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Abstract

Many challenges in the food industry have arisen from the rapidly growing population
increasing the food demand and, by consequence, creating a need to produce higher quan-
tities of food products. Additionally, the growing concerns about climate change and the
increased environmental awareness among the population have created requirements for
the industry in the food sector to adopt more efficient practices with lower environmental
impacts. To combat these problems, many businesses have deployed robotic systems,
which have already proven to be an effective way to boost productivity rates and reduce
the creation of waste. In the food industry there is also the concern with hygiene and po-
tencial contamination problems, these concerns create some challenges for the employed
robotic systems. The proposed work for this dissertation is the creation of a robotic system
to manipulate food products, specially smoked and cured meats like chouriço. The system
is composed of two parts, one dedicated to the manipulation and the other dedicated to
the vision capabilities of the system in order to identify and locate the various food items.
The manipulation part of the system is composed of fin ray effect gripper, 3D printed
using TPU filament. This type of gripper is capable of deforming around object creating
a more secure grasp on the various products, while limiting the risk of damage to them.
The developed object pose estimation algorithm, for the vision part of the system, makes
use of certain keypoints on the products to calculate their pose in relation to the camera
system. This approach does not require complex data about the objects to be detected,
like point clouds. It just the requires a general knowledge about the shape of the products.
The developed fin ray effect gripper proved to be adequate in handling the three chosen
test products. The developed object pose estimation algorithm archived a success rate of
around 80% for products that lay flat on the workspace table. Around the same success
rate for the products that present an angle against the table. And a lower rate, of around
72% in cases of overlapping products.

Keywords: Agri-food · Soft manipulation · Soft gripper · Computer vision · Robotic
systems · Automation
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Resumo

Vários desafios na indústria alimentar surgiram devido ao rápido crescimento da popu-
lação, que criou um aumento na procura de alimentos e, por consequência, criou uma
necessidade de aumentar a produtividade. A crescente preocupação com as alterações
climáticas e uma maior consciência ambiental entre a população exigem que a indústria do
setor alimentar adote práticas mais eficientes e reduza impactos ambientais. Para enfrentar
estes problemas, muitas empresas implementaram sistemas robóticos, que provaram ser
uma forma eficaz de aumentar a taxa de produtividade e reduzir o número de resíduos.
Na indústria alimentar existe também uma preocupação com a higiene e potenciais focos
de contaminação, o que adiciona mais desafios sob os sistemas robóticos utilizados. O tra-
balho proposto por esta dissertação é a criação de um sistema robótico para manipulação
de produtos alimentares, em especifico carnes fumadas e curadas, como chouriço e outros
enchidos. O sistema é divido em duas partes, uma para a manipulação dos produtos
alimentares, e outra o sistema de visão computacional para identificação e localização dos
produtos alimentares. A parte de manipulação de produtos utiliza uma gripper "fin ray
effect", construída através de impressão 3D, com a utilização de TPU. Este tipo de gripper
tem a capacidade de deformar-se em torno no object, o que cria uma pega à volta dos
produtos mais segura, ao mesmo tempo que limita a possibilidade de danos e estragos
feitos aos mesmos. O algoritmo de "object pose estimation", desenvolvido para a parte de
visão do sistema robótico, utiliza certos pontos chave dos produtos para o calculo da
sua pose em relação à câmara do robot. Este método não necessita informação previa
complexa, como point clouds, apenas é necessário saber o formato geral dos produtos. A
gripper de efeito "fin ray" desenvolvida provou ser adequada para a manipulação dos
três produtos escolhidos para teste. O algoritmo de "object pose estimation" desenvolvido
atingiu uma taxa de sucesso de por volta de 80% para produtos que se encontrem planos
à mesa de trabalho do robot, uma taxa similar para casos de produtos que se encontrem
em angulo, mas uma taxa reduzida de por volta de 72% para casos de sobreposição.

