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Abstract

Laborious and repetitive tasks in industrial assembly stations have become one of
the major causes of non-communicable diseases among industrial workers. As a solu-
tion, many companies have decided to automate these stations and replace the human
worker with robots, often creating a sense of insecurity among workers and society.
Nevertheless, robots lack the ability and creativity to adapt dynamically in changing
environments, a quality well-developed in humans. Thus, collaborative robots arise as
an innovative solution to combine humans’ and robots’ strengths while maintaining a
good production pace and a safe environment.

Within this framework, this study aims to enhance safety and efficiency in human-
robot collaboration environments and avoid traditional fixed robot programming. To
achieve this, proactive eye-gaze, a behavioural pattern where eye fixations precede
actions, shows a promising potential as a predictive cue for human actions to control
the robot movements, which, in combination with an ABB GoFa collaborative robot
and the Pupil Labs Neon eye-tracking glasses, a replica of an electric vehicle car bumper
assembly station has been constructed.

The developed system has successfully integrated robot dynamic motion, while main-
taining safety measures, and a YOLOv11 model able to detect several targets in the
assembly station. The result of this approach has been studied in a survey with 17
volunteers, proving the reliability of the system for proactive eye-gaze-based tasks. Be-
sides, a total system latency of 500 ms has been measured, being well below the mean
proactive eye-gaze interval of 795 ms, laying down the foundation for future research
based on human-robot collaboration dynamic environments.

Keywords: Human-Robot Collaboration, Ergonomics, Collaborative Robots, Com-
puter Vision, Proactive Eye-Gaze, Object Detection, YOLOv11, Sensitivity Analysis.
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1. Introduction

In the scope of the Fifth Industrial Revolution (5IR), the human worker and their well-
being become the central point of industrial processes. One of the major di erences
concerning the Fourth Industrial Revolution (4IR), includes the combination of human
strengths, namely exibility and creativity, with technological strengths, for example,
speed or e ciency (Noble et al.,, 2022). An interesting example of this type of hu-
man and machine strengths combination involves Human Robot Collaboration (HRC).
The present project describes the combination of HRC, Computer Vision (CV), and
Machine Learning (ML) to enable safe collaboration between humans and robots using
Proactive Eye-Gaze (PEG) in industrial environments.

1.1. Background

The use of Electric Vehicles (EVs) in the general automotive industry has been growing
rapidly throughout the last decade. To comply with the European Union (EU) net-zero
CO, emissions target, as stated by Wachsmuth et al. (2022), the adoption of EVs is
crucial to achieve these objectives. According to the European Environment Agency
(2023), the transportation sector lies among the highest contributors of Green House
Gas (GHG) emissions. Thus, the consumption of EVs and the production have scaled
signi cantly, as can be observed in Fig. 1.1.

Figure 1.1: New Registration of EVs throughout the years, from the European Envi-
ronment Agency (2023).

The general sentiment towards EVs adoption is also increasing, as stated by Vanhaver-
beke et al. (2024). In detail, these authors comment that up to 37% of the no-battery
(hybrid) EV drivers are interested in acquiring one. 33% of people who do not drive
an EV yet plan to do so in a period from now up to 5 years in the future. The main
reasons this report mentions as to why people are increasingly more interested in EVs
are:

Climate friendliness.



Driving characteristics (i.e. comfort, quietness).
Economic incentives (i.e. subsidies or costs).

In order to accommodate for an expected growth in EVs demand, both infrastructure
and manufacturing processes need to adapt to the peculiarities of producing EVs. For
instance, EVs need to t many more communication buses to be able to control the
vehicle, as stated by Murmann and Schuler (2023). This process is made manually by
operators in factories, often comprising high load forces on arms and hands, resulting
in wear and tear injuries, making wire harness installations among the most common
causes of ergonomic issues in car manufacturing (Billing et al., 2024). As an innovative
approach to tackle the issues that may concern workers' safety, collaborative robots
arise as a possible solution to this scenario. For example, in Polonara et al. (2024),
a Case Study is presented in which the integration of collaborative robots allowed for
greater exibility and capabilities within the production process. In Patil et al. (2023),

a comprehensive study of thestate-of-the-art in collaborative robot development is
presented, as well as the integration into di erent industries. These authors also men-
tion the need for standardisation and regulation, as well as challenges that arise when
working with these devices. In Tokodoy et al. (2020), the use of collaborative robots
demonstrates an improvement in the exibility on metalworking in the automotive
industry, while maintaining a high level of security for the workers.

Collaborative robots are designed to work with humans, but their current programming
paradigms often rely on xed motion planning with pre-de ned way-points. This means
that the user must adapt to the robot's movements and intentions instead of having the
robot adapt to the user's movements and intentions. In this context, El Zaatari et al.
(2019); Matheson et al. (2019) mention that HRC research often focuses on providing
the robot with additional functionalities, such as visual perception, action recognition
or intent prediction. These functionalities would enable the possibility for the user to
a ect the robot's behaviour, either directly or indirectly.

Emerging research suggests that PEG (the tendency of humans to xate on a target
for approximately 700 ms before their hand makes contact with it) could play a key
role in enabling HRC (Billing et al., 2024). This early xation often coincides with
the initiation of a goal-oriented action and has been identi ed as a potential predictor
of the user's intent. Authors such as Admoni and Srinivasa (2016) argue that the
predictive nature of PEG may allow collaborative robots to better anticipate and align
with human action, thus facilitating smoother coordination between human and robot.

Previous work, such as a demonstrator that includes eye-tracking with an ABB GoFa
robot, has explored the feasibility of PEG in cable assembly tasks. (Ballesteros and
Luque, 2024). This implementation employs image recognition techniques to identify
targets and coordinate the robot's movement with the user. Although promising, the
study does not fully assess the system's usefulness or performance. A key aspect that
is not addressed in Ballesteros and Luque (2024) is latency (the delay between gaze
xation and robot response), which plays a critical role in ensuring smooth, real-time
collaboration. In gaze-powered HRC, even small delays can hinder coordination, espe-
cially in highly dynamic environments where user focus can shift quickly. This thesis
builds upon the previous demonstrator, and aims to enhance adaptability, e ciency
and safety of collaborative robots in an industrial environment. In order to achieve

2



this, enhancements on the safety aspects, robot programming, latency evaluation and
studying the image recognition model's performance under changes in its structure and
parameters are proposed.

1.2. Problem Statement

Noble et al. (2022) states that the 5IR focuses on the well-being of society, companies,
customers, and workers, embracing human-machine collaborations to take advantage
of the bene ts of each other's capabilities. In this scenario, collaborative robots, also
called cobots, arise as an innovative solution to assist the human worker in repetitive or
laborious tasks by sharing the same workspace and collaborating to achieve a specic
goal. In comparison with other types of robots, cobots usually involve lower speeds,
collision detection techniques, as well as other features to enhance safety between the
operator and the mechatronic device (Lasota et al., 2017).

Lasota et al. (2017) catalogues several attempts for safe HRC in control, planning
and prediction techniques. For instance, some safety techniques through prediction
are based on calculating human actions or predicting human movements through the
cell. In both cases, the system is not prepared for sudden or dynamic changes, as
the human may take more time on a certain task or not move in the most e cient
way (Lasota et al., 2017). In addition, Matheson et al. (2019) enumerates several
sensors for safe HRC as vision, position-controlled, impedance control or admittance
control. However, position-controlled systems or impedance control are slowly falling
short, owing to higher complexity and lower adaptability. In this scope, Matheson
et al. (2019) summarises that vision in HRC is indeed the prevalent sensor due to the
exibility and a ordability of these systems.

Despite the use of the sensors and prediction techniques mentioned above, cobots
usually remain programmed with a xed sequence of steps and pre-de ned waypoints
to perform in collaboration with the human worker, but without taking into account

the actions and status of the operator (El Zaatari et al., 2019). This situation may

in uence the productivity and safety of the operator due to the human having to keep

in mind the robot's movements to adapt accordingly at all times, instead of being the
robot that adapts its motion to human activities. (Matheson et al., 2019)

The lack of adaptability in dynamically changing environments could be solved by
using advanced prediction techniques. As Lasota et al. (2017) presents, prediction
techniques in Human Robot Interaction (HRI) have been shown to be useful for safe
HRC, even though a consistent study must be carried out for each specic task and
environment. For example, Rerez-D'Arpino and Shah (2015) results reveal how a low-
con dence task-level predictor can deteriorate prediction performance. Other studies,
such as the one developed by Ryoo (2011), use Red Green Blue (RGB) videos to predict
human activities by an integral histogram distribution that is determined by analysing
points of interest in successive frames. However, these systems focus on probabilistic
prediction methods, which might not predict human action with su cient con dence.

Another example of this technology is provided by Koppula and Saxena (2013), com-
bining Red Green Blue - Depth (RGB-D) cameras with a conditional random eld to



anticipate human activities. In this model, the conditional random eld is made of
nodes that represent human actions, positions, objects and sub-activities (drinkable,
reachable...) (Koppula and Saxena, 2013). Despite its high accuracy (up to 84%), this
model uses the dataset CAD-120, formed by video sequences in RGB-D format, which
limits the exibility of the system to the variety of the dataset.

