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Abstract. Ergonomics evaluation methods are crucial for assessing risks
for work-related musculoskeletal disorders and ensuring operator well-being,
productivity, and safety. Despite the increased use of digital twins and
AI-supported tools in production system design and operation, ergonomics
evaluations still primarily rely on observational techniques such as expert
assessments or checklist-based tools like the Rapid Entire Body Assessment
and the Rapid Upper Limb Assessment. These methods are time-consuming,
imprecise, and prone to subjectivity arising from variability in the judgment of
the ergonomists and ambiguity in scoring criteria. As an alternative, ergonomics
evaluation methods based on using technologies for direct measurements can
provide semi-automation of the assessments and offer greater objectivity and
precision. This study investigates the capability of a computer vision-based
motion capture approach to support direct measurement ergonomics evaluations
and compares its results with those of an inertial measurement unit-based system
in an industrial task. The comparison was conducted by studying output
data of the two systems and by feeding the data into a direct measurement-
based ergonomics evaluation method. A representative industrial assembly
task involving upper-body movement and dynamic wrist activity was recorded
simultaneously using a single monocular RGB camera and an IMU-based system.
Both datasets were processed using two parallel workflows that followed the same
structure to extract joint angles and segment positions over time. The comparison
and evaluation of the results demonstrates that computer vision-based motion
capture has the potential to provide human posture and motion data suitable for
direct measurement ergonomics evaluations in industrial environments.

1 Introduction
Industry 4.0 [1] represents the digital transformation of manufacturing, driven by the integration
of cyberphysical production systems, the Industrial Internet of Things, and advanced data
analytics, among other technologies [2]. These technologies enable machines, devices, and
information systems to communicate and cooperate in real time, creating connected, adaptive,
and self-optimising production environments [3, 4]. This combination of digital and physical
processes has improved productivity, flexibility and quality across manufacturing networks [5, 6].
However, the emphasis on automation and efficiency has also raised concerns about workforce
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displacement, new skills demands, and limited attention given to human well-being in highly
automated environments [7]. This imbalance led the European Commission to introduce
the Industry 5.0 [8] vision, which builds on existing people-centred approaches such as
Lean production by aligning technological progress with human well-being, resilience, and
sustainability, so that value is created for both companies and society [8, 7].

As this vision takes shape, the manufacturing industry is transitioning towards a sustainable
and human-centred one where the role of the human worker is being redefined. The concept
of Operator 5.0 [9], describes the future operator as an empowered professional equipped
with digital competencies and intelligent tools that enable seamless interaction with advanced
technologies. Operators are no longer viewed as passive assets, but rather as active contributors
within intelligent, adaptive, collaborative, and resilient production systems. This shift demands
digital tools that model, simulate, analyse and optimise production environments while
prioritising operator well-being, task inclusivity and long-term employability. In this context,
accurate and efficient methods for assessing physical workload and musculoskeletal risk are
fundamental to designing and operating production systems that are both productive and
sustainable.

Ergonomics evaluation methods are essential for assessing the risks for work-related
musculoskeletal disorders (WMSDs) and for ensuring operator well-being, productivity and
safety. However, despite the increased use of digital technologies and AI-supported tools
in production system design and operation, ergonomics evaluations still primarily rely on
observational techniques, such as expert assessments or checklist-based tools like the Rapid
Entire Body Assessment (REBA) [10] and the Rapid Upper Limb Assessment (RULA) [11].
Albeit useful and commonly used, research has shown that observation-based ergonomics
evaluation methods are time-consuming, imprecise and susceptible to subjectivity due to
variability in the judgment of ergonomists and ambiguity in scoring criteria [12, 13]. Recent
advances in motion capture (MoCap) technologies have enabled new developments in ergonomics
research, especially in direct measurement and digital risk assessment. Among the digitalised
ergonomics evaluation methods, the Lund Action Levels (LAL) [14] represents a data-driven
approach for assessing musculoskeletal risk of joint angles and angular velocities. The method
provides percentile-based action levels derived from field measurements, enabling the integration
with MoCap-based evaluation workflows.

