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Abstract: Assessing musculoskeletal disorders (MSDs) in the workplace is vital for improving worker
health and safety, reducing costs, and increasing productivity. Traditional hazard identification
methods are often inefficient, particularly in detecting complex risks, which may compromise risk
management. This study introduces a semi-automatic platform using two motion capture sys-
tems—an optical system (OptiTrack®) and a Bluetooth Low Energy (BLE)-based system with inertial
measurement units (IMUs), developed at the Biomedical Engineering Laboratory, Universidad de
Concepción, Chile. These systems, tested on 20 participants (10 women and 10 men, aged 30 ± 9 years
without MSDs), facilitate risk assessments via the digitized NIOSH Index method. Analysis of er-
gonomically significant variables (H, V, A, D) and calculation of the RWL and LI showed both
systems aligned with expected ergonomic standards, although significant differences were observed
in vertical displacement (V), horizontal displacement (H), and trunk rotation (A), indicating areas for
improvement, especially for the BLE system. The BLE Inertial MoCap system recorded mean heights
of 33.87 cm (SD = 4.46) and vertical displacements of 13.17 cm (SD = 4.75), while OptiTrack® recorded
mean heights of 30.12 cm (SD = 2.91) and vertical displacements of 15.67 cm (SD = 2.63). Despite
the greater variability observed in BLE system measurements, both systems accurately captured
vertical vertical absolute displacement (D), with means of 32.05 cm (SD = 7.36) for BLE and 31.80 cm
(SD = 3.25) for OptiTrack®. Performance analysis showed high precision for both systems, with
BLE and OptiTrack® achieving precision rates of 98.5%. Sensitivity, however, was lower for BLE
(97.5%) compared to OptiTrack® (98.7%). The BLE system’s F1 score was 97.9%, while OptiTrack®

scored 98.6%, indicating both systems can reliably assess ergonomic risk. These findings demonstrate
the potential of using BLE-based IMUs for workplace ergonomics, though further improvements in
measurement accuracy are needed. The user-friendly BLE-based system and semi-automatic platform
significantly enhance risk assessment efficiency across various workplace environments.
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Technologies 2024, 12, 180. https://doi.org/10.3390/technologies12100180 https://www.mdpi.com/journal/technologies

https://doi.org/10.3390/technologies12100180
https://doi.org/10.3390/technologies12100180
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/technologies
https://www.mdpi.com
https://orcid.org/0000-0002-9099-5173
https://orcid.org/0000-0001-6563-2955
https://orcid.org/0000-0003-1490-1400
https://orcid.org/0000-0002-3100-187X
https://orcid.org/0000-0002-9333-3036
https://orcid.org/0000-0001-9101-0383
https://doi.org/10.3390/technologies12100180
https://www.mdpi.com/journal/technologies
https://www.mdpi.com/article/10.3390/technologies12100180?type=check_update&version=2


Technologies 2024, 12, 180 2 of 22

1. Introduction

One of the most significant challenges for ergonomics is ensuring a safe and comfort-
able working environment that allows workers to perform tasks efficiently and without
risk to their health [1–4]. Work-related musculoskeletal disorders (MSDs) primarily affect
the back, neck, shoulders, and both upper and lower limbs, encompassing any damage or
disorder of the joints or other tissues [5]. Studies have demonstrated a correlation between
the occurrence of musculoskeletal disorders and occupational risk factors such as lifting
movements, vibrations, and poor posture [6]. According to the European Agency for Safety
and Health at Work, 43% to 46% of musculoskeletal disorders are back-related [4].

To assess the risk of developing musculoskeletal disorders at workstations, time
and motion studies should be conducted to identify repetitive movements and tasks,
and assess their impact on worker’s health and well-being [7]. Tools such as motion
analysis and direct observation can be used to collect data and take measures to improve
workstation ergonomics.

The National Institute for Occupational Safety and Health (NIOSH) Lifting Equation [8]
is a widely acknowledged tool for evaluating the risk of low back pain from lifting activities
using the NIOSH Lifting Index (LI) (Equation (1)) and Recommended Weight Limit (RWL):

LI =
L

RWL
, (1)

where L is the mass of the load in kg.
Despite its widespread adoption, measurements from positions such as the midpoint

of the ankles and the midpoint between the central knuckles using tools like measuring
tape, goniometers, and video analysis could be challenging [3] and time-consuming in real
environments, introducing a degree of uncertainty in the results [9].

Recent advancements in technology have prompted a shift towards more precise and
efficient methods of ergonomic assessment. Specifically, the integration of wearable inertial
sensors and machine learning algorithms has opened up new possibilities for real-time and
objective risk classification [10]. Moreover, the inclusion of kinematic data such as trunk
speed and acceleration has been shown to potentially enhance the predictive power of the
NIOSH Lifting Equation for low back pain risk [11].

