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A B S T R A C T

Markerless motion capture has the potential to enhance ergonomic risk assessment, but evidence remains limited 
for occupational manual handling tasks of increasing complexity. This study compared a multi-view system 
(OpenCap) and a monocular system (MediaPipe) against a marker-based reference system (Vicon) for lifting 
kinematics. Outcomes were assessed using the Rapid Entire Body Assessment (REBA) risk assessment tool. 
Twenty healthy participants performed three two-handed lifting tasks of increasing complexity under controlled 
laboratory conditions. Errors increased by 15–30% from symmetrical to asymmetric multi-planar tasks, with 
both systems demonstrating lower error in the sagittal plane (RMSE = 9.9–31.2◦) than in the frontal and 
transverse planes. Both systems were reliable for symmetrical lifting, including high REBA agreement, but val
idity declined for tasks involving trunk rotation and walking. MediaPipe showed lower error for trunk and 
proximal joints, whereas OpenCap performed better for distal kinematics, informing practical system selection.

1. Introduction

Work-Related Musculoskeletal Disorders (WMSDs) result from mul
tiple occupational risk factors, including physical (e.g., repetitive mo
tions, forceful exertion, awkward postures), psychosocial, and work 
organisation risk factors (Colombini and Occhipinti, 2006; Geto et al., 
2025; Govaerts et al., 2021). WMSDs commonly manifest as pain or 
discomfort affecting muscles, bones, joints, ligaments, tendons, and 
nerves (Colombini and Occhipinti, 2006; Govaerts et al., 2021) and 
account for approximately 30–40% of occupational injuries worldwide 
(Govaerts et al., 2021). To identify risk factors, observational risk 
assessment tools such as the Ovako Working Posture Analysing System 
(OWAS) (Karhu et al., 1977), Rapid Upper Limb Assessment (RULA) 
(McAtamney and Nigel Corlett, 1993), Rapid Entire Body Assessment 
(REBA) (Hignett and McAtamney, 2000), and the NIOSH Lifting Equa
tion (Lowe et al., 2019) are widely used in ergonomic assessment 
(Colombini and Occhipinti, 2006; Govaerts et al., 2021; Rosado et al., 
2023; Takala et al., 2010). However, these methods are 
time-consuming, labour-intensive, and susceptible to inter-rater vari
ability owing to their subjectivity (Colombini and Occhipinti, 2006; 
Govaerts et al., 2021; Rosado et al., 2023; Zayyinul Hayati Zen and Hani 

Sukadarin, 2024; Salisu et al., 2023). Motion capture (MoCap) systems 
offer a more objective alternative for assessing postural movements, 
quantifying human movement and posture directly (Salisu et al., 2023; 
Menolotto et al., 2020). Marker-based optoelectronic MoCap systems, 
such as Vicon (Vicon Motion Systems Ltd., Oxford, UK) (Merriaux et al., 
2017), Qualisys (Qualisys AB, Gothenburg, Sweden) (Malý and Lopot, 
2013), and inertial measurement unit (IMU)-based wearable systems 
(e.g., Xsens MVN) (Guo and Xiong, 2017) are widely regarded as gold 
standards for three-dimensional (3D) kinematic analysis (Teufl et al., 
2019). However, these systems often require a controlled laboratory 
environment, expert setup, and dedicated space, and the attachment of 
physical markers or sensors to the body, limiting their scalability beyond 
such settings (Salisu et al., 2023).

Markerless motion capture has emerged as a promising alternative 
that uses computer vision-based pose estimation to enable automatic 
joint detection and tracking from video recordings without physical 
markers (Varcin and Boocock, 2026; Roggio et al., 2024; Cheng et al., 
2025). These technologies provide low-cost solutions that are increas
ingly being adopted for ergonomic risk assessment applications (Yang 
et al., 2024). Systematic reviews have identified multi-view (e.g., 
OpenCap, Theia3D) and monocular (e.g., MediaPipe BlazePose) 
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approaches as suitable for human movement assessment, demonstrating 
reasonable accuracy for sagittal-plane kinematics (RMSE ≤ 7◦), 
although with poor agreement for transverse-plane rotations and com
plex movements (Varcin and Boocock, 2026; Cheng et al., 2025). 
However, most existing validation studies have focused on gait and 
sports-related activities (e.g., running, walking and jumping), where 
repetitive and predictable movement patterns facilitate more reliable 
analysis (Varcin and Boocock, 2026; Cheng et al., 2025; Scataglini et al., 
2024; D'Souza et al., 2024; Jamali et al., 2025; Outerleys et al., 2024). 
Evidence remains more limited for complex manual handling tasks, 
where asymmetric posture, trunk rotation, and self-occlusion present 
additional challenges.

OpenCap (Uhlrich et al., 2023) is an open-source, web-based, 
multi-view markerless system that reconstructs 3D joint kinematics from 
synchronised videos of iOS (iPhone Operating System) devices. It em
ploys deep-learning algorithms for keypoint detection and musculo
skeletal modelling based on the Rajagopal et al., 2016 full-body model 
(Rajagopal et al., 2016) (37 degrees of freedom) in OpenSim. Previous 
studies (Turner et al., 2024; Svetek et al., 2025; Yeom et al., 2025) 
evaluating OpenCap against marker-based systems have reported high 
sagittal-plane agreement but lower agreement in the frontal and trans
verse planes (Turner et al., 2024; Svetek et al., 2025), indicating that 
multi-view reconstruction and biomechanical modelling can enhance 
anatomical accuracy, although performance may decline for asymmetric 
or partially occluded multi-planar movements.

