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This paper proposes a video-driven biomechanical analysis method for measuring muscular loads influenced
by wearing an exoskeleton suit, combining vision-based motion capture and virtual modeling approaches.
Motion data obtained from site videos is integrated with a newly developed human-exoskeleton model in
biomechanical software, to simulate muscular loads on the human body and evaluate exoskeleton suits.
This method has been validated through experimental tests, where simulated and directly measured muscle
activations were compared for four types of lifting tasks. The results indicate that this method successfully
estimates neuromuscular activations of the low back muscles with and without wearing an exoskeleton suit,
though the effect of the exoskeleton suit tends to be overestimated in simulations. Despite this limitation, the
proposed method is expected to assist in efficiently evaluating exoskeleton use in practice, thereby facilitating

the more widespread adoption of passive exoskeletons in construction.

1. Introduction

The construction industry is one of the most labor-intensive sectors,
with a large portion of tasks performed manually. As a result, construc-
tion workers frequently face physically demanding tasks and awkward
postures, leading to musculoskeletal injuries. It is reported that 20%
of non-fatal injuries among construction workers are associated with
work-related musculoskeletal disorders [1]. Additionally, the nature
of manual handling tasks in construction has been identified as a
contributing factor to low labor productivity [2]. Although the industry
has sought to adopt new technologies such as modular integrated
construction, automated systems, or construction robots to reduce the
need for manual labor, the use of these technologies remains limited
depending on project types, trades, and tasks. Consequently, manual
tasks are still prevalent in practice.

Recently, wearable robots such as exoskeleton suits have gained
attention in many labor-intensive industries, including construction, to
address workers’ performance and safety issues. Compared to active
systems that require actuators and power supplies, passive exoskeleton
suits rely on non-powered mechanical components (e.g., springs or elas-
tic straps), making them lighter, more flexible, and less expensive [3,4].
These features offer comparative advantages for construction workers
who need to use them in an unstructured and dynamically chang-
ing work environment like construction sites. These wearable robots,
designed for specific body parts (e.g., back, shoulders, and knees),
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can enhance the physical capabilities of human workers, significantly
reducing biomechanical loads. Previous studies investigating their ef-
fectiveness have found that they can relieve the risk of musculoskeletal
injuries [5] and improve productivity [6]. With the increasing need for
passive exoskeletons, many commercially available suits have entered
the market, providing more opportunities for practitioners to benefit
from these technologies.

Despite the reported benefits, the adoption of passive exoskeleton
suits in the construction industry remains limited. One of the chal-
lenges hindering their practical application is the lack of comprehensive
assessments to prove their applicability at construction sites and to
guide the selection of appropriate types of passive exoskeleton suits
for specific trades. Most previous studies have focused on labora-
tory experiments or controlled field settings to evaluate exoskeleton
suits using biomechanical or physiological measures such as muscle
activations [7], maximum oxygen uptake (VO, Max) [8], and heart
rates [9]. However, these approaches have been criticized for their
invasiveness and the lack of comprehensive measures for assessing the
performance of exoskeleton suits [10]. To address these challenges,
previous research has incorporated advanced biomechanical simula-
tion tools (e.g., OpenSim, Anybody) [11-13]. These tools enable the
estimation of biomechanical metrics such as muscle activity, joint
moments, and energy consumption by integrating kinematic data from
motion capture systems with virtual models of human-exoskeleton
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systems. Recent empirical studies comparing muscle load reduction due
to exoskeleton use have employed both electromyography (EMG) and
biomechanical simulations, highlighting the potential of these simula-
tion tools in evaluating the performance of exoskeleton suits [13-15].
Despite the usefulness and validity of simulation-based approaches, the
need for sophisticated motion capture systems (e.g., marker-based or
inertial measurement unit (IMU)-based systems) to obtain kinematic
data may limit the broader application of biomechanical simulation
tools, particularly in field settings.

In this regard, this paper aims to propose a non-invasive approach to
biomechanically evaluate passive exoskeleton suits at construction sites
through a virtual biomechanical simulation driven by in-field motion
capture data obtained from video streams. As a proof of concept, this
paper focuses on a back exoskeleton suit commonly used by construc-
tion workers. Specifically, we propose a computational pipeline for (1)
3-dimensional (3D) modeling of a passive exoskeleton suit combined
with a human musculoskeletal system in the biomechanical simulation
tool OpenSim [16], (2) virtual simulation of construction tasks using
vision-based motion capture data collected at construction sites, and (3)
evaluation of muscular loads reduced by wearing an exoskeleton suit.
The proposed method is validated by comparing directly measured and
simulated muscular loads affected by the use of a passive exoskeleton
suit. Based on the results, the potential and remaining challenges of
using this method are discussed.

2. Literature review
2.1. Passive exoskeletons and their applications for occupational purposes

Passive exoskeletons provide an effective solution to relieve the
physical burden of construction workers performing demanding tasks.
The working principles of these exoskeletons vary depending on the
type and the body region they support. However, passive exoskeletons
generally rely on (1) energy-storing and releasing strategies for gravity
compensation and (2) load-transferring mechanisms. For example, most
passive exoskeleton systems operate by releasing energy from elastic
straps or springs to the wearer in the form of passive torque and
force, which partially replaces the wearer’s biological muscle activa-
tion. Additionally, passive exoskeletons with rigid frames can transfer
physical loads from one body part to another through the human-robot
interface, thereby reducing muscular loads in more vulnerable body
regions.

Passive exoskeletons are typically designed to support specific body
parts, and various commercially available suits exist for occupational
use, such as (1) Skelex 360-XFR [17], EXHAUSS Stronger [18], Ekso
EVO [19], or Hilti EXO-001 [19] for the shoulders, (2) Laevo V2.4,
V2.5, Flex [20], Paexo Back [7], BackX [21,22], or FLx ErgoSkele-
ton [23] for the back, and (3) legX [24] for the knees. Previous studies
have evaluated these exoskeletons for different occupational uses. For
example, shoulder exoskeletons can support tasks such as overhead
assembly [25] and box moving [25]. Back support exoskeletons have
been applied to assist with heavy object lifting [26] and manual mate-
rial handling [20]. Knee exoskeletons are generally used for prolonged
squatting activities during tasks such as drilling and welding [24].