2 Related Work
Direct measurement methods refer to the use of technology to collect physical exposure data
directly from the operator’s body through either sensor- or image/vision-based technologies.
Sensor-based approaches include digital goniometers [15, 16], Inertial Measurement Units
(IMUs) [17, 18], Electromyography (EMG) sensors [15, 19] or depth-sensing cameras such
as Microsoft Kinect [20, 16], which record kinematic, muscular or physiological data via contact
or wearable devices. In contrast, image- or vision-based approaches, rely on optical data
acquisition and computational analysis, ranging from photogrammetry [18, 21] deep learning-
based computer vision (CV) systems [22, 23], to estimate postures and motions from video or
image data. Both approaches aim to reduce subjectivity and increase objectivity, precision,
and the potential for automation; however, they differ in accuracy, costs, expertise needed,
intrusiveness level, and usability, highlighting the need for more accessible and practical
solutions [21, 23].

To address these challenges, four main MoCap technologies have been explored in ergonomics
research:
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1. Optoelectronic systems, which use advanced cameras, infrared and reflective markers
to reconstruct precise three-dimensional (3D) movements [24] (e.g. Qualisys, Move4D,
Vicon).

2. Deep-sensor systems, which derive 3D skeletons from structured-light or time-of-flight
depth sensing [19] (e.g. Microsoft Kinect, Intel RealSense).

3. CV-based systems, which estimate human posture and motion from RGB images using
AI-based models [25, 26] (e.g. BlazePose, OpenPose, DeepPose, AlphaPose).

4. IMUs-based systems, which employ wearable inertial sensors to calculate segment
orientations and joint angles [17, 27] (e.g. Xsens, Wergonics).

Several studies have compared different MoCap technologies in terms of accuracy,
repeatability, and suitability for human motion (gait) analysis. Early validation work done by
Ceseracciu et al. [24] compared Markerless camera-based systems (MCBS) and optical Marker-
based systems (MBS) through simultaneous gait data collection. Their results showed that
sagittal plane kinematics could be estimated with reasonable accuracy. However, the estimation
for the transverse and frontal planes were less precise due to calibration and viewpoint sensitivity.
Das et al. [28] built on this study to propose an statistical framework that could quantify
agreement between MCBS and MBS solutions using functional limits of agreement (fLoA). The
study demonstrated that even though MCBS were accurate capturing general patterns, there
was a substantial bias between the measurement of joint-angle amplitudes that required post-
processing for removal. A comprehensive literature review by Scataglini et al. [23] evaluated 22
studies comparing MCBS (e.g. Kinect, Motognosis Labs, Theia3D) with MBS (e.g. Vicon,
Optotrack, Qualisys) for gait analysis. The meta-analysis concluded that 3D MCBS showed
good reliability for spatiotemporal parameters such as stride time and walking speed, among
others. Sagital-plane kinematics were the most accurate for hip and knee analysis. Nontheless,
the authors emphasised the need for standardisation, and reported poor concurrence in the
transverse and frontal planes highlighting the need for further system evaluation, which are
relevant limitations to industrial settings with non-ideal camera angles and occlusions.

Some studies have compared sensor-based and hybrid approaches. Lind et al. [27]
for example, demonstrated the potential of IMUs-based “smart workwear” for continuous
monitoring of physical exposure in real work environments. Their textile-integrated system
aimed to prevent work-related musculoskeletal disorders WMSDs by embedding sensors directly
into clothes, illustrating the industrial feasibility of IMUs-based solutions. Ciccarelli et al. [19]
extended this approach by proposing an automated framework that integrated IMUs, EMG
sensors, and other wearable devices for real-time ergonomic risk assessments in Industry
5.0 contexts. Their findings emphasised the advantages of sensor fusion for accuracy and
automation but noted the remaining challenges in calibration and user comfort. Other works
have directly compared IMUs- and camera-based systems. Meletani et al. [21] evaluated a 4D
stereophotogrammetry system (Move4D) against Xsens MVN Awinda (Xsens) for gait analysis.
The authors stated that Move4D showed high agreement with Xsens for the spatiotemporal
parameters and moderate differences the kinematic data for the joint angles, i.e. the system
showed reliability and accuracy comparable with Xsens. A similar comparison between IMUs-
based and 4D stereophotogrammetry (Move4D) was done by Fontinovo et al. [18] for the
RULA ergonomics risk assessment method. RULA results were comparable across methods,
although there were minimal differences present that hinted the existence of some discrepancies
between the systems due to differences in joint-angle capture and measurement definitions. Both
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studies [21, 18] demonstrate that optical and inertial systems can produce comparable ergonomic
insights, provided that calibration and methodological consistency are ensured.

