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Featured Application: We introduce a motion capture tool that uses at least one RGB-camera, exploiting an open-source deep learning model with low computational requirements, already used
to im-plement mobile apps for mobility analysis. Experimental results suggest the suitability of
this tool to perform posture analysis aimed at assessing the RULA score, in a more efficient way.
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Abstract: This paper introduces a low-cost and low computational marker-less motion capture
system based on the acquisition of frame images through standard RGB cameras. It exploits the
open-source deep learning model CMU, from the tf-pose-estimation project. Its numerical accuracy
and its usefulness for ergonomic assessment are evaluated by a proper experiment, designed and
performed to: (1) compare the data provided by it with those collected from a motion capture golden
standard system; (2) compare the RULA scores obtained with data provided by it with those obtained
with data provided by the Vicon Nexus system and those estimated through video analysis, by a
team of three expert ergonomists. Tests have been conducted in standardized laboratory conditions
and involved a total of six subjects. Results suggest that the proposed system can predict angles with
good consistency and give evidence about the tool’s usefulness for ergonomist.

app112210645
Academic Editor: Heecheon You

Keywords: motion capture; ergonomic risk assessment; industrial ergonomics; postural analysis;
RULA

Received: 4 October 2021
Accepted: 6 November 2021
Published: 11 November 2021

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affiliations.

Copyright: © 2021 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses/by/
4.0/).

1. Introduction
Nowadays, reducing the risk of musculoskeletal diseases (MSDs) for workers of
manufacturing industries is of paramount importance to reduce absenteeism on work,
due to illnesses related to bad working conditions, and to improve process efficiency in
assembly lines. One of the main goals of Industry 4.0 is to find solutions to put workers
in human-suitable working conditions, improving the efficiency and productivity of the
factory [1]. However, we are still far from this goal, as shown in the 2019 European Risk
Observatory Report [2]: reported working-related MSDs are decreasing but remain too
high (58% in 2015 against 60% in 2010), and if we consider the working-class aging, these
reports can only get worse. According to the European Commission’s Ageing Report
2015 [3], the employment rate of people over-55 will reach 59.8% in 2023 and 66.7% by
2060, because many born during the “baby boom” are getting older, life expectancy and
retirement age are increasing, while the birth rate is decreasing. Solving this problem is of
extreme importance. Working demand usually does not change with age, while this cannot
be said for working capacity: in aging, physiological changes in perception, information
processing and motor control reduce work capacity. The physical work capacity of a