In a construction domain, the use of passive exoskeleton suits is
relatively new, and recently, several studies have explored the appli-
cability of these suits for construction tasks. Table 1 illustrates the
applications and performance evaluation of passive exoskeletons in
construction fields. For example, Koopman et al. [26] verified the effect
of Laveo 2.4 (back support exoskeleton) in reducing peak compression
force, moments, muscle activity during object lifting. Musso et al. [25]
tested the performance of a shoulder exoskeleton, Skelex 360-XFR,
during the tasks of bricklaying. Results showed that shoulder flexor
muscle activation reduces considerably. Baltrusch et al. [27] showed
the capability of Skelex 360-XFR in aiding ceiling construction tasks.
There are also applications of a knee exoskeleton in cement laying [24].
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In addition to these commercial products, recent studies have pro-
posed new designs and mechanical systems for passive exoskeletons
to improve performance and minimize user discomfort. For example,
Simon et al. [32] proposed a passive back exoskeleton that uses carbon
fiber beams instead of springs or elastic bands to accumulate and
release elastic energy during back flexion/extension for object lifting.
Compared with existing energy storage elements such as gas springs,
carbon fiber beams offer advantages like low weight and volume, low
energy loss, and potentially high cycle life [33]. Zhang et al. [29]
designed a spring-based passive back support exoskeleton to reduce
the risk of back injury during manual tasks. Koopman et al. [30]
developed a passive back support exoskeleton for object lifting tasks,
utilizing a combination of an elastic beam at the back and springs
at the hip joints to alleviate the load on the back. Testing results
showed a significant reduction in L5/S1 compression forces with device
assistance. Additionally, Yin et al. [28] developed a passive shoulder
support exoskeleton for manual workers, using two air springs on each
side to balance the weight of hand tools.

One recent study proposed an innovative design for biologically
inspired back exoskeletons [34]. Inspired by the biological spine, this
spine exoskeleton contains three thoracic joints, three lumbar joints,
and one caudal joint. Each joint unit includes a ball hinge mechanism
and a spring, providing four degrees of freedom. This design helps
generate assistive torque during back bending. As these studies suggest,
there is considerable room for improving existing passive exoskeleton
designs by adopting innovative ideas in terms of design, materials, and
mechanical systems. It is expected that new passive exoskeleton systems
will continue to become more available in the market.

2.2. Assessment methods for exoskeletons

Occupational exoskeletons, whether passive or active, are designed
to support workers in various settings. However, their use must be
comprehensively assessed under different conditions to validate their
applicability and effectiveness, enabling informed decisions on adop-
tion by practitioners. Previous studies on exoskeleton assessment have
focused on: (1) their role in reducing risk factors associated with
work-related musculoskeletal disorders, (2) improvements in work per-
formance, (3) reductions in physical effort, and (4) user satisfaction
with the exoskeletons [35]. To systematically evaluate exoskeletons,
Torricelli et al. [36] proposed a benchmarking framework for wearable
robots’ performance evaluation, focusing on both functional perfor-
mance and user experience. While functional performance is evaluated
through technological, biomechanical, and physiological indicators,
user experience indicators capture perceptual, emotional, and cognitive
aspects.

Functional performance assessment of exoskeletons typically relies
on direct measurements to gather objective data related to technolog-
ical, biomechanical, and physiological indicators. Technological indi-
cators evaluate the physical capabilities of exoskeletons, emphasizing
their design and mechanical components. One widely used technologi-
cal indicator is body kinematics, such as range of motion, body angles,
or kinematic trajectories, which can be obtained using marker-based
full-body motion capture systems in laboratory settings [37]. Analyzing
motion capture data provides quantitative assessments of the kinematic
compatibility of exoskeleton designs, which significantly affects both
functionality and user comfort [36]. Additionally, kinetic measures,
such as assistive torque from exoskeletons, directly demonstrate their
performance in enhancing the wearer’s physical capability [38]. Biome-
chanical indicators focus on the exoskeleton’s impact on the human
body through human-exoskeleton interaction. Measuring muscle acti-
vations using Electromyography (EMG) is one of the most common
methods for understanding the biomechanical performance of exoskele-
tons. Exoskeletons designed to enhance physical capability can reduce
musculoskeletal loads on specific body regions, making the comparison
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Table 1

