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MSDs primarily affect the spine and upper limbs and are 
classified as cumulative disorders, arising from repeated 
exposure to discomfort-inducing conditions. These disor-
ders are influenced by various risk factors, categorized into 
primary (e.g., awkward postures, excessive force exertion, 
and repetitive motions) and secondary (e.g., mechanical 
contact stress, lighting, and environmental or climatic con-
ditions). Ergonomic interventions aim to reduce MSD inci-
dence by addressing high physical demands and awkward 
working postures [2]: by addressing both primary and sec-
ondary risk factors, industries can achieve improved worker 
well-being, enhanced operational efficiency, and significant 
reductions in healthcare expenditures.

Addressing these challenges requires tailored solutions 
that account for individual worker variability, behaviors, 
and specific occupational risks: the integration of Human 
Factors into business processes - aimed at optimizing the 
interaction between humans and technological systems 

1  Introduction

 The dynamic nature of modern production, with frequent 
workstation changes, task variability, and the integration of 
collaborative robots, challenges the maintenance of proper 
posture and the prevention of work-related musculoskeletal 
disorders (MSDs) [1].
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Abstract
Physical ergonomics is critical for worker well-being, safety, and productivity, in Industry 4.0 and in the emerging Indus-
try 5.0 paradigm, which emphasize human-machine collaboration. Advances in motion capture technologies, especially 
marker-less systems using RGB cameras, offer new possibilities for real-time ergonomic assessments. These systems 
effectively address the intrusiveness issues inherent to marker-based approaches and partially overcome challenges such 
as lighting variations, occlusions and calibration commonly associated with RGB-D camera-based systems. Nonetheless, 
their accuracy can be suboptimal due to limitations arising from perspective distortions. To overcome this issue, the pres-
ent paper introduces an “inductive” RGB camera-based approach to ergonomic assessment, leveraging Deep Learning 
models trained on a synthetic dataset of 14,400 unique postures captured from 24 viewpoints in Unity 3D. Unlike tradi-
tional methods reliant on measured angles, this approach predicts ergonomic evaluations directly from posture observa-
tions. We implemented the proposed approach on a prototypal system that allowed us to experiment and collect quantita-
tive results. We analysed the system’s performance through comparative testing, juxtaposing predictions from our system 
with measurements obtained from an inertial system worn by individuals while performing tasks in a controlled laboratory 
environment. Experimentations highlighted the satisfactory performance of the proposed inductive approach and related 
technology, highlighting its potential for delivering more accurate real-time ergonomic assessments.
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- thus becomes crucial. In particular, physical ergonomics, 
one of the core pillars of Human Factors, enables the moni-
toring of human spatial interaction with complex techno-
logical systems, such as those found in industrial settings, 
and supports corrective interventions on posture and work-
station design to prevent MSDs.

Therefore, ergonomics must be a key factor in shared 
workspaces between humans and robots [3] and humans 
and machines, both during the design phase of these spaces 
and during daily work through continuous monitoring.

Achieving the two goals of reducing work-related MSDs 
and of improving human-robot collaboration requires the 
development of robust and cost-effective tools capable of 
directly monitoring working postures, continuously evalu-
ating ergonomic risks during activities, notifying workers 
of incorrect postures, and providing managers with action-
able insights to improve individual workspaces and working 
conditions.

1.1  Techniques for physical ergonomic assessment

Physical ergonomics can be assessed using two primary 
methodologies: subjective methods and observational 
methods.

Subjective methods rely on rating scales applied to 
responses collected through questionnaires and interviews 
directed at workers. These methods gather and analyse 
qualitative data to evaluate factors such as comfort, usabil-
ity, and perceived risk of musculoskeletal disorders (MSDs). 
Examples of tools under this category include the Nordic 
Musculoskeletal Questionnaire (NMQ) [4], the Cornell Mus-
culoskeletal Discomfort Questionnaire (CMDQ) [5], and the 
Quick Exposure Check (QEC) [6], all designed to collect 
data on perceived musculoskeletal discomfort during work.

Observational methods, on the other hand, involve the 
direct or indirect observation (e.g., through video record-
ings) of workers’ postures and movements during their 
activities, without relying on self-assessment. These meth-
ods are particularly effective in identifying risky behaviours 
and non-ergonomic postures.

Some observational tools address specific risk factors, 
such as the NIOSH Lifting Eq [7]., the Manual Handling 
Assessment Chart [8], and the Assessment of Repetitive 
Tasks (ART) [9]. Other tools focus on characterizing work-
ers’ postures by analysing the angles formed by their body 
segments—particularly the neck, upper limbs, back, and 
lower limbs. Prominent examples include RULA (Rapid 
Upper Limb Assessment) [10], REBA (Rapid Entire Body 
Assessment) [11], OCRA (Occupational Repetitive Action) 
[12] and the Ovako Working Analysis System (OWAS) [13].

Among the observational methods, RULA and REBA are 
particularly widely adopted. These methods assign scores to 

each body segment analysed, based on the angles that the 
segment assumes within the observed posture. By quanti-
fying the ergonomic risk associated with specific postures, 
they enable targeted interventions to improve workplace 
ergonomics.

1.2  Measurement technologies in observational 
methods

The main challenge in assessing RULA, REBA and OCRA 
indexes lies in acquiring the specific joint angles that define 
workers’ postures during their activities. In the past, most 
ergonomic assessments relied on manual analysis of photos 
and videos captured by RGB digital cameras to extract joint 
angles. As a result, ergonomic evaluation was costly, time-
consuming, and often influenced by the evaluator’s subjec-
tivity [14].

To address the issue of joint angle acquisition and auto-
mate the analysis, research focused on the use of Motion 
Capture (MoCap) technologies [15–17], which can be cat-
egorized into sensor-based and optical systems [18].

Sensor-based systems (e.g., Xsens [19], Vicon Blue 
Trident [20]) are typically classified into electromagnetic, 
acoustic, and inertial systems [21]. These systems are not 
affected by occlusion problems but generally do not exhibit 
very high accuracy. Additionally, they can be highly inva-
sive, requiring operators to wear a series of devices that may 
be cumbersome and interfere with regular work activities.

Optical systems, on the other hand, can be marker-
based or markerless. Marker-based optical systems (e.g., 
Vicon Nexus [22], OptiTrack [23]) are usually very pre-
cise, enabling accurate and quantitative acquisition of joint 
angles. However, they are expensive in terms of both eco-
nomic costs and installation and calibration times, and have 
limited applicability for monitoring factory environments 
due to various constraints, such as lighting conditions and 
electromagnetic interference [24], which restrict their use 
primarily to laboratory settings [25] and hence design pur-
poses. Furthermore, these systems require operators to wear 
special markers placed according to specific guidelines [25] 
and undergo calibration procedures. These activities neces-
sitate the involvement of specialized professionals and are 
time-intensive, making them impractical for daily use in 
real working conditions.

1.3  AI-based motion capture

Low-cost RGB body-tracking technologies rely on captur-
ing video recordings with a simple RGB camera and pro-
cessing them using machine learning algorithms [26] to 
predict joint positions and calculate joint angles [27, 28]. 
They don’t need the use of markers to recognize operators’ 
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poses, therefore they are known as “markerless optical 
systems”.