Appl. Sci. 2021, 11, 10645. https://doi.org/10.3390/app112210645

https://www.mdpi.com/journal/applsci

Appl. Sci. 2021, 11, 10645

2 of 18

65-year-old worker is about half that of a 25-year-old worker [4]. On the other hand, agerelated changes in physiological function can be dampened by various factors including
physical activity [5], so work capability is a highly individual variable.
In this context, industries will increasingly need to take the human variability into
account and to predict the workers’ behaviors, going behind the concept of “the worker”
as a homogeneous group and monitoring the specific work-related risks more accurately,
to implement more effective health and safety management systems to increase factory
efficiency and safety.
To reduce ergonomic risks and promote the workers’ well-being, considering the
characteristics and performance of every single person, we need cost-effective, robust
tools able to provide a direct monitoring of the working postures and a continuous ergonomic risk assessment along with the work activities. Moreover, we need to improve
the workers’ awareness about ergonomic risks and define the best strategies to prevent
them. Several studies in ergonomics suggested that providing workers with ergonomic
feedback can positively influence the motion of workers and decrease hazardous risk score
values [6–8]. However, this goal still seems far from being achieved due to the lack of
low-cost, continuous monitoring systems to be easily applied on the shop floor.
Currently, ergonomic risk assessment is mainly based on postural observation methods [9,10], such as: National Institute for Occupational Safety and Health (NIOSH) lifting
equation [11], Rapid Upper Limb Assessment (RULA) [12], Rapid Entire Body Assessment
(REBA) [13], Strain Index [14], and Occupational Repetitive Action (OCRA) [15]. They
require the intervention of an experienced ergonomist who observed workers’ actions,
directly or by means of video recordings. Data collection required to compute the risk index
is generally obtained through subjective observation or simple estimation of projected
joint angles (e.g., elbow, shoulder, knee, trunk, and neck) by analyzing videos or pictures.
This ergonomic assessment results to be costly and time-consuming [9], highly affects the
intra- and inter-observer results variability [16] and may lead to low accuracy of such
evaluations [17].
Several tools are available to automate the postural analysis process by calculating
various risk indices, to make ergonomic assessment more efficient. They are currently
embedded in the most widely used computer-aided design (CAD) packages (e.g., CATIADELMIA by Dassault Systèmes, Pro/ENGINEER by PTC Manikin or Tecnomatix/Jack by
Siemens) and allow detailed human modeling based on digital human manikins, according
to an analytical ergonomic perspective [18]. However, to perform realistic and reliable
simulations, they require accurate information related to the kinematic of the worker’s
body (posture) [19].
Motion capture systems can be used to collect such data accurately and quantitatively.
However, the most reliable systems commercially available, i.e., motion capture sensorbased (e.g., Xsense [20], Vicon Blue Trident [21]) and marker-based optical systems (e.g.,
Vicon Nexus [22], OptiTrack [23]) have important drawbacks, so that their use in real work
environments is still scarce [9]. Indeed, they are expensive in terms of cost and setup
time and have a limited application in a factory environment due to several constraints,
ranging from lighting conditions to electro-magnetic interference [24]. Therefore, their
use is currently limited to laboratory experimental setups [25], while they are not easy to
manage on the factory shop floor. In addition, these systems can also be intrusive as they
frequently require the use of wearable devices (i.e., sensors or markers) positioned on the
workers’ bodies according to proper specification [25] and following specific calibration
procedures. These activities require the involvement of specialized professionals and are
time consuming, so it is not easy to carry them out in real working conditions, on a daily
basis. Moreover, marker-based optical systems greatly suffer from occlusion problems
and need the installation of multiple-cameras, which could rarely be feasible in a working
environment where space is always limited, and so they cannot be optimally placed.
In the last few years, to overcome these issues, several systems based on computer
vision and machine learning techniques have been proposed.
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The introduction on the market of low-cost body-tracking technologies, based on
RGB-D cameras, such as the Microsoft Kinect® , has aroused great interest in many application fields such as: gaming and virtual reality [26], healthcare [27,28], natural user
interfaces [29], education [30] and ergonomics [31–33]. Being an integrated device, it does
not require calibration. Several studies evaluated its accuracy [34–36] and evaluated it in
working environments and industrial contexts [37,38]. Their results suggest that Kinect
may successfully be used for assessing the risk of the operational activities, where very high
precision is not required, despite errors depending on the performed posture [39]. Since the
acquisition is performed from a single point of view, the system suffers occlusion problems,
which can induce large error values, especially in complex motions with auto-occlusion
or if the sensor is not placed in front of the subject, as recommended in [36]. Using multiple Kinects can only partially solve these problems, as the quality of the depth images
degrades with the number of Kinects concurrently running, due to IR emitter interference
problems [40]. Moreover, RGB-D cameras are not as widely and cheaply acceptable as
RGB, and their installation and calibration on the workspace is not a trivial task, because of
ferromagnetic interference that can cause significant noise in the output [41].
In a working industrial environment, having motion capture working with standard
RGB sensors (such as those embedded in smartphones or webcams) can represent a more
viable solution. Several systems have been introduced in the last few years to enable realtime human pose estimation from video streaming provided by RGB cameras. Among them,
OpenPose, developed by researchers of the Carnegie Mellon University [42,43], represents
the first real-time multi-person system to jointly detect the human body, hands, face, and
feet (137 keypoints estimation per person: 70-keypoints face, 25-keypoints body/foot
and 2x21-keypoints hand) on a single image. It is an open-source software, based on
Convolutional Neural Network (CNN) found in the OpenCV library [44] initially written
in C++ and Caffe, and freely available for non-commercial use. Such a system does not
seem to be significantly affected by occlusion problems, as it ensures body tracking even
when several body joints and segments are temporarily occluded, so that only a portion of
the body is framed in the video [18]. Several studies validated its accuracy by comparing
one person’s skeleton tracking results with those obtained from a Vicon system. All found
a highly negligible relative limb positioning error index [45,46]. Many studies exploited
OpenPose for several research purposes, including Ergonomics. In particular, several
studies carried out both in a laboratory and in real life manufacturing environments,
suggest that OpenPose is a helpful tool to support worker posture ergonomics assessment
based on RULA, REBA, and OCRA [18,46–49].
However, deep learning algorithms used to enable people tracking using RGB images
usually require hardware with high computational requirements, so it is essential to have a
good CPU and GPU performance [50].
Recently, a newer open-source machine learning pose-estimation algorithm inspired
from OpenPose, namely Tf-pose-estimation [51], has been released. It has been implemented using Tensorflow and introduced several variants that have some changes to
the CNN structure it implements so that it enables real-time processing of multi-person
skeletons also on the CPU or on low-power embedded devices. It provides several models, including a body model variant that is characterized by 18 key points and runs on
mobile devices.
Given its low computational requirements, it has been used to implement mobile apps
for mobility analysis (e.g., Lindera [52]) and to implement edge computing solutions for
human behavior estimation [53], or for human posture recognition (e.g., yoga pose [54]).
However, as far as we know, the suitability of this tool to support ergonomic risk assessment
in the industrial context has not been assessed yet.
In this context, this paper introduces a new low-cost and low-computational markerless motion capture system, based on frame images from RGB cameras acquisition, and
on their processing through the multi-person key points detection Tf-pose-estimation
algorithm. To assess the accuracy of this tool, a comparison among the data provided
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by it with those collected from a Vicon Nexus system, and those measured through a
manual video analysis by a panel of three expert ergonomists, is performed. Moreover,
to preliminary validate the proposed system for ergonomic assessment, RULA scores
obtained with the data provided by it have been compared to (1) those measured by the
expert ergonomists and (2) those obtained with data provided by the Vicon Nexus system.
2. Materials and Methods
2.1. The proposed Motion Analysis System
The motion analysis system based on RGB cameras (RGB-motion analysis system,
RGB-MAS), here proposed, is conceptually based on that described in [18] and improves
its features and functionalities as follows:
-