Passive exoskeletons in construction fields.
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Study Device type(s) Device name(s) Task(s) Evaluation methods Exoskeleton effect(s)
Musso et al. Shoulder Skelex 360-XFR Bricklaying « Compare the muscle activity in « Shoulder flexor muscle activation
[25] exoskeleton baseline” and exoskeleton conditions reduced® considerably
(product?)
Baltrusch Shoulder Skelex 360-XFR Ceiling « Compare the muscle activity in « Persistent reductions in shoulder
et al. [27] exoskeleton construction tasks baseline and exoskeleton conditions muscle activity of up to 58%
(product) (drilling, placing, « Survey of user experience « Recreased perceived exertion
mounting, etc.)
Yin et al. Shoulder-support NA® Static and « Compare the muscle force in « A significant decrease in the output
[28] exoskeleton dynamic tool lift baseline and exoskeleton conditions force and fatigue in deltoid, biceps
(prototype) experiments « Compare the muscle fatigue in brachii, and brachioradiali muscles
baseline and exoskeleton conditions « A significant decrease in the fatigue
in above muslces
Koopman Back support Laevo 2.4 Static bending and « Compare the muscle activity in « Significant reductions (11%-57%)
et al. [26] exoskeleton holding tasks baseline and exoskeleton conditions in back muscle activity
(product) « Compare the L5/S1 moments in « L5/S1 moments significantly
baseline and exoskeleton conditions reduced
Zhang et al. Spine NA Spine flexion and « Compare the muscle activity in « Surface Electromyography (SEMG)
[29] exoskeleton extension tasks baseline and exoskeleton conditions activation reduced up to 24% at
(prototype?) lumbar level
« SEMG activation reduced up to
54% at thoracic level muscle
Koopman Back support NA Object lifting tasks « Compare the L5/S1 compression « L5/S1 compression force reduced
et al. [30] exoskeleton force in baseline and exoskeleton
(prototype) conditions
Schmalz Back support Paexo Back Object lifting tasks « Compare the muscle activity in « Reductions in oxygen rate (9%")
et al. [7] exoskeleton baseline and exoskeleton conditions « Reductions in activation of the
(product) « Compare the joint force in baseline back and thigh muscles (up to 18%)
and exoskeleton conditions « Reductions in peak and mean
« Compare metabolic cost in baseline compression force at L4/L5 (21%)
and exoskeleton conditions and L5/S1 (20%)
Gonsalves Back support BackX Formwork « Survey of user experience « Reduced stress on the lower back
et al. [21] exoskeleton fabrication, « Discomfort at other body parts
(product) placing/removing
formwork, and
concrete finishing
Gonsalves Back support BackX Pipework « Survey of user experience « Reduced perceived discomfort in
et al. [22] exoskeleton the lower back
(product) « An increase in discomfort at the
chest (20%), thigh (73%), and
shoulder (250%)
Ogunseiju Back support FLx ErgoSkeleton Manual material « Survey of user experience « Task completion time increased
et al. [23] exoskeleton handling « Compare the kinematics and task during object lifting
(product) completion time in baseline and « The reduced back flexion and
exoskeleton conditions increased hip flexion
« Significant discomfort at the back
Theurel et al. Upper limb EXHAUSS Load lifting (LIFT), « Compare the muscle activity in « The deltoid anterior muscle activity
[18] exoskeleton Stronger carrying (WALK), baseline and exoskeleton conditions significantly reduced during LIFT and
(product) and stacking— STACK
unstacking « The triceps brachii muscle activity
(STACK) significantly decreased during WALK
Bennett et al. Arm support Ekso EVO and Pushing/emptying « Survey of user experience « The workers responded to the use
[19] exoskeletons Hilti EXO-001 construction « Compare motions, postures, heart of exoskeletons differently
(products); back (arm support); gondolas; in- rates, and task completion times in
support HeroWear Apex stalling/removing baseline and exoskeleton conditions
exoskeleton (back support) wooden blocks
(product)

Pillai et al.
[31]

Knee exoskeleton
(Product)

legX

Panel and floor
tasks

« Compare the muscle activity in
baseline and exoskeleton conditions

« Significant reduction of the rectus
femoris activity

Notes:

2 Commercialized product.

b

Without exoskeletons.

¢ Compared to baseline condition.

d

f

Research prototype.
¢ Not available.

Reduction rate compared to baseline condition.

of muscle activations before and after wearing exoskeletons a straight-
forward method for validating their performance. While biomechanical

indicators are linked to the effect of exoskeletons on specific body re-
gions, physiological measures, such as energy expenditure or metabolic



Y. Zhou et al.

demand, indicate the overall impact on the entire body [35]. Energy
expenditure is generally measured using an indirect calorimeter that
estimates metabolic demands based on respiratory data [39].

User experience assessment is also crucial in determining the suit-
ability of exoskeletons in occupational settings. User experience mea-
surements typically rely on subjective surveys related to perceived
benefits, satisfaction, or responses from perceptual, emotional, and
cognitive perspectives [36]. Various standardized survey questionnaires
have been adopted in previous studies to measure user experience.
For example, the Quebec User Evaluation of Satisfaction with Assistive
Technology (QUEST) has been used to evaluate user satisfaction with
exoskeleton suits [40,41]. It consists of 12 outcome measures that
assess satisfaction with a device. Coccia et al. [40] used QUEST to
evaluate satisfaction with the arm-support exoskeleton, EXO Paexo
Shoulder. The System Usability Scale (SUS), the most widely used
standardized questionnaire for assessing perceived usability, is also
commonly employed in evaluating user experience with exoskeleton
suits. Previous studies have applied SUS to various exoskeleton types,
including back support exoskeletons (e.g., FLx ErgoSkeleton, V22 Er-
goSkeleton, and Laevo V2.5) [42], and shoulder exoskeletons [43]
(e.g., TRL-4). Additionally, Borg’s exertion rating scale (Borg CR-20)
and NASA-TLX have been used for subjective evaluation of exoskeleton
suits such as BackX [44], ShoulderX V2, and Skelex V2 [45].

While these direct or subjective evaluation methods have proven
effective in assessing existing exoskeleton suits, simulation-based ap-
proaches have also demonstrated their strengths, particularly during
the design phase [46]. Biomechanical simulation and analysis using
a computerized biomechanical model aims to estimate internal forces
(e.g., muscle forces, joint moments) within the human biomechani-
cal system that can rarely be measured directly [47]. A technique
known as inverse dynamic analysis based on musculoskeletal mod-
els can estimate muscular joint torques required to perform specific
tasks with given postures and motions [48]. Following this, muscular
forces in various body parts can be computed to achieve required
net torques [49]. Although biomechanical parameters (e.g., length,
weight, and position of the center of mass of the segments) needed for
inverse dynamics can be derived from existing biomechanical models,
joint angles must be measured directly. Consequently, previous studies
commonly rely on sophisticated motion capture systems to collect
kinematic data. This biomechanical simulation approach has been well
validated through numerous empirical studies, confirming its efficacy
as a non-invasive method for estimating muscle forces [48,50]. With
the advent of biomechanical simulation software such as OpenSim [16]
and AnyBody [51], an increasing number of researchers are employing
simulation-based methodologies by integrating existing biomechanical
models with mechanical dynamics of exoskeleton suits to evaluate the
extent to which muscular loads can be alleviated through their use.
When developing exoskeleton suits, many design factors can influence
performance, including mechanical structures, materials, design param-
eters (e.g., assistive torque), and interfaces between the exoskeleton
and the human body. These biomechanical simulation and analysis
tools allow for the collection and evaluation of kinematic and ki-
netic data of human-exoskeleton systems without the need for physical
prototypes. Biomechanical features that can be obtained from these
tools include joint loading estimation [52], joint moments [53], mus-
cle force [54], metabolic cost [55], ground reaction force [56], and
exoskeleton torque [57], enabling more comprehensive biomechanical
assessments compared to direct methods used in experimental studies.