The present study aims to compare two advanced motion capture systems: an optical
system and a custom Bluetooth Low Energy (BLE)-based inertial system, for their efficacy
in manual material handling risk assessment using the NIOSH Lifting Index. While optical
systems have been the gold standard due to their high precision, they are often costly and
not easily adaptable to various work environments [12]. In contrast, inertial systems offer
portability, ease of use, and the potential for real-time data collection [13], presenting a
cost-effective alternative for ergonomic risk assessment [14–16].

By leveraging the inertial measurement capabilities and evaluating them against
established optical systems, this study seeks to contribute to the field of occupational health
and safety by enhancing traditional methodologies and providing a more objective and
efficient risk assessment process. This could facilitate earlier identification of ergonomic
risk factors and help in implementing preventive measures to mitigate the incidence of
MSDs in the workplace [17].

2. Materials and Methods
2.1. Design and Setup

The proposed method involves developing and testing a semi-automatic platform
capable of capturing and estimating factors according to the NIOSH method, using the
Unity development environment (version 2020.3). 20 subjects (10 males and 10 females)
aged 30 ± 9 years without musculoskeletal disorders from the city of Concepción, Chile
were recruited. These subjects performed two activities related to lifting and lowering
loads in a controlled laboratory environment. The activities were simultaneously recorded
using both the OptiTrack® motion capture systems (NaturalPoint, Corvallis, OR, USA)
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and BLE-based inertial sensors developed at the Biomedical Engineering Laboratory of the
Universidad de Concepción.

2.2. Computerized Risk Assessment Tool
Digitization of the NIOSH Method

Chilean labor regulations specify a set of methods for assessing risks related to manual
handling of loads [18]. When tasks involve activities of lifting and lowering loads, and
a risk is identified in these activities using prior evaluation scales such as the Manual
Handling Assessment Charts (MAC) and the Variable Manual Handling Assessment Chart
(V-MAC) to evaluate the risk more thoroughly, the Lifting Index (LI) is used to assign the
risk level. The NIOSH method considers seven factors (see Equation (2)):

RWL = CC × FH × FV × FD × FA × FM × FC, (2)

where:

• Horizontal Distance Factor (FH) (Equation (3)):

FH =


1 if H < 25
25
H if 25 ≤ H ≤ 63
0 if H > 63

, (3)

where H is the maximum horizontal distance measured from the hands to the midpoint
of the line that joins the ankles. This term is measured at the start (when the load is
picked up) and finish (when the load is last set down before releasing it) of the lift as
horizontal distance in centimeters.

• Vertical Distance Factor (FV) (Equation (4)):

FV =

{
1 − (0.003 × |V − 75|) if 0 < V ≤ 175
0 if V > 175

, (4)

where V is the vertical distance from the hands to the floor. This term is measured at
the start (when the load is picked up) and finish (when the load is last set down before
releasing it) of the lift in centimeters.

• Displacement Factor (FD) (Equation (5)):

FD =


1 if D < 25

0.82 +
(

4.5
D

)
if 25 ≤ D ≤ 175

0 if D > 175

, (5)

where D is the absolute value of the difference between the finish (when the load is
last set down before releasing it) and start (when the load is picked up) heights of the
lift in centimeters.

• Coupling Factor (FC): Classification of the quality of the hand-object interaction (e.g.,
sharp edge or handle-grip). The quality of the coupling is classified as good, regular,
or poor (see Table 1).

Table 1. Coupling factor values [18].

Type of Coupling Coupling Factor

V < 75 cm V ≥ 75 cm

Good 1.00 1.00
Regular 0.95 1.00

Poor 0.90 0.90
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• Asymmetry Factor (FA) (Equation (6)):

FA =

{
1 − (0.0032 × A) if 0 < A ≤ 135
0 if A > 135

, (6)

where A is the angle of the object’s displacement relative to the front of the worker’s
body (sagital plane) at the beginning of the lift. The angle is measured in degrees, at
the start (when the load is picked up) and finish (when the load is last set down before
releasing it) of the lift.

• Frequency Factor (FM): This represents the average number of lifts per minute, mea-
sured over at least a 15-min period. It is obtained using Table 2.

Table 2. Frequency factor values by activity duration and vertical distance extracted from [18].

≤ 1 h ≤ 2 h ≤ 8 h
Freq.

