid
Entire Body Assessment (REBA), and Rapid Upper Limb
Assessment (RULA) (Kee 2022; Kohammadi et al. 2016).
In the current review, industries and sectors were
focused on studying the ergonomic and musculoskel-
etal strain imposed on various parts of the worker’s
body, comprising upper limbs, below the knee, back,
and neck.

This review provides several valuable insights for
both researchers and practitioners. First, it synthesises
two decades of ergonomic research trends, offering a
reference point for scholars interested in how automa-
tion methods such as computer vision, machine learn-
ing, and wearable sensors, are currently applied to
posture and motion assessments. Second, it identifies
practical limitations and challenges in validation, offer-
ing guidance for future studies aiming to implement
these tools reliably in industrial settings. Third, by
mapping ergonomic tools to specific body parts and
industry domains, the review supports the targeted
development of task-specific assessment systems.
Finally, its comparative evaluation of validation accu-
racy across varying levels of automation helps set real-
istic expectations for tool performance, which is
essential for translating findings from this study into
deployable ergonomic solutions.

The review studies summarized in Table 1 highlight
the applications of existing ergonomic assessment
methods and their research questions, strengths, and
limitations, providing the rationale for the current
review. Table 1 includes three different types of reviews:
Scoping reviews, systematic reviews, and meta-analyses.
For instance, Grooten and Johansson (2018) offered an
overview of observational ergonomic methods but
lacked in-depth statistical analysis, leaving gaps in quan-
titative validation techniques. Similarly, Reiman et al.
(2021) explored Industry 4.0 applications but did not
include real-world empirical testing, limiting the practi-
cal applicability of their findings. Veerasammy, Davidson,

and Fischer (2022) focused on multi-task exposure and
recovery requirements but did not address how auto-
mated tools could be integrated into these assessments.
Anacleto Filho et al. (2024) emphasized the role of vir-
tual tools and artificial intelligence in assessing biome-
chanical risks but did not analyze specific validation
challenges or industry-specific applications of these
tools. These limitations collectively highlight the need
for a comprehensive review that not only examines
automated ergonomic assessment tools but also evalu-
ates their validation accuracy, data collection methodol-
ogies, and applicability across diverse settings. By
comparing automated and observational techniques,
this study aims to provide novel insights into improving
ergonomic risk assessments through automation,
addressing both technological and practical challenges.
The current review seeks to identify how these advance-
ments can enhance real-time ergonomic evaluations
and decision-making, bridging the gaps identified in
prior reviews while contributing to a deeper under-
standing of automation in ergonomic science.

The rest of the paper is structured as follows:
Section 2 describes the methods, including the litera-
ture review framework, inclusion and exclusion criteria,
and the PRISMA-ScR process used to identify and
select relevant studies. Section 3 presents the results,
comparing ergonomic assessment techniques across
various industry applications. Section 4 discusses the
findings, interpreting their implications for the field of
ergonomics, identifying technological and method-
ological challenges, and proposing potential solutions.
The current study’s limitations are also discussed in
this section. Finally, Section 5 concludes the review by
summarizing the key contributions and suggesting
directions for future research.

1.2. Objectives and research questions

Following are the four research questions (RQs) that
were formulated to analyze the techniques and meth-
odologies employed in ergonomic and musculoskele-
tal studies from this search. The justification for
including each RQ is subsequently described.

RQ1: How do study design factors- such as sample
size, participant selection criteria, and the body part of
interest-influence validation accuracy in ergonomic
assessment studies?

Sample size holds significance for studies requiring
replication or further development based on existing
work, influencing aspects like recruitment, budgeting,
and data analysis. Two studies with identical method-
ology but different sample sizes may lead to various



ERGONOMICS (&) 3

azIs

a|dwes |jews Ag paywi]
sadfy
K1961ns usamiaq
elep payodal-j|as

ur Aunbique swog

Kjuo sdoiwouobia
a1edy}jeay 0} paywi]

AM|iqejiene

alnjesay| Jo

€| 03 ANp spoyidw

ssolde sauobared
UOISN|DUO JURISISUODU|

PIdY siyy

ur $y00q pue siaded

9JUIU0D BulpnPXd

Ajjennualod ‘sapiye
Jeuinof paiapisuod Ajug

sajdwes Jo uond33s
3y} Ul selq [enualod

LRI YdIeas 0} anp
POMB3IASI S3DIMIE PAYIWIT
el
uoIsnPXa 03 anp

SJUBUIWIRIBP
alepijen
0} siskjeue 10124 sas)

pazAjeue sasuodsal
Kanins 000's 19100

sjeuolssajoid [ed1paw
40 spuiy Juaiaylp
10} sisjeue sapnu|

$10109S
ssoloe syndino
uospedwod sazkjeuy

suonsanb yoieasal
pajteisp yum
PaMaIA3I s3I
JO 1SI| dAIISNRYXD UY
5|00} YA pue
‘Iv 1| ABojouyda}
fiesodwauod
saziseydw]
ainjesay)|
pamalnai-193d
pue A6
woJy s3D1e papnjdu|

sysey buiyl
JO JuBWSSasse pajielag

sainpadoud |edibins
Jo sadAy 9|diynw Joy
sisfjeue Ajipoq pajielag

saibojouyday
d|qeseam uo siseydw3

Ayjiqenea
poylaw-Jaul
uo sndoj ybiH
sanbiuydal
JUWISSASSe
Jlwouobla
pajewolne
"SA UO[}eAIDSCO
40 uospedwo)

$IIUBYIBWOI] YIM
51001 [eniA/|enbip
Jo sishjeue pajesbalu|

|00}
Bujurely auluo uo sndo4

Bunyi| [enuew ul s103oe} ysiy

Buryl) 03 sasuodsas [ed160]01sAyd

sysey Buiyl| [enuew jo syueuiwialdg

dAIseAul Ajjewiuiw

10 uado a1 sadAy K1abins |edidAy o siskjeuy
syed Apoq 3jdiinw uo sdjwouobia jo edw
utens diwouobid Jo swordwAs
suoabins/sysiuap/sasinu Joy Ajigedidde joop
sqof

91e2Y)[E3Y Ul eLIdID DlwouobId pue s1010e) ysiy
sbuimas aiedyyeay ui 5|00y diwouobiy

sanbiuydal jo Ajiqedyddy

sindIno UMD UO[IR[D1I0)