Due to these advantages, simulation-based approaches have also
been employed to evaluate existing exoskeleton suits. For instance,
Zhou et al. [58] used OpenSim to verify the effect of a shoulder
exoskeleton in reducing shoulder joint loading during overhead tasks,
with similar studies found in [7,15]. Moya-Esteban et al. [52] applied
the OpenSim Application Programming Interface (API) to validate the
effectiveness of a back support exoskeleton in reducing lumbosacral
joint loading and moments during object lifting tasks. Similarly, Schiebl
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et al. [59] reported a reduction in shoulder and back torque during
exoskeleton-assisted heavy object lifting based on simulation studies
using AnyBody. Blanco et al. [14] simulated overhead drilling tasks
with upper limb exoskeletons using AnyBody, and their results in-
dicated that the exoskeleton reduced the activation of upper limb
muscles. Other simulation studies verifying the effects of exoskeletons
in reducing muscle activation are reported in [13,54]. Additionally,
there are OpenSim-based simulation studies that verify the effect of
exoskeletons in reducing metabolic costs during sitting [55], as well
as standing up and walking [60].

However, a critical challenge in using biomechanical simulation
and analysis tools in occupational settings is the difficulty of ob-
taining kinematic data during real-world tasks. Biomechanical loads
on the human body continuously change according to dynamic body
kinematics and movements, requiring accurate motion data for ef-
fective biomechanical simulations. This is why previous studies have
relied on sophisticated marker-based motion capture systems in lab-
oratory environments, where occupational tasks are simulated while
wearing exoskeleton suits [61,62]. To enable biomechanical simu-
lation and analysis in real-world settings, Seo et al. [63] proposed
a motion-data-driven biomechanical analysis for construction tasks
using vision-based motion capture approaches. The motion data ob-
tained from site videos was converted into kinematic data in OpenSim,
where internal loads, such as muscle force, were estimated to evaluate
construction workers’ ergonomic risks during tasks at construction
sites. The use of vision-based motion capture data would also enable
us to evaluate the biomechanical performance of exoskeleton suits
without interfering with ongoing construction tasks when combined
with human-exoskeleton systems in biomechanical simulation tools
(e.g., OpenSim, AnyBody).

3. Methodology

This paper aims to propose a comprehensive framework for biome-
chanically evaluating the performance of passive exoskeleton suits for
construction tasks by combining vision-based motion capture data with
virtual modeling of human-exoskeleton systems in the biomechanical
simulation tool, OpenSim. While this framework can be applied to any
type of exoskeleton device, this paper demonstrates the computational
pipeline using one of the most widely used passive back exoskeletons
in practice, the Laevo FLEX [20], for which the manufacturer pro-
vides detailed specifications and assistive torque data necessary for
virtual human-exoskeleton modeling. Fig. 1 provides an overview of
the proposed framework, which consists of (1) vision-based motion
capture and model reconfiguration for biomechanical simulation, (2)
human-exoskeleton system modeling and motion simulation, and (3)
muscle-actuated simulation through Computed Muscle Control (CMC)
in OpenSim.

3.1. Vision-based motion capture and model reconfiguration for biomechan-
ical simulation

For biomechanical simulation in OpenSim, it is essential to obtain
motion data during construction tasks by workers wearing exoskeleton
suits, as biomechanical loads on the human body are influenced by
body postures and dynamic movements (e.g., body accelerations). As
mentioned, previous biomechanical simulation studies have relied on
sophisticated marker-based motion capture systems, which are not
feasible in field settings. Consequently, motion data has primarily
been collected in laboratory environments. To non-invasively capture
motion data during ongoing tasks, this paper adopts a vision-based mo-
tion capture approach using a monocular camera. Vision-based motion
capture and human pose estimation aim to extract body configura-
tions and joint positions from images or videos without the need
for markers on the body, often powered by deep learning algorithms
such as convolutional neural networks (CNNs). Due to its usefulness
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Fig. 1. Research framework.

in understanding human behaviors, vision-based motion capture has
been widely used in various fields, including robotics, entertainment,
health, and sports sciences [64]. Previous studies have evaluated the
accuracy of vision-based motion data compared to traditional marker-
based motion capture data, reporting errors in 3D joint positions and
joint angles ranging from 45.7 mm to 79.9 mm and from 2.0° to 9.0°,
respectively [65]. Although these errors may lead to some inaccuracy in
biomechanical simulation and analysis, they are generally insignificant,
resulting in less than 10% error in estimating musculoskeletal stresses

range [67].

Among the existing vision-based motion capture algorithms, this
paper adopts ‘Video Inference for Human Body Pose and Shape Esti-
mation (VIBE)’ developed by Kocabas et al. [68]. VIBE is an advanced
algorithm that accurately extracts realistic 3D poses and shapes from
single monocular video sequences. One challenge in 3D pose estimation
from images is the lack of real training images with ground truth 3D
annotations, which can lead to inaccuracies in capturing motion data.

using biomechanical simulation tools [66]. Considering that EMG-
based muscle force estimation typically demonstrates errors ranging
from 10% to 20%, it is reasonable to conclude that errors caused by
motion data, which are approximately 10%, fall within an acceptable

To address this issue, VIBE utilizes a large-scale motion capture dataset
(AMASS) along with unpaired, in-the-wild videos with 2D key point
annotations, achieving better estimation accuracy than other existing
algorithms. VIBE has shown joint position errors of approximately
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51.9 mm, which is acceptable for biomechanical simulations. An ad-
ditional advantage of using VIBE is that its output is in the SMPL body
model format [69]. The SMPL model represents 3D human motions
using various parameters, including a skeleton rig, 3D meshes, and pose
blend shapes. Since AMASS, used in VIBE’s training, is also in the SMPL
format, VIBE can better reflect the variability of human body shapes.

However, OpenSim has been designed to simulate motions by
matching experimental markers from marker-based motion capture
systems with virtual markers in the OpenSim body model. Therefore,
the motion data from VIBE in the SMPL format, which does not include
experimental markers, cannot be directly used for simulating motions
with the OpenSim body model. To address this, this paper defined
19 new virtual marker positions in the OpenSim body model that
correspond to 19 representative joint positions among the 31 body
joint positions available from VIBE, as shown at the top of Fig. 1.
These 19 representative joints include the pelvis center, right/left
shoulder joints, right/left elbow joints, right/left wrist joints, right/left
hip joints, right/left knee joints, right/left ankle joints, right/left heels,
head top, middle of the spine, and right/left big toes. The joint posi-
tions were determined by analyzing the hierarchical structure of joint
configurations necessary for motion simulation in OpenSim. However,
while some virtual markers in OpenSim are placed on the skin, the
joints in VIBE are located at the joint centers. To ensure consistency in
marker positions, the virtual markers in OpenSim were adjusted slightly
to align with the centers of the joints. Finally, these joint positions from
VIBE serve as experimental markers for motion simulation in OpenSim.