(Lifts/min) V < 75 cm V ≥ 75 cm V < 75 cm V ≥ 75 cm V < 75 cm V ≥ 75 cm

≤ 0.2 1.00 1.00 0.95 0.95 0.85 0.85
0.5 0.97 0.97 0.92 0.92 0.81 0.81
1 0.94 0.94 0.88 0.88 0.75 0.75
2 0.91 0.91 0.84 0.84 0.65 0.65
3 0.88 0.88 0.79 0.79 0.55 0.55
4 0.84 0.84 0.72 0.72 0.45 0.45
5 0.80 0.80 0.60 0.60 0.35 0.35
6 0.75 0.75 0.50 0.50 0.27 0.27
7 0.70 0.70 0.42 0.42 0.22 0.22
8 0.60 0.60 0.35 0.35 0.18 0.18
9 0.52 0.52 0.30 0.30 0.00 0.15

10 0.45 0.45 0.26 0.26 0.00 0.13
11 0.41 0.41 0.23 0.23 0.00 0.00
12 0.37 0.37 0.21 0.21 0.00 0.00
13 0.34 0.34 0.00 0.00 0.00 0.00
14 0.31 0.31 0.00 0.00 0.00 0.00
15 0.28 0.28 0.00 0.00 0.00 0.00

>15 0.00 0.00 0.00 0.00 0.00 0.00
For frequency values lower than 0.2 lifts per minute, consider the value corresponding to 0.2 lifts per minute.

• Load Constant (CC): This represents the maximum mass that can be safely lifted
under ideal conditions and is determined based on the gender and age of the workers.
If there are employees of both genders and various ages, the value that corresponds to
the group with the lower lifting capacity is selected (see Table 3).

Table 3. Load constant values by gender and age [18].

Gender and Age Load Constant (kg)

Men (18–45 years) 25
Women (18–45 years) 20

Men (<18 or >45 years) 20
Women (<18 or >45 years) 15

Also, this method assigns a risk index to the activity based on the calculation of the LI,
as shown in Table 4.

To illustrate, consider a 35-year-old male factory worker (CC = 25 kg) who regularly
takes 9.5 kg (L = 9.5) boxes twice per minute from the ground (V = 0, FV = 0.78, D = 78
and FD = 0.88) to a dating and sealing machine at 78 cm from the floor, without trunk
rotation (A = 0 and FA = 1) over a 7-h shift (FM = 0.65). The boxes lack handles (Poor
Coupling and FC = 0.9), and the distance between the hands and the vertical line passing
through the ankles is approximately 46 cm (H = 46 and FH = 0.54). Utilizing the formula
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presented in Equations (1) and (2), the calculation of the RWL = 5.42 and LI = 1.75,
respectively. This indicates the worker is lifting loads beyond the recommended weight
limit at the start, implying a risk of musculoskeletal injury (see Table 4).

Table 4. Risk classification on the basis of the LI (lifting index) extracted from [18].

LI Risk Classification

LI ≤ 1 Acceptable
1 < LI ≤ 2 Risk: low level
2< LI ≤ 3 Risk: high level

LI > 3 Risk: very high level

The application of the NIOSH method can be affected by the assessor’s experience
and the precision of instruments used to obtain the H, V, A, and D measurements. This
variability may compromise the consistency of risk assessments. Furthermore, the tra-
ditional evaluation process, being time-consuming and reliant on manual calculations,
is prone to errors. In response, a semi-automated software platform was developed to
implement the NIOSH method, enabling the determination of RWL, LI, and risk level.
The platform workflow methodology supports the input of data from a custom Bluetooth
Low Energy-Based Inertial Motion Capture System, and from Biovision Hierarchy (BVH)
motion files, typically generated by MoCap systems (see Figure 1).

Figure 1. Flowchart for risk assessment using the proposed platform [Own elaboration].

The interface is divided into two parts: real-time feature extraction section and the
risk evaluation section.
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Real-time feature extraction section: Unity® (Unity Technologies, San Francisco, CA,
USA) version v2020.3 was used to develop the motion analysis platform. This platform fea-
tures a computerized mannequin composed of 61 segments [19,20], which conforms to the
anthropometric dimensions of the Chilean working population as outlined by Castellucci
et al. [21]. The scaling of the mannequin’s segments is tailored based on the height and
gender of the subject being evaluated, following the guidelines proposed by Pheasant and
Haslegrave [22]. This virtual model is capable of simulating various postures from a BVH
file or the data from the custom BLE-based Mocap system, which can be imported and
manipulated according to user specifications. The variables H, V, A, and D are determined
through the projection of predefined anatomical points within the platform [23]. Figure 2
illustrates the aforementioned motion analysis platform.

Risk evaluation section: This section is divided into three parts (see Figure 3). The
first one collects general information such as company name, date, tasks performed, and
language preference, with options for analyzing either single or multitask activities. The
second one is designated for entering lifting variables like load mass, lifting height, fre-
quency, and reach, from either the task’s start or finish. Based on these inputs, the third
and final part automatically computes each factor’s values (CC, FH, FD, FV, FM, FA, FC),
the RWL, and the LI, thereby facilitating rapid risk classification and enhancing the safety
and health evaluation process in workplace settings.