In this context, recent work by Billing et al. (2019) provides PEG as a potential cue
for anticipating human activities and improving safety in HRC. With this method,
the operator would be responsible for communicating which actions the cobot should
perform by indirect methods without the need for external cameras or sensors and only
using eye-tracking devices (Ballesteros and Luque, 2024). Apart from PEG exibility
for a wide variety of systems, Billing et al. (2024) points out that PEG is stronger than

it was initially thought on repetitive tasks, which makes it suitable for a wide variety of
systems to increase safety and improve interaction with automation technology (Billing
et al., 2024).

1.3. Aim and Objectives

Acknowledging the current cobots' limitations to adapt in dynamic environments and
the promising potential of PEG in this eld, this thesis seeks to answerHow will
using eye gaze to control a robot a ect the user's sense of control and safety perception
in HRC environments? To answer this research question, the main objective of this
thesis is to enhance the adaptability, e ciency, and safety of collaborative robots by
leveraging PEG as a predictive cue for human actions. Thus, to achieve this goal, this
project has been divided into three more speci ¢ objectives:

1. Improve the robustness and speed of target identi cation through comparative
analysis between di erent models of Convolutional Neural Networks (CNNs) us-
ing YOLO. Success will be de ned as correctly implementing the models and
evaluating their performance. A comparative study among all models is needed,
and a justi cation for the chosen model moving forward.

2. Measure system latency, ensuring a more seamless transition from gaze xation
to robot motion. Success will be determined by the system's capability to provide
information on its latency, as well as ensuring that it's able to provide real-time
responses.

3. Design an e ective safety mechanism that allows the robot to promptly abort
actions when the operator's focus shifts, striking a balance between operational
continuity and safety. Success will be de ned by the mechanism's ability to
consistently prevent unsafe motions while avoiding unnecessary stops in work ow.

By achieving the mentioned objectives, user prediction will be improved to reduce the
number of false positives and false negatives, as well as abort actions safely. Neverthe-
less, it is important to notice that accuracy and latency are objectives that may not
coincide. For example, in CNN implementation, using a larger model could enhance
accuracy while increasing latency, denoting that a balance between these two objectives
must be considered. Therefore, to achieve the desired objectives, the following tasks
have been carried out:



Reproduce the Ballesteros and Luque (2024) setup and measure the system's
latency.

Create a new dataset with more images to have more variability and diversity in
the training phase.

Perform a sensitivity analysis on relevant parameters for a CNN to determine the
best con guration of hyperparameters, as well as measure the latency and the
model's performance.

Compare all CNN models and evaluate them according to their performance and
latency, and justify which model is better according to the results.

Design and implement safety mechanisms that conform to current standards and
ensure that these mechanisms do not compromise either operational continuity
or safety.

Perform a survey evaluation with volunteers to measure the users' sense of con-
trol/trust, stress, and safety perception, and verify the system performance.

1.4. Scope and Limitations

The present project is based on a solution implementation for wire harness assembly
of electric car vehicles by combining CV, eye-tracking, ML and collaborative robots.
Still, several limitations exist regarding the current technology without developing new
collaborative robots or eye-tracking systems from scratch.

The project seeks to implement a CNN for a mini car bumper target detection and
control of cobot motions to assist the human worker in the wire assembly upon those
targets. Keeping this in mind, an ABB GoFa 15000 cobot provided by Hegskolan

i Skevde and placed at ASSAR Innovation Arena is used. In addition, several re-
quirements are needed for this collaborative robot, including the robot programming
software RobotStudio and an operator to set up and assemble the electrical connections
in the robot station.

To build up the workplace, a mini car bumper and a robot tool are 3D printed. For
the building part of this workplace, 3D lament provided by our supervisor and the
FlashForge Adventurer 5M Pro 3D printer located at Hegskolan i Skevde Portalen are
used.

Likewise, to track the user's gaze, the Pupil Labs Neon and Pupil Labs Invisible eye-
tracking glasses are used, whose data streams will be processed in real-time with a
Python script for target detection on a Windows 11 laptop with an NVIDIA GeForce
RTX 2070 Graphics Processing Units (GPU). This system will be based on a CNN
trained with Google Colab by using YOLO.

With these requirements in mind, it should be noted that the technological limitations
might in uence the e ectiveness and accuracy of the system, as well as taking into
account the limited time for the project.



1.5. Sustainability and Ethics

The Sustainable Development Goals (SDGs) (Nations, 2015), shown in Fig. 1.2, are
based on three pillars: ecology, economy, and society. In ecology, the sustainability
de nition of the UN's Brundtland Commission (1987) stands out as the capacity to
maintain an ecological balance using only the resources necessary to guarantee the
well-being of current and future generations. On the other hand, the SDGs also take
into account a part of social sustainability; the aim is to improve social welfare by
reducing inequalities and making health and education more accessible. Finally, the
SDGs similarly aim to reduce economic inequalities while investing in research and
development.

Figure 1.2: Sustainable Development Goals (Nations, 2015).

This project supportsObjective 3: Good Health and Well-beinigy developing a possible
solution for reducing musculoskeletal disorders in repetitive or laborious tasks. With
this proposal, the robot will be responsible for applying forces and lifting heavy loads
instead of being the human worker who performs those tasks, which may injure them.
Moreover, this project encourage®bjective 9: Industry, Innovation, and Infrastruc-
ture by researching and developing solutions that enhance and support a sustainable
industry and its technology. Besides these objective§bjective 12: Responsible Con-
sumption and Productioncould be enhanced by promoting safer and more e cient work
environments. For example, within HRC particular improvements arise compared to
traditional production based entirely on the human operator, or purely robotic, due
to combining the strengths of human exibility and creativity with the robot's ability

in repetitive tasks, lifting heavy loads, or operating within hazardous environments
(Hentout et al., 2019).

Likewise, in this implementation of HRC, current operators of the production line
could carry out the same task, after receiving a short explanation of the new system,
which would avoid losing the knowledge of the most experienced workers. In addition,
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the use of collaborative robots in the work environment could change society's view
of robots, not as a job-taking threat (Coeckelbergh, 2022), but as a companion to
make manual labour more comfortable. On the other hand, as Das and Maiti (2024)
mention, eye-tracking systems can improve sustainability by reducing human errors,
due to humans causing around 60-80% of industry accidents. In this line, Suresh et al.
(2025) strives to use eye-tracking systems for monitoring workers' performance and
tracing the information acquired by these from the plant environment, and checking

their actions and decisions in the eld. Nevertheless, PEG and eye-tracking systems
can also be used outside the industrial area. As Li et al. (2019) reports, eye-tracking
systems have received great attention to detect real-time human fatigue while driving,
watching videos or performing surgical operations.

It is paramount to say that this project can serve as a basis for future research in HRC
regarding human tasks in close contact with hazardous substances or repetitive tasks
that may injure workers. However, the system used in this project raises several ethical
issues. Matthias (2004) address the social question of who is responsible when such
systems cause damage to property or humans. Whereas in the traditional industry, the
responsibility fell on the operator in the case of a production error or on the supplier in
the case of a mechanical failure within certain terms and guarantees, with the advent
of Al and ML, this situation is aggravated due to the operator not being able to predict
the behaviour of the system (Matthias, 2004).

As Callari et al. (2024) mentions, it is still to be further investigated the psychological
impact of this type of system on humans as it can create a sense of insecurity and
fear with robot ine ciencies, errors, or incidents. This may produce insu cient worker
trust in the system, intervening and taking control of the situation, whereas over-trust
could prevent the operator from acting in an error-driven situation (Callari et al.,
2024). Nevertheless, in this HRC implementation, workers' mistrust of the robot could
be reduced by combining the knowledge of experienced workers with this innovative
technology. Thus, workers would be able to monitor the work environment and deduce
whether the robot's behaviours are appropriate for the task at hand.

Furthermore, another ethical issue that could arise within the scope of this project
is based on the constant monitoring of the user's movements and activities with the
eye-tracking system. A company with low morale could use this service to monitor its
workers, measuring their productivity and even penalising them for their behaviour,
as was the case with the Amazon report (Ockenfels-Martinez and Boparai, 2021) and
the French Data Protection Authority regulatory countermeasures (European Data
Protection Board, 2024). Likewise, the user's psychological state and how it would be
a ected by the monitoring uncertainty should be studied. Therefore, volunteers and
workers who might utilise this technology must be made aware of the data processing
operations. As well as only collecting personal data essential to the project or work
(European Parliament and Council, 2016). To avoid uncontrolled company monitoring
of workers, the eye-tracking system could only work with real-time data without storing
recordings or unnecessary data. However, if recording such activities is necessary, access
to the data could be restricted to only be accessible by the user who took the data.

As the EU regulations establish in the General Data Protection Regulation (GDPR),
it is mandatory for the authors of this project and other people who make use of this



study to inform (in a language and terms understandable by all) about the details of
the methods used for tracking, surveillance of operators, methods used for pro ling,
assessment of the ethics risks about data processing and explanations as to how the
data will be safeguarded (European Parliament and Council, 2016). In other words,
this project, and its future uses, must be based on transparency, which involves com-
municating, and documenting appropriately all the personal data, as well as the data
sets and processes associated with Al decisions, and ensuring that people are aware
that they are interacting with an Al system which does not lead to dehumanization or
subordination (Commission, 2021).

1.6. Overview of the Thesis

Chapter 1 contains a brief introduction to the thesis, as well as the aim de nition of
this project. In Chapter 2, the basic theoretical knowledge to understand the study is
given, whereas in Chapter 3, previous similar studies are shown, and listed in Section
3.3. Further on, in Chapter 4, the research process used to carry out this thesis is
explained. The following Chapter 5 describes the procedures and steps taken during
the project, which results are revealed in Chapter 6. Furthermore, an analysis of the
results obtained in this project is shown in Chapter 7. Finally, conclusions and possible
future work of this thesis are presented in Chapter 8, together with the contribution
of each author to the project in Chapter 9.