SaNnbjuyd3} [RUOIIRAISSCO UOWWIOD ISON
1UBWISSASSe

JlwouohId 3y} Joj panIas utewop Aisnpul ayl
uonepijea jo Adeindde pue ‘siskjeue ui

uojlewolne ‘poyidw UoII||0d eIep Ul UOIe[.1I0)
JusWissasse dlwouobia 1oy sued Apoq jo uonenjeay
£>eandde uonepijea uo yedw subisap Apnis

uomen[eA Ysi ul abesn YA
5|00} Ysu Ul Bugepow uewny [eubig
SYs1 BuIssasse Ul |y JO SSIUIAIIBY]

sweiboid auljjuo woy pauiedb abpsmouy
Buiuesy auiuo ur uondeyses IS
solwouobis 1oy buluIes|-3 JO SSBUAIIBYT

sj001 Bunsixa ul Japuab Jo uoisnpu|

sJjwouobid
L Bunyy| jenueyy
sojwouobid
oy |ea161ns Jo siskjeuy

aledyyjesy ul

67 1UBWISSaSSe diwouobi]
sanbiuydal
JUDWISSISSE
Jlwouobla

6¢ Jo uospedwo)

|00} JUSWISSISSE
J1wouobis
paseq-uoIeAIasqo

¥8 JO uopewolINy

SYSI |ed1uRYdIWOIG
¥E 10 5|00} |enuiA/[eNbIqg

swelboid buiures
S sojwouobia YO

CT0C ‘e 19 [epuoy

siskjeue-e1apy 8107 ‘e 13 Hpnis

¥20¢ '|e 13 oulqes

MaIAD) 6107
dJnewaisAs apuedysag pue 1ysor

(om
JULIND) “[e 13 43A|

0t
‘e 19 oyji4 oI3euy

€20 '|e 19 auinbiaz

€C0¢C
13pag Jediod pue

51001 dy1dads-1apuab siskjeue $|001 YU S Ul JUSWSSISSe QSN Ul Selq Japuan andadsiad xas ‘B159N)-0ISUISY
U0 DUIPIAS palwl] P35eg-X3S SIS9PISUO)  MBIIASI PISNI0J-ISPUID SQSIN 40} S10138) XSl dY1dads-1I9pusaD LE e WOJ) JUSWISSasse as ‘neuly eusss
sjuawialinbas A1an0dal 5|00} S|9pOLW/S|00) S3103Y1 gSI\ 01 sjool buiddepy 220T 13Ydsi4
pue sainsodxa QS JO M3IAIBAO Bunsixa jo Arewwns 3Insodxa paje|nwindde Joj S|9POW/s|00] 5]001 pue ‘uospiaeq
3Sel-inw 01 payw] peoiq e Ssaplroig ansuayaidwo) 2Insodxa yser-inw Joj S3L03Y) uolesned sy e JUdWISSISSe YSU ASI ‘Awwieselasp
suonesiuebio ur Aunew 3/4H
Bunnidenuew ur sabusjjeyd diwouobiy
bunsay priom-jeas pue Aunew 3/4H ot 0y Ansnpuj ot
eiep [eduidwa Jo ¥de]  JOo UoISSNISIp pa|ielaq Ansnpuj ui 3jo1 3/4H Ul uoisnpul (3/4H) SA1Wouobid pue sio1de) uewnH L€ Ansnpu| ui solwouobig 120 [e 19 uewiay
spoylew Juswainseaw Aysuaiul ‘uonielnp ‘“Aousnbaiy JUSWISSISSE
siskjeue pamaInal |_UOIBAIDSCO spoylaw Aq passasse syed Apog %S djwouobid 810¢ uossueyor
[eonsiiels yidop-ul sype 5|00l Jo A1oueA IpIm Y SNOLIEA JO MIIAISAQ SQS 40} SPOYISW |eUOIIRAIDSAO JO sadA] 6l |[eUONBAIRSqQ  MaIA3) Buidods pue ua100i9
suoneywr] sy1buang fanoN suonsanb yoieasay pamalnal uonediddy 9dA1 mainay SaIpnIs MaIASY
siaded
Jo Jaquinp

.mws_u_r_r_uwu JusWwissasse pue s|00} u_rcocom‘_m 10} SMoIARJ 1UualayIp JO COmIMQEOU ‘L 9|qelL



4 H.IYERET AL.

clinical decisions (Faber and Fonseca 2014). It is
important to note that the relationship between sam-
ple size and clinical decisions is context-dependent
and not always absolute. In ergonomic assessment,
human subjects are commonly used as data sources.
Thus, this research question was added as part of the
review. The participant selection generally depends on
the kind of experiment and the study conducted,
especially for ergonomic assessment. For example, for
virtual reality (VR) based research, the headset-induced
motion sickness population must be excluded. When
designing a study, it is vital for investigators to not
only establish appropriate inclusion-exclusion condi-
tions but also evaluate their influence on the study’s
validity (Patino and Ferreria, 2018). This research ques-
tion was included to analyze any data shortcomings
and study the logic of choosing the correct subjects
for the study. Ergonomic assessment techniques
depend on what part of the body is being studied.
Tasks like assembly, culinary work, and construction
involve greater use of upper limbs. Walking and
running-based tasks may involve more usage of lower
limbs and trunk. Repetitive use of a specific body part
can cause an increased risk of musculoskeletal disorder
(MSD) (Azizi et al. 2016). A substantial burden of mus-
culoskeletal disorders has been reported among
high-risk occupational groups such as drivers and
manufacturing workers, with the lower back, neck, and
shoulders being the most frequently affected regions
(Omidianidost et al. 2016; Yarmohammadi et al. 2019).
Parno et al. (2020) conducted a meta-analysis of 45
studies across Iran, identifying low back and neck pain
as the most prevalent work-related MSDs. Thus, the
body part of interest also plays a role in deciding the
data collection and analysis techniques. The current
review recorded the body part of interest to analyze
the depth and technique of assessment used in
each case.

RQ2: What types of data collection methods, levels of
automation in data analysis, and wearable technolo-
gies are used for ergonomic assessments in industrial
settings?