Figure 2. The motion analysis platform utilizing BVH files, enabling (a) adjustment of body seg-
ment lengths according to gender and height, (b) BVH file importation for temporal analysis, and
(c) extraction of H, V, and A values at any given moment.

2.3. Motion Capture Systems
2.3.1. Optoelectronic Mocap System

Optoelectronic systems are recognized as the gold standard in human motion capture
and serve as the benchmark for validating other motion capture technologies [24–26].
These systems record and track reflective markers in real-time, achieving frequencies up to
2000 Hz. Despite their precision, their use has predominantly been confined to laboratory
settings. This limitation stems from spatial requirements, the necessity for precise camera
positioning, and specific angle demands, which collectively hinder their application in
real-world work environments. A major obstacle is marker occlusion, where a marker’s
position cannot be reconstructed because it is hidden by the shelf, body, or load in too many
camera views [27–29].

The OptiTrack® motion analysis laboratory used in this study was conformed of eight
Prime x22 cameras (NaturalPoint, Corvallis, OR, USA) and passive markers of 14 mm
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diameter located on the body using the Plug-in Gait guidelines. The cameras boast a
resolution of 2.2 MP and frame rate of 240 frames per second. The Mocap system is
located at the Ergonomics Building, Faculty of Biological Sciences of the Universidad de
Concepción. The optoelectronic MoCap system setup is shown in Figure 4.

Figure 3. Digitized NIOSH platform (data entered in example).

Figure 4. The motion analysis laboratory setup featuring an optoelectronic system alongside eval-
uation elements. The calibration volume dimensions were 5 m in length, 3 m in width, and 2 m
in height.

2.3.2. BLE-Based Inertial Mocap System

IMU-based systems are frequently used in human motion studies [30]. IMUs comprises
an accelerometer, a gyroscope, and a magnetometer. They can be worn directly on the body
and do not suffer from occlusion, making them suitable for field studies in real working
environments. They are also less expensive and more time-efficient to set up compared to
optical motion capture systems, and hence, making them more versatile and quicker to
deploy [31–33].
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The inertial MoCap system used in this study was developed in the Biomedical
Engineering Laboratory at the Universidad de Concepción, and comprises 18 measurement
units. Its primary feature is the utilization of Bluetooth 5.0 for wireless communication to a
central acquisition computer running a specialized program for ergonomic risk assessment.
The organization of the sensor connections and communication is based on a “tree topology”
network, where 5 of the 18 sensors function as central units and the remaining ones as
peripheral units (see Figure 5).

The sensor organization is as follows:

• Head sensor (Central Unit 1) connects with three peripherals (thoracic spine, lumbar
spine, and sacral spine).

• The right shoulder sensor (Central Unit 2) connects with three peripherals (right arm,
right forearm, and right hand).

• The left shoulder sensor (Central Unit 3) connects with three peripherals (left arm, left
forearm, and left hand).

• Right thigh sensor (Central Unit 4) connects with two peripherals (right leg and
right foot).

• Left thigh sensor (Central Unit 5) connects with two peripherals (left leg and left foot).
• A Bluetooth USB serial dongle is a hub for the five central units and connects to the PC.

Figure 5. Bluetooth 5.0 tree topology implemented for the wireless communication of the custom
inertial motion capture system, where: Central Units 1 to 5 represent the head, right shoulder, left
shoulder, right thigh, and left thigh sensors, respectively. Peripheral 1a to 1c represent thoracic,
lumbar, and sacral spine sensors. Peripheral 2a to 2c and 3a to 3c represent arm, forearm, and hand
sensors for the right and left sides, respectively. Peripheral 4a to 4b and 5a to 5b represent leg and
foot sensors for the right and left sides, respectively. The Peripheral Idle represents a virtual device
that contains dummy data to maintain the frame format for each central node.

Each sensor unit (central and peripheral) integrates a 9-degree-of-freedom Inertial
Measurement Unit (IMU) consisting of a 3-axis accelerometer, 3-axis gyroscope, and 3-axis
magnetometer. The system uses a BNO055 from Bosch Sensortec, an STM32L4 series
microcontroller from STMicroelectronics, and a Bluetooth Low Energy v5.0 (BLE v5.0)
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working as a Host Processor. The BLE’s main characteristics ensure a maximum data
throughput of 2 Mb/s at low energy consumption, allowing for approximately six hours of
continuous measurements in our case.

Each sensor measures global quaternion rotations at a frequency of 100 Hz, organized
into 8-byte frames. Unlike inertial sensors that connect directly to a central computer
or using a router or Wi-Fi hub, to ensure low power consumption typically used in BLE
applications, the stability of the topology, and communication via BLE notifications, a
pipeline was used where each central and peripheral unit accumulates four samples.
This approach results in each sensor sending notifications at a lower rate of 25 Hz to the
central units. The central units organize their data, including the peripheral units’ data,
creating a 128-byte data frame, which is then sent via notifications to the BLE-USB hub at
25 Hz. This ensures that notifications are generated within the time constraints of the BLE
protocol, maintaining communication stability and guaranteeing a sampling rate of 100 Hz.
Additionally, this allows the limbs and the dorsal trunk to be measured independently
from the other units, as they are composed of separate central units.