Recent research has increasingly focused on comparing IMUs- and CV-based motion capture
systems to evaluate their suitability for ergonomic risk assessment and posture and motion
estimation. Elango et al. [26] compared CV-based systems with wearable IMUs in an automotive
production case, combining depth cameras and inertial sensors for posture evaluation. The
results indicated that while CV-based systems could reproduce posture trends with fewer
sensors, hybrid configurations achieved higher accuracy. In a subsequent study [25] the authors
introduced ERAIVA, a video-based ergonomic posture evaluation software, and benchmarked
it against conventional manual assessments. The study confirmed the feasibitity of CV-based
systems to identify awkward postures but noted that accuracy still depended on viewing angle
and task dynamics. Similarly, Agostinelli et al. [29] validated low-cost 2D RGB camera–based
MoCap tools across multiple manufacturing environments. The findings showed that these
are promising for continuous posture monitoring but limited by environmental variability and
calibration compared to wearable IMUs. These studies emphasise that while IMUs-based
systems remain the reference standard due to their robustness and independence from lighting
or occlusion, CV-based systems provide a non-intrusive, cost-efficient alternative suitable for
scalable workplace applications.

Table 1 shows a summary of the previous comparative studies on MoCap technologies.
The present study builds on previous work integrating MoCap with digitalised ergonomics

evaluations in industrial settings [17], and investigates whether a monocular (single-camera) CV-
based MoCap approach can provide valid motion data to support direct measurement ergonomics
evaluations and compares its results with those of an IMUs-based system in an industrial task.
The comparison of CV- and IMUs-based motion data using this framework enables a rigorous
evaluation of the feasibility of camera-based ergonomics assessments in industrial settings.

3 Method
The study followed the workflow in Figure 1, comprising three stages: data collection, data
processing, and data analysis. The following sections will describe each step in the workflow in
further detail.

Figure 1: Pipeline for data collection, data processing, and comparative analysis.

3.1 Experimental Setup
The data collection was conducted in a mock-up battery assembly robot cell at ASSAR Industrial
Innovation Arena [30], Skövde, Sweden. The cell (Figure 2) features a collaborative robot
mounted on a modular metal workstation, providing a flexible environment for assembly-related
operations. Components were arranged to emulate a realistic industrial assembly scenario. The



The 12th Swedish Production Symposium
IOP Conf. Series: Materials Science and Engineering 1342 (2026) 012053

IOP Publishing
doi:10.1088/1757-899X/1342/1/012053

5

Table 1: Summary of previous comparative studies on motion-capture technologies.

Author (Year) Study / Context MoCap Systems
Compared

Domain Main Findings /
Relevance

Ceseracciu et al. (2014) Markerless vs. marker-
based optical MoCap
during gait

Optical (markerless) vs.
Optical (marker-based)

Gait Sagittal-plane
kinematics accurate;
poor reliability in
transverse/frontal
planes.

Das et al. (2023) Functional limits of
agreement (fLoA)
framework

Markerless vs. marker-
based

Gait Captured general
movement patterns
accurately but
systematic amplitude
biases remained.

Scataglini et al. (2024) Systematic review
and meta-analysis (22
studies)

MCBS vs. MBS Gait High temporal accuracy
(ICC 0.81–0.98); poor
validity for non-sagittal
planes; need for
standardised protocols.

Elango et al. (2022) Evaluation of posture
in automotive
production tasks

Depth camera (CV) vs.
IMU

Industrial
case

AI-based CV system
reproduced posture
trends; hybrid IMU–CV
setup achieved highest
accuracy.

Elango et al. (2024) Evaluation of ERAIVA
video-based risk
assessment tool

CV (RGB video) vs.
manual/IMU reference

Workplace
ergonomics

Demonstrated high
usability; accuracy
influenced by camera
angle and motion
complexity.

Agostinelli et al. (2024) Validation of low-cost
CV-based MoCap in
manufacturing

2D RGB CV-based
vs. literature IMU
references

Manufacturing Promising for
continuous posture
monitoring; sensitivity
to lighting and
environment noted.

Lind et al. (2019) Smart workwear
concept for exposure
monitoring

IMU-based textile
sensors

Workplace Demonstrated
feasibility of continuous
ergonomic monitoring
through wearable
IMUs.

Ciccarelli et al. (2025) Automated sensor-
based risk assessment

IMU + EMG + other
wearables

Industry 5.0 Framework for
automated risk
assessment; accuracy
depends on calibration
and comfort.

Meletani et al. (2024) Comparison of 4D
stereophotogrammetry
vs. IMU

Move4D vs. Xsens Gait High agreement for
timing parameters;
minor joint-angle
differences.