-

New system based on the CMU model from the tf-pose-estimation project, computationally lighter than those provided by Openpose and therefore able to provide
real-time processing requiring lower CPU and GPU performances.
Addition of estimation of torso rotation relative to the pelvis and of head rotation
relative to shoulders.
Distinction between abduction, adduction, extension, and flexion categories in the
calculation of the angles between body segments
Person tracking is no longer based on K-Means clustering, as it was computationally
heavy and not very accurate.
Modification of the system architecture to ensure greater modularity and ability to
work even with a single camera shot.

The main objective, using these tools, is to measure the angles between the main body
segments that characterize the postures of one or more people framed by the cameras. The
measurement is carried out starting from the recognition of the skeletal joints and following
with the estimation of their position in a digital space. It is based on a modular software
architecture (Figure 1), using algorithms and models of deep learning and computer vision,
to analyze human subjects by processing videos acquired through RGB cameras.

Figure 1. High-level software architecture and an example of possible hardware configuration.

The proposed system needs one or more video recordings, retrieved by pointing
a camera parallel to the three anatomical planes (i.e., Sagittal Plane, Frontal Plane, and
Transverse Plane) to track subjects during everyday work activities. In most cases, it is
necessary to use at least two points of view, taken from the pelvis height, to achieve good
accuracy: this trade-off guarantees a good compromise between the prediction accuracy
and the system portability. For the calculation of the angles, the optimal prediction has been
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evaluated when the camera directions are perpendicular to the person’s sagittal and coronal
planes. However, the system tolerates a deviation in the camera direction perpendicular to
these planes in the range between −45◦ and +45◦ . In this case, empirical tests evidenced
that the system performs angle estimation with a maximum error equal to ±10%. The
accuracy of the skeletal landmark recognition tends to worsen the closer the orientation
angle of the subject is to ±90◦ to the reference camera, due to obvious perspective issues in
a two-dimensional reference plane.
The system does not necessarily require that video recordings taken from different
angles be simultaneously collected. The necessary frames can be recorded in succession,
using only one camera. An important requirement is that each video must capture the
subject during the entire working cycle.
Any camera with at least the following minimum requirements can be used:

•
•

Resolution: 720 p.
Distortion-free lenses: wide angle lenses should be avoided.

The PC(s) collects the images from the camera(s) and processes them through the Motion analysis software, which is characterized by two main modules (i.e., “Data Collection”
and “Parameters Calculation” modules), which are described in detail below.
2.1.1. Data Collection
This module enables the analysis of the frames from the camera(s) to detect and
track people presented in the frame. It uses models and techniques of deep learning and
computer vision.
The deep learning model used to track the skeleton joints (i.e., key points) is based
on the open-source project Tf-pose-estimation. This algorithm has been implemented
using the C++ language and the Tensorflow framework. Tf-pose-estimation provides
several models trained on many samples: CMU, mobilenet_thin, mobilenet_v2_thin, and
mobilenet_v2_small. Several tests were done, and the CMU model was chosen as the
optimal model for this project, looking for a compromise between accuracy and image
processing time. It allows the identification of a total of 18 points of the body (Figure 2).
When a video is analyzed, for any person detected in each processed frame, the system
associates a skeleton and returns the following three data, for each single landmark:

•
•
•

x: horizontal coordinate.
y: vertical coordinate.
c: confidence index in the range [0; 1].

For the subsequent parameter calculation, the system considers only the landmarks
with a confidence index higher than 0.6.
To ensure univocal identification of the subjects, as long as they remain and move in
the visual field of the camera(s), the system also associates a proper index to each person.
A proper algorithm has been implemented to distinguish the key points belonging to
different subjects that could eventually overlap each other when passing in front of the
camera. It considers a spatial neighborhood for each detected subject through the key
points detection model: if the subject maintains its position within that neighborhood
in the subsequent frame, the identifier associated with it at the first recognition will
remain the same. Collected data is then saved in a high-performance in-memory datastore
(Redis), acting as a communication queue between the Data Collection and the Parameter
Calculation modules.
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Figure 2. tf-pose-estimation CMU model: acquired joints of body.