Upon powering the peripheral units, they send advertising packets scanned by the
central units. When the central units scan their peripherals, they request connections. Once
the central unit establishes connections with all its corresponding peripherals, it starts
sending advertising packets for the BLE-USB hub to recognize and initiate connection
requests. After the connection with the hub is established, the Service Discovery process
starts, followed by subscription to the notifications from the connected central units and
enabling inertial sensor sampling. This, in turn, causes the central units to subscribe
to the notifications from their corresponding peripherals and enables sampling of their
respective measurement units. All the connection and communication protocol mentioned
is illustrated in Figure 6.

Figure 7 displays the positioning of each inertial sensor that comprises the designed
suit. It also illustrates the method by which the data are transmitted from the sensors to
the computer.

2.4. Test Procedure

Before the trials, each participant signed an informed consent approved by the Vice-
rectory for Research and Development of the Universidad de Concepción, code CEBB
794-2020. Each subject was asked to perform two lifts (Task 1 and Task 2) of a load to a
shelf located in front of them (Figure 8A,B). The load was a plastic box with dimensions
42 × 15 × 32 cm (width × height × depth) and a fixed mass of 9 kg. The target shelf was
74 cm wide and 39 cm long, with fixed heights of 32 and 79 cm. The protocol consisted
of lifting the box from the ground, using a “Good” grip (FC = 1), and placing it on the
aforementioned shelf. This activity was designed to create variation in the measurements
of H, V, A, and D. For the remaining factors related to the method, a 7-h workday was
assumed, with a lifting frequency of two lifts per minute followed by a sound rhythm to
control it (FM = 0.65).

The H, V, A, and D measurements at both the start and finish of the lift were deter-
mined using a manual goniometer and a tape measure. These tools were also used to mark
positions on the ground and on the shelf, providing a traditional measurement to take the
necessary measurements to calculate the reference values that are the Gold Standard in
this study. These data allowed us to compute the lifting index traditionally for comparison
with the proposed semi-automatic system.

The expected values for these metrics were based on the ergonomic standards outlined
in the Technical Guide for Manual Handling of Loads from the Chilean Social Security.

These values provide a baseline from which deviations in sensor measurements can
be assessed, enabling a direct comparison of the accuracy and reliability of the inertial and
optoelectronic systems in capturing key ergonomic metrics.

At the end of the tests, Biovision Hierarchy (BVH) motion files were exported from an
optoelectronic MoCap system for each subject and imported into the proposed platform.
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Figure 6. Bluetooth Low Energy communication sequence and connection establishment diagram.

Figure 8A,B show the experimental tasks conducted, illustrating the path from the
initial position. Specifically, Figure 8A corresponds to Task 1, with a fixed trunk rotation of
45° without foot movement from the initial position. Conversely, Figure 8B represents Task
2, with a fixed trunk rotation of 90° without foot movement from the initial position.
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Figure 7. Wiring diagram of the generated suit (a) front, side, and rear view of the positioning of
each of the inertial sensors that make up the sensorized suit; (b) descriptive diagram of data flow via
Bluetooth from the suit to a computer.

(A)

(B)

Figure 8. Tasks 1 (A) and 2 (B) for ergonomic risk evaluation.
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2.5. Statistical Analysis and Performance Assessment

A comprehensive analysis methodology was used to assess risk across 20 subjects.
Three distinct assessment tools were used: a traditional reference method involving manual
measurements with a tape measure and a digital goniometer, an optoelectronic system
(OptiTrack®), and a custom BLE-based inertial sensor system. The core of our analysis
was to compare the ergonomically significant variables H, V, A, and D captured by these
instrumented methods.

The analysis included a statistical evaluation of the variability and accuracy of these
variables, with the aim of identifying any significant differences in the data collected by the
instrumented methods.

The assessment of normality or data distribution was performed using the Shapiro–
Wilk test. In this case, none of the distributions of the measured metrics (H, V, A, and D)
were normal.

The performance of both systems was quantitatively evaluated using four key metrics:
Precision, Sensitivity, F1 Score, and Accuracy.

• Precision measures the proportion of correctly identified positive cases (i.e., instances
where risk is present) out of all cases predicted as positive by the system. A high
precision rate indicates that when the system predicts a risk, it is likely to be correct.

• Sensitivity (also known as recall) assesses the system’s ability to correctly identify
actual positive cases (i.e., instances where actual risk is present) among all cases. High
sensitivity means the system effectively captures most of the at-risk tasks without
missing many.