Additionally, VIBE extracts joint positional coordinates (x, y, z) that
are defined in the camera coordinate system, which differs from the
global coordinate system of OpenSim in terms of directions and scales.
To align motion data across different coordinate systems, coordinate
system and scale transformations have been applied. For example, the
transformation from the camera to the global coordinate system in
OpenSim can be derived using the following equation:

P,=RxP, @

where P, and P, are coordinates of virtual and experimental markers
in the global and camera coordinate systems, respectively; R refers to
the transformation matrix, which can be described as:

(2)

where ¢, and ¢, are coordinates of experimental markers in the camera
coordinate system from the VIBE algorithm; ¢, is calculated as: [70]

1
1= 3)

cam_s

where cam_s is a scale factor extracted from VIBE algorithm.
3.2. Human-Exoskeleton system modeling and motion simulation

The next step involves virtually modeling the human-exoskeleton
system, reflecting task characteristics and muscle groups of interest
to be evaluated. Generally, OpenSim provides various musculoskeletal
models that represent the neuromuscular and musculoskeletal dynam-
ics of the human body for visualizing human movement and analyzing
musculoskeletal functions [71]. These models are often designed for
specific tasks or body regions, as each model may require different
computational assumptions and parameters based on the context of its
application.

A back exoskeleton is primarily designed for lifting tasks, which
involve muscular activities mainly in the torso, arms, and legs. How-
ever, since few existing human body models in OpenSim are well-suited
for this study, a modified full-body human model was built by com-
bining and adjusting existing skeleton and muscle models of different
body regions, such as arms, trunk, and lower extremities, as shown
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Table 2
Human model.

Component(s) Sub component(s) Source model
Arms Skeleton Full-body model [72]
Muscle Arm26
Skeleton Gait10dof18musc
Head and trunk Muscle Full-body model [72]
Lower extrimit Skeleton Gait10dof18musc
y Muscle Gait10dof18musc

in Table 2. In particular, given that the back exoskeleton is expected
to reduce lower back muscular loads, the muscular modeling of other
body components was simplified.

Fig. 2 shows the human-exoskeleton model used in this paper. The
design of the back exoskeleton and virtual markers were added for
graphical representation (Fig. 2(b)) based on the modified full-body
model (Fig. 2(a)), while the function of the back exoskeleton (i.e., as-
sistive torque) was computationally modeled (Fig. 2(c)). The back
exoskeleton (Laevo FLEX) used in this paper provides dynamic assistive
torque from spring systems located at mechanical hip joints. The torque
amplitude is related to back bending angles, and the torque-angle curve
(maximum torque: 50 N m) is available from the manufacturer [73].
The assistive torque helps lift the torso while transferring the force from
the vest to leg pads on the thighs (Fig. 2(c)). This paper assumes that
the assistive force acts upward perpendicular to the center of the chest,
and the transferred force acts downward perpendicular to the center of
the two thighs.

As shown in Fig. 2(c), The amplitudes of the force can be calculated
as

{Fchest = Texo/lch

4
Frhigh = O'STexo/Iht

where F,, and F,,, are interface force at the chest and thigh,
respectively; T,,, is the assistive torque from the exoskeleton at a back
bending angle of g (f = ay—a); ., is the distance between the center of
the chest and the hip joint; /,, is the distance between the hip joint and
the thigh. Additionally, the hand loads during lifting tasks are applied
as external loads acting on the human-exoskeleton system, assuming
equal loads are exerted on the left and right hands.

The developed human-exoskeleton model with 19 virtual markers
is scaled and simulated using motion data from VIBE. As mentioned
in the previous step, the relative positions of the virtual markers in
the model and joint positions in the VIBE motion data were already
matched, but the model should be further scaled to match the subject
by adjusting the mass properties and dimensions of the body segments.
OpenSim software provides an experimental marker-based scaling tool
that adjusts the body model so that the distances between the virtual
markers match the distances between the experimental markers. In this
paper, the experimental markers are replaced by the joints in the VIBE
motion data. After scaling, the inverse kinematics (IK) tool is applied
to compute joint angles using VIBE motion data, enabling the exact
simulation of the same motions using the human-exoskeleton model.

3.3. Muscle-actuated simulation with CMC analysis

Given the motion and external loads, there are two types of op-
timization techniques to estimate the muscle activations and forces
in OpenSim: static optimization (SO) and Computed Muscle Control
(CMC) [74]. The main differences between SO and CMC lie in how they
compute the desired accelerations and whether they include passive
muscle force contributions. The calculation of desired accelerations
is crucial, as OpenSim estimates the muscle activations required to
achieve the desired accelerations of body parts. While SO uses the
accelerations obtained from experimental data (typically from marker-
based motion capture data), CMC adjusts errors using a proportional-
derivative control law and also accounts for temporal delays between
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(b) Human-Exoskeleton Model with 19

Virtual Markers

\
(0)

(c) Applying Assistive Force from a Back Exoskeleton

Fig. 2. Human-Exoskeleton system modeling.

muscle activations and force development. The passive muscle force
comes from the elastic properties of muscles when they are being
stretched [75], which is observed solely in CMC. Although previous
studies have extensively examined these methods in the context of
walking and running, it remains inconclusive which method is more
suitable for lifting tasks. Given that lifting tasks involve rapid body
accelerations and that passive muscle forces significantly contribute to
spinal loads, this paper utilizes CMC to estimate muscle activations as
an indicator of muscular loads, as illustrated in the lower section of
Fig. 1.