Fontinovo et al. (2025) Comparison of
ergonomic risk
assessments (RULA)

Observational
vs. IMU vs. 4D
stereophotogrammetry

Ergonomics RULA score differences
due to joint-angle
measurement, not
risk model; confirms
comparability of
methods.
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setup is part of the ASSAR Research Lab and Technology Labs, which provides an environment
for applied research and technology demonstration in close collaboration between academia and
industry partners.

Figure 2: Mock-up assembly station consisting of a battery assembly robot cell, a table, and
rearrangeable objects.

The workstation included a worktable with tools and components placed within the
operator’s reach: two triangular metal brackets fitted with screws and nuts, two standard hand
tools (a hammer and a wrench), and a plastic container containing assembly parts weighing a
total of 10 kg. The triangular brackets could be attached to the robot frame to reconfigure the
assembly, enabling realistic manipulation and fastening operations. The setup was designed to
reproduce task variability typical of industrial assembly operations, including reaching, grasping,
lifting, aligning, manipulating, fastening, hammering, positioning, and handling components of
different sizes and weights.

For the purpose of this study, the first author served as the operator at the workstation. The
operator was an adult female with experience in industrial assembly and prior training in the
use of motion-capture systems. The operator participated voluntarily, and no formal consent
procedure was required since the study involved self-experimentation. The experiment complied
with institutional and national ethical guidelines for research involving human participants.

3.2 Task Design
Two work tasks were defined to reproduce characteristic ergonomic conditions associated with
postural loads and movement velocities commonly observed in industrial assembly work. These
conditions correspond to a subset of the parameters assessed within the LAL framework,
providing quantitative action levels for physical exertion based on postural angles and angular
velocities of the neck and upper extremities (Table 2).

The two work tasks were:



The 12th Swedish Production Symposium
IOP Conf. Series: Materials Science and Engineering 1342 (2026) 012053

IOP Publishing
doi:10.1088/1757-899X/1342/1/012053

7

1. Assembly in a non-ideal posture (postural exposure). This task represented a
typical assembly scenario involving sustained postural loading of the upper body. The
operator sequentially picked, positioned, tightened, and loosened two triangular metal
brackets using a wrench. This procedure involved slow, repetitive forward trunk flexion
and prolonged arm elevation while maintaining constrained joint configurations.

2. Hammering and rapid manipulation (velocity exposure). This task was designed to
evaluate dynamic exposure involving high joint angle velocities and frequent accelerations
and decelerations of the upper limbs. The operator executed both hammering and
pick-and-place actions, without any predefined order, rhythm or timing. During each
hammering instance, strikes were executed with both hands, first with the right and
then with the left. This unscripted sequence generated natural variability in direction,
amplitude and velocity, enabling the evaluation of each MoCap method’s capability to
track dynamic and unstructured movements.

3.3 Motion-Capture Systems and Data Collection
Two MoCap methods were used to capture joint kinematics during the two work tasks: the IMUs-
based technology Xsens [31] and the CV-based method Video Inference for Body Estimation
(VIBE) [32]. The two motion-capture systems are shown in Figure 3, illustrating the original
video feed, the VIBE 3D reconstructed body mesh, and the Xsens MVN biomechanical model.

The operator wore the Xsens system, which recorded full-body motion through 17 wireless
IMUs attached to the main body segments, namely the head, shoulders, sternum, upper and
lower arms, hands, pelvis, upper and lower legs, and feet. Tight-fitting clothing was worn over
the sensors to secure them and minimise vibrations or displacements while executing the work
tasks. It also contributed to a more reliable 3D body mesh reconstruction through VIBE. The
sensors measured 3D orientation, acceleration, and angular velocity, enabling real-time tracking
of full-body kinematics and postures. Two anthropometric measurements, stature and shoe
length, were collected, and the system was calibrated before data collection to align the sensors
with body segments. During the calibration procedure, the operator stands for some seconds in
N-pose (Figure 3), then starts walking for some seconds and stands again in N-pose.

The VIBE method does not require this calibration procedure. It applies a Deep Learning
(DL)-based pose estimation approach to reconstruct 3D posture sequences and joint kinematics
from video feed. A single monocular RGB Logitech C922 Pro Stream Webcam recorded the
entire task at 60 fps. The camera view captured the entire workstation (Figure 2), providing an
unobstructed view of the operator’s movements except for occasional self-occlusions inherent to
monocular recording. These occlusions pose a significant challenge for accurate joint tracking
and illustrate the methodological complexity of single-camera approaches in real industrial
conditions.