Palavras-chave: Agri-food · Soft manipulation · Soft gripper · Visão computacional ·
Sistemas robóticos · Automação
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1

Introduction

This first chapter presents the context and motivation for the underlying work, with
emphasis on the current trends and challenges of the agri-food sector, and the ongoing
process of automation within food industry. This work will focuses on the development
of a robotic system designed for the needs of this industry sector and on the difficulties
associated with implementing such technologies. The objectives and goals of the work, as
well as the overall document structure, are also detailed here.

1.1 Context and Motivation

The rapidly growing population, combined with the increasing demand for higher food
production, has intensified the pressure on the available existing farmland (Raffik et al.,
2023). Additionally, heightened environmental awareness and batter understanding of the
impacts of climate change among the population, have compelled the agri-food industry
to increase its productivity while adhering to sustainable practices (Derossi et al., 2023).
These factors, along with the shortage of workers in the sector (Raffik et al., 2023; Derossi
et al., 2023), create significant obstacles for the agri-food sector to maintain adequate levels
of production.

There are already several robots introduced in the agri-food sector, proving that au-
tomation is an effective way to boost the productivity and reduce resource wastage, thus
contributing to more sustainable solutions (Raffik et al., 2023; Derossi et al., 2023; Konfo
et al., 2023; Duong et al., 2020). However many areas of the food industry still rely heavily
on manual human labor (de Medeiros Esper et al., 2021). This reliance stems from the
challenges associated with the automation of this sector. Particularly those related to the
safe manipulating agri-food products, due to their irregularity, fragile nature, and the
possibility of contamination (Raffik et al., 2023).

The main problem addressed in this work concerns the manipulation of agri-food
products mainly composed of soft-tissues, such as smoked sausages, using a robotic
manipulator. The proposed robotic system is designed for a real life scenario of food

1



CHAPTER 1. INTRODUCTION

industry. In this context the system has the task of manipulating three types of agri-food
products without damaging or contaminating them.

1.2 Proposed work and Goals

The aim of this work is to create an autonomous robotic system for manipulation of
smoked and cured meats, such as chouriço, sausages, and similar items, moving them
from a storage place, a bin for example, to another designated destination. To achieve this
purpose, the system necessitates vision capabilities to detect and locate the products, as
well as a gripper capable of manipulating food products without damaging them. The
three selected products for testing the developed robotic system are chouriço, farinheira,
and morcela.

The objectives of the proposed work are the following:

• Conduct a study of different types of grippers for the manipulation of these types
of food products.

• Develop and test a gripper capable of safely manipulating the three chosen products.

• Analyze different computer vision algorithms for the identification, detection, and
localization of the products.

• Develop a computer vision algorithm for the identification, detection, and localiza-
tion of the three chosen products.

The developed gripper should be capable of manipulating the three chosen products
without damaging them, or leaving permanent marks on the surface of the products. The
computer vision algorithm should be capable of detecting and the products’ orientation
and position (pose) on a environment were there might be some occlusions and product
overlapping.

The archive the previous highlighted goals, the work begins with a study of the current
state of the art regarding the various available grippers and computer vision algorithms
applied to the agri-food sector. This review provides a foundation for understanding
of the current main challenges for soft-tissue manipulating and product localization,
different designs of grippers, and various methods for the development of computer
vision algorithms. After a review of the state of the art, the development of the gripper
follows, with its experimental results guiding the subsequent direction of development
of the vision algorithm. After both components are designed, the testing of the overall
robotic system is performed. The results obtained during the testing phase will incur the
iterative improvements for both the gripper and the computer vision algorithm.
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1.3 Document structure

This document has the following structure:

• Chapter 2 presents the current state of the art regarding agri-food robotics, soft
tissue manipulation grippers, and computer vision.

• Chapter 3 describes the use case scenario, proposed solution, and the proposed
approach.

• Chapter 4 details the development of the gripper and the manipulation system.

• Chapter 5 presents the development of the computer vision algorithm for the detec-
tion and localization.

• Chapter 6 describes the development of the robotic system, including its controller
and configurations.