The data collection could be in different modalities,
including surveys, experiments, and self-assessments
(lyer, Reynolds, et al. 2024). It is important to know
which of these were used in the study since it could
help quantify any biases and incorporate tolerances for
experiment designs. Thus, this research question was
added to analyze trends and decisions regarding the
data collection strategies of the reviewed studies. With
an increasing volume of data, analysis becomes more
challenging. For example, a recorded video of a

subject performing a task could be split into thou-
sands of image frames. Thus, automation in analysis is
crucial. These include deep learning techniques like
neural networks, CV, and machine learning algorithms
(Breiman, 2001; lyer and Jeong 2024; Macwan et al.
2024). Deep learning technology originated from artifi-
cial neural networks and has become a popular sub-
ject in the computing world. Its ability to learn from
data has made it widely applicable in various fields
such as healthcare, visual recognition, text analytics,
cybersecurity, and many more (Sarker 2021). However,
constructing a suitable model is challenging due to
the dynamic nature and diverse variations in real-world
complications and data. This research question was
added for automated ergonomic assessment to see
how the data type and size impact algorithm selec-
tion. Wearable technologies like augmented reality
(AR), smartwatches, head-mounted displays, activity
trackers, and biomechanical analysis sensors are
emerging technologies that automate data measure-
ment (lyer, Isingizwe, et al. 2024). For ergonomic
assessment, it could also provide more accurate read-
ings than self or manual assessment. However, this
brings about the challenge of interrupting a naturalis-
tic work environment due to the worker wearing the
device. Stefana et al. (2021) reviewed wearable devices
for ergonomics. Over half of the relevant articles were
published in 2020 and 2024, indicating a growing
trend. Due to this technology’s relevancy and wide-
spread adoption, this research question was investi-
gated in the current review.

RQ3: How does validation accuracy of ergonomic risk
assessments vary across different body parts of inter-
est, such as upper limbs, lower limbs, or the full body?

Once the results of a study are obtained, the valida-
tion process is essential to quantify the efficacy and
future usability of derived knowledge. Automated
ergonomic assessment involves developing software
tools and algorithms that perform the analysis.
Automation is important for this operation because it
can have a heavy volume of data. This research ques-
tion investigated the validation technique used against
the ergonomic assessment techniques presented in
the studies. In experiments involving human subjects,
mitigating risks as much as possible is critical. For soft-
ware algorithms and wearable devices that studies
propose, quantified validation data for safe and reli-
able usage for future and real-life applications is
needed. The validation accuracy can help instil confi-
dence in potential adopters of the technology. This
metric was collected from the reviewed studies and
reported to analyze the degree of validation accuracy



based on the automation methods chosen and the
trade-off against their manual counterparts.

RQ4: In which industry or domain (e.g. construction,
culinary, aviation manual tasks, driving tasks) does the
study belong?

Ergonomics are a part of many physical tasks across
industries like construction, transportation, food prepa-
ration, assembly, and manufacturing. Ramos-Garcia
et al. (2022) studied the impact of ergonomic features
on job fulfilment and occupational well-being among
university workers during the Severe Acute Respiratory
Syndrome Coronavirus 2 pandemic. Similarly, better
ergonomic assessment and suitable training could
impact job satisfaction for industries like construction,
which involve comparatively heavier manual labour
and repetitive tasks (Farrokhi, Khankeh, and
Poursadeqgiyan 2019; Hosseinighousheh et al. 2021).
This review included the research question to collect
information on the sector that studies targeted to help
maximize the impact of automation in ergonomic
assessment to the largest population pool.

The team developed these research questions based
on reported studies from the initial literature search.

2. Methods

The current review followed the Preferred Reporting
for Systematic Reviews and Meta-Analysis Extension
for Scoping Reviews (PRISMA-ScR) guidelines (Tricco
et al. 2018). The corresponding checklist is provided in
the Appendix. Scoping reviews across various fields
have used PRISMA-ScR for the initial phases of the
review process (Balakrishnan et al. 2022; Major,
Clabault, and Wild 2021; Morid, Borjali, and Del Fiol
2021; Wu and Ho 2023).

The search criteria were decided based on a selec-
tion of phrases and keywords that are of interest in
ergonomic assessment technique analysis. They are as
follows:

(Auto* OR Real-time)

+  AND (ergonomic* OR Human factors)

«  AND (observ* OR ergonomic assess* OR rapid
upper limb assessment OR rapid entire body
assessment OR Ovako Working Posture Analysis
System OR Posture, Activity, Tools and Handling
OR Biomechanical human modelling OR digital
human modelling OR Body part discomfort
scales human modelling OR The Job Content
Questionnaire OR Plan for Identifiering av
Belastnings faktorer (PLIBEL) OR Rodgers mus-
cle fatigue analysis OR National Institute for

ERGONOMICS . 5

Occupational Safety and Health (NIOSH) lifting
equation OR Energy prediction model OR
Threshold limit value (TLV) for Lifting OR The
Washington Industrial Safety and Health Act
(WISHA) Lifting Calculator OR Ohio lifting guide-
lines OR the Manual handling assessment charts
(MAC) tool OR Snook tables OR Strain index OR
Occupational Repetitive Actions OR TLV for
hand activity OR TLV for upper limb muscle
fatigue OR Assessment of repetitive tasks OR
Muscle fatigue equations OR Novel Ergonomic
Postural Assessment Method OR Agricultural
Whole-Body Assessment OR American National
Standards Institute (ANSI) Z-365 OR Baseline
Risk Identification of Ergonomic Factors OR
Manual Tasks Risk Assessment tool OR The
Lifting Fatigue Failure Tool OR The Distal Upper
Extremity Tool OR Ergonomic Job Measurement
System)

One option from the three lists mentioned above
was selected to form different search queries. The que-
ries were then run through five literature databases
employed as part of the search: IEEE Xplore, PubMed,
Engineering Village, Scopus, and Google Scholar. All
combinations of possible queries were formulated
using an automated Python script that resulted in a
list of queries to be fed into the search system. The
search was done using Python libraries to search
through these databases. The libraries include IEEE
Xplore Python API, Scholarly library for Google Scholar
search, Elsapy module for Elsevier search, and PyMed
library for PubMed filtering and search. These libraries
helped assemble the above keywords in a program-
matic data structure to automate the initial parts of
the literature search. In some cases, the corresponding
results were also validated using the journal’s web
search filter and tools. Keywords were searched for in
the topic and abstract sections of the search results.
The inclusion criteria for this review required studies to
(1) focus on ergonomic assessment techniques, with
an emphasis on automation and validation methods;
(2) be published in peer-reviewed journals between
2000 and 2024 to ensure relevance to contemporary
practices; (3) involve human subjects or simulations
relevant to ergonomic studies; and (4) provide quanti-
tative or qualitative data on study design factors, data
collection, analysis methods, or validation techniques.
Studies were excluded if they (1) were unpublished,
working papers, conference papers, book chapters, or
dissertations; (2) did not focus on ergonomic assess-
ment methods; (3) lacked clear methodologies or vali-
dation techniques; or (4) did not include sufficient
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details for meaningful analysis, such as missing infor-
mation about sample size, automation levels, or body
parts assessed.