2. Theoretical Framework

In this chapter, several concepts about ML and CV necessary to understand this Project
are de ned. Additionally, it is required to brie y introduce the way eyes move, how
eye-trackers emerged, and their uses. Furthermore, an explanation about robots, HRC
and its safety measures is carried out.

2.1. Machine Learning Techniques

According to Smith (2018), ML consists of building mathematical models based on

available data that can be used to issue predictions or other studies. ML techniques
are usually divided intoregressionor classi cation problems. Regression problems are

those whose output variable is numerical (integer or real numbers), whereas classi ca-
tion problems are those whose output variable is categorical. This author also mentions
2 types of ML algorithms. Essentially, ML can be divided into 2 subcategories:

Supervised Learning: Consists of dividing the input data into 2 groups: train-
ing data and testing data. The purpose of this approach is to evaluate the
correctness of the model by using a subset of the available data for training the
model and then assessing its performance using the testing data. Usually, one
should consider taking about 75% of the available data as training data, and the
remainder as testing data, as stated by Smith (2018). However, this is a general
rule (useful for good enough models), but depending on the speci c problem at
hand, other proportions may be more suitable. It is necessary to take into con-
sideration that taking a very high proportion of the available dataset (i.e. 95% -
99%) is not recommended as there is a risk of falling into aver tting problem.
This means that the model adjusts too closely to the training data and is unable
to correctly predict outputs which do not resemble the training data as much.
The opposite case involves taking too little training data, which can yield a low
performance of the ML model since there was not enough data for the model to
be accurate enoughuynder tting ). Looking into the 2 previous cases described,
there will be an optimal proportion of the training dataset for which the model
performance will be maximised. This has to be studied on a case-by-case basis,
as it is highly dependent on the nature of the data used, as well as the model
used to make the predictions.

Unsupervised Learning:  For this case, the data used to build the ML model

is not divided into training and testing. As it is explained by Smith (2018),
the focus is not on the accuracy of the models to make model predictions, but
instead to \learn" the properties of the data used. Some examples of unsupervised
learning algorithms include: K-means for clustering data into distinct groups
and obtaining a centroid that represents the whole clustePrincipal Component
Analysis which uses a diagonalization of the covariance or the correlation matrices
of all variables to use those that are more relevant (eigenvectors associated to the
highest or lowest eigenvalues).



2.1.1 Neural Networks

In ML, Arti cial Neural Network (ANN) are systems made up of a collection of neurons
(or nodes) that are interconnected. Resembling how a biological neural network works,
as stated in Alexander (2020), each interconnection has an associated weight that
represents the strength of a certain connection. These weights are optimised to replicate
as closely as possible the training data, in a process calledrning.

As it was previously mentioned in Section 2.1, the concept of training and testing data
arises in the context of supervised learning, where ANN are often used. Once the
weights are calculated, the model's tness is assessed in the testing process.

The structure of an ANN can be seen in Fig. 2.1. It mainly consists of 3 components:

A

Input layer: Neurons that take data from the dataset.

A

Output layer:  Single neuron that acquires a certain value depending on the
input data and the weights.

Hidden layer/layers: Neurons that are between the input and output layer,
whose interconnections are determined by the weights.

The number of neurons in the input layer corresponds to the number of variables that
are used as predictors of the desired variable, whereas there is only one neuron in the
output layer.

Figure 2.1: Structure of an ANN, image obtained from Alexander (2020).

According to Smith (2018), the activation function is used in the interconnections
between input and output layers to integrate the non-linearity of the present dataset.
There is a variety of activation functions that can be used, but the most popular are
sigmoid tanh andrecti ed linear unit . The 2 rst-mentioned functions are bounded (i.e.
they can adopt values between 2 bounds or limits), and saturate for larger or smaller
values. This can cause a problem callecanishing gradient which limits algorithms'

e ectiveness in weight optimisation. On the other hand, under certain conditions of
the dataset, usingrecti ed linear unit may cause problems of losing the non-linearity.
Despite this issue, since calculating this function is less computationally expensive than
computing either sigmoid or tanh functions, nowadays variations of theecti ed linear
unit functions try to mitigate this problem.
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The activation functions discussed previously can be observed in Fig. 2.2.

Figure 2.2: Historic activation functions.

When applying ANN to any classi cation or regression problem, it is essential to choose
an appropriate architecture, as well as utilise a su cient amount of training data. For
instance, using di erent amounts of neurons per hidden layer or having a di erent
number of hidden layers can modify the results, depending on the speci c problem.
Hyperparameter tuning is the process in which these parameters regarding the ANN
and the training dataset, among others, are decided based on the performance that has
each combination of hyperparameters. This process can be computationally expensive
(depending on the resolution of the analysis and the number of hyperparameters that
can be considered), but once the ANN is properly trained and the hyperparameters
are tuned, the resulting performance of the model is higher.

2.1.2 Computer Vision

Within the context of ML, CV encompasses a series of techniques and algorithms that
solve similar classi cation problems to those solved by general ML techniques. The
main challenge CV coped with when it was rst tackled, was to try to convey all the
relevant information from an image to a series of inputs that could be fed, for example,
into an ANN. In fact, according to Smith (2018) and Asad et al. (2020), trying to
transform 2D information (i.e. an image or even sound) into 1D data proves to be a
di cult task. Thus, a di erent approach is needed.

According to Dadhich (2018), some problems that can be tackled via the use of CV
are the following:

A

Image Recognition (IR): Consists of classifying the image content in di erent
classes. For example, a model that can di erentiate between images of apples
and tangerines.

" Object Detection (OD): This problem has a larger level of complexity, as not
only does it need to be able to recognise certain elements within an image, but
also generates some Region of Interest (ROI) that are bounded closely to the
detected object. Applications for these problems vary, from self-driving cars to
robotics or smart tra ¢ management.

" Object Tracking (OT) : This problem consists of not only being able to recog-
nise certain elements within a given image (or video speci cally) but also keeping
track of them. Applications, amongst others, are robotics and surveillance

11



Dadhich (2018) mentions other problems such as Image Segmentation (I1S), Image
Geometry (IG) and Image Generation (IGEN), but for the purpose of this report,
these problems are not as relevant.

CNN are a type of ANN that allows for easy extraction of information from 2D data
such as images, which can be used to solve problems such as those mentioned previously.
Again, according to Dadhich (2018), Asad et al. (2020), and Smith (2018), CNN uses a
process called convolution across the image to extract features from it. In this process,
a Iter or kernel with limited size is used to compute the convolution (similar to a
dot product) across di erent sections of the image. The contents of this kernel can be
learnt to extract di erent features. Similarly to other ANN algorithms, an activation
function is applied to the result of the convolution. Once the process is completed for
the whole image, a resulting data pool with sizél W K, H being the height of
the image,W being the width of the image, andK being the number of kernels. This
process can be repeated multiple times, depending on how many convolutional layers
are desired. The number of positions that a kernel is shifted in vertical or horizontal
directions across the image is de ned as the stride.

In Fig. 2.3, an overview of the process used in a CNN algorithm is presented.

Figure 2.3: CNN Overview (Alexander, 2020).

Once the convolution is completed, another process called pooling takes place. In
this process, from a collection of pixels in the output of the previous stage, either the
maximum or the average is computed, thus reducing the total number of inputs of the
next layer. This not only helps reduce the computational cost of the algorithm, but
also helps in extracting the most signi cant features of each section of the image. Fig.
2.4 shows how the pooling process takes place.

Then, a fully connected layer is attached to the output of the pooling layer, which is a
traditional ANN. From the output given by this fully connected layer, a classi cation
is provided.

In the process of OD, according to Dadhich (2018), some di culties may arise when
trying to apply a CNN algorithm to detect some object or a feature in an image:

Occlusion: Targets that are partially hidden may cause a loss in the number of
features that can be extracted from within the image itself.
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Distortion:  If the object is observed from di erent points of view, its shape or
size may appear dierent to how it looks in the training images of the model.
This can cause either a missclassi cation or an incorrect classi cation of a target,
although it can be solved by increasing the image pool from the training dataset.

Blurring e ect:  In certain applications, such as drone piloting, self-driving cars
or even in industrial robot contexts, objects in movement may appear blurred,
which can make it di cult to extract certain features, such as shapes, edges, or
others.

Figure 2.4: Pooling process (Alexander, 2020).

As stated in Dadhich (2018), there are essentially 2 collections of CNN algorithms that
are used in the context of OD:

~

2-stage detectors: The process is divided into 2 distinct steps.

1-stage detectors: The process is simpli ed in a single step. The computational
cost is reduced, and the time it takes to classify certain objects is reduced (less
latency). This proves crucial for real-time applications, even though there is a
trade-o between accuracy and latency.

A popular algorithm used as a 2-stage detector Baster Region-based Convolutional
Neural Network (R-CNN). The rst stage consists of extracting the most relevant
features from the image and proposing a certain ROIl. Then, on the second stage,
there is a classi cation process for the ROIs that were proposed, and bounds for these
regions are ne-tuned. The probabilities of the predicted class are also computed in
this stage. An overview of the process fdfaster R-CNN can be consulted in Fig. 2.5.