• Chapter 7 reports the results of the various tests conducted on the gripper, vision
algorithm, and robotic system.
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2

State of the art

This chapter presents a review of the current state of the art regarding the topics of agri-
food robotics, soft tissue manipulation grippers, and computer vision. The first section
provides an overview of the general state of agri-food automation and robotic systems, the
technologies involved, and the safety and health concerns to be regarded. In the second
section, the topic of grippers designed for the manipulation of soft and fragile objects is
explored. The third section discusses the topic of computer vision, focusing primarily on
object pose estimation algorithms.

2.1 Agri-food robotics

The continuous growth of the global population has intensified the demand for food
products, increasing the pressure on the available agricultural land. At the same time,
rising concerns regarding environmental sustainability and impacts of climate change
impose additional challenges to the food industry (Raffik et al., 2023). Addressing these
demands and challenges while maintaining, or even improving, the original quality of the
food products requires new sustainable solutions that combine high efficiency, precision,
and wastage control. In this context the integration of digital technologies and robotics
into the food industry plays a central role in improving the productivity and working
conditions while reducing the environmental impact of industry (Raffik et al., 2023; Derossi
et al., 2023; Konfo et al., 2023; Duong et al., 2020).

Konfo et al., 2023 highlights a series of technologies, including the Internet of Things
(IOT), big data analytics, artificial intelligence with machine learning and computer vision,
robotics, automation, and blockchain, which collectively contribute to increased produc-
tivity, improved safety, and enhanced sustainability in the food industry. According to the
study, the application of artificial intelligence in the food industry, specifically the field
of computer vision, allows the automation of tasks such as detection, classification, and
quality inspection. The contribution of robotics in this industry, allowing the automation
of repetitive and labor intensive tasks, improves the productivity and efficiency in both
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industrial and agricultural environments (Konfo et al., 2023).

Derossi et al., 2023 emphasize the potential of precision manufacturing in creating new
sustainable solutions. Allowing the manufacturing of products with higher precision,
repeatability, and consistency, diminishing the wastage of resources, and improving the
overall quality of the product. Similarly to the study by Konfo et al., 2023, it discusses the
use of technologies like artificial intelligence, big data, IOT, digital twins, smart sensors,
robotics, and others to assist with precision manufacturing, as well as improve the quality,
efficiency, and productivity.

The paper by de Medeiros Esper et al., 2021 discusses the paradigm of cell concept for
the industry, where instead of a serial production line with multiple stations, one for every
task, there are a multitude of multitasking cells in which all operations are performed,
considered more hygienic.

The article by Duong et al., 2020 underlines the historical reliance of the food industry
on manual labor, with limited machinery use. However, with the increased demand on
food products and the advancement of technology, robotic systems are beginning to be
employed in the agri-food sector. Some sectors that have already been automated are
the dairy sector, using automated milking machines, and agriculture with soil moisture
monitoring systems.

Aly et al., 2023 present a study on the red meat processing industry, highlighting the
difficult work conditions, having both physically and mentally demanding tasks. Factors
that contribute to these work conditions include the cold ambient temperatures of the work
environment and repetitive tasks. The health hazard of contamination by human operators
is also a considered factor. The authors propose that the solution for these problems lies
in perception technology in order to give robots capabilities similar to humans, assisting
in the required operations for the industry.

The robots in the food industry are employed in a wide range of operations, including
pick and place handling, packing and palletizing, agricultural tasks such as seeding and
spraying water, and processing activities like harvesting, cutting, and slicing (Iqbal et al.,
2017). One of the most common tasks for robotic manipulators in the food industry is pick
and place. Robots have several advantages over humans in this task. Robots are faster,
have better precision, and reduce the potential food contamination problems by limiting
human interaction with the items (Raffik et al., 2023). Another common task is packaging
and palletizing, preparing the products for storage and distribution. The automation of
this task improves the productivity of the factories (Raffik et al., 2023). In processing
operations, robots can also perform cutting and slicing of vegetables or meat products.
These tasks are challenging due to the natural variability and deformable morphology of
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food items, as they interfere with the cutting and compromise the desired final geometry.
(Raffik et al., 2023).