Each task cycle lasted approximately six minutes and was repeated twice. Recordings
from both MoCap systems were conducted simultaneously at 60 Hz to ensure temporal
synchronisation and data comparability. All sessions were monitored to verify system operation
and sensor placement. Each task was recorded separately to facilitate subsequent processing
and analysis.

3.4 Data Processing
Both MoCap datasets were processed through parallel workflows (Figure 1) that followed the
same overall structure to ensure methodological consistency and enable direct comparison
between systems. While Xsens workflow included sensor calibration, the VIBE workflow required
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Figure 3: The two motion-capture systems used in the study. Original video feed (left), VIBE 3D
reconstructed body mesh (middle), and Xsens MVN Analyze biomechanical model (right).

motion smoothing. All kinematic data were expressed in a common global coordinate system
with the vertical axis defined as +Z, and represented in a pelvis-centred reference frame to
standardise spatial alignment across the systems.

Temporal synchronisation was achieved through time-stamped recordings (YYYY-MM-DD
HH:MM:SS.sss), ensuring frame-level alignment between Xsens and VIBE. The skeleton models
from both systems were hip-locked, i.e. the pelvis was fixed as the reference point to eliminate
global translational displacement of the body/skeleton. This established a common spatial
origin, allowing segment positions and joint rotations to be compared directly.

Recordings from the Xsens system were processed in MVN Analyze Pro 2024.0 [33] and
exported as MVNX files, while the VIBE predictions generated per-frame PKL files that
were processed using a Python-based PKL-to-MVNX conversion pipeline developed for this
study. This conversion aligned the VIBE output to the Xsens skeleton and segment definitions,
reconstructing anatomical segments consistent with the MVN Analyze conventions through
the 49-marker used in SPIN evaluation set (joints3d) [34], based on the Human3.6M dataset [35].
As a result, both datasets shared an identical structure, spatial reference frame, and temporal
parameters (60 Hz sampling rate).

Two types of data were extracted from each system:

• Segment position data to compute upper arm elevation relative to the vertical (+Z),
defined as the angle between the vector connecting the shoulder and elbow joint centres
and the global +Z axis in accordance with the definition used by Ardvidsson et al. [14],
where arm elevation was measured with an inclinometer as the angle of the upper arm to
the vertical.

• Joint-angle data containing local joint rotations to evaluate wrist and neck postures.

To ensure consistent processing, angular velocities were derived from the joint-angle
trajectories via finite-difference differentiation. For the Xsens dataset, differentiation was applied
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directly to the raw joint angles without any additional filtering, as the Xsens software already
incorporates built-in sensor fusion and smoothing algorithms. A linear smoothing technique,
the moving average filter [36], was applied to the VIBE dataset for jittering reduction. In this
technique, the filtered value is obtained by averaging the signal samples within a defined window
that determines the degree of smoothing [36]. A moving-average filter with a 15-frame window
(average of 14 preceding frames and the sample, corresponding to 0.25 s at 60 Hz) was applied
to the raw joint-angle trajectories prior to differentiation to reduce frame-to-frame jittering
inherent to CV-based pose estimation and produced smoother motions [34, 36]. The 15-frame
window length was selected based on a 0.25 s time window, commonly used to reduce jittering
and to conserve motions in sensor-based human kinematics data filtering [37]. No interpolation
or data removal was performed in either dataset to maintain temporal continuity. The resulting
datasets were subsequently used to quantify and compare postural and velocity-based exposures.

3.5 Ergonomics Evaluation
A musculoskeletal risk assessment method was applied to compare the performance of the
CV- and IMUs-based systems. Each system quantified ergonomic risks in regard to posture
and motion-related exposures. The assessment method used was the Action Levels for the
Prevention of Work-Related Musculoskeletal Disorders in the Neck and Upper Extremities [14].
These action levels are based on research done within occupational and environmental medicine
at Lund University, henceforth referred to as LAL. LAL defines action level values (Table 2)
indicating increased risk for WMSDs based on joint angular velocities and postural angles, with
emphasis on the neck and upper extremities.

Table 2: Proposed action levels for physical workload concerning movement velocities and
postures, adapted from [14].

Parameter
10th

percentile
50th

percentile
90th

percentile

Movement velocity
Upper arm – 60◦/s –
Wrist (c) – 20◦/s –

Posture
Head ext./flex. –10◦ <0◦ or >25◦ 50◦

Elevated upper arm (d,e) – 30◦ 60◦

4 Data Analysis
Joint kinematics from both motion-capture systems were analysed to compute the parameters
defined in the LAL framework. The following quantities were derived for each of the two work
tasks:

• Upper-arm elevation, wrist, and neck angles across time

• Angular velocities for the upper arm and wrist obtained from the differentiated joint-angle
trajectories.
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Figure 4: Raw data for neck flexion/extension in Task 1.