Using the research questions, 84 papers were fil-
tered out and distributed amongst three participant
organizations (one researcher from each organization)
for analysis and review. The papers were distributed
randomly, and there was no bias across researchers
due to the lack of set expectations for the review. The
reviews were compiled and verified by the primary
researcher. The initial search yielded a list of papers
(n=567) containing the search terms and a few papers
found through other resources (n=3). After removing
duplicates, the number of screened articles was
reduced (n=536). The exclusion criteria excluded some
records (n=73), and the resulting filtered list (n=463)
was parsed manually to identify the studies that
addressed the research questions indicated above. This
reduced the number of papers to be reviewed to a
more concise list (n=84). Figure 1 shows the summary
of the PRISMA-ScR process used in this study. Each
article was charted independently by two additional
reviewers to minimize bias and ensure relevance.
Discrepancies between reviewers were resolved
through discussion and, when necessary, consultation
with the primary reviewer. For complex cases or miss-
ing information, these issues were documented in the
results (Table 2), thus improving the reliability of this
review. Data were collected on several variables: sam-
ple size, body part of interest, data collection

Figure 1. Overview of PRISMA-ScR process and criteria.

technique, data analysis technique, validation tech-
nigue, and validation accuracy. The sample size referred
to the number of participants in each study. The body
part assessed indicated areas like the upper limbs or
trunk. Data collection methods included techniques
like video recording or sensors, sometimes simplified
to a single approach. Analysis methods ranged from
statistical models to machine learning. Validation meth-
ods, used to confirm accuracy, included expert com-
parisons and statistical tests, with accuracy reported as
a percentage or error rate. Lastly, each study’s industry,
such as construction or healthcare, provided details
about the applicability of findings across related fields.
In this review, we used accuracy to refer to the degree
of agreement between a system’s output and a vali-
dated ground-truth measure, often quantified using
metrics such as classification performance or root
mean squared error (RMSE). Validation refered more
broadly to the process of evaluating a system’s perfor-
mance against established benchmarks or reference
methods. Reliability, in contrast, described the consis-
tency or repeatability of a system’s outputs across dif-
ferent trials, raters, or conditions.

3. Results

Table 2 lists the reviewed studies, detailing each
study’s sample size, the body part assessed, data col-
lection and analysis methods, validation techniques,
and accuracy results. It shows the range of approaches
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Figure 2. Comparison of ergonomic assessment methods across key dimensions.

used for ergonomic assessments, from video record-
ings and motion capture to wearable sensors, and
how different studies validate their findings. This table
helps compare methods and highlights how ergo-
nomic assessments are applied across various settings.

As shown in Figure 2, ergonomic assessment meth-
ods differed in important ways across cost, accuracy,
usability, and real-time capability. Computer vision and
depth sensors offered the most balanced profiles,
combining high usability and real-time feedback with
moderate to high accuracy at low to moderate cost.
IMU wearables and EMG systems provided strong
accuracy, but the former required donning sensors,
and the latter involved electrode placement, reducing
overall usability. Hybrid approaches (e.g. combining
vision with IMU or EMG) delivered the highest reported
accuracy but demand more resources and setup.
Manual video annotation remained low-cost but varied
in accuracy depending on coder expertise and lacks
real-time support. These comparisons, summarized in
Figure 2, highlight key trade-offs to consider when
selecting methods for ergonomic assessment in both
research and applied contexts.

4. Discussion

The literature review found trends and specific details
about the studies conducted, with some outlying cases
involving either an esoteric or one-off observation.
The selected papers showed a trend of increasing
frequency concerning the recency of publication
(Figure 3). The review included reading and extracting

information relevant to the research questions to ana-
lyze the studies and discover the automation, data
analysis, and validation techniques used.

4.1. Participant data [RQ1]

The participant pool size for the reviewed studies
ranged between 1 and 772 (M=46.61, Population SD=
126.46). Wang et al. (2021) involved 15 participants,
out of which 9 were male and 6 were female. The par-
ticipants were tasked to perform a construction activ-
ity where gender diversity was crucial. A diverse group
of participants of different genders helped provide a
more inclusive and job-oriented perspective of the
task. Unless specifically required otherwise, the studies
generally employed a balanced proportion of male
and female participants. The size of the dataset was
found to depend on the nature of the task. Huang and
Pan (2014) involved 260 participants to simulate
real-life work scenarios better. In comparison, Bao,
Silverstein, and Stewart (2013) assessed ergonomic
intervention for Nicaraguan coffee harvest workers.
Blanco et al. (2022) investigated the impact of an
upper limb exoskeleton on simulated workers who
performed repetitive industrial tasks. The study’s par-
ticipants were exclusively individuals who were
right-hand-dominant. Sometimes, video or quantitative
data recording occurs from a certain angle of interest,
where the orientation and job-performing position
play a key role. Muscle activity using EMG sensors was
monitored when usage and fatigue of muscles were
relevant to the analysis (Gonzalez-lzal et al. 2010; Kim
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Figure 3. The number of published papers per year.

et al., 2007; Pah and Kumar 2001). The current review
recorded the body part of interest to analyze the
depth and technique of assessment used in each case.
Ergonomic assessment techniques depended on what
part of the body is being studied. It was found that
ergonomics of multiple joints were most studied (62%),
followed by upper limbs (26%), trunk (8%), lower limbs
(2%), and head (2%). To understand the relationship
between the sample size of ergonomic studies and
their validation accuracy, a Pearson correlation analysis
(Sedgwick 2012) was performed. Gallagher et al. (2018)
used the Distal Upper Extremity Tool (DUET) with 772
participants, validated via logistic regression. Peppoloni
et al. (2016) employed EMG and IMU sensors with 10
participants, achieving almost 95% accuracy for RULA
scores. Barshan and Yurtman (2020) classified activities
with motion sensors, achieving over 98% accuracy. Ryu
et al. (2021) and Hida, Okada, and Matsumoto (2022)
used motion capture systems for joint assessments,
with accuracies exceeding 80%. Villalobos and Mac
Cawley (2022) achieved 98% accuracy using 9-axis IMU
sensors for upper limb assessments. Dias Barkokebas
and Li (2021) validated ergonomic risks in VR with
RULA and REBA scores reaching 80 and 86%, respec-
tively. All studies presented in Table 2 involved valida-
tion processes to ensure the reliability and accuracy of
their findings. These validation efforts varied depend-
ing on the methodology employed. For instance, stud-
ies utilizing EMG data often validated muscle activity
readings against established reference metrics or
expert evaluations. Similarly, studies relying on Likert

scales ensured validation through statistical tech-
niques, such as reliability testing and inter-rater agree-
ment analyses. Anthropometric studies frequently
compared their measurements against standardized
datasets or ground truth values. The analysis included
studies from Table 2 that provided both sample size
and numeric validation accuracy values. However, the
relationship was not statistically significant (t=-0.186,
p>0.05), likely due to the limited number of observa-
tions available for the analysis. This analysis was done
to assess if there is a potential trend where larger sam-
ple sizes could be associated with higher validation
accuracies in ergonomic studies. However, the statisti-
cal significance of this correlation could not be estab-
lished, highlighting the necessity for a larger and more
diverse dataset to enable robust statistical validation.