The robots used in the food industry can be classified into two main categories, serial
manipulators and parallel manipulators (Iqbal et al., 2017). Serial manipulators, which
constitute the majority of the robots employed in the industry, consist of a single kinematic
chain of sequentially connected links and joints. In contrast, parallel manipulators are com-
posed of a multitude of kinematic chains connected in a parallel format (Yeshmukhametov
et al., 2017). Selective Compliance Assembly Robot Arm (SCARA) manipulators are an
example of a serial robot widely employed by the food industry. These manipulators
are usually used for tasks such as food handling, packing, sorting, and quality inspec-
tion. They are also frequently employed in laboratories for food analysis (Raffik et al.,
2023). Delta robots, which fall under the category of parallel manipulators, because of
their speed are used for high-speed pick and place tasks, assembly and disassembly, and
food decoration (Raffik et al., 2023). Another important class of robot is the collaborative
robot, designed to safely operate alongside human workers in a shared workspace. These
manipulators are usually employed on tasks like pick and place, packing, labeling, and
palletizing operations (Raffik et al., 2023).

The article by Duong et al., 2020 identifies several subsectors within the agri-food
industry and discusses their current level of automation. In the agriculture sector, there
are some developed robotic systems equipped with computer vision subsystems and with
picking capabilities for harvesting operations. One example is an autonomous robot for
tomato-harvesting operations developed by Yaguchi et al., 2016, which employs a plucking
technique and a stereo camera vision system to harvest the product without damaging
the plant. A similar example of autonomous system design for the agri-food industry is
introduced by Hu et al., 2021, featuring a vision system composed of a depth camera and
a specialized gripper designed for citrus harvesting. The employment of autonomous
systems is already more established in the livestock sector. The use of milking systems
in dairies, as well as food delivering robots. These systems contribute to a more hygienic
environment, minimizing contamination by reducing human contact and preventing
potential health hazards. Duong et al., 2020 further highlights potential opportunities in
the aquaculture sector, where harsh environmental conditions and high operational costs
make robotic solutions particularly attractive.

The paperby de Medeiros Esperet al., 2021 examines the integration of robotic systems in
the meat processing industry, particularly within slaughterhouses. Slaughterhouses have
inherently hazardous working environments due to their low temperatures, required to
preserve the meat, wet and noisy conditions, and frequent use of sharp tools. These factors,
combined with the repetitive nature of many operations, contribute to a high incidence of
worker injuries. The automation of the sector through robotic systems can mitigate these
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issues, improving workplace safety, enhancing working conditions, and increasing overall
productivity. Moreover, automation of this sector can bring traceability, supporting the
identification of potential risks and improving the response for contamination events.

The study Özentürk et al., 2024 examines the use of robotics in poultry farming, which
faces several operational challenges, including animal health, poultry house management,
and human contamination. The transition towards smart automated systems is driven
by the desire for better economic profitability. According to the study, robotic systems
are employed in tasks such as monitoring, management, environmental control, and
collection of eggs and deceased animals. Maintaining proper animal health conditions is
crucial, since disease outbreaks represent significant financial risks and may escalate into
large-scale epidemics. Ensuring optimal environmental conditions is also essential for
product quality and continuous production. For this purpose robots can be equipped with
sensors in order to monitor factors like temperature, humidity, lighting, and ventilation, as
well as perform sanitation tasks such as removing feed residues and animal feces, thereby
improving health conditions.

2.1.1 Manipulation, hygiene and safety

Food products often present fragile structures, irregular geometries, variable weights,
and slippery or sticky surfaces. These characteristics require manipulation systems
equipped with sophisticated sensing capabilities and compliant tools to ensure that the
products can be handled without causing permanent deformations or damage (Raffik
et al., 2023). When designing a robotic manipulator for such items, parameters such as size,
shape, dimensions, weight, and the required lifting force must be considered. However,
exact precise measurements for these parameters can be difficult to obtain, given the
natural variability of food products, especially meat products (Aly et al., 2023).