2.1.2. Parameter Calculation
This module, developed in Python, uses the C++ output from the Data Collection
module to determine the person orientation with respect to the camera(s) and to calculate
the 2D angles between the respective body segments.
The angles between the body segments are evaluated according to the predicted
orientation. For each frame, they are computed from the coordinates (x, y) of the respective
keypoints, by using proper algorithms. To estimate the angle between the segments i-j
and j-k (considering the coordinates of the keypoints i, j and k) the following formulas are
applied:

 γ   180 
θ = arccos
×
(1)
δ
π
where γ is the scalar product between the vector formed by the first cathetus (i-j) and the
one formed by the second cathetus (j-k) and δ is the cross product between the norms of
the aforementioned vectors:
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In the case of two cameras, it is necessary to consider that one camera among all will
have the best view to predict some angles correctly: to this end, a special algorithm has
been developed. Considering that the cameras are positioned at about the pelvis height, it
performs a comparison between the distances interposed between the key points (corresponding to specific body segments) and the expected average anthropometric proportions
of the human body reported in [55], which are calculated on a large dataset of individuals.
In particular, it analyzes the ratio between the width of the shoulders (i.e., Euclidean
distance between key points 2 and 5) and the length of the spine. The Euclidean distance
between the key point 1, and the midpoint (m), between key points 8 and 11, is considered
to estimate the spine length since the CMU model does not consider a pelvis key point.
Based on the human body proportions reported in [55], such a ratio is estimated equal to
80%, when the subject is in front of the camera, and to 0% when the person turns at 90◦ .
Consequently, the angle between the sagittal plane of the person and the direction of the
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camera (α) can be estimated through the following equation, considering the length of the
segments related to shoulder (x) and spine (l) measured in each frame:
 x 
α = arcsin
(4)
l ·0.8
To determine whether the camera is framing the person’s right side or left side, the x
coordinate of the key point 0, X0 , has been considered in relation to the average x coordinate
of keypoints 1, 2, and 5, Xa . The person’s side framed by the cameras is then determined
according to the following algorithm:

X0 − Xa

< 0, left
> 0, right

(5)

In case two video shots are available, recorded from angles settled at 90◦ to each other
(e.g., respectively parallel to the frontal and the sagittal planes), it is then possible to refer
the orientation estimation to a single reference system, using as origin the direction of the
first camera (camera index 0).
The compute of each angle is then performed considering the frame coming from the
camera view that better estimates it. For example, the elbow flexion/extension angle is
calculated using the frame coming from the camera that has a lateral view of the person,
while in case of abduction, the frame coming from the frontal camera is considered, as
reported in Table 1.
Table 1. Body key points and camera views considered in the computation of the angles.
Angles
Neck flexion/extension
Shoulder abduction
Shoulder flexion/extension
Elbow flexion/extension angle
Trunk flexion/extension
Knee bending angle

Considered Keypoints
Left

Right

17-1-11
11-5-6
11-5-6
5-6-7
1-11-12
11-12-13

16-1-8
8-2-3
8-2-3
2-3-4
1-8-9
8-9-10

Camera View
Frontal

Lateral
X

X
X

X
X
X
X

To evaluate which camera view is more convenient to measure the elbow flexion/
extension angle, the extent of the shoulder abduction angle is considered: if it is less than
45◦ , the elbow flexion/extension angle is estimated considering the frames from the lateral
camera. Otherwise, data provided by the frontal camera are used.
Finally, the system can estimate whether the person is rotating his/her head in respect
to the shoulders or not, considering a proportion between the distance from the ear to the
eyes (CMU keypoints 16-14 for the right side and 17-15 for the left side), and the length of
shoulders (euclidean distance between CMU keypoints 2-5). A reference threshold for this
calculated ratio is empirically estimated due to the lack of literature. Currently, this solution
has been applied only when a person has an orientation between −30 and +30 degrees with
respect to the camera (i.e., in a frontal position). A similar approach has been considered to
detect a torso rotation, calculating the proportion between the segment from the left to the
right shoulder (CMU key points 2-5), and the pelvis one (CMU key points 8-11).
2.2. Experimental Case Study
2.2.1. Experimental Procedure
Tests had carried out in the “X-in the Loop Simulation Lab” (XiLab) at the University
of Modena and Reggio Emilia. Participants in the experiment received informed consent
prior to accessing the lab to take part in the test.
A total of 6 subjects i.e., 2 females (age: median 31 years, IQR 5.0 years; height: median
1.68 m, IQR 0.005 m; mass: median 69 kg, IQR 13.5 kg; BMI: median 24.74 kg/m2 , IQR
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4.78 kg/m2 ) and 4 males (age: median 30 years, IQR 4.0 years; height: median 1.86 m, IQR
0.0035 m; mass: median 78 kg, IQR 9.0 kg; BMI: median 22.31 kg/m2 , IQR 1.90 kg/m2 ),
were involved and asked to pose for five seconds, while recording by the two systems, in
the following five different postures (chosen because they are very frequent in standard
working procedures or ergonomic assessment research works), in the following order:

•
•
•
•
•

T-pose: the subjects have to stand straight up, with their feet placed symmetrically
and feet slightly apart and with their arms fully extended.
Seated: subjects have to sit on a stool 70 cm in height, with the back straight, hands
leaned on the knees, and feet on the floor.
Standing Relaxed: the subjects have to stand comfortably facing straight ahead, with
their feet placed symmetrically and feet slightly apart.
Reach: the subjects must stand straight, feet well apart and with the arms stretched
forward, simulating the act of grasping an object placed above their head.
Pick up: the subjects have to pick up a box (dimensions 30.5 cm × 21 cm × 10.5 cm,
weight 5 kg) from the floor, and raise it in front of them, keeping it at pelvic level.
An example of the analyzed postures can be found in Figure 3.