4.2, Criteria for inclusion and exclusion [RQ1]

Inclusion and exclusion conditions for participants
were mentioned in almost all the studies, with the
most common exclusion factor being physically unable
to perform a task for which the ergonomics were to
be estimated (Bao, Silverstein, and Stewart 2013;
Gallagher et al. 2018). Age, experience, and physical
features like height and weight affected qualification
for study participation since these variables directly
correlate to style, mannerisms, and ability to perform a
given task (Li, Martin, and Xu 2020; Mahmod, Abdullah,
and Othman 2020). It was found that the criteria com-
monly used among the studies to include or exclude



’

participants were demographics like age, the subjects
industry of work or interest (Chen and Yu 2024), expe-
rience (Mazaheri, Neumann, and Trask 2024), and ergo-
nomic capabilities of the recruited participants to
ensure they can perform tasks designed as part of the
experiment (Fang, Fu, and Zheng 2022;; Udani et al.
2012). Participants who refused to consent were auto-
matically excluded from the respective study.

4.3. Wearable technology for data collection

[RQ2]

Depending on the study type and the worker popula-
tion under investigation, wearable technologies offer
data access that would otherwise be inaccessibly chal-
lenging to assess solely through visual or
observation-based techniques. Examples of such data
include EMG, IMU, sensor vests or belts, electroen-
cephalography (EEG), electrocardiogram (ECG), smart-
watches, and specific joint angle motion detection.
Figure 4 provides a visual overview of wearable sys-
tems, illustrating common sensor placements and form
factors. This helps contextualize how these devices are
utilized to collect postural and physiological data in
ergonomic assessment studies. Among these, wearable
adaptations include EMG sensors integrated into sur-
face devices (Beniczky, Conradsen, and Wolf 2018) or
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clothes (Colyer and McGuigan 2018), IMUs embedded
in belts for motion tracking (Stenger et al. 2024), EEG
sensors incorporated into headbands (Arsalan et al.
2019), and ECG sensors embedded in chest belts or
smartwatches (Weaver, Wooden, and Grazer 2019),
enabling real-time physiological, psychological, and
motion data collection (Khazai et al. 2019; Lorenzini et
al. 2022). The studies included in the current review
used diverse wearable technologies for data collection,
analysis, and validation. Paquet, Punnett, and Buchholz
(2001) conducted a survey of posture that involved
the use of electronic inclinometers. These inclinome-
ters were securely fastened to the subject’s arms and
perpendicular to their legs using Velcro, elastic bands,
and tape. This setup allowed researchers to collect
data on posture above the shoulders and below the
knees while subjects performed construction tasks.
Additionally, electrodes were attached to wearable
equipment, such as bands and straps, and placed on
specific areas of interest, such as arms, elbows, back,
and legs (Bao and Silverstein 2005; Spielholz et al. 2001).

Ohlendorf et al. (2015) used computer-based mea-
surement through the musculoskeletal system (CUELA)
software and conducted statistical analyses using BiAS
10.8 for automated data collection. To investigate pre-
cision, they compared CUELA system measurements
to optical motion capture system (VICON, Oxford, UK)

Figure 4. Wearable sensors to capture motion and health data of interest.
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measurements. The study focused on culinary workers
and involved attaching sensors to their clothes. Prairie
and Corbeil (2014) used CUELA sensors to measure
the performance of paramedics while performing var-
ious tasks, including emergency medical procedures.
The participants were required to wear a CUELA sys-
tem vest while performing the assigned tasks. The
validation process involved comparing the CUELA sys-
tem’s measurement of joint angles and strain in
high-demand and low-demand situations and differ-
entiating between urgent and non-urgent activities
and stretcher and non-stretcher activities. While sen-
sors are commonly used in ergonomic experimenta-
tion to collect data, only a subset of these systems
can be categorized as wearable technologies. Wearable
technologies specifically refer to devices that are
designed to be worn as accessories, embedded in
clothing, or attached to the body, such as smart-
watches, sensor vests, belts, or headbands. Although
many ergonomic studies use sensors for data collec-
tion, relatively few incorporate wearable configura-
tions, which are characterized by their portability and
ability to collect real-time data in naturalistic
environments.

4.4. Automation employed in data collection and
analysis [RQ2]

Automation was observed in data collection tech-
niques, processing, and validation. This included con-
ducting experiments using wearable devices,
extensions, and callipers to mount sensors for data
collection. It is important to note that the use of sen-
sors in ergonomic studies is not equivalent to auto-
mation but serves as an enabler for automation.
Sensors collect data that can be processed using
automated systems, such as machine learning algo-
rithms or real-time analysis tools, to reduce manual
effort and improve accuracy. While most ergonomic
studies rely on sensor-based data collection, only a
subset integrates automation for analysis and
interpretation.

Fang, Fu, and Zheng (2022) utilized wearable sen-
sors attached to the body to detect manual assembly
motion and calculate continual ergonomic risk percep-
tion. Some of these studies were multi-staged pro-
cesses that analyzed joint angles, back-stooping
posture analysis, neck rotation, and ergonomics lost
due to awkward bending. A quasi-experimental study
found that neck, core, and combined stabilization
exercises significantly reduced pain and improved
range of motion in elderly patients with chronic

non-specific neck pain over 12 weeks (Soroush
et al. 2022).

Wang et al. (2019) experimented to evaluate a lifting
monitor built using that works using 2D videos. For this
experiment, they used a single 2D camera to capture
the video data, which was then fed into the algorithm.
This highlights the significance and relevance of image
processing in analyzing visual data, which would other-
wise require manual interpretation by an ergonomist or
a human interpreter. The Lifting Fatigue Failure Tool
(LIFFT) was developed by Gallagher et al. (2017) to ana-
lyze risk in the case of low backloading risk, which can
potentially be integrated into automated systems to
predict ergonomic risks in real-time using continuous
data inputs from wearable sensors or motion-tracking
devices. Like lifting, a study conducted in llam, Iran,
found that the way school students carried their bags
significantly influenced the prevalence of musculoskele-
tal symptoms (Poursadeghiyan et al. 2017).