Hygiene is another important factor to take into consideration when developing a
robotic system for the food industry. All components that come into contact with food,
such as grippers, end effectors, and auxiliary tooling, must be designed to prevent the
contamination and spreading of bacteria and germs (Iqbal et al., 2017). The materials
used for these components must be manufactured from materials capable of withstanding
rigorous cleaning and sanitation procedures (Iqbal et al., 2017). Contamination risk may
arise not only from microorganisms but also from plastic fragments and other foreign
bodies (Aly et al., 2023). To mitigate such risks, Aly et al., 2023 cite several International
Organization for Standardization (ISO) for safety and hygiene considerations, including:

• ISO 14159 - Standard that specifies hygiene requirements for machines where con-
tamination of the product might occur (Safety of machinery — Hygiene requirements
for the design of machinery, 2002).
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• ISO 22000 - Standard creates a framework and specifies requirements for managing
food safety (Food safety management systems — Requirements for any organization in the
food chain, 2018).

• ISO 10218 - Standard provides guidelines for the creation of safe designs and protec-
tive measures for industrial robots (Robots and robotic devices — Safety requirements
for industrial robots, 2011).

2.2 Soft tissue manipulation

Food products such as smoked and cured meat products, including chouriço and sim-
ilar items, require careful handling during manipulation to prevent surface damage or
deformation. These products exhibit complex, nonlinear mechanical properties due the
heterogeneous composition of meat, which include fat, muscle, and connective tissues.
As such their mechanical response combines deformable, viscous, and elastics characteris-
tics. In addition, many agri-food products present irregular geometries, variable stiffness,
slippery surfaces. These factors can compromise grasp stability and increase the rick
of damaging the product, particularly due to uneven pressure distribution or excessive
contact forces (Aly et al., 2023).

The authors of Ross et al., 2022 review several gripper designs based on criteria such as
hygiene standards, damage prevention (both visual and physical damage), load capability,
and maintenance. Their analysis concludes that grippers that rely on magnetic forces,
needles, or adhesives are unsuitable for food handling, as they can cause product damage
or fail hygiene requirements. On the other hand, the authors note that vacuum-type
grippers present a promising alternative, although the authors also note that further
investigation is required. Similarly, Raja et al., 2024 highlights the importance of strict
hygiene requirements and damage prevention measures when designing grippers for
delicate products. According to Aly et al., 2023, the red meat sector commonly employs
hook and clamp grippers. However, hook grippers have the problem of inherently having
to pierce the product and therefore causing damage. The study also reports the existence of
underactuated finger grippers that deform on contact with the grasped object, increasing
the contact area. Despite this advantage, this type of gripper exhibits low load capacity
and presents cleanliness and durability problems, as they are often assembled using 3D-
printed components, which tend to be fragile and can degrade during industrial cleaning
processes.

2.2.1 Grippers

Grippers that make use of elastic polymers, elastomers, as soft actuators have the
advantage of deforming on collision with the object and thus absorbing energy from the
impact, something that all rigid grippers cannot do (Guo et al., 2017).
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2.2.1.1 Soft-fingers pneumatic grippers

A common type of gripper for the manipulation of soft and delicate objects is the
pneumatically actuated design that consists of two or more soft, deformable fingers made
from elastic polymers. These fingers bend when air pressure increases within the internal
channels, enabling the gripper to open or close and thus grasp soft objects without causing
damage (Low et al., 2022; Salem et al., 2018; Low et al., 2017). Some grippers of this type
are also capable of adjusting the configuration of their fingers into different poses, allowing
the execution of multiple grasping techniques for delicate objects, as demonstrated in Low
et al., 2022.

The gripper developed in the study Low et al., 2022 incorporates a food-safe fabric
sleeve in order to prevent direct contact of the food with the plastic fingers. However,
this protective layer limits the maximum bending angle achievable by the gripper fingers.
In addition, the gripper includes a tactile sensor integrated into the fingers, enabling
measuring of the force during grasping.