For 1-stage detectors, a popular algorithm called Single Shot Multi-box Detector (SSD)
is used. In this algorithm, the intermediate process of proposing the ROI is eliminated.
The proposals for the ROI are calculated directly from the feature extraction process.
At the same time, the classi cation and class probability are calculated (Dadhich,
2018). As previously mentioned, the performance of SSD algorithms in terms of com-
putational cost is better than that of 2-stage detectors. On the other hand, the accuracy
of SSD algorithms can be worse than that of 2-stage detectors. An illustrative example
is exhibited in Fig. 2.6
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Figure 2.5: Faster R-CNN algorithm stages by Ren et al. (2015).

As shown in Fig. 2.6, the SSD accuracy is worse, and can even miss some objects, such
as the bus partially occluded by a car. This accuracy di erence should be considered
when trying to solve an OD problem and its context. For instance, let's say an applica-
tion for OD in which there are many objects to detect, that can be easily missable. If
accuracy is the focus of the problem (that is, a misclassi cation can be risky or have a
serious impact), a 2-stage detector such &aster R-CNN should be used. In contrast,

if the OD problem has fewer objects, or if it can be considered that the objects that are
detected are su ciently distinct themselves, or even if accuracy is not that important

to consider from a certain threshold, maybe a SSD detector can be used. On most
real-time applications, however, SSDs are often used, which is important to consider
in the context of this report.

Figure 2.6: Faster R-CNN and SSD comparison (Dadhich, 2018).
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2.2. YOLO

Ultralytics (2024) o ers You Only Look Once (YOLO) as a modernstate-of-the-art
model capable of running in real-time that can be used to solve several CV tasks, such
as Image Segmentation and OD. Since the year 2015, when YOLOv1 was released,
there have been multiple iterations up to YOLOv11, released in September 2024. The
documentation provided Ultralytics (2024) presents many tutorials and examples on
how to run YOLO models, as well as performance comparisons between the di er-
ent models. This documentation presents di erent modes of function of the YOLO
framework:

Train: Allows to adapt the model to di erent or custom datasets. In this mode,
the di erent hyperparameter values can be introduced by the user.

" Val: Validate (evaluate) the performance of the model against a testing dataset.
Useful when doing hyperparameter tuning.

" Predict: To be used when deploying the model to make predictions. In this
mode, the already trained model is fed images or videos, and the output of the
model is the class and location of the di erent entities in said image or video.

Export: This mode is used to convert the model into a compatible format for
other software to use.

A

Track: Used to perform video tracking tasks.

A

Benchmark: This mode is used to assess the model's speed and accuracy.

Since OD is going to be the focus of this thesis, the following paragraphs will explain
from a general point of view the process of training and validating YOLO models.

2.2.1 Training and Hyperparameter Settings

According to Ultralytics (2024), the training mode of YOLO models allows for making
use of several GPUs to be able to scale the process to larger datasets. Additionally,
modifying the di erent hyperparameters for training is a straightforward process, by
just specifying the di erent values on the con guration line, as presented in Tab. 2.1.
In Tab. 2.1, not all con guration settings are presented, but those presented are the
most relevant to this project.

Data augmentation can also be baked into the training process directly by con guring
hyperparameters in a command line. Some of the settings can be reviewed in Tab. 2.2.

De ning which hyperparameter change needs to be implemented, and their concrete
values are not trivial. Depending on the nature of the problem, some hyperparameters
will be more relevant than others. Since the performance of YOLO models is problem-
dependant, a study on its performance and speed must be conducted on a case-by-case
basis. This will be studied in the following chapters, as it is part of the practical part

of the thesis.
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Argument

Type

Default
Value

Description

model

str

None

Sets the speci ¢ model to be trained. Useful
for comparing di erent models.

data

str

None

Sets the path to the .yaml le that contains
the training con guration le. This le con-

tains information about the location of the
training and validation dataset, the number
of classes, and class de nitions among oth
ers.

epochs

int

100

Number of training epochs. A training epoch
is de ned as a complete cycle in which the
model is trained each time.

time

oat

None

Maximum training time (hours).

patience

int

100

Maximum number of epochs that the mode
should run through before stopping if no
improvement on the validation stage is
achieved.

batch

int

16

Number of training samples processed in the
training phase before the weights are up
dated. Smaller batch sizes divide the training
dataset into more instances.

imgsz

oat, int or
list

None

Image size for training. Higher image siz
can help in getting better predictions at a
higher computational cost.

(D

val

bool

True

Enables validation to keep track of the time
evolution of the performance of the training
process.

seed

int

Sets a seed to initialise pseudo-random algo-
rithm, helping with reproducibility.

deterministic

bool

True

Forces use deterministic algorithms, which
helps reproducibility at the cost of worse ac:
curacy.

device

int, str or
list

None

Sets what hardware to use in training (can
use a list variable if several devices are to he
used).

multi _scale

bool

False

Changes imgsz in the training process to help
in cases where the image size can change.

Table 2.1: Training mode con guration settings from Ultralytics (2024).
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Range e
Argument Type (default) Description
hsv_h oat (()6001;3) 1.0 Changes hue value of the image to include
' more colour variability. Helps with di erent
light conditions.
hsv_s oat ?607) R Changes the saturation value of the image to
) simulate di erent lighting conditions.
hsv.v oat (()(')07) - 10 Changes the brightness of the image to sim-
' ulate di erent lighting conditions.
degrees oat -118%060(0 O)- Randomly rotates image to include highel
' ' variability.
translate oat ?601) - 10 Randomly translate image to include higher
' variability.
scale oat 0.0 (0.5) | Randomly scales the image to simulate ob-
jects further from the camera.
shear oat -1153%060(0 0)_ Randomly shear the image to simulate dif;
' ' ferent viewpoints from the camera.
perspective | oat 8882 © O)- Randomly applies a perspective transforma-
' 7 | tion to the image.

Table 2.2: Hyperparameter con guration settings from Ultralytics (2024).

Additionally, models will have di erent performance and speed depending on the prob-
lem. However, as stated in Ultralytics (2024), it is possible to compare di erent versions
of YOLO when evaluating them with the same dataset. This comparison is what is
presented in Fig. 2.7.

In Fig. 2.7, there is a comparison among di erent YOLO versions. The independent
variable is the latency of the model to make a prediction when an image is fed. There
are di erent variants of YOLO studied (i.e. n, s, m, |, and x, standing for nano, small,
medium, large, and extra large respectively), each one being the most appropriate to
each specic project. The dependent variable is thenean Average Performance 50-
95, which is a measurement of the model's performance. For real-time applications,
performance, as well as speed, are important, so by using smaller models it is possible
to keep a low latency while maintaining a good enough performance.
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Figure 2.7: YOLO's performance on COCO dataset for di erent versions, from Ultra-
lytics (2024).

2.3. Eye-Tracking

Eye-tracking is a technique or procedure that is commonly found in many applications
such as cognitive science, psychology, marketing or engineering (Kuo et al., 2009).

As stated by Kuo et al. (2009), eye-tracking is de ned as the process of determining the
Point of Gaze (POG) and/or the eye motion relative to the user's head. Eye-trackers
are devices made for this purpose, and rely on detecting the actual presence of an eye,
and then calculating the POG. According to Hansen and Ji (2010), once the existence
of eyes in an image is determined, the position of either the pupil centre or the iris
centre is used to determine the POG. In Section 2.3.2 an overview on the di erent
techniques for eye-detection and POG estimation are presented.

2.3.1 Eye Movements

Tobii Technology (2010) divides the visual area provided by the eyes into three regions:
the foveal area, the parafoveal area, and the peripheral area presented in Fig. 2.8. The
foveal area comprises the region where details are clearly de ned. On the contrary,
the peripheral area, which is the largest part of the visual eld, provides blurry and
less colourful images due to it being better adapted to detect movements and register
contrasts between colours and shapes. The parafoveal area includes the region between
the foveal and the peripheral area, becoming blurrier the closer it gets to the periph-
eral area (Tobii Technology, 2010). A representation of the foveal, parafoveal, and
peripheral areas is presented in Fig. 2.8.
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Figure 2.8: Foveal, parafoveal, and peripheral areas.

As Tobii Technology (2010) explains, the foveal region constitutes less than 8% of the
visual eld, making it hard to get a detailed image of an object or scene. In this scope,
to achieve a high-resolution image of the scene, the eyes combine a mix of xations, the
time interval during which the eye movement is stabilised on a speci c area of the visual
eld (Pupil Labs Team, 2023), and saccades, the rapid movements between xations,
to map the scene and get the best possible image of that region (Tobii Technology,
2010). In addition, xations and saccades allonsmooth pursuitto compensate for
head or object movements to keep the image stationary on the retina. Besides these,
xations and saccades also prevent objects from fading perceptually with movements
called microsaccadestremors, and drift (Tobii Technology, 2010).

Drews and Dierkes (2024) describe that standard algorithms for xation detection are
based on thresholding either gaze velocity or gaze dispersion. In this project, the
xation detection is featured by using the Pupil Labs Neon eye-tracking glasses. As
reported by Pupil Labs Team (2023), the Pupil Labs xation algorithm employs the
Identi cation by Velocity Threshold (I-VT) algorithm to classify all samples with a
gaze velocity below a threshold as a xation.