In recent years, research on measurement systems for 
ergonomics has largely explored the applicability of these 
technologies. One of the most promising technology is 
OpenPose, developed by researchers at Carnegie Mellon 
University [26], and it represents the first real-time multi-
person system for jointly detecting the human body, hands, 
face, and feet (137 key points per person: 70 key points for 
the face, 25 for the body/feet, and 2 × 21 key points for 
the hands) in a single image. It is an open-source software 
based on a convolutional neural network (CNN) within the 
OpenCV library [29], initially written in C + + and Caffe, 
and freely available for non-commercial use.

OpenPose therefore allows key points for the body, feet, 
face, and hands to be tracked. The library can process 2D 
images using RGB cameras or combine RGBD cameras 
with depth sensors to synchronize outputs, resulting in a 
unified set of key points with 3D coordinates. Moreover, 
it is not significantly impacted by occlusion problems, as it 
can track the entire body skeleton even when some points or 
segments are temporarily occluded [30].

Several studies have validated the accuracy of skeleton 
tracking using RGB cameras with OpenPose, comparing its 
results to those of the Vicon system. The limb positioning 
error index relative to wearable sensor systems was negligi-
ble, confirming the potential of OpenPose [31, 32]. In many 
studies, OpenPose has been evaluated as a useful tool for 
studying worker posture ergonomics using methods such as 
RULA, REBA, and OCRA [25, 31, 33–35].

However, deep learning algorithms like OpenPose, used 
for tracking individuals through RGB images, typically 
require hardware with high computational performance, 
making good CPU and GPU capabilities essential [36]. 
Among the various open source projects that make use of 
the models provided by OpenPose is Tf-pose-estimation 
[27], in which Tensorflow is exploited to ensure a computa-
tionally lighter implementation.

Google has also introduced its framework, MediaPipe 
[28], which includes tools for detecting body features such 
as pose, hand, and iris detection. Its standout feature is the 
hand-detection module, whose accuracy has been validated 
in various studies [37–39].

Motion Capture systems based on Deep Learning 
techniques, such as OpenPose, Tf-pose-estimation, or 
MediaPipe, offer innovative and accessible solutions for 
analysing human motion.

However, all mentioned technologies have inherent 
limitations, primarily stemming from their inability to 
capture accurate depth information and spatial positioning 
[40]. Unlike multi-camera setups or systems employing 
active depth sensors, single-camera systems struggle with 

perspective distortion, especially when the subject moves 
along the depth axis or is positioned far from the camera’s 
optical centre. This limitation arises because monocular 
systems lack the stereoscopic information necessary to infer 
three-dimensional spatial relationships with high precision.

Adopting a multi-camera setup with Deep Learning 
MoCap systems helps mitigating the perspective distortion 
issue but does not resolve it. Moreover, the correct position-
ing of a multi-camera setup is often hindered by the layout 
of the manufacturing site [40].

State-of-the-art deep learning models, such as OpenPose 
and MediaPipe, have made significant advancements in 
human pose estimation using single RGB cameras. These 
frameworks excel at identifying key body landmarks in two 
dimensions and have been adapted for a variety of tasks, 
including industrial ergonomics assessments, human-robot 
collaboration, and worker fatigue monitoring. Neverthe-
less, the reliance on two-dimensional representations intro-
duces ambiguities in estimating joint angles, distances, 
and motion trajectories in three-dimensional space. Errors 
are particularly pronounced in scenarios where occlusions 
occur, where body parts are aligned along the depth axis, or 
where movements deviate significantly from the dataset dis-
tribution used during model training. Furthermore, factors 
such as varying lighting conditions, camera resolution, and 
subject clothing can further degrade performance.

Efforts to mitigate these limitations have focused on 
hybrid approaches, integrating monocular RGB data 
with depth estimation techniques derived from convolu-
tional neural networks (CNNs), recurrent neural networks 
(RNNs), or attention mechanisms. Methods such as mon-
ocular depth estimation, inverse kinematics, and probabi-
listic pose reconstruction have been explored to reconstruct 
3D poses from 2D data [41]. Additionally, synthetic datasets 
have played a crucial role in addressing the scarcity of anno-
tated multi-view data by simulating diverse poses, lighting 
conditions, occlusions, and camera angles. These datasets 
enable the training of more robust pose estimation models 
capable of generalizing across different environments [42].

Despite these advancements, monocular Motion Capture 
systems remain susceptible to errors in spatial accuracy, 
particularly in dynamic environments where subjects fre-
quently move relative to the camera’s optical axis. More-
over, the dependency on large-scale annotated datasets and 
computationally expensive training procedures remains a 
significant challenge for widespread adoption in real-world 
industrial scenarios. Researchers are increasingly turning 
to hybrid pipelines that combine monocular MoCap with 
additional sensor data, such as IMU (Inertial Measurement 
Unit) readings, to enhance depth estimation accuracy and 
motion tracking fidelity. Studies such as [43] with the VIBE 
model and [44] on integrating IMU data into deep learning 
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[57], widely used for creating synthetic datasets derived 
from urban scenarios featuring pedestrians, vehicles, and 
signage for Autonomous Driving applications [58, 59], or 
from indoor scenarios for Human Activity Recognition [60].

The aim of this paper is to present a new approach to 
low-cost physical ergonomics measurement that eliminates 
the need for calibration procedures and/or for stereo sys-
tems with multiple views or even RGBD cameras. This 
approach leverages standard RGB cameras and Deep Learn-
ing to address the issue of perspective distortion common to 
uncalibrated RGB cameras.

The proposed approach, termed “inductive” and con-
trasted with the traditional “analytical” approach, utilizes 
the inductive reasoning capability of Deep Learning mod-
els to learn the correlation between an observed posture 
(regardless of the viewpoint) and the corresponding ergo-
nomic evaluation as determined by the RULA method and 
make predictions.

To train the model on a sufficiently large database of 
postures and evaluations capable of covering the widest 
possible range of viewpoints, a synthetic dataset was gen-
erated using the methodology described in the following 
paragraph.

The rest of the paper is structured as follows: Sect. 2 
showcases the methodology that was followed to create the 
synthetic dataset and to train the model based on the induc-
tive approach, while Sect. 3 illustrates the experimentations 
conducted to assess the model performance and the results 
of such validations. Section 4 discusses the results and 
finally Sect. 5 draws some conclusion while also discussing 
some limitations.

2  The inductive approach

Traditional approach to using MoCap systems based on 
Deep Learning for measuring physical ergonomics will 
be referred as “analytical” due to the use of mathematical 
equations for calculating ergonomic indexes from the joint 
angles extracted by RGB cameras. In this approach (illus-
trated in Fig. 1), the pose estimation technology analyses 
video footage, detects human figures within the frames, and 
extracts the coordinates of key points on the human body. 
Practically it assists, or in some cases even replace, the 
direct observation or manual video analysis typically per-
formed by an ergonomist.

pose estimation frameworks have demonstrated significant 
improvements in spatial accuracy and motion reconstruction 
stability. These approaches use sensor fusion techniques to 
compensate for the depth ambiguities inherent in monocular 
systems, resulting in more robust estimations in dynamic 
environments. However, these systems are not tested in a 
real manufacturing environment yet.