Like the previously mentioned gripper, the grippers presented in Salem et al., 2018; Low
et al., 2017 also employ inflatable air channels that induce the bending on the gripper’s
fingers when pressurized. Another common characteristic is the use of 3D-printing
techniques for manufacturing the fingers. The gripper described in Salem et al., 2018
features four fingers arranged in a cross configuration. Unlike the design in Low et al., 2022,
it does not allow for the reconfiguration of the finger positions. As a result, its versatility
is reduced, as it cannot adapt the grasping technique to accommodate for different object
geometries.

In the article by Low et al., 2017, the authors note that 3D-printing offers several
advantages against traditional silicone-based fabrication approaches. 3D-printing allows
for a simpler manufacturing process, requiring typically just a printing step, whereas
silicone-based approaches require multiple processes. Another benefit highlighted is
the increased level of customization that 3D-printing allows. Furthermore, the paper
by Hashanjana et al., 2023 presents a variation of this type of gripper that, instead of
using elastomers for the soft actuator fingers, utilizes an "origami inspired" construction
made from polyvinyl chloride (PVC) and polyethylene. This design also incorporates a
reconfigurable plate to assist the soft actuators during the grasping motion.

The figure 2.1 illustrates a generic diagram of a finger from a pneumatic soft finger type
gripper, actuated via an internal air channel. The diagram is inspired by the descriptions
and images provided in Low et al., 2022; Salem et al., 2018; Low et al., 2017. When air is
supplied to the air channel, it inflates and induces deformation in the fingers structure,
closing the gripper’s fingers.
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Figure 2.1: Generic diagram of a pneumatic soft fingers gripper’s finger

2.2.1.2 Fin ray effect grippers

Another type of gripper developed for the task of handling soft and delicate objects is
the fin ray effect gripper. Gripper fingers that make use of the fin ray geometry are able
to deform and conform naturally to the surface of the object being grasped, regardless of
its shape. This behavior increases the contact surface area and creates a more stable grip
while avoiding any damage (Yang et al., 2021; Liu and Adelson, 2022).

In the paper by Yang et al., 2021, the authors propose a three finger gripper configuration
employing the fin ray effect. This arrangement has the advantage of creating a more
balanced grasp position and increasing the contact surface area. However, it may have
the shortcoming of being less suitable for longer objects, as the third finger can interfere
with the desired grasping pose. The paper identifies two main actuation principles.
The first is pneumatic or hydraulic actuation, in which the fingers have internal hollow
channels that deform when pressurized gas or liquid is pumped inside. This type of
action requires external equipment such as compressors or pumps, resulting in heavier
and noisier systems. The second is to make use of "smart materials" for the gripper
fingers, which deform when an external stimuli is applied (Yang et al., 2021). The gripper
was fabricated in one piece using 3D-printing. Its structure has a hollow region in its
center with a plate connecting all three fingers. When a force is applied to this plate, the
fingers bend. To control the force applied to grasped objects, the authors integrated a
piezoresistive pressure sensor in the inner side of the gripper in one of its fingers. This
allows the measurement of the force applied on the target object. To close or open the
gripper, a servo motor is employed. This motor has attached a cord that can pull the plate
that connects all fingers (Yang et al., 2021).

The gripper developed in Liu and Adelson, 2022 consists of two fingers that make use
of the fin ray effect and incorporate a built-in tactile sensor. The fingers were constructed
using 3D-printed parts combined with a laser cut fabric layer. The sensing system consists
of a silicone pad that is painted and patterned with laser-etched dots, a camera to observe
the dot displacement, and LEDs for illumination. The fingers were attached to a WSG 50-
110 parallel gripper for actuation. The camera of the tactile sensor observes the deformation
of the fingers by observing the dot displacement on the silicone pad.
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The figure 2.2 presents a generic diagram of a fin ray effect gripper, inspired by the
descriptions and illustrations provided in Yang et al., 2021; Liu and Adelson, 2022. The fin
ray structure enables each finger to deform and conform to the geometry of the grasped
object.