4.1 Visual Analysis of Output Data
A visual analysis of the output data obtained from both MoCap systems was performed to
examine their temporal correspondence and signal characteristics. This step aimed to verify
synchronisation accuracy, detect potential offsets, and identify noise patterns before proceeding
with the quantitative analysis based on the metrics defined in the LAL framework.

The data sets for Tasks 1 and 2 were processed as described in Section Data Processing.
As stated in the Section Motion-Capture Systems and Data Collection, each recording lasted
approximately six minutes. Therefore, a representative 60-second segment (3600 samples
at 60Hz) from Task 1 (Assembly in a Non-ideal Posture) was selected (Figure 4) to facilitate
the visual analysis. This interval captures several forward bending and upward recovery events
that represent the characteristics of the postural exposure observed throughout the six-minute
task. Figure 4 represents raw neck flexion/extension angles as obtained directly from the two
MoCap systems after temporal alignment and coordinate transformation. The horizontal axis
represents time in seconds, and the vertical the neck flexion/extension angles in degrees, where
the positive values indicate forward flexion and the negative values extension. The orange curve
corresponds to Xsens recorded data and the blue curve to VIBE predictions.

Both systems captured the same sequence of forward bending and upright recovery phases,
confirming temporal correspondence between datasets. Both datasets are shown unfiltered to
reveal their signal characteristics, including smoothness, amplitude, and local noise. Minor
jittering is visible in the VIBE signal, typical of frame-to-frame variability in monocular
pose estimation [34, 36], while the Xsens trajectory are smoother due to its built-in sensor
fusion, which filters noise through combined accelerometer and gyroscope data to stabilise the
signal [33]. A consistent negative offset can be observed in the VIBE signal, with angles shifted
approximately 15-20° toward flexion compared with Xsens. This difference seems to reflect the
absence of a calibration step in the VIBE workflow (Figure 1) that could be the reason for the
underestimation of extension and overestimation of flexion relative to Xsens. Despite this offset,
the alignment between the signals indicates accurate temporal synchronisation across the two
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Table 3: Postural and velocity exposures in Task 1. Cell colours indicate exposure relative to
the action levels in Table 2. Green cells represent values within acceptable action levels, and
red cells represent values exceeding action levels.

Xsens VIBE

Physical Workload 10%ile 50%ile 90%ile 10%ile 50%ile 90%ile

Head Flexion/Extension (deg) -4.93 5.95 28.72 -27.92 -16.76 9.53
Upper Arm Angle – Left (deg) 5.46 16.55 37.02 14.21 34.86 49.84
Upper Arm Angle – Right (deg) 4.67 13.65 33.41 13.39 34.93 49.76
Upper Arm Velocity – Left (deg/s) 0.80 5.49 36.47 1.30 7.89 40.75
Upper Arm Velocity – Right (deg/s) 3.46 23.79 73.23 2.11 12.27 40.70
Wrist Velocity – Left (deg/s) 0.55 3.88 39.45 0.60 3.61 12.11
Wrist Velocity – Right (deg/s) 3.08 22.83 85.02 0.51 3.00 10.47

Table 4: Postural and velocity exposures in Task 2. Cell colours indicate exposure relative to
the action levels in Table 2. Green cells represent values within acceptable action levels, and
red cells represent values exceeding action levels.

Xsens VIBE

Physical Workload 10%ile 50%ile 90%ile 10%ile 50%ile 90%ile

Head Flexion/Extension (deg) -9.55 11.28 20.76 -3.44 3.91 9.32
Upper Arm Angle – Left (deg) 9.96 24.58 45.28 13.75 32.09 52.70
Upper Arm Angle – Right (deg) 7.27 21.05 44.90 11.32 31.01 63.87
Upper Arm Velocity – Left (deg/s) 5.54 31.27 94.57 4.03 25.67 83.57
Upper Arm Velocity – Right (deg/s) 6.44 40.24 129.00 3.81 25.47 94.81
Wrist Velocity – Left (deg/s) 3.45 23.85 104.91 1.09 7.19 22.51
Wrist Velocity – Right (deg/s) 5.11 35.97 135.57 0.95 5.88 16.68

systems.
These observations establish the baseline correspondence between the two motion-capture

systems and highlight their characteristic signal behaviours. The following section presents the
quantitative analysis of joint angles and angular velocities, comparing the systems according to
the percentile-based metrics defined in the LAL framework.