2.3.2 Eye-Trackers Operation

As mentioned in Hansen and Ji (2010), eye detection can be achieved via 3 di erent
approaches:

Shape based: This approach consists on using the eye's common geometric
properties to detect if there is an eye in the image being analysed. To do so,
a geometric model is developed and a similarity measure is used to establish a
threshold beyond which it can be considered that there is an eye in the image. The
geometric model can be either rigid or deformable. Fig. 2.9 shows a geometric
model for eye-detection. (Hansen and Ji, 2010)

Feature based: This approach uses speci c eye features to determine eye pres-
ence in a given image. Including the limbus, pupils or cornea re ections, these
features are usually less sensitive to either illumination conditions or viewpoint

distortion. (Hansen and Ji, 2010)

Appearance based: Consists of using the pointwise response of the image to a
series of lters or even a certain colour distribution in the image. The analysis can
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be performed in either in spatial or transformed domain (transformed domains
are usually less sensitive to illumination changes) (Hansen and Ji, 2010).

Figure 2.9: Shape based eye detection model, from Hansen and Ji (2010).

According to Al-Rahayfeh and Faezipour (2013), the methods mentioned above are
encompassed in what is known a€omputer Vision based Eye-Tracking Other ap-
proaches, such as using ANN to determine the pupil position, can be used, but it is not
feasible to accomplish this task for real-time applications. The authors mention that
corneal re ection points are often used to determine POG, via calculating the vector in
space between the corneal re ection and the pupil's centre. Fig. 2.10 shows 2 corneal
re ections in an infrared frequency.

Figure 2.10: Corneal re ection points, from Al-Rahayfeh and Faezipour (2013).

POG is de ned as the intersection of the 2 visual axes with the 3D environment. The
optical axis is de ned as the vector that connects the fovea (region of the retina where
the visual acuity is maximum) and the nodal point of the eye (centre of the cornea).
Since the optical axis and the visual axis are not fully coincident, a method to infer
the visual axis from the optical axis is needed (Young and Sheena, 1975; Guestrin and
Eizenman, 2006).

In Guestrin and Eizenman (2006), a model to calculate the POG is presented, using a
model with 1 or several point light sources and 1 or more pinhole cameras. By applying
the laws of re ection and refraction for the light beams with the cornea, it is possible
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to determine the visual axis. Fig. 2.11 shows a model with 1 light source and 1 camera.
In this gure, the points at which the re ection and refraction in the eyes are shown,
as well as the optic and visual eye declination.

Figure 2.11: Ray traced model for 1 light source and 1 pinhole camera, from Guestrin
and Eizenman (2006).

2.3.3 Pupil Labs Neon

Pupil Labs Neon, Fig. 2.12, is an eye-tracking system designed to power specic
research and to enable eye-tracking applications, which works for every environment
and every subject without a need for calibration (Baumann and Dierkes, 2023). Pupil
Labs Neon works with the Neon module, Fig. 2.13, a small device attached to the
glasses that contains several components to gather the necessary data to track eye gaze.
Based on Baumann and Dierkes (2023) list, the Neon module contains the following
sensors and cameras:

A

Eye cameras: Consists of a binocular pair of infrared cameras with two 850 nm
infrared Light Emitting Diodes (LEDSs) to capture eye videos.

" Infrared LEDs: A set of two LEDs, each located on an arm of the module to
illuminate the eyes of the user even in dark environments.

Scene Camera: A front-facing camera located at the centre of the module to
capture scene video. It also includes a microphone to capture audio, optionally.

" ICM-20948: A 9 Degrees Of Freedom (DOF) Inertial Measurement Unit (IMU)
by InvenSense, which includes an accelerometer, a gyroscope, and a magnetome-
ter to capture inertia, acceleration, rotational speed, magnetic orientation, roll,
pitch, and yaw.

~ Indicator LEDs: A series of LEDs to indicate issues or the condition of the
module.

21



Figure 2.12: Pupil Labs Neon glasses by Baumann and Dierkes (2023).

Figure 2.13: Neon module and its components (Baumann and Dierkes, 2023).

To use the Pupil Neon glasses, these need to be connected via a USB-C cable to
the companion device, an Android smartphone that provides power, storage and data
processing for the glasses, only being compatible with a couple of options from the
market, including the OnePlus 8, OnePlus 8T, OnePlus 10 Pro, and Motorola Edge
40 Pro (Baumann and Dierkes, 2023). In this project, the Motorola Edge 40 Pro
smartphone is used, which can achieve around 4 hours of continuous recording time.

Although the Neon glasses are ready to use from the second you put them on, for some
wearers, there may be a constant o set in their gaze estimation due to di erences in the
Inter-Eye-Distance (IED) and other biological di erences between humans (Baumann
and Dierkes, 2023). These parameters and others can be stored on a wearer pro le
for each user in the Pupil Cloud, a web-based eye-tracking platform for data logistics,
analysis and validation, only accessible by the project owner (Baumann and Dierkes,
2023). Automatically, after nishing a recording, it will be uploaded to Pupil Cloud

for further data processing with several enrichments and visualisation features.

Furthermore, Baumann and Dierkes (2023) has developed an Application Programming
Interface (API), a set of rules and protocols to allow di erent software applications
to communicate with each other for eye-tracking data in real-time, start and stop
recording through remote devices, and save events (a timestamp in a recording with a
certain name) (Baumann and Dierkes, 2023). By using the Neon API, it is possible to
access the di erent data streams provided by the sensors of the Neon Module within
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the same local network, although not all data streams are available in real time. Below,
there is a description by Baumann and Dierkes (2023) of each accessible data stream:

A

Eye videos: (Real-time) Infrared videos at 200 Hz and a resolution of 192x192
px, recorded by the eye cameras, one for each eye.

Scene video: (Real-time) Video of the environment recorded by the scene cam-
era at 30 Hz and a 1600x1200 px resolution with a Field Of View (FOV) of
102x77.

Gaze: (Real-time) The Neon Companion App can provide gaze data up to 200
Hz, depending on the companion device that is being used. The local origin of
the gaze coordinates is in the top-left corner of the image.

Fixations and Saccades: (Non-Real-time) Information about the xation and
saccades are calculated automatically in the Pupil Cloud after the recording n-
ishes. However, blinks can introduce false saccades because the xation detector
cannot compensate for blinks.

3D Eye-States: (Real-time) Position and orientation (millimetres) of the eyes
in 3D space with a frequency of up to 200 Hz. Nevertheless, this data ow is
computationally expensive, which can a ect the sampling rates of other sensors.

Pupil Diameters: (Real-time) Pupil diameters data up to 200 Hz for each eye
in millimetres.

Blinks: (Non-Real-time) Movement pattern of blinks is provided once the video
has been uploaded to Pupil Cloud. Blink rate and blink duration are correlated
with cognitive processes, making it very interesting for physiological signals.

Audio: (Non-Real-time) Available in Pupil Cloud after the video has been up-
loaded. Audio recording is disabled in the Neon Companion App by default.

IMU Data: (Real-time) A fusion engine combines the values from the accelerom-
eter, the gyroscope, and the magnetometer to provide the Neon modwdeabso-
lute orientation relative to the world coordinate system based on the magnetic
north (positive y-axis), and gravity (negative z-axis) as a quaternion with a fre-
guency of 110 Hz. Euler angles (Roll, Pitch, and Yaw) are also available from
Pupil Cloud.

Likewise, in Ballesteros and Luque (2024) thesis, the Neon eye-tracking glasses prede-
cessor, the Pupil Labs Invisible eye-tracking glasses were used, Fig. 2.14, developed by
Tonsen et al. (2020), together with the OnePlus 8T companion device. The Pupil Labs
Invisible combines a variety of sensors that allow for eye videos, gaze, xations and
saccades, blinks, scene video, audio, or IMU measurements, even though it lacks some
of the newest technological advancements included in the Pupil Labs Neon (Tonsen
et al., 2020).
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Figure 2.14: Pupil Labs Invisible glasses by Tonsen et al. (2020).

2.4. Human Robot Collaboration

The initial concept of collaborative robots was invented by Colgate et al. (1996) as pas-
sive devices operated by humans, although they were quite di erent in comparison to
modern robots, such as the rst commercial collaborative robot in 2008, the UR model
by Universal Robots (2025), or the CRB 15000 by ABB Robotics (2023). Currently,
collaborative robots can be de ned as robots that share the same workspace as humans
and interact together safely to accomplish collaborative tasks (El Zaatari et al., 2019).

Cobots are seen by many authors as a natural evolution of industrial robots because
of their exibility, reprogrammability, lower costs, and e cient use of factory space
(Matheson et al., 2019; Ranavolo et al., 2021). Despite these bene ts, the International
Federation of Robotics (IFR) considers that HRC is still in its infancy due to several
complex issues, such as the safety systems, ethical concerns, or lower throughput than
traditional systems caused by the speed limitations of cobots (Matheson et al., 2019).
Nevertheless, these issues have not stopped the rise of cobots in industrial environ-
ments during recent years, reaching a maximum of 10.5% of industrial robots installed
worldwide in 2023 (IFR, 2024).

As Michalos et al. (2015); Matheson et al. (2019) state, cobots also must include sev-
eral technological and ergonomic requirements, ranging from force and torque sensors,
force limits, vision systems (cameras), laser systems, anti-collision systems, recogni-
tion of voice commands, and/or systems to coordinate the actions of human operators
with their motion. With these features, several authors have tried to classify cobots
according to their level of collaboration with humans. However, there does not seem
to be a consensus on the division into these levels of collaboration. The most accepted
division is presented by the IFR (2024) in ve levels showcased in Fig. 2.15 and stated
below as:

A

Fenced work cell:  The human and the robot perform independent tasks in
separate workplaces with fences.