MediaPipe BlazePose (Bazarevsky et al., 2020) is a monocular, 
convolutional neural network (CNN)-based pipeline developed by 
Google, which estimates 3D human pose from a single RGB camera 
(Lugaresi et al., 2019), enabling highly portable setups suitable for field 
deployment (Scataglini et al., 2024; Lugaresi et al., 2019). However, 
monocular pose estimation remains fundamentally constrained by depth 
ambiguity, and previous studies (Cheng et al., 2025; Ceriola et al., 2024; 
Kim et al., 2025) have generally reported lower 3D kinematic accuracy 
than that of marker-based systems. Optimisation-based extensions have 
reduced error in representative poses, but evidence on the validity of 
this approach has been based primarily on quasi-static or controlled 
movements (Kim et al., 2023). Direct comparisons between monocular 
and multi-view markerless systems under the same occupational task 
conditions remain limited.

The suitability of incorporating markerless motion capture into 
occupational ergonomic assessment has received comparatively little 
attention. Most validation work has focused on gait and sports activities 
(Scataglini et al., 2024; D'Souza et al., 2024; Outerleys et al., 2024; 
Needham et al., 2021), where repetitive and predictable movements 
facilitate more reliable evaluation. In contrast, occupational manual 
handling, which is characterised by asymmetric posture, multi-planar 
trunk rotation, and self-occlusion, remains under-examined. The few 
studies conducted in occupational contexts have predominantly used 
simple or otherwise constrained lifting conditions (Kim et al., 2021; 
Mehrizi et al., 2018a; Wang et al., 2021; Cronin et al., 2024), providing 
limited evidence on validity during the complex, multi-planar move
ments typical of real-world manual handling (McAtamney and Nigel 
Corlett, 1993; Hignett and McAtamney, 2000; Turner et al., 2024; Kim 
et al., 2021; Mehrizi et al., 2018a; Wang et al., 2021; Cronin et al., 
2024; Agostinelli et al., 2024; Salehi et al., 2026a).

Equally important is what happens to that kinematic error in prac
tice. Most studies have reported kinematic accuracy alone, rather than 
whether that error propagates to the ergonomic risk classifications used 
in practice (Turner et al., 2024; Agostinelli et al., 2024). Observational 
tools such as REBA employ discrete angle thresholds (typically 10–20◦

increments) that may absorb small kinematic errors but can shift risk 
category once errors are larger (Hignett and McAtamney, 2000). 
Consequently, kinematic agreement and risk-classification agreement 
need not coincide. Whilst some studies have extended markerless mo
tion capture to RULA and REBA (Kim et al., 2021), the relative perfor
mance of multi-view and monocular systems across lifting tasks of 

increasing complexity, and its effect on risk classification, has not been 
directly examined. A combined evaluation of kinematic validity and 
ergonomic risk classification would therefore provide more 
practice-relevant evidence for system selection in occupational ergo
nomic assessment.

The aim of this study was to evaluate the concurrent validity of a 
multi-view (OpenCap) and a monocular (MediaPipe) markerless system 
against a marker-based reference system (Vicon) during two-handed 
occupational lifting tasks. It investigated the effects of increasing task 
complexity on the validity of kinematic measures and their influence on 
the risk classification produced by the REBA. It was hypothesised that: 
(1) the concurrent validity of both markerless systems would decrease as 
task complexity increased from symmetrical sagittal-plane lifting to 
complex multi-planar movements involving trunk rotation and walking; 
(2) errors would be comparable between systems during symmetrical 
lifting but greater for MediaPipe than for OpenCap during complex 
multi-planar movements, owing to monocular depth ambiguity; and (3) 
REBA risk-classification agreement would decrease corresponding with 
task complexity.

2. Methods

A cross-sectional, within-subject experimental study was conducted 
to evaluate the concurrent validity of OpenCap and MediaPipe mar
kerless motion tracking against the Vicon (Vicon, Oxford Metrics Ltd., 
Oxford, UK) marker-based system. Participants performed three, two- 
handed lifting tasks (Fig. 1) of increasing postural and multi-planar 
complexity: 

1) Vertical Lifting (VL): symmetrical, sagittal plane lifting of a box from 
the floor onto a table in front of the participant, with feet remaining 
stationary.

2) Transverse Lifting (TL): lifting a box from the floor onto a table 
positioned to the right side of the participant. Participants lifted the 
box vertically to an upright posture before rotating the trunk to place 
the box, with feet remaining approximately stationary.

3) Rotational Walking-and-Lifting (RWL): lifting a box from the floor to 
an upright posture before rotating and walking approximately 1.5 m 
to place the box on a table positioned to the right of the participant.

All three motion capture systems recorded each trial concurrently, as 
detailed in Section 2.3.

2.1. Participants

Twenty healthy participants (12 females, 8 males) were recruited, 
consistent with sample sizes employed in previous markerless motion 
capture validation studies (Scataglini et al., 2024; Turner et al., 2024), 
for whom anthropometric data are presented in Table 1. As this was a 
concurrent-validity (agreement) study rather than a test of group dif
ferences, no formal a priori sample-size calculation was performed. In
clusion criteria required participants to be aged between 18 and 35 years 
(representing the adult working population whilst minimising the con
founding effects of growth, musculoskeletal maturation, or age-related 
decline in motor control (Marras et al., 1993; Marras et al., 2006)). 
Participants also had to be free from current musculoskeletal pain or 
injury, with no neurological, vestibular, or cardiopulmonary disorders 
affecting their ability to perform lifting tasks. Exclusion criteria included 
any surgery within the previous 6 months. All participants received 
written information about the study and provided written informed 
consent prior to their participation. The experimental protocol was 
approved by the Auckland Health Research Ethics Committee (reference 
number AH29163) and adhered to the Declaration of Helsinki (World 
Medical Association Declaration of, 2013).
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2.2. Experimental protocol