1.4  Synthetic datasets for deep learning

Due to the demand for ever larger datasets for Supervised 
training Deep Learning models, synthetic datasets have thus 
become an increasingly relevant resource in Deep Learning 
(DL). These artificially generated data aim to replicate the 
characteristics of real-world data and are used to train and 
evaluate DL models. Their utility is particularly evident in 
addressing issues such as the need to protect privacy while 
maintaining the statistical structure of the original data [45] 
and in improving the quality of model training by provid-
ing a large, diverse, and bias-free training dataset [46–48]. 
This approach enhances models’ generalization capabilities 
across different scenarios and reduces the risk of overfitting, 
a phenomenon where the model becomes too tailored to the 
patterns in the training data but fails to generalize to new 
situations.

A critical aspect of using synthetic datasets is evident in 
image processing systems, where artificial data generation 
is much more efficient and less costly than the manual col-
lection of real data [49]. Various industries can benefit from 
synthetic datasets, unified by the need for large quantities of 
labelled data.

A growing use case is in human recognition, including 
Human Activity Recognition (HAR) [50, 51], Face Recog-
nition (FR) [52], and ergonomics in the automotive sector, 
where synthetic datasets are generated in 3D environments 
to simulate real-world scenarios, such as monitoring drivers 
and passengers [53, 54].

The generation of synthetic datasets relies on advanced 
technologies, primarily following two approaches. The first 
approach uses Machine Learning models, such as Varia-
tional Autoencoders (VAE), which learn the distribution of 
original data and generate new data by sampling its features 
[55], or Generative Adversarial Networks (GAN), which 
produce high-quality synthetic images [56]. The second, 
more traditional approach involves simulation tools or com-
puter graphics software, such as Blender [49] and Unity 

Fig. 1  Representative scheme of 
the analytical approach
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The goal is to train a Machine Learning model capable 
of associating a given posture observed in an image with 
its corresponding ergonomic evaluation, without perform-
ing any analytical calculations. The final tool will still 
utilize Motion Capture models such as OpenPose or tf-pose-
estimation to extract key points from images depicting a 
human subject. However, the difference from the analytical 
approach is that the ergonomic angles derived from these 
key points will not be used for mathematical calculations of 
RULA indices. Instead, they will all be used simultaneously 
as features to predict the ergonomic index by observing the 
entire posture.

To achieve this, it is necessary to create a dataset of pos-
tures, each labelled with its corresponding ergonomic evalu-
ation, to be used for training the model using a supervised 
approach. The approach, from dataset creation to model 
training and validation, follows several phases that will be 
detailed below, as illustrated in Fig. 3:

	● Step 1: Virtual Human Mannequin creation.
	● Step 2: Mannequin posing and coordinate extraction.
	● Step 3: Data augmentation and dataset post-processing.
	● Step 4: Creation of dataset labels.
	● Step 5: Training and selection of the Machine Learning 

model.

2.1  Synthetic dataset creation methodology

The first phase of the methodology involves creating a 
virtual mannequin that will later be used for extracting 
posture coordinates. It is crucial to use a mannequin with 
accurate and realistic anthropometric proportions that can 
be posed without introducing artifacts in the mesh or skel-
eton, thereby avoiding distortions in subsequent coordinate 
extraction phases due to unnatural proportions or postures.

Once the digital mannequins are created, they should 
be posed to replicate the postures required for the analysis. 
This step involves configuring the mannequins to reflect all 
postures assessed by ergonomic evaluation methods such as 
RULA or REBA. These methods evaluate ergonomic risk 
by assessing specific anatomical angles (e.g., shoulder flex-
ion/extension, neck flexion) and by categorizing them into 
predefined ranges, each associated with a specific risk score. 

Once the coordinates of the joint angles are extracted, an 
algorithm computes the ergonomic indexes according to the 
chosen evaluation method (e.g., RULA, REBA, OCRA). 
This approach is termed “analytical” because it involves cal-
culating the ergonomic index by using the computed angles 
as input variables in the mathematical equations defined by 
the adopted evaluation methodology.

The analytical approach, however, as demonstrated in 
[41], suffers from perspective distortion, particularly dif-
ficult to resolve without adopting calibration. It has been 
previously shown that the accuracy of these tools is highest 
when subjects are oriented perpendicularly to the cameras 
capturing them. Conversely, accuracy degrades significantly 
as subjects rotate relative to the cameras, as the system no 
longer evaluates the true ergonomic angle but rather the 
apparent ergonomic angle - i.e., the projection of that angle 
onto the plane parallel to the camera sensor. This introduces 
a reading error that can become substantial, compromising 
the quality of the ergonomic assessment.

Adopting calibration procedures could partially or 
entirely address this issue, but at the cost of adding addi-
tional (often complex) steps, reducing the simplicity and 
cost-effectiveness of the tool, which would require calibra-
tion by qualified personnel.

Analysing the analytical approach, it is evident that ergo-
nomic evaluation is achieved through a model that could 
be described as “bottom-up,” where individual components 
(ergonomic angles) are observed and combined to derive the 
evaluation.

However, a human observer, by watching another person, 
can reasonably assess whether the second person’s posture 
is “comfortable” or “uncomfortable,” safe or potentially 
harmful. Certainly, the human observer does not measure 
ergonomic angles nor analyse them one by one. Instead, 
they observe the entire posture and, using reasoning, judge 
its adequacy. This method follows a “top-down” model, 
where information is derived from the whole through rea-
soning. This inductive approach is illustrated in Fig. 2.

The “limitation” of the human observer is the inability to 
assign an objective score to a posture being observed. However, 
by taking inspiration from this information-processing model 
and leveraging Artificial Intelligence, it is possible to replicate 
this process in a more accurate and quantifiable manner.

Fig. 2  Representative diagram of 
the inductive approach
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During deployment, the model may encounter two scenarios 
deviating from the ideal condition:

	● Occlusion: The upstream MoCap model feeding into the 
ergonomic evaluation model might struggle to detect a 
certain key point due to occlusions or self-occlusions. 
As a result, the evaluation model could have to assess a 
posture with one or more missing key points.

	● Acquisition Uncertainty: Since MoCap models provide 
an estimated key point position rather than a precise 
measurement, the actual position of a key point lies 
within a small neighbourhood of the estimated position.

Hence, the initial dataset containing the extracted coordi-
nates should be augmented, in order to account for deviation 
from the ideal conditions. This step involves duplicating the 
dataset introducing subtle variations to the duplicated data, 
e.g., removing random key points to simulate occlusions 
or moving them away from their exact location to simu-
late acquisition uncertainty. Finally, the augmented dataset 
should be post-processed (i.e., normalized) in order to elim-
inate the “image size” factor.

Finally, each record in the posture datasets should be 
labelled with its corresponding true ergonomic evaluation 
according to the adopted ergonomic assessment method 
(e.g., RULA, REBA). The true ergonomic evaluation can 
be obtained by evaluating the 3-dimensional angles collec-
tions previously employed to pose the mannequins through 
an ergonomic methodology of choice. The full explanation 

In this way, risk categories are defined for each limb. By 
combining these categories, all assessable postures defined 
by the chosen method are generated and subsequently used 
to pose the virtual mannequin.