Coexistence: The human and the cobot share the same environment, although
they do not interact with each other.

Synchronised: The human and the robot work together in the same environ-
ment but at di erent times.
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Cooperation: The human and the cobot share the workspace while performing
simultaneous actions on shared tasks.

Responsive cooperation: The human and the cobot work together in the
same tasks; thanks to special sensors and vision systems the action of the one
has immediate consequences on the other (Matheson et al., 2019).

Figure 2.15: Levels of collaboration of cobots (IFR, 2024).

241 ABB GoFa CRB 15000

The ABB CRB 15000 GoFa robot, Fig. 2.16, is a six DOF collaborative robot designed
for industrial environments (ABB Robotics, 2023). The GoFa cobot includes a safety-
certi ed category 3 PL d due to its rounded shape, the use of torque sensors on each
joint, an immediate stop whenever it senses any contact with a human worker, and the
SafeMove Collaborative mode, among other features. In total, there are three di erent
models of the GoFa robot, each of them with di erent sizes and arm loads, which are

represented in Tab. 2.3.
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Figure 2.16: ABB GoFa CRB Figure 2.17: GoFa CRB 15000 5 wrist

15000 5. reach distance (ABB Robotics, 2023).
Speci cation GoFa 5 GoFa 12 GoFa 10
950 (wrist) 1050| 1270 (wrist) 1520 (wrist)
Reach (mm) (ange) 1370 (ange) 1620 (ange)
Up to 14 Kgon | Up to 12 Kg on
Payload Up to 5 Kg a wrist-down a wrist-down
con guration con guration
1 (mounted on | 1 (mounted on | 1 (mounted on
Arm load (kg) axis 4) axis 2, 3 or 4) axis 2, 3 or 4)
Number of 6 6 6
axes
Protection IP54 IP67 IP67
Mounting Any angle, including table mounting, wall mounting,
and ceiling mounting
Controller OmniCore C30 | OmniCore C30 | OmniCore C30
Average
Power  Con- 250W 250W 250W
sumption
Force control, Force control, Force control,
Additional Integrated Integrated Integrated
Options vision, conveyor | vision, conveyor | vision, conveyor
tracking tracking tracking
E;Peigonal SafeMove Collaborative included_ all safety functions
certi ed to Category 3, PL d. It includes up to 16
safety zones

Table 2.3: Speci cations of GoFa 5, GoFa 12, and GoFa 10 (ABB Robotics, 2023).

In this project, the GoFa model CRB 1500 5 is used, which is capable of lifting 5
Kg in a wrist-down con guration and a maximum wrist reach distance of 0.95 m. It
also includes an IP54 protection certi cation, which ensures that the GoFa is protected
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against dust and water splashes from any direction, although it is not completely sealed.
In Fig. 2.17, the work envelope (the region of space a robot can reach) of this model
is exposed (ABB Robotics, 2023).

2.4.2 RobotStudio

RobotStudio is a simulation and o ine programming software for robotics applications
developed by ABB Robotics (2025b). With this software, it is possible to simulate,
build, test, and re ne your robot installation within a virtual environment. This soft-
ware allows users to design and test their robotic systems before building them in
physical robots, reducing costs, time and avoiding possible failures. Some of the most
important features of RobotStudio that are used in this project include:

A

Targets: A speci c point in the 3D space de ned by its position and orientation
relative to the workobject.

TCP: The Tool Center Point (TCP) is a reference point that de nes the position
and orientation of the centre point of the tool attached to the end e ector of the
robot.

" Workobject: A coordinate system to which the targets can be attached. In that
case, when the workobject moves, all the targets related to that workobject will
also move in the same direction and orientation.

" RAPID Code: It is ABB's native procedural language that executes one in-
struction at a time. It controls the program ow, the robot motion, and the
peripheral equipment.

SafeMove: Itis the main functional safety option, by using supervision functions
that can stop the robot or limit its speed and forces (ABB Robotics, 2025a).

Figure 2.18: TCP and common coordinate systems of a robotic environment.

2.5. Safety and Ergonomics

Based on the International Labour Organization (ILO) (2025), ergonomics is the sci-
enti ¢ discipline concerned with the understanding of interactions among humans and
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other elements of a system, whose objective relies on improving the work situation,
the working conditions, and the tasks performed. Ergonomics, or Human Factors and
Ergonomics (HF/E) are divided by the International Ergonomics Association (2025)
in the three di erent domains:

Physical ergonomics is concerned with human anatomical, physiological, and
biomechanical characteristics. This domain includes working postures, material
handling, musculoskeletal disorders, physical safety, and so forth.

Cognitive ergonomics includes memory, reasoning, motor response and per-
ception within humans and the elements of the system. This domain is based
on some topics such as human-computer interaction, work stress, skilled perfor-
mance, and human reliability.

Organisational ergonomics refers to the optimisation of sociotechnical systems
with topics such as communication, teamwork, work design, design of working
times, cooperative work, and quality management, among others.

Achieving good ergonomics and safety in workplaces is crucial, as the World Health
Organization (2017) points out: \People working under stress or with precarious em-
ployment conditions are likely to smoke more, exercise less, and have an unhealthy diet".
Moreover, work-related Non-Communicable Diseases (NCDs), cardiovascular diseases,
and depression induced by work-related stress increase long-term illnesses and absence
from work, a ecting workers' income and companies' revenue (World Health Organi-
zation, 2017).

2.5.1 Safety in Human Robot Collaboration

In 1942, the Three Laws of Robotics, or Asimov's laws, were rst introduced in a
science ction short called \Runaround" by Isaac Asimov to de ne a ctitious ethical
system for humans and robots (Britannica, 2025). Despite this early appearance in
science ction and its seeming simplicity, human-robot collaboration and robot ethics
are a fairly new topic, as was previously mentioned in Section 2.4. The Three Laws of
Robotics are as follows:

1. Arobot may not injure a human being or, through inaction, allow a human being
to come to harm.

2. A robot must obey the orders given by human beings except where such orders
would con ict with the First Law.

3. Arobot must protect its own existence as long as such protection does not con ict
with the First or Second Law.

Inspired by Asimov's three laws, Lasota et al. (2017) divides HRI safety into two areas:
physical safety and psychological safety. Physical safety states that the robot must not
have unintentional or unwanted contact with the human operator, and in those cases
where it is necessary to have contact with each other, the forces and velocities of the
robot must remain below a threshold. On the contrary, psychological safety relates to
the psychological state of the operator, taking into consideration their emotional state
and any stress or discomfort that the operator may experience (Lasota et al., 2017).
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On the other hand, Matheson et al. (2019) classi es the safety requirements for col-
laborative robots in accordance with International Organization for Standardization
(2025a), International Organization for Standardization (2025b), and International Or-
ganization for Standardization (2016) as follows:

A

Safety-rated Monitored Stop (SMS) mode is used to stop robot movements
before a human enters the collaborative workspace to perform a task or interact
with the robot.

Hand-Guiding (HG) is used by the operator to transmit motion commands to
the robot with a hand-operated device.

Speed and Separation Monitoring (SSM) involves maintaining a protective
separation distance between the human and the robot to guarantee safety. When
the separation distance between the operator and the robot decreases below a
certain threshold, the robot stops immediately to avoid possible collisions.

Power and Force Limiting (PFL) is designed to use a limit speed and force
values below a threshold for quasi-static contacts, the robot impacts with a hu-
man's body part against a xed object (clamping), and transients contacts, im-
pact between the robot and the human without movements restrictions. Both
types of contacts are illustrated in Fig. 2.19.

Figure 2.19: Transient contact (left image) and quasi-static contact (right image).
Examples by Tom-M (2022).
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3. Literature Review

During the research processes of this project, a literature review was carried out to
acquire the necessary knowledge to understand and develop the di erent areas of this
project. In this process, several references have been examined, starting with a previous
thesis in this area and the eye-tracking systems used in this project. Subsequently,
several references regarding safety in di erent HRC systems have been carried out.
Finally, some concepts and references about ML and CV have been addressed. This
chapter summarizes the most relevant literature used to understand and carry out this
thesis, which is listed in a table format in Section 3.3.

3.1. Human Robot Collaboration

Ranavolo et al. (2021) describes the project SOPHIA, Socio-Physical Interaction Skills
for Cooperative Human-Robot Systems in Agile Production, as a new generation of
cobots to reduce work-related musculoskeletal disorders. The SOPHIA project aims to
achieve health and safety in industrial workers through the data gathered from di erent
sensors such as IMUs, dynamometers and surface electromyography (Ranavolo et al.,
2021). In addition, the SOPHIA project also aims to use HRC technologies in the
healthcare sector of neurological patients with motor disorders, to which multi-task
and multi-person optimisation is central to the development of cobots in safe real
environments (Ranavolo et al., 2021).

Within the mass customisation in the Industry 4.0 era, Michalos et al. (2015) sees
cobots and HRC as a promising technology to implement highly exible and recon g-
urable production systems. However, further research needs to be made in this area
to guarantee safety in the production environments while paying particular attention

to the HRC task. As Michalos et al. (2015) explains, some variables that a ect the
type of equipment and the layout to be used include: choosing the most appropriate
type of cobot, the cobot's payload and power/force that it can apply, the geometry
and weight of the cobot, and the assembly/manufacturing process used considering the
end e ector and cobot's motion (Michalos et al., 2015).