The study was conducted in a large, unobstructed biomechanics 
laboratory (see Figs. 1 and 2). Floor tape was used to mark out the area 
where the lifting tasks were performed to standardise initial foot 
placement and ensure consistent positioning of the feet and box at the 
start of each task. Participants wore close-fitting clothing to allow 
markers to be suitably placed over anatomical landmarks and minimise 
occlusion due to loose fabric. They also wore flat, enclosed footwear, as 
this is typically the footwear worn in industry. Participants were 
instructed on the specific task requirements, i.e., lift origin, target 
placement, and self-paced timing. No information was provided about 
lifting technique, allowing them to adopt self-selected handling strate
gies. Participants lifted the box from the floor onto a table at 72 cm 

height (approximately waist height). A 10 kg box (dimensions: 
40 cm × 30 cm × 25 cm) was used across all tasks. The load magnitude 
was selected in accordance with ISO 11228-1 (2021) (International 
Organization for, 2021) and the Revised NIOSH Lifting Equation 
(Waters et al., 1993) to minimise the risk of work-related musculoskel
etal injury. Based on task geometry and asymmetry requirements, the 
estimated Lifting Index (LI) ranged between 0.2 and 0.9, below the 
NIOSH limit of 1.0, indicating acceptable risk for most healthy workers 
(Waters et al., 1993).

2.3. Data acquisition

Each participant performed the three lifting tasks: VL, TL, and RWL 
(Fig. 1) in a fixed order (VL→TL→RWL) to reflect the progressive in
crease in task complexity, from symmetrical sagittal-plane motion to 
asymmetric multi-planar movements involving rotation and walking. 
For each task, three valid trials were performed by each participant. 
Participants were instructed to complete each lift at a self-selected, 
purposeful pace, representative of workplace lifting, without rushing 
or compromising control. A trial was considered valid if the box was 
transferred continuously without adjustments to grip, pauses, drops, or 
deviations from the designated start/target zones; invalid trials were 

Fig. 1. Examples of the three lifting tasks (VL: vertical lifting in the sagittal plane; TL: transverse lifting with trunk rotation; RWL: rotational walking-and-lifting) 
depicting the different phases of each lift (preparation, grasping the box, lifting the box and box placement).

Table 1 
Participant demographics (n = 20, mean ± SD).

Gender Height (m) Weight (kg) BMI (kg/m2) Age (years)

Male (n ¼ 8) 1.74 ± 0.06 71.13 ± 6.05 23.62 ± 3.18 27.75 ± 2.25
Female 

(n ¼ 12)
1.65 ± 0.04 53.92 ± 5.38 19.87 ± 1.71 28.5 ± 2.20
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repeated. Rest periods of 60–90 s were provided between trials, with 
additional rest as needed to mitigate fatigue.

Marker-based and markerless motion capture were performed 
simultaneously during each trial. The marker-based reference system 
comprised 14 infrared cameras (Vicon, Oxford Metrics Ltd., Oxford, 
UK), including 12 Vantage 16 cameras and 2 Vero v2.2 cameras, sam
pling at 100 Hz (Fig. 2). A standard volume/wand calibration was 

performed prior to testing to define the laboratory global coordinate 
system and camera geometry. These cameras were used to track 39 
passive reflective markers (10 mm diameter, except for two 14 mm for 
the bilateral anterior superior iliac spine [R/LASI] to reduce occlusion 
during flexion) attached to anatomical landmarks by a trained operator. 
The Plug-in Gait Full Body model (Vicon Motion) defined segments 
(head, trunk, pelvis, bilateral upper limbs [upper arm/forearm/hand], 

Fig. 2. Schematic diagram of the experimental setup and task-specific table positions for the three lifting conditions. For OpenCap, three iOS devices (two iPhone 14 
Pro and one iPad Air 5) were placed in a fixed position for all tasks to provide multi-view coverage. For MediaPipe, camera position was task-dependent: the iPhone 
14 Pro positioned to the right of the participant provided a sagittal-plane view for VL, whereas the iPad Air 5 provided an oblique view for TL and RWL.

Fig. 3. Participant anatomical static calibration.
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bilateral lower limbs [thigh/shank/foot]). A standing anatomical static 
calibration trial (T-pose; Fig. 3) was captured to map landmarks and 
initialise joint definitions.

For the OpenCap multi-view markerless system, three iOS devices 
(Apple Inc., Cupertino, CA, USA; two iPhone 14 Pro and one iPad Air 5) 
were positioned approximately 30–45◦ apart around the participant's 
frontal and sagittal planes on tripods at approximately 1.6 m height 
(Fig. 2). This configuration ensured optimal full-body visibility whilst 
minimising occlusion (Team). A 4×7 printed checkerboard (35 mm 
squares) was used for camera calibration to derive the cameras' positions 
and orientations for 3D reconstruction. Recordings were captured at 
60 Hz and processed through the OpenCap cloud platform (Team).

For the MediaPipe monocular markerless system, RGB video re
cordings (60 Hz) from a single iOS device were processed using a custom 
pipeline based on MediaPipe BlazePose (v0.8, Google LLC) (Lugaresi 
et al., 2019) to extract 33 body landmarks in 3D global/world co
ordinates and reconstruct joint kinematics (detailed in Section 2.4). 
Device selection was task-dependent. For VL, the iPhone 14 Pro was 
positioned to the right of the participant to provide a sagittal-plane view 
(~90◦). For TL and RWL, the iPad Air 5 was positioned to provide an 
oblique view (~45◦) (Fig. 2), improving landmark visibility and 
reducing marker occlusion during trunk rotation and the subsequent 
walking transition (Kim et al., 2025; Baldinger et al., 2025; Hsu et al., 
2025).