VR was employed by a few studies, such as in Dias
Barkokebas and Li (2021), to assess ergonomic risk in
the case of industry-based construction tasks. Similarly,
Jun et al. (2019) used depth sensors coupled with a
networked link of VR terminals to build a model for
human engineering simulation to assess the ergo-
nomic movements of automobile manufacturing work-
ers. Both studieszsed automated data computation,
conversion, and processing through a user-friendly
graphical interface to optimise automation. In addi-
tion, RULA and REBA score calculations were also inte-
grated into the processing pipeline, which helped
provide further insight into subject performance and
task technique. In parallel, traditional methods such as
the Key Indicator Method have also been applied in
occupational settings, like assessing manual load carry-
ing risks among auto mechanics (Yarmohammadi
et al. 2016).

MassirisFernandez et al. (2020) aimed to assess
ergonomic risks using computer vision and machine
learning. The assessment was based on drilling, ham-
mering, wall plastering, and tree cutting. Five publicly
available videos of workers performing these tasks
were used as the dataset for the study, shot from
non-ideal recording angles and in poorly illuminated
areas. The videos were chosen to contain at least one
challenging condition, such as uneven ground, poor
lighting, or moving camera viewpoints. The method
detected skeletons of workers using open-sourced
neural networks, allowing angles of body joints to be
deduced and RULA results to be calculated using
machine learning and computer vision. Validation was
done by comparing the scores from the automatic sys-
tem to those assigned by ergonomics experts.



Additionally, the confidence in skeleton and joint
detection was viewed, and angles were compared to
those simulated in a lab setting. The CV (OpenPose)
detected joint angles with improved ability.

Zhang et al. (2019) studied human activity recogni-
tion using motion sensor data and U-Net. The study
analysed four datasets, including three pre-existing
and one new dataset. The researchers used deep
learning to obtain data features fed into the U-Net
network. The study compared dense prediction and
sliding window prediction algorithms. A human activ-
ity recognition framework was developed using U-Net,
starting with motion sensor data collected from wear-
able devices. This data was transformed into an image
featuring a single-pixel column and multiple channels.
The image was then fed into the U-Net network for
activity recognition at a pixel level. The framework
encompassed data preprocessing, dense prediction,
and subsequent analysis. The study evaluated algo-
rithms based on a sliding window, such as support
vector machines and convolutional neural networks,
and algorithms based on dense prediction, such as
SegNet and U-Net, using accuracy, precision, and recall
evaluation metrics. The study also performed activity
misalignment analysis on the dense prediction results
obtained by the proposed U-Net method on four data-
sets and compared the results with those of other
deep learning methods.

4.5. Study validation techniques and results [RQ3]

Along with the processing and automation of tasks,
the current review also looked at the validation tech-
niques and accuracy of the methods and tools
employed in the studies. The VR experiment by Dias
Barkokebas and Li (2021) was validated by comparing
the VR simulation’s output to the task’s actual perfor-
mance data. The RULA and REBA calculation error rate
was roughly 10% in this case. Lamooki et al. (2022)
created an advanced framework that automatically
measures ergonomic risk using only a single sensor.
The model can accurately quantify risk with an accu-
racy rate of over 95%. The framework includes auto-
mated tools that pre-process the sensor signals and
detect statistically significant inertial changes through
segmentation and change point signals. Validation in
studies such as Ryan et al. (2011) that aimed to inte-
grate human factors into existing tasks, such as road
construction, involved subject matter expert advice.
This technique might be suitable for initial or
small-scale validation as a precursor to automated val-
idation and accuracy testing techniques and
algorithms.
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Lee and Lee (2022) developed a pre-emptive
plan-based and deep learning-powered system to
assess ergonomic risk for risky posture recognition.
They used automated deep-learning algorithms to val-
idate the system. The algorithms were trained to learn
image features and image-dependent spatial models
to detect postures automatically and independently.
The accuracy of this system was over 0.85 on a scale
of 0-1, determined by comparing its outputs with
scores computed manually by experts. Barshan and
Yurtman (2020) used MATLAB to help automate results
for classifying sport-related actions irrespective of the
placement of the wearable motion sensor modules.
The validation techniques used in the study were the
P-Fold and Leave-One-Subject-Out methods.

Xu et al. (2016) studied motion activity reconstruc-
tion in the healthcare sector. They used everyday life
trend analysis to collect data through body and loca-
tion sensors that tracked patient activity and position
throughout the day. The system was designed for
healthcare professionals and users with disabilities,
and data was recorded using the proposed system
during the research and validation process. The sen-
sors used in the study had a high success rate in
detecting user location for context detection.

Various tools, including Kinect sensors, cameras,
and motion capture systems, have been evaluated for
their ability to accurately capture joint positions,
angles, and repetitive actions. For example,
Aghamohammadi et al. (2024) and Hamilton et al.
(2023) used CNNs and Al-assisted video to estimate
joint movements and evaluate posture, demonstrating
promising results in reducing the risk of unsafe posi-
tions. Many studies focus on upper limbs or multiple
joints and explore metrics such as REBA and RULA
scores, mean error, and comparisons with ground-truth
data. The findings indicate that these technologies,
when combined with deep learning models or inverse
kinematics, can provide reliable ergonomic assess-
ments that align closely with expert evaluations.
Studies such as those by Jeong and Kook (2023) and
Yuan and Zhou (2023) show acceptable accuracy in
real-world applications, suggesting that automated
and video-based assessments could complement tradi-
tional observational methods.

We implemented the variable ‘Body Parts of Interest
in our statistical assessments to analyze its impact on
the validation accuracy of ergonomic assessments. For
lower limbs, the accuracies were consistently high,
with an overall mean of 97.75%, reflecting strong reli-
ability in the studies. Multiple joints, despite being
associated with numerous studies, showed more vari-
ability, resulting in an overall mean of 88.24%. Trunk

7
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measurements were highly reliable, with average
reported accuracy of 86%. Similarly, upper and lower
limbs reported a single study accuracy of 94%, indicat-
ing strong reliability in this category. In contrast, upper
limbs exhibited a moderate overall mean accuracy of
over 86%, suggesting some variability across studies.
For the head, there were no specific accuracy mea-
sures provided, highlighting a potential gap in the
data for this body part. Fang, Fu, and Zheng (2022)
reported mean rotational errors of around 0.7°, 0.7°,
and 0.8° for the head along the x, y, and z axes,
respectively, demonstrating the system’s precision in
capturing head postural data during manual assembly
operations. Based on these findings, we recommend
future research to expand the dataset and incorporate
more complex models that include interaction effects
and more robust regularization methods like Ridge
(Hastie 2020) or Elastic Net (Zou and Hastie 2005).
These steps will further clarify the observed trends
and improve the generalizability of the study’s find-
ings, ultimately ensuring that technological advance-
ments in ergonomic assessments are utilized to their
fullest potential in improving workplace safety and
worker health (Poursadegiyan et al. 2021; Poursadeqiyan
and Arefi 2020).