4.2 Quantitative Analysis
Tables 3 and 4 present the distributions of angular position and velocity recorded by the Xsens
system and predicted by the VIBE system for Tasks 1 and 2. These summarise the 10th-, 50th-,
and 90th-percentile values for the main joints analysed. Representing typical and peak exposures
during each six-minute task cycle. The resulting values were compared against the corresponding
action levels proposed by [14] to quantify exposure intensity and identify potential ergonomic
risk levels.

The values obtained for Task 1, Table 3, show that both systems captured similar
exposure trends, although VIBE predicted systematically higher joint angle values than Xsens,
particularly for the upper arms segments. Median upper-arm elevations measured by Xsens were
approximately 16–17° on the left and 14° on the right, with 90th-percentile values below 40°,
all within the 60° LAL action level indicating low-to-moderate postural load. In contrast, VIBE
predicted higher median elevations with angles near 35° and above the 30° action level, and
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90th-percentile values around 50° and below the 60° action level for both upper arms. This
upward bias suggests an overestimation of elevation likely related to the monocular nature
of the vision system, where depth ambiguity, partial self-occlusion, and differences in skeleton
definitions (offsets) between the two systems, can distort vertical orientation. At the neck, Xsens
recorded neutral postures with a median flexion of approximately 6°, whereas VIBE predicted a
median flexion of approximately -17°. The analysis of the postural exposures seems to indicate
a consistent directional offset for posture exposures in LAL. Median upper-arm velocities were
modest in both systems 5–6°/s for Xsens and 8–12°/s for VIBE, remaining well below the 60°/s
action level. Wrist velocities were also low, though the right wrist in Xsens reached a exposure
of 22.8°/s, slightly exceeding the 20°/s limit. In contrast, VIBE wrist predictions remained
within acceptable action levels. Overall, both systems produced consistent exposure patterns,
though VIBE yielded higher angular magnitudes and lower velocity amplitudes than Xsens.

In the values obtained for Task 2, Table 4, both systems registered substantially higher
velocity exposures and greater variability. Xsens captured median upper-arm elevations of
approximately 24–25° on the left and 21° on the right, with 90th-percentile values below 46°, all
within the 60° LAL action level indicating low-to-moderate postural load. In contrast, VIBE
predicted higher postural exposures than Xsens, with median elevations with action levels
between 31-32°, above the 30° action level, and 90th-percentile values around 52-53° for the
upper left arm. Notably, the 90th percentile for the right upper arm reached 63.9°, exceeding
the 60° action level.

Xsens recorded median upper-arm velocities of 31–40°/s remaining below the 60°/s action
level, and 90th-percentile peaks of 95–129°/s. Wrist velocities were also higher 23-36°/s,
exceeding the 20°/s LAL action level and indicating high-velocity exposure. VIBE followed
the same exposure trend but reported lower amplitudes for the median upper-arm velocities of
around 25-26°/s, and the 90th-percentile peaks (83–95°/s). Wrist median velocities of 5-8°/s
and 90th-percentile peaks of 16-23°/s, highlighted system differences. These discrepancies likely
reflect the smoothing effects of the 15-frame moving-average filter and a minor underestimation
during rapid transitions.

Overall, Xsens and VIBE exhibited consistent exposure trends, although systematic
amplitude and velocity differences were observed between the two systems. Despite these
systematic offsets, both MoCap systems produced the same ergonomic classifications under
the LAL framework: Task 1 as low-to-moderate risk and Task 2 as high-velocity, high-exposure.

5 Discussion
The comparative analysis between the IMUs-based Xsens and the CV-based VIBE systems
revealed systematic but comparable differences in both postural and velocity metrics that are
consistent with the visual analysis in Figure 4. VIBE produced slightly higher postural angles
and lower velocity amplitudes than Xsens, suggesting a bias linked to the absence of a calibration
step and to the temporal damping introduced by the 15-frame moving-average filter. VIBE
showed a mean offset across both work tasks, approximately 15–20° in neck flexion and 10–20° in
upper-arm elevations, while maintaining high temporal correspondence. These findings indicate
that despite absolute magnitude deviations, VIBE predicted exposure patterns and task-specific
temporal dynamics accurately.