2.4. Data processing

The lifting cycle was defined from the initial standing position to the 
final box placement, capturing the complete manual handling sequence 
essential for observational risk assessments using REBA (Hignett and 
McAtamney, 2000). Temporal alignment across the three systems was 
performed using common event markers identified consistently in all 
recordings. Cycle onset was defined as the initiation of trunk flexion 
from the upright standing position, and cycle completion as the point at 
which the participant released the box, identified using the wrist 
markers in Vicon and the corresponding wrist landmarks in OpenCap 
and MediaPipe. All events were identified by a single researcher using 
the same criteria throughout. Marker-based data were labelled and 
processed in Vicon Nexus (Vicon Nexus v2.15 x64, Oxford Metrics Ltd, 
Oxford, UK) using the Plug-in Gait FullBody (Dynamics) pipeline 
(Fig. 4A). Marker trajectories were filtered using a zero-lag, 4th-order 
Butterworth low-pass filter with a cutoff frequency of 6 Hz, with 

processed kinematic outputs (joint angles, joint centres) exported as 
comma-separated values (.csv) (Vicon Motion). OpenCap recordings 
were processed automatically on the OpenCap cloud platform (Team) 
using the embedded OpenSim musculoskeletal pipeline (Rajagopal 
et al., 2016; Delp, 2025) (Fig. 4B), generating joint kinematics files in 
OpenSim motion (.mot) format with time and angle data for each trial.

For MediaPipe, pose estimation used MediaPipe BlazePose (v0.8, 
Google LLC) (Bazarevsky et al., 2020; Lugaresi et al., 2019) to extract the 
3D positions of 33 body landmarks per frame (Fig. 4C). It is a CNN 
trained on large, manually annotated image datasets without an un
derlying biomechanical model. Joint centres were taken directly from 
the corresponding landmarks (shoulder, elbow, wrist, hip, knee, and 
ankle), with virtual mid-shoulder and mid-hip (spine base) points 
defined as the midpoints of the respective left and right landmarks. Local 
segment coordinate systems were subsequently constructed from these 
joint centres (Supplementary Material A, Table A2 and A3). Joint 
angles for the shoulder, elbow, hip, and trunk were computed as Z–X–Y 
Euler rotations (distal relative to proximal) based on the International 
Society of Biomechanics recommendation (Wu et al., 2005). Knee flex
ion/extension and ankle dorsiflexion/plantarflexion were computed as 
relative sagittal-plane vector angles between adjacent segments, 
providing stability for these predominantly uniaxial joints. Kinematics 
for each trial were exported as.csv files. Raw landmark positions and 
derived angle time series were low-pass filtered using a zero-lag, 4th-or
der Butterworth filter at 4 Hz. This cutoff, lower than the 6 Hz applied to 
the marker-based and OpenCap data, was selected to attenuate the 
greater high-frequency frame-to-frame jitter inherent in video-based 
monocular landmark detection, whilst remaining well above the 
fundamental movement frequencies (<1 Hz) of the lifting tasks, 
consistent with accepted practice for filtering manual-handling kine
matics (Kim et al., 2025; Crenna et al., 2021; Williams et al., 2022).

All OpenCap and MediaPipe outputs (trunk, shoulder, elbow, hip, 
knee, and ankle joint angles) were remapped to the Vicon joint coordi
nate system, ensuring identical definitions and sign conventions (posi
tive flexion, adduction, internal rotation; Supplementary Material A, 
Table A4). A total of 180 lifting trials were conducted (3 tasks × 3 
repetitions × 20 participants). Measurement noise alone was not used as 
a basis for exclusion. Trials were excluded only where a system produced 
an outright processing failure: for OpenCap, when the cloud pipeline 
failed to reconstruct any valid 3D skeleton; for MediaPipe, when land
mark tracking failed within individual frames, producing simultaneous, 
physiologically implausible joint-angle discontinuities (jumps of tens of 

Fig. 4. Representative skeletal models from the three motion-capture systems: (A) Vicon Nexus (marker-based reference), (B) OpenCap (OpenSim musculoskeletal 
model), and (C) MediaPipe (33-landmark pose estimation from RGB video).
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degrees within a single frame) across two or more joints. Such failures 
were visually unambiguous and distinct from valid but noisy measure
ments. In total, 137 trials (76.1%) were retained for analysis: VL (n = 50, 
83.3%), TL (n = 48, 80.0%), and RWL (n = 39, 65.0%).

2.5. Data analysis

Following cycle boundary identification (Section 2.4), kinematic 
data from all three MoCap systems were processed in Python 3.13 for 
comparative analysis. For each participant, kinematic data from the 
three trials were time-normalised to 0–100% of the lifting cycle (101 
samples) and ensemble-averaged to obtain a representative waveform 
for harmonisation and pointwise comparison. Concurrent validity was 
assessed using complementary error and agreement metrics calculated 
over the normalised cycle duration: 1) root-mean-square error (RMSE, ◦) 
to quantify pointwise deviation from Vicon; 2) normalised RMSE (i.e., 
RMSE%, expressed as a percentage of the Vicon peak-to-peak range for 
the same joint-plane-task combination) (Jamali et al., 2025); and 3) the 
coefficient of determination (R2) from pointwise linear regression of 
normalised joint-angle waveforms to assess waveform similarity be
tween systems. Because TL and RWL involved asymmetric trunk rotation 
(unlike the symmetrical VL), kinematic data from both left and right 
sides were analysed. For brevity, right-side results are presented in the 
main text, with left-side results presented in Supplementary Material B 
to assess bilateral consistency. This bilateral approach aligns with pre
vious motion capture validation studies for asymmetric tasks (de 
Andrade and Carpes, 2024; Schurr et al., 2017).