Across the reviewed studies, validation techniques
varied widely, highlighting a persistent lack of stan-
dardization in ergonomic assessment research. The
most frequently reported methods included ground
truth comparisons (n=11), motion capture systems
(n=10), expert validations (n=9), and statistical tools
or software (n=9). For example, Paquet, Punnett, and
Buchholz (2001) used SAS statistical software to ana-
lyze agreement between coder observations, while
Spielholz et al. (2001) employed statistical analysis
tools to benchmark video-derived measurements.
Motion capture systems such as the PEAK Motus sys-
tem were used by Lowe (2004) to quantify posture
misclassifications, reporting misclassification rates over
47% for elbow flexion. Cross-validation approaches
were prominent in wearable sensor studies, such as
Parkka, Cluitmans, and Ermes (2010) and Cui et al.
(2017), both of whom used leave-one-subject-out or
k-fold cross-validation to estimate classification accu-
racy above 94%. The heterogeneous nature and data
scarcity of residual musculoskeletal disorders present
additional methodological challenges in disease bur-
den estimation, which may lead to underreporting or
misclassification (Gill et al. 2023).

Some studies relied on domain experts to evaluate
system outputs. Seo and Lee (2021) validated their
vision-based classifier against ergonomic risk scores
provided by human observers, reporting classification

accuracy of 89%. Others compared their methods to
epidemiological databases or gold-standard instru-
ments. Gallagher et al. (2017) validated manual ergo-
nomic risk scores against two large epidemiological
datasets, and Schall et al. (2016) compared IMU out-
puts with optical motion capture using root mean
square differences (RMSD), achieving discrepancies
within 1.5°. Meanwhile, Peppoloni et al. (2016) used
EMG and IMU data to compute RULA scores and com-
pared them to traditional human-based assessments,
reporting over 94% agreement.

This wide methodological spread, ranging from sta-
tistical regression to domain expert judgement to bio-
mechanical simulation, complicates direct comparison
across studies and limits the generalizability of find-
ings. The diversity of validation targets (e.g. posture
angles, muscle activation, task classification) and data
collection conditions (e.g. lab vs. field, single vs. multi-
ple participants) further exacerbate this challenge.
These patterns highlight the critical need for more uni-
fied validation reporting standards and frameworks to
ensure transparency, replicability, and comparability in
future ergonomic technology evaluations.

4.6. Applicable industry [RQ4]

The review examined studies from a diverse set of
industry use cases. The different tasks the studies
deployed portray the scope of ergonomics on the
human task force serving industry needs (Figure 5).
For laborious work like construction or assembly
tasks, the analysis was geared towards assessing repet-
itive motions through sensor and computer vision
techniques (lyer et al. 2024a). However, multi-sensor
synchronization remains a barrier to measuring coordi-
nated upper and lower body movements in dynamic
or multi-planar tasks. Lamkull, Hanson, and Ortengren
(2009) collected and validated data for automotive
assembly tasks using digital human modelling tools,
with the assistance of professional ergonomists who
evaluated the experiment techniques. The tasks
involved lifting objects, moving heavy items, and activ-
ities that required potentially bad musculoskeletal pos-
ture, which could be inconvenient and harmful (Figure
6). Lowe (2004) analyzed the motions of the upper
limbs of workers while performing general tasks. Visual
Analog Scaling and direct measurement techniques
were used to gather data, which was then fed into a
probabilistic pipeline to process ergonomic informa-
tion and develop validation techniques. The study
involved domain-independent work like activity recog-
nition, lifting and placing, motion recognition, and
overall ergonomic analysis while performing required
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Figure 5. Industry domain catered to by the reviewed studies. Note: ‘General’ refers to studies involving domain-independent
tasks (e.g. lifting, reaching, or sitting) that are not specific to a single industry.

tasks at work. Using a scale that had three categories,
the most often occurring posture was wrongly recog-
nized, with likelihoods of over 45%, 20%, and 8% for
flection of the elbow, elevation of the shoulder, and
the plane of the shoulder’s elevation, respectively. Jun
et al. (2019) analysed how human modelling would be
done to carry out physical tasks on the automotive
assembly line. Four types of movements were selected
for this experiment, all focusing on the ergonomics of
multiple joints. An experimental case study was con-
ducted to validate the proposed model by employing
various depth cameras and a VRPN. A human model
was generated through depth cameras (Kinect) and a
Microsoft Xbox input device, which automatically col-
lects data to create a digital human model. Three test
scenarios were put together that involved modelling
in different poses based on the specificity of the tasks
as part of the validation. The accuracy of validation
was reasonably high for the three test scenarios. Seo
and Lee (2021) used automated RULA and REBA calcu-
lations with a vision-based analysis and data capture
method. The analysis and validation methods were
specific to the industry sector being studied to ensure
a less biased and more realistic scenario. It is import-
ant to note that vision-based systems often struggle to
maintain tracking accuracy when tools occlude key
joints or when multiple overlapping body parts chal-
lenge part-based skeleton extraction.

Real-world applications of these technologies are
already emerging across several industries. For example,
commercial platforms such as the Microsoft Azure
Kinect and wearable IMU systems are increasingly used
in logistics and manufacturing to monitor ergonomic
risks associated with lifting, bending, and overreaching.
Similarly, computer vision-based systems have been
deployed in food processing and construction settings
where full-body motion tracking is needed without
interfering with workflow. While these deployments
highlight growing adoption, they also highlight chal-
lenges related to environmental variability, occlusion,
and system calibration in uncontrolled settings. While
this review focuses on comparing technologies across
task domains, certain industry-specific factors may influ-
ence real-world adoption. For example, the need for
contactless systems is particularly important in food
processing and healthcare settings, where hygiene and
sterility are critical (Poursadegiyan et al. 2021;
Poursadegiyan and Arefi 2020). In construction and
field services, dynamic lighting and occlusion can impair
vision-based tracking, requiring robust hardware and
calibration protocols. Sectors like logistics or manufac-
turing may be more amenable to wearable or hybrid
systems, given their more structured environments.
These practical considerations highlight that ergonomic
assessment technologies must be tailored not only to
task type but also to industry-specific constraints.
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Figure 6. (1) Assembly line task (Ldmkull, Hanson, and Ortengren 2009), (2) Dairy farming task (Mokarami et al. 2019), (3) Coffee
harvesting task (Bao, Silverstein, and Stewart 2013). The faces from the original images have been blurred to respect privacy of

the persons.