4. Experimental validation and results
4.1. Experimental protocols

The proposed framework was validated through experimental tests
by comparing simulated and measured muscle activations during object
lifting tasks with and without wearing a passive back exoskeleton, the
Laevo FLEX, used for human exoskeleton modeling. Ten healthy male
participants (28.2 + 2.5 years old, 176.5 + 7.2 cm, 75 + 10.6 kg)
were recruited for (1) collecting vision-based motion capture data using
VIBE to simulate motions and estimate muscle activations (“simu-
lated muscle activation data”) in OpenSim, and (2) measuring actual
muscle activations (“experimental muscle activation data”) using wire-
less sEMG sensors (Biometrics LE230). Before the experiments, all
participants gave their informed consent following the procedures ap-
proved by the Human Subject Ethics Subcommittee of the Hong Kong
Polytechnic University (Reference Number: HSEARS20231101001).

A concrete block weighing 4.1 kg was used for object lifting tasks.
Participants were asked to perform four different lifting tasks, includ-
ing symmetrical stooping (Sym stoop), asymmetrical stooping (Asym
stoop), symmetrical squatting (Sym squat), and asymmetrical squatting
(Asym squat), both with and without wearing the exoskeleton suit (4

lifting tasks x 2 conditions = 8 sessions). Fig. 3 shows the four lifting
tasks while wearing the exoskeleton suit. The sequence of the 8 sessions
was randomized, and a five-minute break was given between sessions
for recovery from fatigue.

Two monocular cameras were installed in front of and beside the
participants to record videos, which were then processed to obtain
motion data using the VIBE algorithm. To enhance accuracy, primary
motion data was extracted from the front-facing camera, while motion
data from the side view camera supplemented any missing or failed
body joint information from the front-facing camera. Four wireless
SEMG sensors (Biometrics LE230) were attached to the trunk to mea-
sure the activations of four muscle groups: right/left external oblique
(REXT/LEXT) and right/left erector spinae (RERC/LERC), as shown in
Fig. 4. These muscle groups were selected to evaluate the effectiveness
of wearing a passive back exoskeleton in reducing low back loads.
Specifically, the erector spinae (ERC) muscles produce the extensor
force for object lifting. The external oblique (EXT) muscles are mainly
responsible for movement of the trunk and spine. During object lifting,
they assist in contracting the abdomen and twisting to the right and left.
The ERC muscles, relatively, contribute more power for object lifting
tasks [76].

4.2. Data processing

Motion data extracted from videos using the VIBE algorithm were
further processed to obtain muscle activations in the four muscle groups
(REXT/LEXT and RERC/LERC) using the proposed method in OpenSim.
The obtained “simulated muscle activation data” from each participant
were normalized by the maximal value among all activation data of
each muscle group during the 8 tasks; this is similar to the normal-
ization of EMG data. The results are normalized muscle activations
(NMAs). To obtain the muscle activation profiles for each lifting cycle,
the data were segmented according to lifting cycles, and the durations



Y. Zhou et al.

Automation in Construction 172 (2025) 106035

(a) Sym stoop (b) Asym stoop

(c) Sym squat (d) Asym squat

Fig. 3. Four object lifting tasks.

(a) Front side (b) Rear side

Fig. 4. Installation positions of SEMG sensors.

of each cycle were normalized into a unit of the percentage of a lifting
cycle, ranging from 0% to 100%.

Experimental NMAs were obtained by processing raw sEMG sig-
nals through the following steps: (1) initial processing, (2) bandpass
(BP) filtering, (3) full-wave rectification, (4) root mean square (RMS)
envelope, and (5) normalization. These steps follow a typical method
for post-processing raw sEMG data [53,77]. Specifically, during ini-
tial processing, abnormal signal peaks caused by poor sensor-to-skin
connections were removed. Then, the sEMG signals were processed
with a BP filter, with high and low cut-off frequencies of 300 Hz
and 5 Hz, respectively. Full-wave rectification was applied to make
all signal values positive, followed by smoothing the signals using an
RMS envelope with a window length of 100 ms. Data segmentation
and normalization were also applied in the same way as for the sim-
ulated muscle activation data. However, unlike the simulated NMAs,
additional curve fitting was applied to the experimental NMAs of ERC
muscles to remove abnormal patterns caused by missing data.

4.3. Comparison of simulated and experimental NMAs

Fig. 5 shows the average curves of NMA profiles for four muscle
groups under baseline (without wearing an exoskeleton) and exoskele-
ton (with wearing an exoskeleton) conditions during four lifting tasks.
Overall, the simulated NMA profiles (solid black lines) closely match
most of the experimental NMA profiles (dotted red lines) in both
conditions. However, upon closer examination, it is observed that the
simulated and experimental NMA profiles of the EXT muscles show
relatively more differences compared to the ERC muscles.

In the baseline condition, the simulated NMA profiles of the left and
right ERC muscles exhibit typical load patterns, as reported in previous
studies, and match well with the experimental NMA profiles for all
four lifting tasks. During Sym stoop (i.e., lifting up and down), it is
generally observed that there are two peaks during one lifting cycle,
with the peak load from lifting up being higher than the one from lifting
down [78]. Both simulated and experimental NMA profiles reflect
this pattern. Similarly, during other lifting tasks (i.e., Asym stoop,
Sym squat, and Asym squat), the simulated NMA profiles accurately
represent the experimental profiles in the baseline condition.

When wearing exoskeletons, both simulated and experimental NMA
profiles also show similar results, but there are more deviations in
the exoskeleton profiles compared to the baseline profiles. However,
the deviations are smaller in the ERC muscles than in the EXT mus-
cles. In general, the external oblique (EXT) muscles tend to behave
irregularly, regardless of the type of lifting, weight of the objects, or
lifting speed, indicating that the EXT muscles are significantly affected
by other factors, including individual muscle control strategies for
lifting [79]. Unlike the EXT muscles, muscle activations in the erector
spinae (ERC) muscles are more task-specific, making the compari-
son between simulated and experimental NMAs in ERC muscles more
feasible for evaluating the performance of passive exoskeletons.