REBA was selected because it is a posture-based assessment method 
that can be derived directly from the joint-angle outputs of all three 
motion-capture systems and is designed for whole-body assessment of 
dynamic manual-handling postures. The NIOSH Lifting Equation was 
used only to confirm task acceptability (Section 2.2). REBA total scores 
and risk categories were derived from peak-frame joint angles, defined 
as the frame of maximum sagittal-plane trunk flexion during the active 
lifting phase (the most demanding lifting posture) for each valid trial, 
consistent with other studies using automated ergonomic assessment 
(Agostinelli et al., 2024; Lin et al., 2022). Full REBA scores were 
computed from the measured joint angles using the standard scoring 
tables; the non-kinematic inputs (muscle-use, coupling, and activity 
scores) were held constant at their default lowest-risk values across all 
three systems, and the force/load score was set according to the 10 kg 
load. Consequently, between-system differences in the resulting scores 
reflect only differences in the measured joint angles. Agreement be
tween markerless and Vicon-derived classifications was assessed using 
mean absolute error (MAE) ± standard deviation (SD) and percentage 
exact agreement (PEA), defined as the percentage of trials in which the 
markerless system assigned the same risk category as the Vicon-derived 
reference. Both indices were calculated separately for each system 
(OpenCap and MediaPipe) and task condition (see Supplementary 
Material C).

Descriptive summaries (mean ± SD) were calculated for RMSE and 
R2 across all participants, and mean RMSE% values provided an indi
cation of system performance across tasks, joints, and movement planes. 
All outcome metrics were tested for normality using the Shapiro-Wilk 
test. To examine the effect of task on system validity, a two-way (Sys
tem × Task) repeated-measures ANOVA was conducted on RMSE for 
each joint–plane combination, using the subset of participants with 
complete data across all three systems and task conditions (n = 14). 
System (2: OpenCap, MediaPipe) and Task (3: VL, TL, RWL) were 
entered as within-subject factors, and partial eta-squared (ηp2) was re
ported as the effect size. Main effects and the System × Task interaction 
were evaluated from the omnibus ANOVA; where significant, between- 
system differences within each task were examined using paired t-tests 
with Bonferroni adjustment for multiple comparisons (Supplementary 
Material B). The significance level was set at α = 0.05, applied to the 
adjusted (adj.) p-values. RMSE values were interpreted using the 

accuracy criteria established by Auer et al. (2024) and adopted in 
markerless motion-capture validation studies (Varcin and Boocock, 
2026): excellent (<3◦), reasonable (3–7◦), and poor (>7◦). R2 values 
were interpreted as low (<0.50), moderate (0.50–0.74), good 
(0.75–0.89), and very good (≥0.90) (McGinley et al., 2009). All statis
tical tests were performed using IBM SPSS Statistics (Version 30.0; IBM 
Corp., Armonk, NY, USA).

3. Results

The concurrent validity of OpenCap and MediaPipe for right-side 
joints is summarised in Table 2 and Figs. 5–8; ergonomic risk classifi
cation results are presented in Table 3, whereas inferential statistics for 
system, task, and post-hoc comparisons are reported in Supplementary 
Material B.

Across all joint-plane-task combinations, RMSE values were reason
able to poor (>4◦) for both systems, with waveform similarity (R2) 
ranging from low to good. OpenCap exhibited RMSE of 4.4–67.1◦ (RMSE 
% = 12–121%; R2 = 0.10–0.89), and MediaPipe exhibited RMSE of 
5.9–67.1◦ (RMSE% = 13–150%; R2 = 0.07–0.88). RMSE increased by 
approximately 15–30% from symmetrical (VL) to complex asymmetric 
multi-planar conditions (RWL) (Table 2; Fig. 8), with the largest task- 
related increases observed in transverse-plane motion (Supplementary 
Material B, Tables B1 and B3). Both systems showed lower RMSE in 
the sagittal plane (RMSE: 9.9–31.2◦) than in the frontal and transverse 
planes (RMSE: 4.3–67.1◦). Left and right sides showed similar mea
surement performance for both systems, with left-right differences in 
RMSE and RMSE% of 2–4◦ and 2–5%, respectively; left-side results and 
full ANOVA outputs are reported in Supplementary Material B.

3.1. Kinematic validity

There was a significant main effect of task on RMSE for the trunk in 
all three planes, for the right elbow and ankle, and for shoulder and hip 
rotation (Table B1), indicating that task significantly affected kinematic 
validity. This was largest in the transverse plane, where trunk axial- 
rotation RMSE increased with complexity, reaching 67.1◦ (OpenCap) 
and 58.7◦ (MediaPipe) during RWL (all task contrasts adj. p < 0.001; 
Tables B1, B3; Figure B5).

There was a significant main effect of system in several joint-plane 
combinations (Table B1), although its direction depended on joint re
gion and movement plane. In the sagittal plane, the pattern was 
consistent across tasks: MediaPipe showed lower RMSE for the trunk and 
shoulder, whereas OpenCap showed lower RMSE for the distal elbow 
and ankle (adj. p < 0.01; Table B2), and the knee did not differ between 
systems (adj. p > 0.05). In the frontal and transverse planes, the 
between-system difference was more task-dependent, consistent with 
significant System × Task interactions for the trunk, hip, and shoulder 
(Table B1); the full task-by-task contrasts are reported in Table B2.

3.2. REBA risk assessment

For REBA, both systems achieved 100% category agreement (PEA) 
for VL, declining with task complexity (MediaPipe: TL 78.3%, RWL 
70.3%; OpenCap: TL 71.7%, RWL 70.3%); REBA total scores remained 
within approximately two points of the marker-based reference (MAE: 
MediaPipe 0.47–2.03; OpenCap 0.43–1.92 points). Key agreement 
metrics are summarised in Table 3; full score distributions and risk- 
category cross-tabulations are provided in Supplementary Material C 
(Tables C1 and C2).