For instance, the RULA method specifies 5 risk catego-
ries for shoulder flexion/extension, 2 for shoulder abduc-
tion, 3 for elbow flexion, 3 for elbow flexion/extension, and 
4 for flexion/extension of both the neck and the back.

Given that the human figure typically includes 2 shoul-
ders, 2 forearms, and 2 wrists, the theoretical number of 
posture combinations totals 36 classes per limb configura-
tion. However, due to the limitations of RGB motion capture 
systems in reliably tracking wrist positions, wrist angles are 
excluded from the analysis.

With this simplification, the total number of posture 
combinations (i.e., the number of 3-dimensional angles col-
lections needed to pose the virtual mannequins) for each 
mannequin is as follows:

5 ∗ 5 ∗ 2 ∗ 2 ∗ 3 ∗ 3 ∗ 4 ∗ 4 = 14400

Once the mannequins are posed, the coordinates of their 
limbs must be extracted. To enhance the robustness of the 
Machine Learning model trained on these postures, it is 
essential to ensure that the postures are extracted from mul-
tiple viewpoints. This accounts for the fact that the camera’s 
positioning relative to the subject being evaluated cannot 
be predetermined. However, coordinates extracted from the 
virtual mannequins’ postures represent an ideal condition. 

Fig. 3  Implementation scheme of the proposed methodology
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mannequin. The methodology for obtaining these ground-
truth angles was consistent with the approach used to create 
the training dataset.

The second and final phase of validation utilized data 
collected from real human subjects instead of virtual man-
nequins. This phase involved comparing the ergonomic 
evaluations predicted by the tool, which implements the 
inductive approach, with those derived from direct measure-
ments taken on real participants. To assess both static and 
dynamic performance, the validation was divided into two 
distinct tests: a static test and a dynamic test, with detailed 
descriptions provided later. Despite the inherent differences 
between static and dynamic postures, the same validation 
procedure was applied to both tests.

3.1  Preliminary validation on synthetic data

The preliminary validation of the model was performed by 
testing the trained model with the data derived from a syn-
thetic dataset different from the training dataset. The data-
set was generated and processed using the same procedure 
described earlier but starting with a different virtual man-
nequin than those initially used.

The preliminary validation yielded the following accu-
racy values:

	● Right Upper Arm: 73.40%.
	● Left Upper Arm: 72.72%.
	● Right Lower Arm: 79.76%.
	● Left Lower Arm: 79.77%.
	● Neck: 57.37%.
	● Trunk: 78.01%.
	● Average: 73.50%.

3.2  Experimental procedure for the final validation

For both tests, 18 XSens WMT (Wireless Motion Tracker) 
sensors were applied to the subjects after obtaining their 
informed consent regarding the procedures. The XSens 
WMT inertial MoCap system allows for recording user 
movements and exporting anthropometric measurements, 
body segments, and joint angles. This enables accurate and 
objective assessment of body movements for each recorded 
frame. All output data are specifically suited for calculat-
ing the main anatomical joint angles, which are then used 

of the implementation of this methodology is illustrated in 
Appendix A.

2.2  Machine learning model selection and training

The labelled dataset was used to train several Machine 
Learning models. The models were implemented in Python 
using the scikit-learn v1.5.1 [61] library. Specifically, the 
explored models were:

	● Stochastic Gradient Descent Classifier (SGDClassifier).
	● Linear Support Vector Classifier (LinearSVC).
	● Kernel Approximation.
	● KNeighbors Classifier.
	● Multi-layer Perceptron (MLP).

For all five models, hyperparameter tuning (i.e., configuring 
the models’ settings) was performed using the Grid Search 
technique to automate the process of finding the best con-
figuration for each model.

The models were trained in a multilabel fashion, as they 
were trained on 6 labels simultaneously. The dataset was 
pre-processed by applying normalization using a Standard-
Scaler and 80% of the dataset was used for training while 
the remaining 20% was reserved for validation. The com-
parison between the models, evaluated in terms of accuracy, 
is presented in Table 1.

The comparison shows that the MLP model is the most 
performant among the five. The best combination of param-
eters was found to be as follows:

	● hidden_layer_sizes = 100.
	● max_iter = 3000.
	● activation = ‘relu’.
	● solver = ‘adam’.

3  Experimental setup

The trained model underwent validation in two distinct 
phases. The first phase involves a preliminary validation, 
using data from a synthetic dataset generated with a virtual 
mannequin that differs from the one used to create the train-
ing dataset. This validation process compared the model’s 
predicted angle values against the actual angles of the 

Table 1  Accuracy obtained from the examined models
Upper Arm dx [%] Upper Arm sx [%] Lower Arm dx [%] Lower Arm sx [%] Neck [%] Trunk [%] Media [%]

SGDClassifier 54.27 54.46 66.32 65.75 70.53 69.89 63.54
LinearSVC 54.52 54.00 65.84 66.26 69.86 71.92 63.69
Kern. Approx. 39.67 40.08 66.10 65.94 30.15 29.29 45.20
KNeighbours 75.11 74.39 66.17 65.05 73.30 85.76 73.30
 MLP 94.14 94.05 89.47 89.95 90.55 96.33 92.14
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system, tf-pose-estimation. This allowed the extraction of 
key point coordinates from the video frames. The set of 
coordinates then underwent the same procedures of normal-
ization, feature extraction, and scaling with a StandardScaler 
as the training dataset, after which it was provided as input 
to the evaluation system to generate ergonomic assessments 
frame-by-frame. These assessments were similarly reduced 
to second-by-second evaluations using arithmetic averag-
ing. This ensured the same number of ergonomic evalua-
tions for both systems, enabling direct comparison.

The arithmetic averaging assumed that the movements 
in the dynamic test were relatively slow rather than rapid, 
allowing for minimal (if any) variation in ergonomic evalua-
tions between frames within the same second. This assump-
tion is particularly valid for the XSens system at 60 FPS (16 
ms between frames), where the acquisition is much faster 
than the average human reaction time (around 250 ms), but 
it also holds true for the video system at 30 FPS (33 ms). 
For the static test, where subjects remained stationary, this 
issue did not arise.

The comparison between the trained model and the 
XSens system for validation purposes was performed using 
accuracy, calculated as the ratio between the correct predic-
tions (TP, True Positives) and the total observations (N):

accuracy = TP

N
• 100� (2)

Finally, it is important to note that the model predicts the 
partial results of the RULA method (i.e., Right and Left 
Upper Arm, Right and Left Lower Arm, Neck, and Trunk). 
To obtain the ergonomic evaluation in terms of Grandscore 
and RULA Risk Level, the modifiers discussed before must 
be added. Therefore, the validation would not be complete 
without this final step.

To achieve this, a comparison was conducted between 
the Grandscore and Risk Level values obtained through the 
XSens system and the trained model. All modifiers and the 
partial score related to the wrists (currently not covered by 
the model) were set to their respective minimum allowable 
values for both systems. A summary of the values predicted 
by the system and those manually input is presented in Table 
2.

3.2.1  Static postures

For the validation with static postures, 15 subjects were 
involved, comprising 8 men and 7 women aged between 27 
and 37 years (mean age 31.3 years) with varying heights 
and weights. The subjects posed in 19 different postures; 
for each posture, only one angle was imposed and measured 
using an orthopaedic goniometer before data acquisition 

for ergonomic evaluation. The following body parts were 
specifically chosen, considering the left and right sides of 
the body separately:

	● Upper Arm: assessing flexion/extension and abduction 
angles.