• F1 Score provides a balance between precision and sensitivity, considering both false
positives and false negatives. This metric is particularly useful when the class distri-
bution is uneven. Scores close to 100% indicate high precision and high sensitivity.

• Accuracy represents the ratio of correctly predicted observations to the total number
of observations.

The analysis results and graphs were created using Matlab R2023b (MathWorks, Apple
Hill Campus, Natick, MA, USA).

3. Results

The evaluation of ergonomic risks associated with manual load handling tasks was
conducted using both Bluetooth Low Energy (BLE) and optical (OptiTrack®) motion capture
systems. The analysis focused on comparing the distribution and statistical metrics of
horizontal displacement (H), vertical displacement (V), trunk rotation (A), and vertical
absolute displacement (D) captured by both systems. This section presents the results
obtained from these analyses. The expected values for H, V, A, and D were predetermined
based on ergonomic standards [18].

3.1. Distribution of Ergonomic Metrics

The distribution of the ergonomic metrics V, H, A, and D for the BLE Inertial MoCap
and optical systems is illustrated through a series of box plots.

Figure 9 shows the variability in measurements of vertical displacement (V) and
horizontal displacement (H) among participants. The BLE Inertial MoCap system displayed
a wider range of values, showing a higher variability compared to the optical system.
However, both systems are aligned with the expected values. The variability could reflect
either inherent differences in the population or measurement technology, or a combination
of both. In this case, the variability observed is due in part to participants not always
staying within the requested markers, as well as differences in anthropometric assumptions
made by the measurement systems. Outlier data were not treated, as the intention was to
demonstrate the full and realistic functionality of our proposed system.
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Figure 9. Distribution of ergonomic metrics V and H captured by BLE Inertial MoCap and optical
system. Segmented lines correspond to expected values from Tasks 1 and 2. The box represents the
interquartile range (25th to 75th percentile), with the line inside indicating the median. Whiskers
extend to 1.5 times the interquartile range, and points outside are outliers.

In Figure 10, the angle of trunk rotation (A) measurements indicate an alignment
between the BLE Inertial MoCap and optical systems, with both aligned with the expected
task-specific values.

Figure 10. Distribution of ergonomic metric A (Trunk Rotation) captured by BLE and optical system.
Segmented lines correspond to expected values from each task.
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The box plots in Figure 11 reveal a discrepancy between the systems in measuring
vertical absolute displacement (D), with the BLE Inertial MoCap system exhibiting a broader
spread of values.

Figure 11. Distribution of ergonomic metric D captured by BLE Inertial MoCap and optical system.
Segmented lines correspond to expected values from each task.

Table 5 summarizes the distribution metrics obtained from each motion capture system.

Table 5. Means and standard deviations of horizontal displacement (H), vertical displacement (V),
vertical absolute displacement (D), and trunk rotations (A) for BLE Inertial MoCap and optical
systems. Here, A1 denotes the results from Task 1 and A2 from Task 2.

Metric Mean Standard Deviation

H (cm)

BLE Inertial MoCap 33.87 4.46
Optical 30.12 2.91

V (cm)

BLE Inertial MoCap 13.17 4.75
Optical 15.67 2.63

D (cm)

BLE Inertial MoCap 32.05 7.36
Optical 31.80 3.25

A1 (degrees)

BLE Inertial MoCap 37.35 12.81
Optical 38.55 2.78

A2 (degrees)

BLE Inertial MoCap 73.65 16.47
Optical 96.60 4.00
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3.2. Lifting Index and Recommended Weight Limit

The Lifting Index (LI) and Recommended Weight Limit (RWL) were calculated to
assess ergonomic risks associated with lifting tasks.

Figure 12 visualizes the risk levels based on LI values. The majority of measurements
fall within the acceptable to low risk categories, indicating that the tasks performed are
within ergonomic safety limits.

Figure 12. Distribution of the lifting index (LI) estimated by the developed platform using BVH files
from each motion capture system: BLE Inertial MoCap and optical. Here, the green area is acceptable
risk, yellow is low level risk, and orange is high level risk.

Similarly, Figure 13 illustrates the RWL estimations, which shows the reliability of
both systems and the developed semi-automatic platform in identifying ergonomic risk
levels associated with the manual handling tasks.

Tables 6 and 7 summarizes the distribution metrics obtained from each motion cap-
ture system.

Table 6. Means and standard deviations of LI1 and LI2, along with expected values, for BLE Inertial
MoCap and optical systems. Here, LI1 denotes the results from Task 1 and LI2 from Task 2.

Metric Mean Standard Deviation

LI1 BLE 1.22 0.23
LI1 Optical 1.07 0.10

LI1 Expected 1.16 0.13

LI2 BLE 1.55 0.24
LI2 Optical 1.50 0.18

LI2 Expected 1.47 0.16
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Figure 13. Distribution of the recommended weight limit (RWL) estimated by the developed platform
using BVH files from each motion capture system: BLE Inertial MoCap and optical.