4. Discussion

This study evaluated the concurrent validity of a multi-view 
(OpenCap) and a monocular (MediaPipe) markerless system for occu
pational lifting tasks of increasing complexity, to provide task-specific 
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guidance for system selection in ergonomic assessment. Overall, both 
systems demonstrated reasonable validity for symmetrical lifting, but 
performance declined substantially with increasing multi-planar de
mands. The following sections discuss kinematic concurrent validity, 
ergonomic risk assessment performance, and study limitations in rela
tion to the study hypotheses.

4.1. Concurrent validity of markerless systems

Consistent with the first study hypothesis, task complexity moder
ated system performance for both systems, with RMSE increasing by 
approximately 15–30% from VL to RWL and the most pronounced in
creases in the transverse plane. Performance during symmetrical lifting 
(VL) was comparable to that reported in gait studies (RMSE ranged from 
5◦ to 10◦ with R2 > 0.80) (Cheng et al., 2025; Scataglini et al., 2024; 
D'Souza et al., 2024; Jamali et al., 2025; Outerleys et al., 2024; McGinley 
et al., 2009; Yoma et al., 2025), likely due to the constrained, sym
metrical nature of the task, minimal self-occlusion, and predictable 
movement patterns. As task complexity increased to involve trunk 
rotation and walking, kinematic agreement declined substantially, 
particularly in the transverse plane: trunk flexion–extension retained 

moderate waveform agreement even during RWL (OpenCap R2 = 0.58), 
whereas trunk axial rotation exhibited very poor agreement (OpenCap 
R2 = 0.13), most likely stemming from depth-axis and occlusion-related 
challenges in markerless pose estimation (Yeom et al., 2025; Kim et al., 
2025; Cronin et al., 2024). The reduction in the number of suitable trials, 
from 83.3% at VL to 65.0% at RWL, further indicated that complex 
asymmetric postures and dynamic movement patterns increase the 
likelihood of pose-estimation failure (McGuirk et al., 2022).

These error magnitudes should be interpreted against task demands. 
The 3–7◦ accuracy thresholds applied here derive from gait and cyclical 
functional tasks (Varcin and Boocock, 2026; Auer et al., 2024) and may 
be overly stringent for occupational lifting, which involves asymmetric 
postures, multi-planar rotation, and external load handling. Much of the 
error classified as poor on this basis may therefore overstate the systems' 
practical limitations.

System differences followed a consistent proximal-distal pattern in 
the sagittal plane, with neither system showing an overall advantage, 
whereas frontal- and transverse-plane differences were more sensitive to 
task complexity. MediaPipe showed lower RMSE for trunk and shoulder, 
whilst OpenCap demonstrated lower RMSE for distal joints (elbow and 
ankle). These contrasting patterns likely reflect differences in 3D pose- 

Table 2 
Concurrent validity metrics (RMSE in degrees, RMSE% in brackets, R2) for OpenCap and MediaPipe compared to Vicon across three lifting tasks and movement planes 
for right-side joints (n = 20).

Variables Tasks RMSE (OpenCap) RMSE (MediaPipe) R2 (OpenCap) R2 (MediaPipe)

Flex (þ)/Ext (¡) (◦)

Trunk VL 18.62 ± 9.19(29%) 9.86 ± 3.49(16%) 0.56 ± 0.18 0.85 ± 0.12
TL 19.76 ± 10.24(29%) 12.00 ± 3.91(17%) 0.69 ± 0.13 0.86 ± 0.10
RWL 24.12 ± 9.67(30%) 14.21 ± 5.52(18%) 0.58 ± 0.25 0.80 ± 0.12

Rhip VL 21.10 ± 7.28(22%) 28.55 ± 6.91(30%) 0.82 ± 0.15 0.87 ± 0.10
TL 23.61 ± 7.84(25%) 30.60 ± 9.10(32%) 0.75 ± 0.18 0.81 ± 0.16
RWL 25.58 ± 11.14(26%) 30.34 ± 8.61(31%) 0.67 ± 0.26 0.77 ± 0.12

Rshoulder VL 26.73 ± 5.87(36%) 16.78 ± 4.57(23%) 0.82 ± 0.12 0.83 ± 0.11
TL 24.36 ± 10.27(33%) 15.78 ± 3.69(22%) 0.78 ± 0.16 0.76 ± 0.15
RWL 25.40 ± 7.14(34%) 17.69 ± 4.43(24%) 0.64 ± 0.25 0.70 ± 0.15

Relbow VL 18.45 ± 3.36(26%) 27.43 ± 3.66(39%) 0.84 ± 0.11 0.07 ± 0.06
TL 17.73 ± 5.15(27%) 31.22 ± 7.09(47%) 0.83 ± 0.16 0.11 ± 0.10
RWL 22.26 ± 5.46(33%) 30.86 ± 5.31(45%) 0.74 ± 0.23 0.12 ± 0.12

Rknee VL 16.48 ± 6.61(12%) 18.45 ± 5.23(13%) 0.89 ± 0.09 0.88 ± 0.10
TL 17.45 ± 7.81(14%) 20.12 ± 7.32(16%) 0.83 ± 0.16 0.80 ± 0.17
RWL 25.03 ± 14.64(21%) 22.52 ± 9.39(19%) 0.64 ± 0.26 0.68 ± 0.16