4.7. Strengths and limitations of the current
scoping review

This scoping review possesses a significant strength in
its concentration on literature that encompasses the
assessment techniques for various body parts’ ergonom-
ics across diverse industries, serving as a foundation for
a potential systematic review. Another noteworthy
aspect of this study is its summary of automation used
in data collection, analysis, and validation concerning
different data types (e.g. visual, sensor-based, percep-
tual). The delineation of automated methods relevant to
the industrial domain and its associated body parts of
interest might aid future studies in designing ergonomic
assessment experiments.

However, several limitations should be acknowl-
edged. First, while the review covered literature on
automated ergonomic assessment, it lacked a qualita-
tive analysis to substantiate the findings. While provid-
ing a summary of state-of-the-art tools for assessing
ergonomics, this scoping review did not explore the

practical application implications of automation tech-
niques. Second, although the literature search followed
PRISMA-ScR guidelines, it focused exclusively on jour-
nal articles, potentially overlooking valuable articles
from other sources like conference papers and reports.
Third, the review only included studies published
between 2000 and 2024, omitting traditional ergo-
nomic assessment methods published before 2000,
which could have provided comparative or validating
insights. Furthermore, the exclusion of non-English
sources may have introduced selection or publication
bias. Some studies in this review also involved very
small sample sizes, including single-participant designs.
While these were retained due to methodological
innovation (e.g. novel sensors or algorithm develop-
ment), their findings should be interpreted with cau-
tion. Broader validation with more diverse participant
pools is necessary to assess generalisability.

Although many reviewed studies report quantitative
validation metrics, few addressed qualitative aspects of
implementation. For instance, wearable systems may



interfere with natural work behaviour or cause discom-
fort over extended periods, reducing ecological valid-
ity. Similarly, video-based systems pose privacy and
consent concerns, especially in real-world workplace
environments. These concerns highlight the growing
need for adherence to emerging ethical frameworks
(e.g. ISO/IEC 23894:2023) on Al risk management or
the principles outlined by the IEEE Global Initiative on
Ethics of Autonomous and Intelligent Systems when
deploying automated ergonomic systems in workplace
settings (Chatila and Havens 2019; Oviedo et al. 2024).
These practical and ethical considerations are critical
for adoption but are underreported in the literature.
Future research should prioritize usability studies and
the development of ethical frameworks for deploying
automated ergonomic systems in occupational set-
tings. Finally, validation methods varied widely across
studies-some relied on expert judgement, others on
statistical error metrics, and a few lacked clear valida-
tion procedures altogether. This heterogeneity hinders
direct comparisons and highlights the need for stan-
dardized reporting guidelines.

5. Conclusion

This review highlighted the role of automation in
advancing ergonomic assessments. In many studies,
manual analysis served as the basis for developing and
validating automated systems, demonstrating the
potential of automation to improve the measurement
of ergonomically quantifiable attributes. The reviewed
studies spanned diverse industries and contexts,
reflecting the broad applicability of ergonomic assess-
ments in addressing workplace challenges. Beyond
automation, study design factors, such as sample size,
participant selection, and body part of interest, were
also found to significantly influence tool performance
and validation accuracy.

In addition to synthesising automation trends, this
review offered several implications for advancing of
the human factors domain. First, it highlighted the fea-
sibility of implementing automated motion and pos-
ture assessment tools using cost-efficient video and
wearable systems, for scalable deployment in resource-
constrained environments. Second, the findings could
inform the design of ergonomic interventions tailored
to specific tasks and body parts, supporting practi-
tioner decision-making in diverse sectors such as man-
ufacturing, construction, and healthcare. Third, by
comparing validation strategies, the review provided a
foundation for standardizing methodological practices,
thereby improving the generalizability and reliability of
future ergonomic studies. However, successful
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real-world deployment still faces practical challenges,
including hardware costs (e.g. 360-degree cameras,
motion capture systems), the need for specialized
training, integration with existing workflows, and con-
cerns regarding worker privacy. Organizational resis-
tance and limitations in infrastructure may also hinder
adoption (Jalo and Pirkkalainen 2024; Khandan et al.
2017). These insights can guide the next generation of
ergonomic technologies and support the development
of real-time monitoring systems for occupational risk
management.

Future research should prioritize validating auto-
mated ergonomic assessments against long-term mus-
culoskeletal injury outcomes to establish predictive
value beyond observational accuracy. There is a need
to investigate the usability and acceptance of these
technologies in real-world, high-variability occupa-
tional settings. Studies should also focus on the inte-
gration of multimodal sensing approaches, such as
combining computer vision with IMU or EMG inputs,
and evaluate how such hybrid systems can be stan-
dardized for widespread deployment. Developing
benchmark datasets and open protocols to support
comparative validation would also accelerate progress
in the field. While most studies emphasized validation
metrics such as accuracy or error reduction, relatively
few addressed user experience, comfort, or deploy-
ment barriers. This highlights a critical gap in under-
standing real world feasibility and user centered
acceptance, which should be a priority for future
research to ensure practical adoption of automated
ergonomic systems. Further research could explore the
integration of emerging technologies, such as AR and
VR, to enhance ergonomic evaluation techniques, par-
ticularly in capturing complex movements and spatial
data. Expanding this field with additional surveys and
studies could provide details about long-term impacts
of ergonomic interventions and support the develop-
ment of methodologies aimed at preventing and miti-
gating work-related musculoskeletal disorders. Future
development should prioritize creating more diverse
and comprehensive datasets to improve the generaliz-
ability of ergonomic models across populations and
tasks. There is also a pressing need for standardized
validation protocols to ensure consistent assessment
accuracy across studies. Underrepresented body
regions, such as the head, neck, and wrists, warrant
greater attention, particularly in occupations involving
fine motor tasks or constrained postures. Exploring Al
explainability may enhance usability and trust of auto-
mated tools in safety-critical applications. Cross-cultural
validation is also essential for adapting tools to diverse
posture norms, work practices, and ergonomic
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standards across global industries. Furthermore, inte-
grating physical and cognitive ergonomic factors, such
as combining motion tracking with workload or atten-
tion metrics, can strengthen human factors research
and system design. Finally, while these tools show
promise for ergonomic risk identification, it is import-
ant to note that no epidemiological studies to date
have confirmed a direct impact on reducing MSD
rates. As such, related claims should be interpreted
with caution.
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