	● Lower Arm: assessing elbow flexion angle.
	● Neck: assessing flexion/extension angle.
	● Trunk: assessing flexion/extension angle.

The angles were calculated using algorithms specifically 
developed by the sensor manufacturer for processing the 
data recorded by the MoCap system.

Simultaneously, the subjects were recorded using stan-
dard RGB cameras (Microsoft LifeCam Studio, set to record 
at 720p and 30 FPS) to obtain videos for evaluation by the 
system under study. The positioning of the cameras relative 
to the subjects will be discussed in later subsections.

Given the difference in acquisition frame rates between 
the two systems (30 FPS for the cameras and 60 FPS for the 
XSens system), a synchronization procedure was required. 
The XSens system was started first. Then, one of the cam-
eras was used to record the screen of the PC running the 
XSens software, specifically the section displaying the cur-
rent frame number. Once this was captured, the camera was 
repositioned to the predetermined acquisition point, and the 
static or dynamic postures were initiated. The recording 
was not stopped until all poses were completed. This setup 
allowed the XSens frame corresponding to the first frame of 
each video to be read.

Knowing that the two systems have a frame rate ratio of 
2:1, synchronization of the two acquisitions was achieved. 
If the initial XSens frame in the first frame of a video is 
fx0, any subsequent XSens frame fx corresponding to a 
given video frame fv can be calculated using the following 
formula:

fx = 2fv + fx0� (1)

In this way, once the video segments to be analysed were 
extracted, it was possible to identify the corresponding 
XSens segments, establishing a correlation between the two 
systems.

The angular measurements provided by XSens were then 
processed by a Python script to compute ergonomic evalua-
tions frame-by-frame. Finally, given the 2:1 frame rate ratio 
between the XSens system and the system under evaluation, 
the frame-by-frame evaluations were aggregated into sec-
ond-by-second evaluations by averaging the values within 
the same second.

For the video system under evaluation, the video seg-
ments were first processed by the AI-based RGB MoCap 
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their right arm, then their left arm, bending over to view the 
interior of the box. After completing these tasks, the box 
was closed and returned to its original position.

Next, the subject picked up a second box, this time placed 
to their left, performing similar operations to those carried 
out with the first box. Once the sequence of simulated tasks 
was completed, the closed box was placed on top of the first 
box. Finally, the subject returned to a standing, upright pos-
ture in front of the table.

The simulated task (lasting 48 s and repeated twice) was 
recorded simultaneously from three different viewpoints 
(shown in Fig. 6), with the videos synchronized by turning 
on a light bulb used as a “clapperboard.”.

The first camera, with a frontal view, was placed on the 
other side of the desk, 2 m away from the subject and 1.5 m 
above the ground. The presence of the desk between the sub-
ject and the camera obstructed the view of the lower body 
from the waist down, introducing significant occlusion.

The second camera, with a lateral view, was positioned at 
the same distance and height as the first but to the subject’s 
right. The absence of visual obstacles allowed a full view of 
the subject during all phases of the task.

The third camera, with a diagonal view, was placed at 
an intermediate point between the frontal and lateral views. 
This perspective introduced less occlusion than the first 
camera (typically only the body portion below the knees 
was occluded) but allowed simultaneous observation of 
both lateral angles (e.g., trunk flexion) and frontal angles 
(e.g., shoulder abduction), albeit from a viewpoint that was 
not orthogonal to any anatomical plane. The other two cam-
eras, positioned perpendicular to the coronal and sagittal 
planes respectively, only captured angles expressed within 
these planes.

The layout of the dynamic test is shown in Fig. 7. The 
measurements obtained from the XSens and the trained 
model were reduced to second-by-second measurements 
following the procedure described earlier, resulting in 
N = 48 samples, one for each second of video duration.

3.3  Results

This section provides the results for both the angular and the 
ergonomic assessment validations.

3.3.1  Angular assessment validation

Results for both the static and the dynamic tests are pre-
sented in Table 4, and the confusion matrices related to such 
results are presented in Appendix B. The static posture data 
from the three subjects were aggregated for analysis since 
they were recorded from the same viewpoints. The results 
of these analyses reveal that the model demonstrates good 

began, while the other angles were left free. This ensured 
that each posture always had at least one angle consistent 
across participants.

The postures (shown in Fig. 4), named after the imposed 
angle, were recorded from either a frontal or lateral view 
depending on the case, as detailed in Table 3. The camera 
was positioned 2 m away from the subject, mounted on 
a tripod, and set at a height of 1.5 m to capture the entire 
human figure. The change between frontal and lateral views 
was achieved by rotating the subject rather than moving the 
camera, which remained stationary. The layout is depicted 
in Fig. 5.

The second-by-second measurements obtained through 
the previously described procedure were further averaged. 
Specifically, all values corresponding to the same posture 
were averaged together, as no differences were observed 
within the same second due to the static nature of the pos-
tures under examination. As a result, N = 19 ergonomic 
evaluations were obtained for each subject.

3.2.2  Dynamic postures

The validation with dynamic postures involved the same 
15 subjects from the static posture test, recorded while 
performing a simulated work task in a laboratory setting. 
The task required the subject, standing in front of a table, 
to move to their right to pick up an empty box placed on a 
support 1 m above the ground. Once the box was picked up, 
it was placed on the table. The subject then opened the flaps 
of the box and simulated operations inside it, first inserting 

Table 2  Summary of the predicted values and those manually entered
Modifiers/Parameters Value
Upper arm position Predicted by the model
Raised shoulder 0
Abducted shoulder Predicted by the model
Supported arm 0
Lower arm position Predicted by the model
Arms across the midline 0
Wrist position 1
Wrist lateral bending 0
Wrist twist 0
Upper body muscle use 0
Upper body load 0
Neck position Predicted by the model
Neck twist 0
Neck lateral bending 0
Back position Predicted by the model
Back twist 0
Back lateral bending 0
Supported legs 1
Lower body muscle use 0
Lower body load 0
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was completely occluded in 16 of the 19 postures analysed, 
the accuracy is lower, at 74.86%. The neck evaluation shows 
marginally sufficient accuracy, at 50.55%, confirming the 
issues already identified during the preliminary validation 

accuracy in estimating elbow angles, with values of 87.43% 
for the right elbow and 95.22% for the left elbow.

The accuracy for the left shoulder, which was consistently 
in view, is 92.62%. In contrast, for the right shoulder, which 

Fig. 4  Postures considered in static validation
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Overall, the results demonstrate satisfactory performance 
of the model, aligning in most cases with the observations 
made during the preliminary validation phase.

3.3.2  Ergonomic assessment validation

Regarding the final verification with RULA Grandscore and 
Risk Level, the static postures resulted in accurate RULA 
Grandscore predictions at 74.73%, with a corresponding 
accuracy for RULA Risk Level at 77.87% (Fig. 8).