The International Organization for Standardization (ISO) has released several doc-
uments to best maintain safety during HRC in industrial environments. The rst
release in this process was the International Organization for Standardization (2025a)
titted \Robots and robotic devices { Safety requirements for industrial robots { Part

1: Robots" followed by the second part International Organization for Standardization
(2025b) \Robots and robotic devices { Safety requirements for industrial robots { Part
2: Robot systems and integration"” where several potential methods for safe robots
are listed. For instance, speed, separation monitoring, and power and force limiting.
However, in International Organization for Standardization (2016) \Robots and robotic
devices { Collaborative robots" safety requirements in HRC are more widely explained,
with peak forces or pressures for various parts of the body, and speed and separation
monitoring equations. International Organization for Standardization (2016) also ex-
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plains four classes of safety requirements, which includes Safety-rated Monitored Stop,
Hand-Guiding, Speed and Separation Monitoring, and Power and Force Limiting.

Another relevant literature in the scope of HRC safety involves the classi cation pro-
vided by Lasota et al. (2017) in the following main themes: safety through control,
motion planning, prediction, and consideration of psychological factors. At the same
time, safety through control can be divided into pre-collision methods and post-collision
methods. The rst type of collision method is implemented before the contact be-
tween the human and the robot takes place by restricting speed or force, while the
post-collision methods involve the detection of collisions, usually by making use of pro-
prioceptive sensors (Lasota et al., 2017). On the other hand, safety through motion
planning takes into consideration distance to humans, gaze direction, and geometry
constraints for safety regions in order to plan the robot's movements. Lasota et al.
(2017) enunciates safety through prediction as the ability to anticipate human actions
or goals to adapt the robot movements accordingly. Psychological safety, however, is
a crucial part of safety in HRC, usually overshadowed by physical safety.

Nordqvist and Lindblom (2018) performed an operator's trust evaluation in a manual
assembly task with a collaborative robot. In this study, an evaluation framework
of trust was developed, taking into account ability, benevolence, integrity, perceived
safety, time on task, and error when seven participants worked in close collaboration
with a cobot to assemble a toy car in several steps (Nordqvist and Lindblom, 2018).
The obtained results of the study show that operators experienced limited trust while
working with the cobot due to communication problems during the collaboration, which
resulted in operators' uncertainty of their own ability to collaborate with the cobot. As
Nordgvist and Lindblom (2018) points out, participants had con dence in the robot
itself, but they were insecure about their ability to collaborate with the robot because
they could not predict the robot's intentions.

Furthermore, Ballesteros and Luque (2024) developed an interesting approach for using
eye-tracking systems for HRC, including several safety aspects. In this thesis, Balles-
teros and Luque (2024) combined the ABB GoFa cobot mentioned in Subsection 2.4.1
with the Pupil Labs Invisible de ned in Subsection 2.3.3 to use PEG in assembly tasks
for EV manufacturing. It is paramount to say that this project is based on Ballesteros
and Luque (2024) thesis as a starting point to evaluate and improve their results.

3.2. Computer Vision and Machine Learning

The literature present regarding the use of several ML models to make several predic-
tions based on an ensemble framework are plentiful, but the application of ensemble
methods into real-time CV application is not explored thoroughly in the literature to
the best of our knowledge.

In Shahhosseini et al. (2022), an ensemble method is presented that consists in a
number of weak predictorsthat make up a stronger predictor. To do so, the authors'
approach is to use a weighting system. This means that each predictor is assigned a
weight based on the relative performance each predictor had in the training process.
Shahhosseini et al. (2022) mentions that there are 2 kinds of weighting strategies,
constant or dynamic. Constant weighting consists on assigning the weights arbitrarily,
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and then using the average result of the ensemble to decide upon a prediction. On the
other hand, dynamic weighting systems actually assess each predictor's performance
an then assigns a weight to each one accordingly. This means that the ensemble can
use several predictor algorithms and take advantage of the strengths of the best ones in
each situation. These authors also present a methodology to calculate the weights for
a ensemble based regression model. Lastly, they also mention that it is possible to nd
the optimal weights for any ML problem, as follows in Eq. (3.1), whergé; denotes the
weight of the predictorj, for n instances. Shahhosseini et al. (2022) assures that this
problem is a non-linear convex optimization problem. The authors state that since the
restrictions applied are linear, the Hessian matrix proves that the region is convex as
well, so a convex function having a convex feasible region ensures a global minimum
occurs for a certain combination of the weights.

st: ;=1 8 0; 8 2[LK]
j=1

In Ezeddin et al. (2024), an ensemble model is used to improve the accuracy of 2 image
classi cation algorithms for cancer treatment. In Gokalp and Tasci (2019), another
ensemble method composed of a collection of diverse ML algorithms is presented, in
this case for classi cation tasks. The authors state that the hyperparameters for each
predictor where optimized before building the ensemble, to ensure high enough accuracy
from each model. This, however, can result in worse performance if the biases of each
predictor push the prediction into certain classes (it is important to keep a diverse
enough predictor group, so use of cross-validation is recommended).

In Lee et al. (2018), an ensemble method for CNN models to solve OD problems is
presented. It is mentioned that on other works, such as in Huang et al. (2017), an
ensemble building strategy for 2 stage detectors, such Baster R-CNN, computes the
Average Precision (AP) of each model for each class into vectors. Then, according to
Lee et al. (2018) and Huang et al. (2017), the diversity of the ensemble model can be
calculated using the class-wise cosine distance among these vectors. If the distance
between models is higher than some determined threshold, the prediction from the
model with higher AP is selected. On contrast, Lee et al. (2018) presents a class voting
system to further increase accuracy.

It is important to narrow down the relevant literature to include works that have used
the same tools that are going to be used in this thesis. Ensemble models that use
YOLO are not as common as those ensemble models that use 2 stage detectors, but in
Yadav and Chaware (2024), an ensemble model is used that could beat the accuracy of
single model 2 stage detectors. The most interesting part of this reference, however, is
that the authors present di erent metrics to evaluate each model (ensemble or single
model), usingaccuracy, sensitivity and speci city, which could be interesting to use in
the results discussions.

In real-time applications for OD problems, speed is as important as having a high
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enough accuracy. Some research has been conducted in several scienti ¢ papers that
include study for the latency (or speed) of di erent CV models. In Ahmed et al. (2024),

a study on the accuracy and speed of di erent models (1 stage detectors and 2 stage
detectors) is made. The authors claim that their proposed methodology has better
accuracy and speed than YOLO models, but it is not speci ed if a GPU was used, and
the YOLO version they compared their model with was YOLOvA4.

In Patra et al. (2023), a comparative study on di erent versions of YOLO models for
face recognition is presented. In this paper, the authors present results based on the
mean Average Precision (mAP) for di erent image sizes, batch sizes and number of
epochs.

Research has been made for other ensemble applications such as tracking objects in self
driving contexts. For example, in Faseeh et al. (2025), an ensemble that is composed
of 2 individual models that specialize in short range detection and long range detection

is presented. In this paper, the authors evaluate the performance and latency of the
model under di erent conditions (such as weather variance). They specify the hardware
used, which can be of reference for the implementation phase of this thesis.

In Mazumder et al. (2024), a CV ensemble method is used to determine student's
engagement. One of the key features that the authors used was the student's gaze. This
can mean that eye gaze can be successfully determined by using ensemble methods. The
remaining question is, however, if it is possible to use ensemble methods to determine
PEG in real time. If ensemble models can yield better results than those that only
have one CNN, (Faseeh et al., 2025; Patra et al., 2023) estimation of the PEG will be
easier to achieve with more accuracy, thus enhancing HRC.

Last but not least, in Restack (2025), a study on the latency of an ensemble model
for YOLOVS is presented. In this reference, the author explains a easy method to
compute an ensemble in a Python script in a voting system. In this reference, an
assessment on the YOLOvV8 ensemble latency is presented, for models with 2 and 4
independent YOLOvVS8 predictors. The author mentions that a model with a single
predictor YOLOVS, the latency was 40 ms, whereas for an ensemble with 2 and 4
predictors, the latency grows up to 45 ms and 50 ms, while increasing the accuracy
from 97.2 % (single predictor) up to 99.0 % (4 predictor ensemble), so in this instance
an improvement on accuracy could be a orded in terms of speed, without sacri cing
the real-time capabilities of YOLO.

The main challenge when implementing real-time ensemble methods will be to achieve
a good enough time response of the system. In order to overcome this challenge, an
appropriate number of individual numbers should be used, as can be inferred from
Restack (2025). Too few learners, and the ensemble's diversity will not suce. Too
many learners, and the system's latency will no longer be acceptable to accommodate
for the real-time needs that arise when trying to implement PEG for HRC. Addition-
ally, as mentioned in Restack (2025), the latency of the models for YOLOv11 has been
reduced drastically compared to that of YOLOVS, so it can further enable the use of
ensemble methods while keeping a good enough latency (keeping real-time speed is
what is considered a good enough latency in this context).
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3.3. Literature Review Summary

In this section, several tables are presented to summarize the references listed in this
chapter. In Tab. 3.1, a brief description of the references regarding HRC, safety, and
eye-tracking from Section 3.1 is showcased. On the contrary, in Tab. 3.2 and Tab. 3.3,

the most relevant references of ML and CV from Section 3.2 are displayed.