Figure 3. Postures assessed in this research paper.

Participants’ postures were tracked using a Vicon Nexus system powered by 9 Vicon
Bonita 10 optical cameras. Cameras were distributed in the space in the most symmetrical
configuration possible (Figure 4) to cover the entire working volume. Participants had to
stay in the middle of the system acquisition space. They were equipped with a total of
35 reflective markers, positioned on the whole body according to PlugInGait Full Body
model specification defined in the Vicon PlugInGait documentation (Figure 5). Vicon
Nexus session has been performed on a Dell Precision T1650 workstation with an Intel(R)
Xeon(R) CPU E3-1290 V2 at 3.70 GHz, 4 Core(s), with 32 GB RAM, and an NVIDIA Quadro
2000 GPU, running Windows 10 Pro.
System calibration was carried out at the beginning of the experiment. Before starting
the experiment, PluginGait (PiG) biomechanical models have been defined for the subjects
(i.e., one for each) according to their anthropometric parameters.
The video capturing for the RGB-MAS was carried out by two Logitech BRIO 4K Ultra
HD USB cameras, with a setting video streaming/recording configuration of 1080 p and
30 fps and a 52 vertical and 82 horizontal degree field of view. They were placed at 1.2
m high from the ground (the pelvis height of the subjects) and angled 90 degrees to each
other. Both cameras were mounted on tripods to ensure stability.
The system works regardless of the subject’s position in the camera’s field of view,
but the cropped image of the subject must consist of a sufficient number of pixels. This
depends on the characteristics of the camera used (e.g., resolution, focal length). For
example, considering the cameras chosen in this case, the system would work properly
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when the user was positioned at no more than 7 m from the camera. Therefore, the first
camera was placed in front of the subjects, at a distance of 2 m. The second one was at the
right at a distance of 3.5 m, to ensure that the cameras correctly capture the subjects’ entire
body. Figure 4 shows the overall layout.

Figure 4. Experimental camera layout for RGB (those labeled in yellow) and Vicon system.

Figure 5. Markers’ layout according to the PlugInGait full body model.

Stream videos were processed through a PC workstation with an Intel(R) Core (TM)
i7-7700K CPU at 4.20 GHz and 32 GB RAM, and a GTX 1080 Ti GPU, running Windows
10 Pro.
Postures recording was carried out simultaneously using the two different systems to
ensure numerical accuracy and to reduce inconsistencies. The camera frame rate showed
to be consistent and constant along with the experiment for both systems.
2.2.2. Data Analysis
Angles extracted by Vicon PiG biomechanical model are compared with those predicted by the proposed RGB-MAS. To provide a better understanding, the considered
angles respectively measured by the two systems are reported in Table 2.

Appl. Sci. 2021, 11, 10645

10 of 18

Table 2. Pairs of angles that have been compared between Vicon and RGB systems.
Pairs of Angles Compared between the Two Systems.
Vicon

RGB-MAS

Average between L and R neck flexion/extension
L/R shoulder abduction/adduction Y component
L/R shoulder abduction/adduction X component
L/R elbow flexion/extension
Average between L and R spine flexion/extension
L/R knee flexion/extension

Neck flexion/extension
L/R shoulder abduction
L/R shoulder flexion/extension
L/R elbow flexion/extension
Trunk flexion/extension
L/R knee bending angle

Resulted angles measured through these two systems are also compared with those
manually extracted by expert ergonomists.
Shapiro–Wilk test is used to check the normality of the distribution of the error in
all these analyses. Results evidence that the distributions follow a normal law for this
experiment. Root mean square error (RMSE) is computed for the following condition:
s

2

∑N
i=1 (RGBi − MANi )
N
s
2
∑N
i=1 (VICi − MANi )
RMSE2 =
N
s
2
∑N
i=1 (RGBi − VICi )
RMSE3 =
N

RMSE1 =

(6)

(7)

(8)

where RGBi is the ith angle measured by the RGB-MAS system, VICi the one measured by
the Vicon system and, finally, MANi the angle measured manually.
Based on the collected angles, a Rapid Upper Limb Assessment (RULA) is performed
manually, according to the procedure described in [12]. Then, RMSE is computed to
compare the resulting RULA scores estimated according to the angles respectively predicted
by the RGB-MAS and Vicon with that performed considering the angles estimated from
the video analysis by the experts themself.
3. Results
Table 3 shows the RMSE comparison between the angles extracted from the RGB-MAS
and the ones extracted by the Vicon system for a pure system-to-system analysis.
Table 3. RMSE values obtained comparing RGB-MAS angles with the Vicon ones.
RMSE RGB-MAS vs. Vicon [◦ ]