Rankle VL 9.98 ± 5.67(23%) 18.30 ± 4.98(42%) 0.81 ± 0.17 0.21 ± 0.19
TL 15.33 ± 8.33(37%) 29.46 ± 5.56(71%) 0.55 ± 0.28 0.24 ± 0.15
RWL 14.28 ± 6.99(32%) 24.90 ± 5.54(55%) 0.45 ± 0.21 0.20 ± 0.12

Add (þ)/Abd (¡) (◦)

Trunk VL 5.90 ± 3.18(121%) 5.92 ± 1.76(122%) 0.10 ± 0.06 0.14 ± 0.16
TL 6.69 ± 3.05(24%) 11.89 ± 5.26(42%) 0.70 ± 0.17 0.30 ± 0.23
RWL 13.81 ± 9.51(48%) 13.13 ± 8.25(46%) 0.14 ± 0.11 0.17 ± 0.10

Rhip VL 6.27 ± 5.15(45%) 11.28 ± 6.07 (81%) 0.52 ± 0.31 0.23 ± 0.16
TL 7.70 ± 4.13(31%) 11.32 ± 3.04(46%) 0.49 ± 0.24 0.21 ± 0.22
RWL 7.52 ± 3.86(31%) 10.15 ± 2.29(41%) 0.38 ± 0.24 0.10 ± 0.13

Rshoulder VL 29.56 ± 11.42(68%) 31.41 ± 11.50(72%) 0.19 ± 0.14 0.14 ± 0.13
TL 31.72 ± 11.81(70%) 27.98 ± 9.27(61%) 0.17 ± 0.17 0.12 ± 0.14
RWL 29.05 ± 9.81(61%) 25.39 ± 9.98(53%) 0.07 ± 0.07 0.12 ± 0.12

Int (þ)/Ext Rot (¡) (◦)

Trunk VL 4.35 ± 2.56(72%) 8.06 ± 2.10(133%) 0.15 ± 0.13 0.11 ± 0.09
TL 26.09 ± 6.94(28%) 36.53 ± 8.85(40%) 0.86 ± 0.11 0.55 ± 0.23
RWL 67.14 ± 9.56(52%) 58.66 ± 20.93(46%) 0.13 ± 0.13 0.83 ± 0.17

Rhip VL 15.94 ± 8.97(62%) 13.98 ± 5.64(54%) 0.53 ± 0.29 0.41 ± 0.23
TL 20.68 ± 10.45(76%) 19.45 ± 6.77(72%) 0.25 ± 0.18 0.15 ± 0.13
RWL 19.45 ± 8.48(74%) 20.60 ± 7.44(78%) 0.14 ± 0.15 0.12 ± 0.12

Rshoulder VL 32.01 ± 13.72(81%) 59.79 ± 14.53(150%) 0.26 ± 0.23 0.38 ± 0.23
TL 25.61 ± 15.81(54%) 32.96 ± 10.41(69%) 0.24 ± 0.22 0.17 ± 0.15
RWL 25.47 ± 12.88(53%) 31.56 ± 9.61(66%) 0.13 ± 0.13 0.19 ± 0.14

Notes: Values are presented as mean ± SD across participants. Rhip = Right Hip; Rshoulder = Right Shoulder; Relbow = Right Elbow; Rknee = Right Knee; 
Rankle = Right Ankle. RMSE% normalises RMSE to Vicon range-of-motion for the same joint-plane-task; percentages in parentheses indicate RMSE%. R2 quantifies 
waveform similarity (time-normalised to 0–100% cycle). VL = vertical lifting; TL = transverse lifting; RWL = rotational walking-and-lifting. Flex (+)/Ext (− ) =
Flexion/Extension; Add (+)/Abd (− ) = Adduction/Abduction; Int (+)/Ext Rot (− ) = Internal/External Rotation. The (+)/(− ) symbols denote the joint-angle sign 
convention (Table A4); RMSE values are reported as absolute (unsigned) errors.
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estimation architecture. MediaPipe estimates 3D landmarks from a 
single RGB video using statistical patterns learned from large image 
datasets (e.g., COCO and MPII) (Scataglini et al., 2024; Lugaresi et al., 
2019), which may stabilise well-represented proximal joints but in
crease error at distal joints, where occupational lifting postures are 
underrepresented (Scataglini et al., 2024; Kim et al., 2023, 2025; Yoma 
et al., 2025). By contrast, OpenCap constrains 3D positions through 
multi-view triangulation and musculoskeletal modelling, which may 
improve distal-joint estimation when multiple views remain visible 
(Uhlrich et al., 2023; Rajagopal et al., 2016). Yeom et al. (2025)

similarly reported proximal errors exceeding 36◦ but distal errors below 
5◦ in multi-view systems. Knee flexion–extension showed no 
system-level difference, likely reflecting its uniaxial kinematics and 
consistent landmark visibility (Scataglini et al., 2024; Outerleys et al., 
2024). These findings partially support the second study hypothesis: 
between-system error was comparable during VL, but the joint-specific 
advantages persisted across tasks rather than increasing with task 
complexity, as hypothesised. System selection should therefore be 
guided primarily by the joint regions and movement planes of primary 
interest.

Fig. 5. Sagittal-plane joint-angle waveforms (mean ± SD; 0–100% cycle). Flex (+)/Ext (− ) = flexion/extension; Dorsi (+)/Plantar (− ) = dorsiflexion/plantarflexion.
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4.2. Ergonomic risk assessment

Consistent with the third study hypothesis, REBA risk classification 
agreement declined progressively with increasing task complexity for 
both systems. For symmetrical lifting (VL), both systems achieved 100% 
REBA risk-category agreement with the marker-based reference. As task 
complexity increased to involve trunk rotation and walking, agreement 

declined substantially: REBA PEA fell to approximately 70% during RWL 
for both systems. Trial retention also declined from VL (83.3%) to RWL 
(65.0%), indicating that complex multi-planar tasks increased the like
lihood of tracking failure (McGuirk et al., 2022), which further con
strains the reliability of risk classifications under these conditions.