For dynamic postures, the diagonal view produced the 
best results, with a Grandscore accuracy of 76.88% and a 
Risk Level accuracy of 87.63% (Fig. 9). This was followed 
by the lateral view, with a Grandscore accuracy of 74.73% 
and a Risk Level accuracy of 77.87% (Fig. 10). Lastly, the 
frontal view showed the lowest performance, with a Grand-
score accuracy of 31.12% and a Risk Level accuracy of 
54.59% (Fig. 11).

4  Discussion

The preliminary validation of the model demonstrated good 
overall model performance. However, it also highlighted 
a clear limitation: the model’s inability to make accurate 
predictions for the Neck segment. This limitation may be 
attributed to two factors: (i) the movements of the training 
mannequin’s neck are limited in amplitude, given the nar-
row range of motion considered by the RULA method. This 
reduces the variability of training data related to the neck 
compared to other segments and (ii) the eyes are always 
positioned relatively close together, especially when viewed 
from a non-frontal perspective. As a result, the midpoint 
between the eyes (used to calculate the neck angle) remains 

phase. Finally, the accuracy for the back is high, at 90.71%. 
Overall, the model’s performance for static postures is good, 
with an average accuracy across all segments of 81.90%.

For the analysis of data from the dynamic tests, each 
viewpoint (diagonal, frontal, and lateral) was analysed 
separately, though data from the two different videos were 
aggregated. The best average performance was observed 
for the frontal view, with an average accuracy of 75.68%. 
The system achieved good overall accuracy, with values 
of 88.27% and 78.57% for the right and left shoulders, 
respectively, and 90.31% and 98.98% for the right and left 
elbows, respectively. However, the accuracy for the neck, at 
50.51%, is only marginally sufficient, while the back shows 
even lower accuracy, at 47.45%.

Following the frontal view, the lateral view ranks second 
in performance with an average accuracy of 72.24%. The 
accuracy values for the right and left shoulders (73.01% and 
80.98%, respectively) are good, as are those for the right 
and left elbows (87.40% and 82.78%, respectively). In this 
case, the accuracy for the back is also high, at 86.38%. 
However, the neck accuracy is notably poor, with a value 
of just 22.88%.

The last viewpoint analysed is the diagonal view, whose 
results reveal the lowest average accuracy (71.15%). In this 
case, the segment with the best performance is the back, 
with an accuracy of 90.86%, while the lowest accuracy is 
once again observed for the neck, at 25.27%. The calculated 
accuracy for the elbows remains high (89.25% for the right 
and 83.87% for the left), as does the accuracy for the left 
shoulder, at 81.18%. However, the right shoulder shows a 
modest accuracy of 56.45%.

Table 3  Details of the examined postures
Postures Frontal Lateral
shoulderExt20 x
shoulderFlex20 x
shoulderFlex45 x
shoulderFlex90 x
sshoulderAbd45 x
elbowFlex60 x
elbowFlex100 x
neckExt10 x
neckFlex0 x
neckFlex10 x
neckFlex20 x
neckBend20 x
backFlex0 x
backFlex20 x
backFlex60 x
backFlex90 x
backBend20 x
kneeExt30 x
kneeExt60 x

Fig. 5  Layout of the static test 
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overall performance, with the highest average accuracy 
among the three viewpoints. However, examining the indi-
vidual segment scores reveals that this higher average is 
driven by slightly better scores for shoulders and elbows 
compared to the diagonal and lateral viewpoints, as well 
as a higher neck score. What stands out most is the score 
for the back, which is the lowest of all (both compared to 
the other two viewpoints and to the static tests). There are 
two potential reasons for this low score: (i) the frontal view-
point does not allow the system to capture meaningful back 
angle values, which cannot be accurately estimated from 
this perspective and (ii) the frontal viewpoint was the most 
occluded.

The human figure was indeed not visible below the waist, 
making it difficult for the upstream MoCap model to esti-
mate the position of the knees, which are necessary for cal-
culating the back angle.

Conversely, the higher neck score for the frontal view-
point among the three perspectives seems to confirm the 
earlier hypothesis regarding the proximity of the eyes. The 
frontal viewpoint allows for a clearer separation between 
the right and left eyes, resulting in improved precision in 
detecting their positions.

The other two viewpoints, diagonal and lateral, show 
higher scores for shoulders, elbows, and back compared to 
the frontal view. What drastically lowers the average accu-
racy for these two viewpoints is the extremely low score 
for the neck. The fact that the lowest neck angle accuracies 
were observed in the two viewpoints where distinguishing 
between the two eyes is most challenging, once again sup-
ports the previously formulated hypothesis. This is further 

confined to a small neighbourhood of a fixed position, fur-
ther limiting the variability of neck-related data. Support-
ing this hypothesis, the standard deviation of neck angles 
in the training dataset is 28.22°, the lowest among all seg-
ments (Back = 32.41°, Right Shoulder = 44.76°, Left Shoul-
der = 44.77°, Right Elbow = 50.41°, Left Elbow = 50.59°).

The validation with real data from static postures con-
firmed the good performance observed during the pre-
liminary validation (even surpassing it) and once again 
highlighted the model’s inability to predict accurate values 
for the neck.

For the validation with real data from dynamic postures, 
different considerations arise depending on the viewpoint 
analysed. The frontal viewpoint appears to lead to better 

Table 4  Results of the angular analysis for static and dynamic tests
Test Right Upper Arm Left Upper Arm Right Lower Arm Left Lower Arm Neck Trunk
Static 74.86% 92.62% 87.43% 95.22% 50.55% 90.71%
Frontal 88.27% 78.57% 90.31% 98.98% 50.51% 47.45%
Lateral 73.01% 80.98% 87.40% 82.78% 22.88% 86.38%
Diagonal 56.45% 81.18% 89.25% 83.87% 25.27% 90.86%

Fig. 6  Framing considered in the test with dynamic postures

 

Fig. 7  Test layout with dynamic postures
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around 90%, which is approximately double that of the 
frontal view.

Analysing the formulation of the RULA method reveals 
that neck and back angles have equal weight in the final 
evaluation. Consequently, it becomes apparent that it is 
preferable to have at least one of these angles with high 
accuracy, even at the expense of the other, rather than hav-
ing two similar values with accuracies around 50%.

evidenced by the lateral viewpoint, where the eyes overlap 
the most, yielding the lowest neck accuracy, albeit slightly.

Regarding the accuracy of the RULA Grandscore and 
Risk Level, an interesting phenomenon emerges: the view-
point producing the generally best partial results (the fron-
tal one) results in the worst performance. While the lateral 
and diagonal viewpoints have neck accuracies roughly half 
that of the frontal viewpoint, they exhibit back accuracies 

Fig. 8  Final RULA values for static postures

 

Fig. 9  Final RULA values for dynamic postures, diagonally framed
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However, it should be noted that obtaining a frontal 
viewpoint is often impractical in an industrial manufactur-
ing context. As demonstrated in [49], the easiest viewpoints 
to achieve are the lateral (to some extent) and especially the 

As a result, the slightly higher accuracy for neck and 
back in the diagonal viewpoint compared to the lateral 
viewpoint leads to higher accuracies for the Grandscore and 
Risk Level, with the Risk Level approaching 90%.

Fig. 10  Final RULA values for dynamic, laterally framed postures

 

Fig. 11  Final RULA values for dynamic postures, frontally framed
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wearable sensors, due to the vast amount of data that would 
need to be collected.