Neck flexion/extension
Left shoulder abduction
Right shoulder abduction
Left shoulder flexion/extension
Right shoulder flexion/extension
Left elbow flexion/extension
Right elbow flexion/extension
Trunk flexion/extension
Left knee flexion/extention
Right knee flexion/extention

T-Pose

Seated

Standing Relaxed

Reach

6.83
12.66
11.64
27.86
33.73
7.13
5.46
0.35
2.39
0.21

16.47
45.16
50.66
57.19
52.90
16.90
13.19
8.61
46.25
4.79

19.21
13.07
7.93
21.53
57.88
21.15
22.11
0.91
7.38
0.07

9.58
45.46
43.23
71.29
82.93
27.05
53.30
2.95
24.76
0.12
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As it can be observed, angle predictions provided by the proposed system result
in general lower accuracy, in the case of shoulder abduction and shoulder and elbow
flexion/extension. The accuracy is particularly low if we consider the reach posture. This
is probably because of perspective distortions.
However, the pickup posture could not be traced with the Vicon system, due to
occlusion problems caused by the presence of the box that occludes some of the markers
needed by it.
Table 4 allows easy comparison of the RMSE between angles respectively predicted by
the RGB-MAS and the Vicon system, and those manually measured. These results suggest
that the proposed system can be considered somehow feasible to support ergonomists
doing their analysis.
Table 4. RMSE values obtained when comparing RGB-MAS angles with manually extracted ones.
RMSE RGB-MAS vs. Manual [◦ ]

Neck flexion/extension
Left shoulder abduction
Right shoulder abduction
Left shoulder
flexion/extension
Right shoulder
flexion/extension
Left elbow
flexion/extension
Right elbow
flexion/extension
Trunk flexion/extension
Left knee
flexion/extention
Right knee
flexion/extention

RMSE Vicon vs. Manual [◦ ]

T-Pose

Seated

Standing
Relaxed

Reach

Pick Up

T-Pose

Seated

Standing
Relaxed

Reach

9.19
6.90
6.67

13.10
44.13
47.00

19.63
7.54
7.82

6.87
49.68
51.65

28.05
8.03
7.55

8.26
7.29
6.35

15.47
7.52
6.54

8.64
13.00
7.09

8.32
38.11
38.08

32.62

53.84

12.03

82.10

30.43

21.08

16.19

19.55

101.52

50.91

50.70

70.02

71.31

28.01

23.14

15.66

21.43

110.20

3.60

15.03

14.21

36.16

15.83

6.21

7.08

15.56

16.35

2.20

9.67

18.63

25.45

10.26

5.60

17.97

10.35

39.00

3.48

30.06

5.46

20.71

33.46

3.28

33.60

4.59

17.93

3.81

53.12

6.82

22.73

30.10

1.98

18.85

2.68

8.39

3.95

20.69

1.94

22.63

29.19

3.75

21.24

1.90

22.52

Figure 6 highlights the similarities and discrepancies between the angle predictions
provided by RGB-MAS and Vicon system with respect to the manual analysis. It can be
observed that the prediction provided by the RGB-MAS suffers from a wider variability
compared to the reference system. As for the neck flexion/extension angle, the RGB-MAS
system slightly overestimates the results compared to the Vicon system. This occurs more
pronouncedly for the shoulder abduction and flexion/extension as well, especially when
abduction and flexion both occur simultaneously. In Figure 7, the keypoint’s locations and
the skeleton are shown superimposed over the posture pictures. In particular, from the
picture of the Pick Up posture, we can see that the small occlusion that caused problems to
the Vicon system did not cause any consequences to the RGB-MAS system.
Moreover, high variability is also found for all the angles of the left-hand side of the
body. Nevertheless, RGB-MAS accurately predicts the trunk flexion/extension and the
right-hand side angles. This left-right inconsistency can be due to the lack of a left camera,
and so the left-hand side angles are predicted with less confidence than their right-hand
side counterparts.
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Figure 6. Graph comparing the RMSE values “RGB-MAS vs. manual” and “Vicon vs. manual”.

Figure 7. Body skeleton predicted by the RGB-MAS.