This behaviour aligns with previous comparative studies of optical and inertial systems.
Meletani et al. [21] similarly reported strong agreement between Move4D stereophotogrammetry
and Xsens for gait parameters, but observed moderate discrepancies in absolute joint angles.
Likewise, Scataglini et al. [23] found that camera-based systems present good concurrent
validity in sagittal-plane kinematics but reduced accuracy in transverse and frontal planes.
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The consistent overestimation of flexion in VIBE mirrors the depth-ambiguity and occlusion
sensitivities reported in these optical studies.

The underestimation of velocity amplitudes by VIBE is also coherent with evidence from Das
et al. [28], who observed systematic amplitude damping in MCBS due to temporal smoothing
and frame-rate constraints. The applied moving-average filter in this work successfully reduced
jittering but attenuated fast transitions, explaining the lower 90th-percentile velocity values
obtained compared to Xsens. Despite these differences, both systems classified Task 1 as low-to-
moderate risk and Task 2 as high-velocity, high-exposure under the LAL framework, confirming
that relative exposure ranking remains robust even when amplitude scaling differs.

From an ergonomics-application standpoint, these findings extend prior observations [26, 25,
29] that showed that CV-based methods can replicate posture trends and enable continuous
workplace monitoring but remain limited by calibration, lighting, and environmental variability.
The consistent exposure trends obtained across both tasks support those conclusions and
demonstrate that monocular CV-based MoCap can capture representative ergonomic indicators
in realistic industrial settings. However, the observed negative bias in neck extension and
overestimation in arm elevation reinforce that monocular configurations are best suited for
comparative or relative analyses rather than for absolute kinematic quantification. At the
same time, the results corroborate earlier findings [19, 27], highlighting the strengths of IMUs-
based systems in stability, temporal fidelity, and independence from external lighting. Xsens
maintained higher sensitivity to rapid wrist motions and asymmetrical loads, confirming its
suitability for high-precision or certification-grade assessments. Nevertheless, its intrusive nature
and calibration requirements indicate the value of CV-based systems as complementary, low-cost
tools for large-scale monitoring, consistent with the hybrid or multi-sensor strategies advocated
in the literature [26, 19].

The quantitative comparison presented here bridges the gap between laboratory-based gait
validations and real industrial ergonomics applications, providing empirical evidence that single-
camera approaches—though not yet a replacement for IMU systems—are mature enough to
support continuous, non-intrusive monitoring within Industry 5.0’s human-centred paradigm.

Overall, this comparative analysis demonstrates that DL-based CV methods, such as
VIBE, can provide representative and interpretable motion data for direct-measurement
ergonomics evaluations when appropriately filtered and benchmarked. The quantitative
comparison presented here bridges the gap between laboratory-based gait validations and real
industrial ergonomics applications, providing empirical evidence that even though single-camera
approaches are not yet a replacement for IMU systems, they are mature enough to support
continuous, non-intrusive monitoring within the Industry 5.0’s human-centred paradigm.

6 Conclusion and Future Work
This study compared a CV-based (VIBE) and an IMUs-based (Xsens) MoCap systems using the
LAL musculoskeletal risk assessment method to quantify work postures and movement velocities
exposures in two representative industrial assembly tasks. Both systems produced consistent
ergonomic classifications, Task 1 (Assembly in Non-Ideal Posture) as low-to-moderate risk and
Task 2 (Hammering and Rapid Manipulation) as high-velocity, high-exposure. These findings
demonstrate that CV-based approaches can generate representative and interpretable kinematic
data for direct-measurement ergonomics methods when appropriate filtering and benchmarking
are applied. The findings validate that CV-based systems can provide representative motion
data for direct measurement ergonomics evaluations when appropriate filtering and alignment are
applied. The study extends prior work by demonstrating the feasibility of monocular RGB-based
pose estimation in a real industrial setting, bridging the performance gap between research-grade
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IMUs systems and accessible, non-intrusive CV solutions.
Future work will extend this comparative framework in several directions. From a

methodological standpoint, a calibration procedure for camera-based systems will be developed
to minimise baseline offsets and improve cross-system comparability. The next research
phase will also introduce force-based ergonomics evaluation methods, such as the Arm Force
Field (AFF) [38], to complement posture- and velocity-based indicators and enable more
comprehensive assessments of physical workload. Technically, integrating MoCap outputs with
digital human modelling (DHM) tools will be pursued to allow combined analyses of human
motion, forces, and environmental interaction using detailed workstation models (e.g. CAD
layouts). Finally, testing the proposed approach in a real industrial case study will be essential
to validate its robustness and scalability under authentic production conditions.
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