The innovative elements of this paper are then the 
development of the so-called “inductive approach” when 
measuring physical ergonomics in a real manufacturing 
environment and the adoption of a synthetic dataset to train 
a Machine Learning model based on such approach. The 
validation of the obtained model highlighted good results, 
achieving nearly 90% prediction accuracy and using a sin-
gle viewpoint.

Potential future developments include:

I.	 transitioning to frameworks better suited for production 
environments, such as TensorFlow. This shift would 
enable the use of advanced optimization algorithms for 
training the neural network, potentially improving its 
robustness and accuracy.

II.	 testing the system in a real industrial manufacturing 
environment to assess its actual performance.

III.	 developing a system that accounts not only for varying 
viewpoints but also for the distance between the camera 
and the subject.

Furthermore, the model has only been tested in a labora-
tory setting. Its actual performance will become evident 
once tested in real industrial manufacturing environments. 
Although qualitative testing has indicated some robustness 
to occlusion for certain viewpoints, this aspect requires fur-
ther investigation.

Lastly, while the training dataset included a broad repre-
sentation of viewpoints, giving the model some robustness 
to variable perspectives (though certain viewpoints remain 
“preferential” due to their ability to provide a more complete 
observation of the posture), the issue of variable camera-to-
subject distance remains unresolved. In the case of viewpoints, 
imagining the subject enclosed in an observability sphere, the 
sphere can be divided into sectors, each corresponding to a 
viewpoint. If these viewpoints overlap slightly, the resulting 
dataset can reasonably approximate the range of possible per-
spectives from which a posture might be observed.

The situation is different for camera-to-subject distance, 
as it is not feasible to define in advance the lower and upper 
limits of the distance at which the subject will be observed. In 
other words, the range of the sphere’s radius cannot be prede-
termined, making it challenging to build a dataset covering all 
scenarios. However, since we have trained our model on body 
angles and not limbs length, it is possible to assume that the 
distance won’t substantially impact the model’s performance, 
given that angles are invariant with the distance.

diagonal, which is also the most comprehensive in terms 
of captured angles. Despite only capturing apparent angles 
(due to perspective distortion), it is therefore not surprising 
that the diagonal viewpoint produces the best results.

5  Conclusion

The dynamic nature of modern production, with frequent 
workstation changes, task variability, and the integration 
of collaborative robots, challenges the maintenance of 
proper posture and the prevention of work-related muscu-
loskeletal disorders (MSDs). As the workforce ages, con-
sidering the variability of working capacities will become 
even more critical. Human Factors must be integrated into 
the design of machines and systems to reduce ergonomic 
risks and improve efficiency. Amongst the Human Factors, 
ergonomics specifically addresses the measurement of 
physical ergonomics, providing tools for ergonomic vali-
dation during workstation design and for monitoring work 
postures to enhance the physical ergonomics of existing 
workstations.

The objective of this paper was to develop a novel “induc-
tive” approach to applying Deep Learning technologies for 
monitoring physical ergonomics in industrial manufacturing 
contexts as an alternative to the more traditional “analyti-
cal” approach widely adopted in the literature. The goal of 
the inductive approach is to address the main issue of the 
analytical approach, i.e., perspective distortion.

A system based on the inductive approach observes 
posture in a holistic manner: the angles extracted from the 
posture are not used as inputs for a set of equations charac-
terizing the selected evaluation method. Instead, they serve 
as an objective description of the posture as a whole.

Such system, therefore, does not perform mathematical 
calculations on the angles but “observes” them and based 
on this observation predicts the ergonomic evaluation. The 
advantage of this approach is that, if the system is trained 
on a representative dataset of postures captured from a suf-
ficient variety of angles, the issue of perspective distortion 
becomes negligible. Additionally, with appropriate data 
augmentation procedures applied to the dataset, the problem 
of occlusion can also be mitigated.

Training such a model requires a large and balanced 
training dataset capable of enabling the learning of the cor-
relation between an observed posture and its corresponding 
ergonomic evaluation. However, obtaining such a dataset is 
complex and scarcely feasible when considering the need 
to sample postures of real individuals, for example, using 
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angles collections (i.e., the postures). The script combines 
the relevant risk categories and then generates random 
angles for each class in each posture. Finally, it writes the 
postures and their corresponding angles to a JSON file. 
Each mannequin had its own JSON file containing different 
angles for each posture.

The mannequin posing, camera management, and coordi-
nate acquisition were implemented in Unity [56], a graphics 
engine commonly utilized for creating video games and inter-
active applications. In Unity, the virtual mannequins previ-
ously rigged in MakeHuman were imported in FBX format, 
and the following procedures were performed for each of 
the mannequins. A set of C# scripts handles all the required 
functions. The overall system architecture is shown in Fig. 13 
Specifically, upon importing the mannequin (“Character”), 
two scripts are activated: #DrawPlane and #ComputeAngles.

The first script provides the calculation functions (and 
drawing functions, solely for debugging purposes) for the 
three anatomical planes perpendicular to each other that 
pass through the human body (visible in Figs. 14 and 15): 

	● Sagittal Plane: divides the human body into right and 
left sections. Its normal is represented by the red line in 
Fig. 15; 

	● Coronal Plane: divides the human body into ventral and 
dorsal sections. Its normal is represented by the blue line 
in Fig. 15; 

	● Transverse Plane: divides the human body into upper 
and lower sections. Its normal is represented by the 
green line in Fig. 15;

Appendix A - Synthetic dataset creation

The creation of virtual mannequins was carried out using 
the MakeHuman software [62], specifically through its 
MassProduce plugin. This tool generated 100 mannequins 
of various genders and skin tones, limited to the age range 
of the working population. A selection of the mannequins is 
shown in Fig. 12.

This procedure ensures that the variability of anthro-
pometric proportions of the human body is respected in 
a real application context. Once created, each mannequin 
was equipped with the “CMU” rig, available among those 
offered in MakeHuman. This rig was chosen because it rep-
licates the virtual skeleton produced by MoCap tools such 
as OpenPose or tf-pose-estimation We then developed a 
Python script to handle the generation of the 3-dimensional 

Fig. 12  Sample of the mannequins created with Mass produces 

 

Fig. 13  Flowchart of the application developed in Unity 
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(calculated by #CMUJoints) using a proportional-integral-
derivative (PID) feedback mechanism.

The adoption of a PID control system was motivated by 
the fact that, while the target angles are expressed in the 
coordinates of the anatomical planes, Unity can control the 
mannequin’s joints around the X, Y, and Z directions of a 
local reference system attached to each joint. Rather than 
implementing an analytical rotation system based on trans-
formation equations, a closed-loop control was preferred.

In this process, the errors calculated by the various PID 
modules are communicated to the #Rotator script, which is 
responsible for rotating the limbs until the target posture is 
achieved.