Table 5 shows the median RULA values obtained using each angle extraction method
considered (i.e., manual measurement, RGB-MAS prediction, Vicon tracking). Table 6
shows the RMSE between the RULAs determined through manual angle measurement, and
those calculated from the angles predicted by RGB-MAS and the Vicon system, respectively.
The maximum RMSE between RGB-MAS and manual analysis is 1.35, while the maximum
Vicon vs. manual RMSE is 1.78. Since the closer a value of RMSE is to zero, the better
the prediction accuracy is, it can be observed that RGB-MAS compared to a most used
manual analysis is generally able to provide a result closer to that of the Vicon systems.
However, this should not be interpreted as a better performance of RGB-MAS than Vicon:
the result that can be obtained, instead, is that the values provided by Vicon, in some cases,
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are very different from both those of the RGB-MAS system and those estimated manually.
This is because the result of the Vicon system is not affected by estimation errors due to
perspective distortions, which instead occur with the other two systems. Ultimately, the
RGB-MAS system can provide estimates that are very similar to those obtained from a
manual extraction, although the system’s accuracy is poor compared to the Vicon.
Table 5. RULA median scores for the three angle extraction methods and corresponding level of
MSD risk (i.e., green = negligible risk; yellow = low risk; orange = medium risk).
Median
Manual
T-Pose
Relaxed
Sit
Reach
Pickup

Left
3.00
2.50
4.00
4.50
5.50

RGB-MAS
Right
3.00
2.50
4.00
4.50
5.50

Left
3.00
3.00
4.00
4.00
6.00

Vicon

Right
3.00
3.00
4.00
4.00
6.00

Left
3.00
3.00
4.00
3.00
-

Right
3.00
3.00
4.00
3.00
-

Table 6. RMSE (+SD) values obtained when respectively comparing RGB-MAS and the Vicon RULA
with the manual one.
RULA RMSE (+SD)
RGB-MAS vs. Manual

T-Pose
Relaxed
Sit
Reach

Vicon vs. Manual

Left

Right

Left

Right

0.00 (0.58)
0.71 (0.00)
0.58 (0.75)
1.35 (1.07)

1.00 (0.75)
2.45 (0.37)
1.41 (0.76)
1.35 (0.82)

0.41 (0.37)
0.82 (0.37)
0.71 (0.69)
1.78 (0.76)

0.41 (0.37)
0.82 (0.37)
0.82(0.58)
1.78 (0.76)