To quantitatively assess whether the proposed approach accurately
simulates actual muscle activations, the mean and peak NMAs for two
muscle groups (EXT and ERC, averaged for left and right muscles)
during four lifting tasks are summarized in Table 3. In the baseline
condition, the mean errors between simulated and experimental NMAs
range from —42.4% to +19.8% for the EXT muscles and from +7.9% to
+23.8% for the ERC muscles, showing fewer errors in the NMAs of the
ERC muscles, as observed in the NMA profiles (Fig. 5). Regarding peak
NMAs for the ERC muscles, the simulated NMAs closely predict the
experimental NMAs, with errors of +1.1%, —0.6%, and +2.1% during
three lifting tasks (Sym stoop, Sym squat, and Asym squat), although
the percentage error (+22.4%) is slightly higher during Asym stoop
lifting. These results indicate that the proposed method effectively
predicts muscular loads, particularly for the ERC muscles during lifting
tasks.

However, when wearing an exoskeleton, the results show larger
deviations between simulated and experimental NMAs in both EXT
and ERC muscles. The errors for mean NMAs range from +29.3% to
+89.2% for the EXT muscles and from —27.2% to —10.2% for the ERC
muscles. The errors for peak NMAs range from —17.7% to +44.5% for
the EXT muscles and from —54.2% to —47.1% for the ERC muscles.
Similar to the baseline condition, larger deviations are observed be-
tween simulated and experimental NMAs in the EXT muscles. Although
some deviations are also present in the ERC muscles, they are smaller
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Fig. 5. Experimental and Simulated NMA Profiles.

Table 3
Results of NMAs.
Task condition Task Muscles Mean NMA Peak NMA
Experiment Simulation Error Experiment Simulation Error
Sym stoo EXT 0.0997 + 0.0393 0.1194 + 0.1173 19.8% 0.4658 + 0.1972 0.2921 + 0.2195 -37.3%
Y P ERC 0.3364 + 0.0502 0.3949 + 0.1109 17.4% 0.7648 + 0.1617 0.7730 + 0.1867 1.1%
Asym stoo EXT 0.1003 + 0.0297 0.0861 + 0.0177 -14.2% 0.6323 + 0.2146 0.616 + 0.3028 -2.6%
Baseli Y P ERC 0.3011 + 0.0751 0.3249 + 0.0754 7.9% 0.6723 + 0.2065 0.8229 + 0.1531 22.4%
aseline
Svm squat EXT 0.1064 + 0.0415 0.0647 + 0.0228 —-39.2% 0.4762 + 0.1495 0.1797 + 0.0544 -62.3%
ym sq ERC 0.2463 + 0.0621 0.3048 + 0.1052 23.8% 0.5681 + 0.1715 0.5648 + 0.1867 —0.6%
As squat EXT 0.1124 + 0.0388 0.0647 + 0.0228 —42.4% 0.5829 + 0.2393 0.2337 + 0.0856 -59.9%
ym sq ERC 0.2712 + 0.0927 0.2961 + 0.1051 9.2% 0.6864 + 0.2153 0.7005 + 0.2136 2.1%
Svm stoo EXT 0.1033 + 0.0416 0.1429 + 0.0601 38.3% 0.4987 + 0.2101 0.4107 + 0.1642 -17.7%
Y P ERC 0.1642 + 0.0394 0.1290 + 0.0367 —-21.4% 0.4983 + 0.2328 0.2401 + 0.0675 -51.8%
Asym stoo EXT 0.113 + 0.0422 0.1461 + 0.0257 29.3% 0.5676 + 0.2437 0.583 + 0.2125 2.7%
Y P ERC 0.1656 + 0.0461 0.1205 + 0.0207 —27.2% 0.6172 + 0.2509 0.2819 + 0.0609 -54.3%
Exoskeleton
Sym squat EXT 0.0991 + 0.0346 0.1875 + 0.1057 89.2% 0.3978 + 0.1367 0.5749 + 0.2538 44.5%
ym sq ERC 0.1590 + 0.0391 0.1428 + 0.0449 -10.2% 0.4654 + 0.1899 0.246 + 0.0785 -47.1%
Asym squat EXT 0.1103 + 0.0356 0.1748 + 0.0814 58.9% 0.4788 + 0.1759 0.6468 + 0.2297 35.1%
ym Sq ERC 0.1541 + 0.0441 0.1266 + 0.0246 -17.9% 0.5119 + 0.1832 0.2531 + 0.0508 —-50.6%

than those in the EXT muscles. More importantly, the simulated NMAs
tend to be underestimated compared to the experimental NMAs in
the ERC muscles. This may indicate that the effect of wearing a back
exoskeleton suit on reducing loads on the ERC muscles is substantially
overestimated in OpenSim simulations, resulting in smaller simulated
NMA values than experimental NMA values.

To further investigate the effect of wearing an exoskeleton, the
mean and peak NMAs in baseline and exoskeleton conditions are sum-
marized in Fig. 6, which also indicates reduction rates from baseline
to exoskeleton conditions for all task types. Compared to NMAs in the
baseline condition (no exoskeleton), the mean and peak NMAs of the
ERC muscles in the exoskeleton condition show significant reductions
in both experimental and simulated results, although the extent of these
reductions varies depending on the type of lifting tasks. The simu-
lated results show more reductions than the experimental results, with
simulated reductions of up to 67.3% for mean NMAs and 68.9% for
peak NMAs. However, reductions of 51.2% and 34.8% were observed
in the experimental results, which are similar to those from previous
studies [80] but smaller than the simulated results. For other lifting
tasks (Asym stoop, Sym squat, and Asym squat lifting tasks), reductions
in muscle activations were smaller than in stoop lifting tasks, as the di-
rection of assistive torques from the exoskeleton is more suited for stoop

lifting tasks. The amount of reduction in mean and peak NMAs was
still more significant in the simulated results than in the experimental
results, showing about 16.6% and 44.8% more reductions in mean and
peak NMAs, respectively. The potential reasons for overestimating the
effect of wearing an exoskeleton in simulations will be discussed further
in the following discussion section. In summary, in terms of measuring
reductions in NMAs — which would be the most important evaluation
metric of exoskeletons — these results suggest that the simulated results
may need to be adjusted to reflect real conditions.