The management of viewpoints is handled by the #Cam-
eraManager script. This script, inspired by [63], performs 
roto-translations of the camera around the virtual manne-
quin, which is thus placed at the centre of an “observability 
sphere” (Fig. 16). The camera captures the virtual manne-
quin from three heights:

	● At a height corresponding to the mannequin’s neck; 
	● At a height H1 corresponding to the mannequin’s knees;
	● At a height H2 above the neck equal to the distance be-

tween the mannequin’s knees and neck.
For each height, the camera completes a full rotation 

around the mannequin in 45° increments, while maintaining 
a constant distance from the virtual mannequin. For each 
increment, the camera captures the 2-dimensional coordi-
nates of the virtual mannequin’s limbs. Consequently, with 
8 images captured per height, the total number of captures 
per posture amounts to 24. Figure 17 shows an example of 
the virtual mannequin from the 24 captures for the first pos-
ture, while Fig. 18 displays the same example with the skel-
eton of the same mannequin.

Finally, the #AcquisitionManager script handles the fol-
lowing tasks:

	● Instructing #PoseManager to retrieve the next posture 
from the JSON file, thereby triggering the mannequin 
posing process.

	● Instructing #CameraManager to move to the next 
viewpoint.

	● Acquiring the 2D coordinates of the virtual mannequin’s 
key points within the resulting image from the current 
viewpoint.

As previously mentioned, each JSON file (one for each 
mannequin) contained 14400 different postures each. 
Considering the 24 images captured for each posture, the 
resulting dataset comprised 345,600 records, one for each 
combination of posture and viewpoint, acquired over 
approximately 40 h for each mannequin. At the end of the 

The second script calculates ergonomic angles by pro-
jecting them onto the anatomical planes. Subsequently, 
the #CMUJoints script retrieves the positions of the CMU 
model’s key points from the mannequin and calculates the 
actual ergonomic angles using the functions provided by the 
two previous scripts. The output of this script is thus a set 
of actual ergonomic angles characterizing the mannequin’s 
current posture.

Simultaneously, the #PoseManager script reads tar-
get postures from a JSON file containing the target angles 
and communicates them to the #Poser script. The #Poser 
script transmits the corresponding target angle to PID mod-
ules (one for each controllable joint of the mannequin). 
Each #PID script calculates the error between the target 
angle (provided by #Poser) and the actual ergonomic angle 

Fig. 15  Representation of anatomical planes 

 

Fig. 14  Normal vectors of the anatomical planes as drawn in Unity
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acquisition process, the datasets were saved in CSV format 
for further processing.

The operations for data augmentation, normalization, 
feature extraction, and creation of training labels were 
performed using Python scripts. To prepare the evaluation 
model for the “occlusion” scenario, the dataset was dupli-
cated, and for each duplicated record, one key point (ran-
domly chosen) was removed, simulating the absence of a 
key point due to occlusion. To prepare the model for the 
“acquisition uncertainty” scenario, the original dataset was 
duplicated again, with each coordinate shifted horizontally 
(for x-coordinates) or vertically (for y-coordinates) by a 
random amount within the interval [0; ϵ ], with ϵ = 2px.

Fig. 18  Example with the skel-
eton relative to the virtual man-
nequin of the 24 shots relative to 
the first posture

 

Fig. 17  Example with the virtual 
mannequin of the 24 shots of the 
first posture

 

Fig. 16  Sphere of observability
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the ergonomic evaluation model compatible with MoCap 
models other than OpenPose or tf-pose-estimation. Normal-
ization was performed using the following equations:
{

x
′ = x/432

y
′ = y/368 � (3)

Finally, based on the normalized coordinates, the following 
apparent ergonomic angles were calculated for each posture 
during feature extraction (as shown in Fig. 20):

	● Neck angle α : measured between the segment connect-
ing the midpoint between the hips and the base of the 
neck, and the segment connecting the base of the neck 
to the midpoint between the eyes.

	● Back angle β : measured between the segment connect-
ing the midpoint between the knees and the midpoint 
between the hips, and the segment connecting the mid-
point between the hips to the base of the neck.

	● Right and left arm angles γ : measured between the seg-
ment connecting the midpoint between the hips and the 
base of the neck, and the segment connecting the shoul-
der to the elbow.

	● Right and left elbow angles δ : measured between the 
segment connecting the shoulder to the elbow, and the 
segment connecting the elbow to the wrist.

These angles constitute the 6 features of the training 
datasets for the Machine Learning models.

To create labels for the dataset we adopted the RULA 
method. This ergonomic assessment method, once scores 
are assigned to the various joints, requires the application of 
modifiers to such scores. After applying the modifiers and 
consulting lookup tables, the final ergonomic evaluation is 
obtained. Acquiring these modifiers is either entirely impos-
sible to automate with MoCap alone (e.g., the weight of a 
lifted object) or pertains to movements (e.g., neck torsion) 
that are not easily detectable with current technologies. 
Therefore, the choice was made to monitor only the ergo-
nomic scores that can be directly measured by the tool (i.e., 
the scores associated with ergonomic angles), leaving it to 
the ergonomist to apply the modifiers later to obtain the final 
evaluation. It follows that the tool, configured this way, can-
not immediately provide a complete ergonomic evaluation 
but rather only a measure of the incorrectness of the pos-
ture itself. Nevertheless, this measure is valuable in a work 
operations monitoring context: if a purely angular posture 
discrepancy is detected, the ergonomist is promptly notified 
and can intervene by focusing solely on the flagged posture. 
This allows the ergonomist to determine whether the issue 
is due to an incorrect posture adopted by the worker or a 
poorly designed workstation.

At the end of the data augmentation phase, each original 
dataset was thus tripled. This approach was inspired by the 
one described in [64].

Subsequently, to eliminate the “image size” factor, the 
datasets were normalized. Specifically, the image size cap-
tured in Unity is 432 × 368px, chosen to match the cropped 
image size produced by tf-pose-estimation, with the refer-
ence system located at the top-left corner of the image, the 
x-axis pointing to the right, and the y-axis pointing down-
ward (Fig. 19). The coordinates are thus within the ranges:
{

0 ≤ x ≤ 432
0 ≤ y ≤ 368

The normalization of coordinates to a [0; 1] range on 
both axes allows the image size to be disregarded, making 

Fig. 20  Representation of the angles constituting the training features

 

Fig. 19  The image reference system
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Appendix B

previously used for posing the virtual mannequin (i.e., the 
3-dimensional angles collections), ensuring that each pos-
ture is assigned a correct ergonomic evaluation regardless 
of the camera’s viewpoint.

By combining the datasets obtained after feature extrac-
tion with the labels, the training dataset was created, compris-
ing 345600 postures*3 repetitions = 1036800 records, 
each characterized by 6 features and 6 labels. Considering 
that we created 100 different mannequins, and that each 
mannequin has its own features dataset and labels dataset, 
by combining all of them we obtained a master training 
dataset of 10368000 records. The master dataset is the one 
on which we trained the neural network.

The dataset records are thus labelled not with a single 
label (i.e., the RULA Grandscore) but with a set of labels, 
namely:

	● Left and right Upper Arm;
	● Left and right Lower Arm;
	● Neck;
	● Trunk;

for a total of 6 labels per record.
Naturally, these ergonomic evaluations should not be 

calculated based on the apparent ergonomic angles but 
rather on the real ones. These angles were the same ones 

Fig. 21  Confusion matrix for the static angular accuracy test
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Fig. 23  Confusion matrix for the dynamic angular accuracy test (shot with lateral viewpoint)

 

Fig. 22  Confusion matrix for the dynamic angular accuracy test (shot with frontal viewpoint)
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