As can be seen from Table 5, the risk indices calculated from the angles provided by the
RGB-MAS system, those evaluated from manually measured angles, and those provided
by Vicon belong to the same ranges. The only exception can be found for the Reach posture,
where the Vicon underestimated the scores of a whole point. Despite the overestimations in
angle prediction, the RULA score evaluation made considering the extension of the angles
within particular risk ranges filters out noise and slight measurement inaccuracies. This
leads to RULA scores that are slightly different in numbers but can be considered almost
the same in terms of risk ranges.
4. Discussion
This paper aims to introduce a novel tool to help ergonomists in ergonomic risk
assessments by automatically extracting angles from video acquisition, in a quicker way
than the traditional one. Its overall systematic reliability and numerical accuracy are
assessed by comparing the tool’s performance in ergonomics evaluation with the one
obtained by standard procedures, representing the gold standard in the context.
Results suggest that it generally provides a good consistency in predicting the angles
from the front camera and a slightly less accuracy with the lateral one, with a broader
variability than the Vicon. However, in most cases, the average and median values are
relatively close to the reference one. This apparent limitation should be analyzed in the light
of the setup needed to obtain this data; in fact, by using only two cameras (instead of the
nine ones the Vicon needs), we obtained reliable angles proper to compute a RULA score.
Although it has greater accuracy than the proposed tool, the Vicon requires installing a
vast number of cameras (at least six), precisely positioned in the space, to completely cover
the work area and ensure the absence of occlusions. In addition, such a system requires
calibration and forces workers to wear markers in precise positions. However, when
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performing a manual ergonomic risk assessment in a real working environment, given
the constraints typically presented, an ergonomist usually can collect videos from one or
two cameras at most: the proposed RGB-MAS copes with this aspect providing predicted
angles even from the blind side of the subject (like a human could do, but quicker), or
when the subject results partially occluded.
As proof of this, it is worth noticing that the pickup posture, initially considered for
its tendency to introduce occlusion, was then discarded from the comparison just for the
occlusion leading to the lack of data from the Vicon system, while no problems seemed to
arise with the RGB-MAS.
In addition, the RMSE values obtained comparing the RGB-MAS RULA scores with
the manual one showed tighter variability than the same values resulting from the comparison between the RULA scores estimated through the Vicon and the manual analysis. This
suggests that the RGB-MAS can be helpful to fruitfully support ergonomists to estimate
the RULA score on a first exploratory evaluation. The proposed system can extract angles
with a numerical accuracy comparable to one of the reference systems, at least in a controlled environment such as a laboratory. The next step will be to test its methodological
reliability and instrumental feasibility in a real working environment, where a Vicon-like
system cannot be introduced due to its limitations (e.g., installation complexity, calibration
requirements, occlusion sensitivity).
Study Limitations
This study provides the results of a first assessment of the proposed system, with
the aim to measure its accuracy and to preliminary determine its utility for ergonomic
assessment. Many studies should be carried out to fully understand its practical suitability
to be used for ergonomic assessment in real working environments. The experiment was
conducted only in the laboratory and not in a real working environment. This limits the
study results. Therefore, it did not allow the researchers to evaluate the instrument’s
sensitivity to any changes in lighting or unexpected illumination conditions (e.g., glares or
reflections). Further studies are needed to fully evaluate the implementation constraints of
the proposed system in a real working environment.
In addition, the study is limited to evaluating the RULA risk index related to static
postures only. Further studies will be needed to evaluate the possibility of using the
proposed system for the acquisition of data necessary for other risk indexes (e.g., REBA,
OCRA), also considering dynamic postures.
Another limitation is that the experiment conducted did not entirely evaluate the
proposed system functionalities in conditions of severe occlusion (e.g., as could happen
when the workbench partially covers the subject). Despite results evidenced that the
proposed system, unlike Vicon, does not suffer from minor occlusion (i.e., due to the
presence of a box during a picking operation), further studies are needed to accurately
assess the sensitivity of the proposed system with different levels of occlusion.
Another limitation is the small number of subjects involved in the study. A small
group of subjects was involved, with limited anthropometric variation, assuming that the
tf-pose-estimation model was already trained on a large dataset. Further studies will need
to confirm whether anthropometric variations affect the results (e.g., whether and how the
BMI factor may affect the estimated angle accuracy).
5. Conclusions
This work proposes a valuable tool, namely RGB motion analysis system (RGB-MAS),
to make a more efficient, and affordable ergonomic risk assessment. Our scope was to aid
ergonomists in saving up time doing their job while maintaining highly reliable results.
The lengthy part of their job is manually extracting human angles from video analysis
based on video captures, by analyzing how ergonomists carry out an RULA assessment.
In this context, the paper proposed a system able to speed up angle extraction and RULA
calculation.
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The validation in the laboratory shows the promising performance of the system,
suggesting its possible suitability also in real working conditions (e.g., picking activities
in the warehouse or manual tasks in the assembly lines), to enable the implementation of
more effective health and safety management systems in the future, so as to improve the
awareness of MSDs and to increase the efficiency and safety of the factory.
Overall, experimental results suggested that the RGB-MAS can be useful to support ergonomists to estimate the RULA score, providing results comparable to those estimated by
ergonomic experts. The proposed system allows ergonomists and companies to reduce the
cost necessary to perform ergonomic analysis, due to decreasing time for risk assessment.
This competitive advantage makes it appealing not only to large-sized enterprises, but also
to small and medium-sized enterprises, wishing to improve the working conditions of their
workers. The main advantages of the proposed tool are: the ease of use, the wide range
of scenarios where it can be installed, its full compatibility with every RGB commercially
available camera, no-need calibration, low CPU and GPU performance requirements (i.e.,
it can process video recordings in a matter of seconds by using a common laptop), and
low cost.
However, according to the experimental results, the increase in efficiency that the
system allows comes at the expense of small errors in angle estimation and ergonomic
evaluation: since the proposed system is not based on any calibration procedure and is still
affected by perspective distortion problems, it obviously does not reach the accuracy of the
Vicon. Nonetheless, if it is true that the Vicon system is to be considered as the absolute truth
as far as accuracy is concerned, it is also true that using it in a real working environment
is actually impossible, since it greatly suffers problem occlusion (even the presence of an
object such as a small box can determine the loss of body tracking), and requires:

•
•
•

A high amount of highly expensive cameras, placed in the space in a way that is
impracticable in a real work environment.
A preliminary calibration procedure.
The use of wearable markers may invalidate the quality of the measurement as they
are invasive.

Future studies should aim to improve the current functionalities of the proposed
system. Currently, the system is incapable of automatically computing RULA scores. A
spreadsheet based on the derived angles is filled to obtain them. However, it should not be
difficult to implement such functionality. In particular, future studies should be focused to
implement a direct stream of the angles extracted by the RGB-MAS system to a structured,
ergonomic risk assessment software (e.g., Siemens Jack) to animate a virtual mannikin,
again automatically obtaining RULA scores.
Moreover, the proposed system cannot predict hand- and wrist-related angles: further
research might cope with this issue and try to fill the gap. For example, possible solutions
can be those proposed in [56,57].
For a broader application of the proposed RGB-MAS system, other efforts should be
made to improve the angles prediction accuracy.
Moreover, the main current issue is that it is not always possible to correctly predict
shoulder abduction and flexion angles with non-calibrated cameras, e.g., when the arms
are simultaneously showing flexion in the lateral plane and abduction in the frontal plane.
This comes from the fact that, at the moment, there is no spatial correlation between the
two cameras: the reference system is not the same for both, so it is not possible to determine
3D angles. Thus, another topic for future work may cover the development of a dedicated
algorithm to correlate the spatial position of the cameras one to each other. In addition, such
an algorithm should provide a (real-time) correction to effectively manage the inevitable
perspective distortion introduced by the lenses, to improve the system accuracy. However,
all of this would require the introduction of a calibration procedure that would slow down
the implementation of the system in real working places.
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