5. Discussion

The experimental validation results show that the proposed ap-
proach can successfully estimate muscle activations without using inva-
sive sensors such as SEMG electrodes, demonstrating the potential for
on-site performance evaluation of passive exoskeletons. The proposed
method is particularly effective in predicting the pattern of change in
NMA profiles during one cycle of lifting tasks for both baseline and
exoskeleton conditions, especially in the ERC muscle groups. The ERC
muscles are core paraspinal muscles that mainly contribute to raising
the upper body during lifting tasks, and high demands on the ERC
muscles are associated with an increased risk of disc prolapse and low
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back pain [81]. In this regard, predicting NMAs in the ERC muscles is
crucial for evaluating the effectiveness of exoskeletons in reducing low
back injuries. Errors in predicting mean (+7.9% to +23.8%) and peak
(—0.6% to +22.4%) NMAs of the ERC muscles are relatively small in
the baseline condition.

However, the errors seem more significant in the exoskeleton con-
dition, with errors ranging from —27.2% to —10.2% for mean NMAs
and from —54.2% to —47.1% for peak NMAs. These errors are primar-
ily due to the tendency of OpenSim simulations to overestimate the
effect of wearing an exoskeleton in reducing muscular loads, compared
with actual conditions, leading to an underestimation of muscle forces
exerted on the ERC muscles.

One possible explanation for this result is that OpenSim models
assume the force derived from passive springs is used 100% to sup-
port lifting tasks, with the remaining force required for lifting tasks
being exerted by back muscles. However, in reality, wearers may feel

10

the assistive force from the exoskeleton but may not fully utilize it,
resulting in more muscle force being exerted than necessary. As a result,
the reductions in muscle activations from using an exoskeleton are
observed to be much less in experimental results than in simulated
results.

This suggests that there may be a need for adaptation when using
an exoskeleton. As some manufacturers of passive back exoskeletons,
such as Laevo FLEX, have stated, it takes time to learn how to use the
exoskeletons effectively [20]. Specifically, the limited time available to
adapt to a back exoskeleton may affect manual task completion [82] in
terms of time and user comfort, and may even increase median/peak
activity in thigh, upper back, and knee muscles [83]. Therefore, with
sufficient adaptation time to the back support exoskeleton, subjects
may use the device more efficiently, and its assistance may better
relieve muscle activations during object lifting tasks, as observed in
simulation results.
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Despite the validity of the proposed method in evaluating muscle
activation reductions by exoskeletons, there are still some limitations
that require further investigation and refinement. First, self-occlusion
(i.e., occlusion of some body joints by other body parts or by an
exoskeleton) can frequently occur when collecting motion data, leading
to errors in simulating tasks in OpenSim. Although VIBE algorithms
can handle self-occlusion issues using extensive training datasets, the
impact of wearing an exoskeleton on the accuracy of vision-based
motion capture data needs to be further investigated. Second, it is
assumed that poor adaptation to an exoskeleton by wearers is the main
reason for the underestimated reductions in muscular loads in real
conditions. However, this should be further tested through longitudinal
studies. Third, the proposed method should be further validated for
more dynamic construction tasks involving lifting objects of different
sizes and weights.

6. Conclusions

Given the growing prevalence of occupational exoskeletons for aid-
ing manual tasks, the need for evaluating them in practice is indis-
pensable to make sensible adoption decisions. This paper presented
a video-driven virtual biomechanical simulation approach to evaluate
the assistive performance of a passive back support exoskeleton for
construction workers in a non-invasive manner. Without the need for
traditional motion capture systems with reflective markers, motion
capture data of manual tasks before and after wearing an exoskeleton
can be extracted using a vision-based motion capture method (i.e., VIBE
algorithms), which can be used to virtually simulate the tasks in a
biomechanical simulation tool, OpenSim. In particular, the proposed
computational pipeline facilitates the seamless conversion of vision-
based motion capture data for biomechanical simulation, taking into
account the biomechanical aspects of human-exoskeleton systems.

To simulate muscular activities, a human-exoskeleton model that
reflects the kinetic-dynamic interactions between a human body and an
exoskeleton has been developed. Given the simulated tasks, the model
can estimate muscular loads (i.e., muscle activations). The proposed
method has been validated by comparing simulated and experimental
muscle activations with and without wearing an exoskeleton. The
results indicate that the proposed method can successfully estimate
muscle activations of low back muscles during lifting tasks in a base-
line condition, showing errors of +7.9% to +23.8% in mean NMAs
and —0.6% to +22.4% in peak NMAs of the ERC muscles. However,
when wearing an exoskeleton suit, the proposed method consistently
estimates muscle forces to be considerably lower than experimental
muscle forces across various tasks, thereby overestimating the role of
exoskeletons in reducing muscular loads.

Despite some limitations described in the discussion section, the
approach could serve as an effective and non-invasive means to not
only evaluate existing passive exoskeletons but also provide insights for
designing new exoskeletons customized for construction tasks. Existing
passive exoskeletons adopt various mechanical and design strategies,
but these approaches may not be suitable for construction tasks. When
evaluating existing exoskeleton products using the proposed approach,
it would be possible to identify potential issues that may arise during
exoskeleton use in a construction context, and possible solutions can
be quickly assessed by reflecting them in a human-exoskeleton model
in OpenSim. As a result, the proposed method can contribute to cre-
ating a platform for virtual prototyping to develop new and improved
exoskeleton products.

Despite the promising results indicating its effectiveness as a non-
invasive method for assessing passive exoskeletons, the proposed ap-
proach requires further refinement to address the limitations outlined
in the discussion section. For instance, incorporating vision-based
motion capture algorithms capable of recovering self-occluded body
parts could enhance the accuracy of motion data obtained from video
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recordings [84]. Additionally, evaluating human-exoskeleton inter-
actions during practical applications is essential for understanding
discrepancies between designed and actual performance, which should
be reflected in the virtual modeling of passive exoskeletons.

Addressing these limitations and exploring future directions will
position the proposed method as an effective non-invasive tool not
only for evaluating existing passive exoskeletons but also for providing
insights into the design of customized exoskeletons for construction
tasks. While various mechanical and design strategies are currently
employed in existing passive exoskeletons, these may not be optimal for
construction applications. By utilizing the proposed approach to assess
existing exoskeleton products, potential issues arising in a construction
context can be identified, allowing for swift evaluation of possible so-
lutions within a human-exoskeleton model in OpenSim. Consequently,
this method can contribute to a platform for virtual prototyping aimed
at the development of new and enhanced exoskeleton products.
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