Table 7. Means and standard deviations of RWL1 and RWL2, along with expected values, for BLE
Inertial MoCap and optical systems. Here, RWL1 denotes the results from Task 1 and RWL2 from
Task 2.

Metric Mean Standard Deviation

RWL1 BLE (kg) 7.59 1.49
RWL1 Optical (kg) 8.44 0.82

RWL1 Expected (kg) 7.83 0.89

RWL2 BLE (kg) 5.91 0.83
RWL2 Optical (kg) 6.04 0.75

RWL2 Expected (kg) 6.17 0.70

3.3. Correlation and Statistical Significance

A Spearman correlation analysis was conducted to evaluate the agreement between
the BLE Inertial MoCap and optical systems in estimating LI with the proposed platform.
The analysis revealed a strong positive correlation, indicating that both systems produce
consistent LI estimations (see Figure 14).

Further analysis involved calculating the lifting index (LI) and recommended weight
limit (RWL) for assessing ergonomic risk. The LI and RWL values were derived for each
system and compared against expected benchmarks to determine risk levels.

Statistical tests, including Mann–Whitney U, were performed to assess the signifi-
cance of differences between the systems and expected values (see Table 8). The tests
showed that for certain metrics (V, H, and A), there were significant differences show-
ing areas for improvement in measurement accuracy or methodological adjustments for
future assessments.
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Figure 14. Spearman correlation matrix for the LI values obtained from the two motion capture
systems and the expected values.

Table 8. Significance of differences in metrics between BLE Inertial MoCap and OptiTrack® systems
with respect the expected values (* p-value < 0.05).

Metric p-Value

V OptiTrack® * 0.01
V BLE * 0.05

H OptiTrack® * 0.00
H BLE * 0.08

A OptiTrack® * 0.02
A BLE * 0.08

D OptiTrack® 0.42
D BLE 0.21
LI BLE 0.21

LI OptiTrack® 0.63
RWL BLE 0.21

RWL OptiTrack® 0.63

The performance obtained due the risk classification values are shown in Table 9.

• Precision: Both BLE Inertial MoCap and OptiTrack® systems achieved a precision rate
of 98.5%, indicating that the 98.5% risk categorizations they made were correct when
they predicted a risk.

• Sensitivity: The BLE Inertial MoCap system exhibited a sensitivity of 97.5%, meaning
it could identify 97.5% of the tasks that were actually at risk. The OptiTrack® system
achieved a sensitivity of 98.7%.

• F1 Score: The BLE Inertial MoCap system’s F1 score was 97.9%, and the OptiTrack®

system achieved an score of 98.6%.
• Accuracy: The BLE Inertial MoCap system’s accuracy was 97.5%, and the OptiTrack®

system scored 98.5%.
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The OptiTrack® system demonstrated consistent performance across all metrics,
achieving a precision of 98.5%, sensitivity of 98.7%, F1 score of 98.6%, and accuracy of 98.5%.
The BLE Inertial MoCap system, while lower in sensitivity and accuracy, still showed robust
performance with a precision of 98.5%, sensitivity of 97.5%, F1 score of 97.9%, and accuracy
of 97.5%. These results shows that although the BLE system had minor variations in risk
detection, it still maintained a strong performance in precision and overall balance between
precision and sensitivity.

Table 9. Risk categorization performance of BLE Inertial MoCap and OptiTrack® Systems from the LI
values respect the expected metrics.

Metric BLE Inertial MoCap (%) OptiTrack® (%)

Precision 98.5 98.5
Sensitivity 97.5 98.7
F1 Score 97.9 98.6
Accuracy 97.5 98.5

4. Discussion

This study compares an optical system (OptiTrack®) and a BLE-based system with
IMUs in assessing ergonomic risks through the NIOSH Lifting Index. The analysis involved
the evaluation of key ergonomic variables (horizontal displacement H, vertical displace-
ment V, trunk rotation A, and vertical absolute displacement D), which are important in
calculating the Recommended Weight Limit (RWL) and Lifting Index (LI).

The findings revealed that both systems demonstrated high precision in LI-based risk
categorization, with the BLE Inertial MoCap system achieving a precision rate of 98.5% and
the OptiTrack® system achieving 98.5% as well (Table 9). This indicates that when risks
were identified by either system, they reliably reflected ergonomic concerns. However, it is
important to acknowledge that these conclusions are based on only two tasks, which cannot
fully represent the wide range of real-world settings. Additionally, the expected values for
Task 2 lie in the middle of the low-risk band, increasing the likelihood that any deviations
in the OptiTrack® or BLE values would remain in the same band. Therefore, it is important
to recognize that if the expected values were closer to the limits of the classification bands
(e.g., LI = 1 or LI = 2), the metrics might not have been as strong as they are.