3.3.1 HRC and Safety Literature

Review Table

Title Authors Year Topic Description
Dynamiceye-r: Dynamic
targeting with eye-guided Ballesteros Martn, HRC and Use of eye-tracking glasses
precision and safe Alvaro and Luque 2024 eye- for HRC in assembly
collaborative workspaces Lineros, Frank tracking tasks.
in robotics
A Survey of Methods for Lasota, Przemyslaw A. . .
Safe Human-Robot and Fong, Terrence 2017 SRl [ 0 [T (.)f silEy
) . HRC methods in HRC.
Interaction and Shah, Julie A.
Design Considerations for Considerations when
9 Michalos, George and Safety in building HRC
Safe Human-robot ! 2 2015 . :
. Makris, Sotiris HRC environments for di erent
Collaborative Workplaces
tasks.
OEEEIRTE SHENEIED 6 An empirical evaluation of
Trust in Manual Assembly Nordqvist, Malin and Safety in P .
. . . . 2018 user trust in HRC
with a Collaborative Lindblom, Jessica HRC
assembly tasks.
Robot
ISO 10218-1:2025, . .
Robotics | Safety Inter_natl_onal Safety in Risks and _safe_ty measures
- . Organization for 2025 when using industrial
Requirements | Part 1: . HRC
. Standardization robots.
Industrial Robots
ISO 10218-2:2025,
Robotics | Safety International Risks and safety measures
requirements | Part 2: - Safety in of robot cells, installation,
. Organization for 2025 .
Industrial robot . HRC maintenance and
L Standardization -
applications and robot operation.
cells
Safety measures in
ISO 15066:2016, Robots International . industrial collaborative
: . - Safety in robots, speed and force
and robotic devices | Organization for 2016 L )
. . HRC limitations, risks
Collaborative robots Standardization .
evaluation, and
collaborative space.

Table 3.1: HRC and Safety literature review summary table.
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3.3.2 ML and CV Literature Review Table

Title Authors Year Topic Description
L Presents ensemble method
Optimizing ensemble A
; for regression ML
weights and ML roblems, as well as
hyperparameters of Shahhosseini et al. 2022 ensemble P !
; . mathematical model for
machine learning models method L
. the optimization of the
for regression problems ;
weights.
Optimizing Deep
Ensemble Learning for ML Use of ensemble model for
Accurate Melanoma Skin Ezeddin et al. 2024 ensemble classi cation in cancer
Cancer Classi cation: method detection.
Design and Analysis
Weighted Votlng.Bas.ed ML Ensemble building based
Ensemble Classi cation . A
; Gokalp and Tasci. 2019 ensemble on class voting and
with Hyperparameter ;
N method hyperparameter tuning.
Optimisation
An Ensemble Method of ML Er\];i?? lz)ll;tzoedgle?;éltgLng
CNN Models for Object Lee et al. 2018 ensemble stag .
. CNN, with class voting
Detection method R
weighting system.
Speed/Accuracy ML Calculating the diversity
Trade-O s for Modern
; . Huang et al. 2017 ensemble of an ensemble method
Convolutional Object . . .
method using cosine distance
Detectors
Ensemble Model Object
Detection Versus ML Using ensemble 1 stage
State-of-the-Art Yadav and Chaware 2024 ensemble detector to beat 2 stage
Approaches in method detector accuracy.
Performance
Ensemble YOLOvV8 model
Yolov8 Ensemble ML study on accuracy and
. Restack 2024 ensemble
Techniques method speed for 2 and 4

predictor ensembles

Table 3.2: ML ensemble method literature review summary.

Analysis Using Ensemble
Learning

Title Authors Year Topic Description
. ) Comparison between
Real-tim .
Dete(;etﬁ)nt inecoolr)rjlzﬁtter di erent .CV models and
g : Ahmed et al. 2024 CV models their proposed
Vision for Quality Control :
in Industries methodplogy, for earlier
versions of YOLO
Ensemble Based Machine Speed and performance
Learning Approach for comparisons for di erent
Real-Time Person Patra et al. 2024 CV models YOLO versions and
Counting in an Instant hyperparameter
Attendance System con gurations
Real-Time Long-Range
Object Tracking Based on Faseeh et al. 2025 CV models EE::?E: ;:F\)/plr:: Zgg:];m
Ensembled Model
A Novel Student
Engagement Level CV ensemble used to
Detection and Emotion Mazumder et al. 2024 CV models determine student's

engagement using eye gaze

Table 3.3: CV models literature review summary.
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4. Methodology

Methodology refers to the set of actions that researchers carry out during a project
that involves planning, analysing, data gathering, executing, and evaluating a research
study. (Yang-Heim, 2023)

With this being said, an appropriate methodology might help researchers to carry out
a better study in a more structured way and facilitate the process for other researchers.
Furthermore, according to Oates (2022), being able to defend your ndings and the
process used in your work determines the credibility and reliability of your conclusions
for other academics who might want to replicate the results. As a matter of fact, an
unclear or vague description of the method, process or argument may cause suspicion
among academics, who may not accept the results as valid.

This project is based on the Design Research Methodology (DRM), which aims to
create improvement and support for design research, and the study's objectives with a
systematic and iterative approach (Blessing, 2009). This methodology consists of four
steps, Research Clari cation (RC), Descriptive Study | (DS-I), Prescriptive Study (PS),
and Descriptive Study Il (DS-II). Although not all of them should be carried out, by

an iterative process and the evaluation of the results, several improvements on the
current state can be achieved in product and process development, as is the case in
this project (Safsten and Gustavsson, 2020).

In the RC stage of this project, the current situation has been described as: cobots
remain programmed with xed motion planning, usually reducing HRC, and forcing
humans to adapt to the robot's actions. Therefore, a de nition of the desired situation
was proposed as developing a dynamic HRC system by using PEG as a predictive
cue for human actions. Likewise, taking into consideration the time and resource
limitations of the project as specied in Section 1.4, worthwhile research goals and
objectives were conducted, as outlined in Section 1.3. In Fig. 4.1, a owchart shows
the process performed in this project following the DRM stages.

Consequently, in the DS-I stage, a literature review regarding 3D printing, ML, CV,
RAPID and Python programming, safety standards, and survey evaluations have been
further developed to obtain su cient understanding of the current situation and pre-
vious research regarding these topics. It was crucial at this stage to further identify
existing literature to plan the implementation procedure and identify whether the ob-
jectives are realistic or need to be changed.

Subsequently, at the PS stage, several components have been implemented in an iter-
ative and sequential process to develop the 3D printing part, the YOLO models, the
Python scripts, and the robot programs to get closer to the desired situation. In line
with this stage, the DS-Il has been taken to perform an impact evaluation of the 3D
design, the YOLO models, the Python script, the RAPID code, and the safety con-
guration to assess the applicability and usefulness of the results. Then, decisions are
made, such as adjusting small changes or revisiting previous stages with an iterative
process. In this case, in order to ful | the project objectives listed in Section 1.3, an
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iterative approach is used for objectives 1 and 3, to improve the robustness and speed
of target identi cation as well as the design of an e ective safety mechanism through
several stages and the analysis of their results. Thus, objective 2, regarding the sys-
tem latency, is measured once a satisfactory stage is reached, in combination with the
survey evaluation of the system.

Additionally, this project also bene ts from the survey methodology to evaluate the
system's safety and e ciency for a variety of volunteers. Nevertheless, the safety
and ethical requirements must be taken into consideration while storing, processing or
analysing volunteers' data through explicit consent and procedure and risk information
according to European Parliament and Council (2016). Besides, this project comple-
ments simulation techniques and experimentation whenever possible to reduce project
failures and ensure the reliability of each stage before continuing with the following
processes.

Figure 4.1: DRM stages of the project.
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5. Implementation

In this chapter, the implementation stage of the project and the steps carried out
in the practical part are outlined, rst, in Sections 5.1 and 5.2, a description of the
previous and the new workplace used in this project are explained, followed by the
CV stage in Section 5.3, and the use of Pupil Labs Neon in section 5.4. Then, the
robot programming part is showcased in Section 5.5, and the communication between
the robot and the Pupil Labs Neon will be displayed in Section 5.6. Additionally, the
safety con guration of the system is exhibited in Section 5.7. To sum up, the latency
measurement is presented in Section 5.8.

5.1. Set Up of Previous Workplace

In this project stage, the working environment used by Ballesteros and Luque (2024)
was replicated and used as a base for this project. This system involves a 3D printed
version of a car bumper that has been scaled down by 55% and divided into 20 pieces
due to the size limitations of the 3D printer. This model was 3D printed with black
Polylactic Acid (PLA) and further assembled with adhesive. However, for the parts
that contain the hook holes, the target displays were 3D printed with their original size
for greater realism with grey PLA. In Fig. 5.1, a representation of the target displays
of a real car bumper are presented, while in Fig. 5.2, there is an example of the cable
ties.

(a) Real bumper left target display. (b) Real bumper right target display.

Figure 5.1: Hook holes of each target display.

Furthermore, in the implementation carried out by Ballesteros and Luque (2024), an
external bumper base was designed in order to increase the stability of the bumper,
which includes two rails to be able to attach it to the robot table, Fig. 5.3. In addition,

a robot tool with a speci ¢ design to tighten the cable clips was 3D printed with PLA
by Ballesteros and Luque (2024) and used in their setup. The rubber wire with the
cable ties is in Fig. 5.4, while the working environment is presented in Fig. 5.5, and
the robot tool is displayed in Fig. 5.6.
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