These findings extend previous work on automated ergonomic risk 
scoring from markerless systems (Agostinelli et al., 2024; Abobakr et al., 

Fig. 6. Frontal-plane joint-angle waveforms (mean ± SD, 0–100% cycle). Add (+)/Abd (− ) = Adduction/Abduction; L-Bending/R-Bending = left/right 
lateral bending.

Fig. 7. Axial-rotation joint-angle (mean ± SD, 0–100% cycle). Int (+)/Ext Rot (− ) = Internal/External Rotation; L-ARot/R-ARot = left/right axial rotation.
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2019; Bonakdar et al., 2025), showing that performance is 
task-dependent and that both systems offer acceptable classification 
accuracy for symmetrical tasks. REBA agreement was complete for 
symmetrical lifting because the postures that drive the REBA score lie 
largely in the sagittal plane, which both systems reproduce accurately 
(Hignett and McAtamney, 2000). In the transverse plane during TL and 
RWL, kinematic errors exceeded both the 10–20◦ angular thresholds 
used by REBA (Hignett and McAtamney, 2000) and the ISO 11226 cri
terion for trunk axial rotation (>10◦ as a relevant risk factor) (Delleman 
et al., 2000). As more trials crossed these thresholds with increasing 
complexity, errors increasingly altered the risk category, accounting for 
the decline in classification agreement. This decline was concentrated 

where REBA is most demanding: the trunk dominates the REBA score 
and is most affected by transverse-plane (axial-rotation) error, so the 
plane in which both systems were least accurate was precisely the one 
that governs the risk category in complex lifts. Agreement therefore 
depended less on overall kinematic accuracy than on accuracy in the 
specific postures that REBA weights most heavily. For practitioners, 
markerless REBA screening is most dependable for sagittal-dominant 
lifting; its reliability for tasks involving substantial trunk rotation 
cannot be inferred from sagittal-plane validity alone.

For practical deployment, both systems represent viable alternatives 
to subjective observational methods for preliminary screening of sym
metrical lifting tasks, and may provide more consistent classifications 

Fig. 8. RMSE comparison between OpenCap and MediaPipe by task and movement plane for right-side joints. Bars show mean ± SD across participants. Brackets 
indicate significant between-system differences within each task. *p < 0.05, **p < 0.01, ***p < 0.001. Flex/Ext = Flexion/Extension; Add/Abd = Adduction/ 
Abduction; Int/Ext Rot = Internal/External Rotation.
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than inexperienced observers (Balogh et al., 2025). MediaPipe offers a 
portable single-camera solution suitable for field deployment, whilst 
OpenCap provides broader joint coverage under multi-planar condi
tions. For tasks involving substantial trunk rotation and walking, both 
systems should be applied with caution; more advanced markerless 
systems (e.g., Theia3D) or marker-based systems remain preferable 
when definitive risk assessment is required.

4.3. Limitations and future work

This study has several limitations. The controlled laboratory protocol 
(a fixed 10 kg load, a healthy adult sample, and standardised foot 
placement and pace) limits generalisation to the variable conditions and 
externally paced work rates of real workplaces. Methodologically, the 
marker-based reference is itself subject to soft-tissue artefact during 
trunk rotation (Leardini et al., 2005), so the reported values reflect 
between-system agreement rather than absolute accuracy, and the lower 
4 Hz filter applied to MediaPipe (versus 6 Hz) (Kim et al., 2025; Crenna 
et al., 2021; Williams et al., 2022) may have modestly reduced its RMSE.

Notwithstanding these limitations, this study provides the first direct 
comparison of multi-view and monocular markerless systems across 
occupational lifting tasks of increasing complexity, combining kine
matic validity with ergonomic risk classification to offer practice- 
relevant guidance for system selection. Future work should address 
the key technical challenges identified here, particularly robustness to 
self-occlusion, depth ambiguity, and tracking failure during complex 
multi-planar movements — through transformer-based temporal pose 
estimation (Zheng et al., 2021), multi-view fusion architectures (Mehrizi 
et al., 2018b), and hybrid biomechanical constraint frameworks (Kim 
et al., 2023; Pilla-Barroso et al., 2025). Domain-specific model adapta
tion for occupational lifting, as demonstrated for OpenCap, offers a 
promising direction (Salehi et al., 2026a, 2026b). Future studies should 
examine system performance across diverse worker populations, real 
workplace conditions, and a broader range of manual handling tasks to 
support wider deployment in occupational ergonomic practice.

5. Conclusion

This study demonstrated that markerless motion capture systems are 
viable alternatives for ergonomic risk assessment in symmetrical occu
pational lifting, though validity declined substantially for more complex 
multi-planar tasks involving trunk rotation and walking. For both 
OpenCap (multi-view) and MediaPipe (monocular), RMSE increased by 
approximately 15–30% from VL to RWL and was consistently lower in 
the sagittal plane than in the frontal and transverse planes, suggesting 
that task complexity is a primary determinant of markerless system 
validity. MediaPipe showed lower error for proximal joints (trunk and 
shoulder), whilst OpenCap performed better for distal joints (elbow and 
ankle), providing task- and joint-specific guidance for system selection. 
Both systems achieved 100% REBA risk-category agreement for sym
metrical lifting, indicating their practical utility for preliminary 

ergonomic screening; agreement declined with increasing task 
complexity. Marker-based systems remain preferable for definitive risk 
assessment of complex multi-planar manual handling tasks. Future work 
should evaluate system performance under real-world workplace con
ditions and explore advanced pose estimation approaches to extend the 
utility of markerless systems in occupational settings.
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