While the BLE Inertial MoCap system demonstrated lower sensitivity (97.5%) and
accuracy (97.5%) compared to the OptiTrack® system’s sensitivity (98.7%) and accuracy
(98.5%), it still performed robustly in real-world settings where versatility and ease of
deployment are crucial. Additionally, the BLE Inertial MoCap system’s F1 score of 97.9%
reflects a strong balance between precision and sensitivity, while the OptiTrack® system’s
F1 score of 98.6% reflects a higher overall performance. These results demonstrate the
potential of both systems in ergonomic risk assessment, although the superior performance
of the OptiTrack® system suggests that it may be more reliable in certain scenarios.

An observation from the results was the alignment of both systems with expected
ergonomic standards for measurements of H and V (Figure 9). The BLE Inertial MoCap
system exhibited higher variability in V measurements, which could be attributed to the
inherent nature of wearable systems that may be subjected to more noise and movement
artifacts than stationary optical systems. Despite this variability, the BLE Inertial MoCap
system’s measurements for D were consistent with those of the OptiTrack® system. How-
ever, the increased variability in some measurements, such as V and H, suggests that
further refinement of the BLE system is necessary to enhance its measurement accuracy.

Significant differences were noted in the measurements of V, H, and A between the
systems (Table 8), highlighting specific areas for improvement in the BLE-based system.
These differences underline the need for ongoing refinement of BLE-based systems to
better match the accuracy of optical systems like OptiTrack®, especially when applied in
complex real-world environments. While both systems produced reliable LI estimations,
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the comparison between the systems’ performance and their proximity to the expected
ergonomic values shows that the BLE system may require additional adjustments to achieve
the same level of precision as OptiTrack®.

The results of this study align with previous research validating inertial measure-
ment units (IMUs) against optoelectronic systems. For instance, Robert-Lachaine et al.
demonstrated that IMUs provide accurate whole-body motion analysis, comparable to
optoelectronic systems [26]. However, it is important to note that these studies also em-
phasize certain limitations of IMUs, such as susceptibility to drift and noise, which may
explain some of the variability observed in the BLE Inertial MoCap system’s performance
in this study.

Moreover, critical ergonomic variables H, V, A, and D were essential in the risk
assessment methodology. These variables are fundamental in ergonomic risk evaluation, as
corroborated by Yunus et al., who developed a portable system for real-time biomechanical
risk assessment in repetitive tasks [34]. Nevertheless, the differences observed in the
measurements of V, H, and A highlight that, while the BLE Inertial MoCap system has
great potential for practical applications, it may still require refinement to match the level
of precision achieved by more established systems like OptiTrack®.

The practical applicability of BLE Inertial MoCap systems in real-world work environ-
ments, emphasized in this study, aligns with the findings of Giannini et al., who discussed
the advantages of inertial systems for field studies over optoelectronic systems, which are
often hindered by occlusion issues and high costs [32]. However, it is important to remain
cautious when generalizing these results, as additional testing and validation in a broader
range of tasks and environments are necessary to fully understand the limitations and
strengths of each system.

On the other hand, there are simpler systems that utilize straightforward methods for
measuring ergonomic risks associated with manual material handling [10,35]. However,
these systems incorporate complex algorithms and have only been tested in controlled
and unrealistic conditions, neglecting their practical applicability in real environments and
the possibility of detecting not only the presence of risk, but also identifying the specific
joint or segment at risk due to the lack of full-body sensorization. This highlights the
advantages of full-body motion capture systems like BLE and OptiTrack®, which provide a
more comprehensive analysis of ergonomic risks.

While both the BLE Inertial MoCap and OptiTrack® systems provide valuable tools
for ergonomic risk assessment, further research is needed to evaluate their performance in
more diverse and complex settings. The practical implications are significant for workplace
ergonomics, where rapid, accurate risk assessments are crucial for preventing muscu-
loskeletal disorders. The semi-automatic platform developed for this study facilitates more
efficient and precise risk assessments across diverse work environments using instrumented
MoCap technologies.

Future work will focus on minimizing the variability and enhancing the sensitivity of
BLE Inertial MoCap systems to match the reliability seen in optical systems. Additionally,
it will be important to investigate the specific scenarios in which each system excels and
determine the most appropriate contexts for their use.

This research advances the capabilities in ergonomic assessment, providing robust
tools that combine advanced technology with practical applications in workplace safety.

5. Limitations and Future Work

This study focused on validating the semi-automatic system rather than detecting risks
per se, and hence, a cohort of healthy subjects was used. Future studies should implement
the system in real-world conditions and evaluate subjects who present ergonomic risks
to provide a comprehensive assessment of its effectiveness in detecting and mitigating
musculoskeletal disorders in diverse workplace environments.
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