Figure 2.2: Generic diagram of a fin ray effect gripper

2.2.1.3 Hook type inflatable grippers

Another type of gripper developed to manipulate delicate objects is the hook type
with an inflatable gripping element to secure the object. This type of gripper is more
commonly employed for robotics in surgical environments (Guo et al., 2017, 2019). The
gripper developed in the article by Guo et al., 2019 consists of a rigid hook structure with
an inflatable gripping element. When compressed air is supplied to the gripping element,
it inflates and contacts the object, securing it on the gripper. The hook part of the gripper
in this work is made of stainless steel and as such has the disadvantage of damaging the
product if it was impacted with that part. In the paper by Guo et al., 2017, another type of
hook-like gripper with an inflatable element is presented. However, this one is completely
made of plastic, and instead of having just one inflatable element, it has three, and as such
the object being grasped does not come in contact with the hard shell, avoiding damaging
the delicate object. These two previously presented grippers are designed with surgical
environments in mind, and because of that, the grippers would need to be resized in
order to grasp larger objects typically found in agri-food environments, which might not
be feasible.

The figure 2.3 illustrates a generic pneumatic hook type gripper with three pneumatic
actuated inflatable gripping elements, inspired by the descriptions and images in Guo
et al., 2017, 2019. When compressed air is pumped to the internal channels, the gripper
elements inflate and secure the grasped object.

2.2.1.4 Deformable fingertips grippers

A different type of gripper suitable for grasping fragile and delicate objects is one that
employs the use of deformable fingertips containing cavities filled with an incompressible
fluid. This design offers the benefit of uniform distribution of pressure on the surface of
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Figure 2.3: Generic diagram of an inflatable hook type gripper

the fragile object, thereby reducing the likelihood of fractures (Maruyama et al., 2013).
The gripper presented in Maruyama et al., 2013 consists of a two-finger configuration
equipped with the aforementioned deformable fingertips. These fingertips consist of
an outer rubber layer and an inner silicon layer filled with a fluid. The system also
incorporates two pressure sensors to measure the fluid pressure and the applied force on
the silicon layer, enabling the control of the applied pressure on the delicate object.

A variation on the aforementioned gripper type was developed by He et al., 2020. The
authors employed soft deformable fingertips filled with compressed air, instead of an
incompressible fluid. This allows the fingertips to be pressurized when grasping the
delicate object and act as a closure securing it to the gripper, preventing the object’s fall
(He et al., 2020). The developed cavities filled with air also serve as tactile sensors. When
the air cavities deform in contact with the object, the pressure inside them changes, giving
feedback in the grasping task (He et al., 2020).

The figure 2.4 illustrates a generic deformable fingertip-type gripper, inspired by the
descriptions and images in Maruyama et al., 2013; He et al., 2020. In the figure, the blue
half-circles represent the deformable fingertip elements. These fingertips deform around
the grasped object, making the gripper less prone to cause damage.

Figure 2.4: Generic diagram of a deformable fingertips gripper
.
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2.2.1.5 Hybrid pneumatic-tendon grippers

A type of gripper specially developed for multiple grasping modes is presented in
work by Godaba et al., 2020. This design employs flexible fingers incorporating two
flexure hinges, actuated through a tendon mechanism. The hinges are joined together by
a rigid link, and each hinge contains flexible flaps that fold using pneumatic actuation,
allowing control of the rigidity of the structure. The fingers are manufactured using 3D-
printed Thermoplastic polyurethane (TPU), a material that provides both flexibility and
mechanical robustness. The pneumatic pouches integrated into the fingers are likewise
produced from TPU. The tendon mechanism is actuated through a servo motor. The
combination of pneumatic and electric actuation in different sequences allows the gripper
to assume multiple configurations, enabling it to grasp a wide variety of delicate and
fragile objects.

2.2.1.6 Bernoulli effect grippers

Grippers based on Bernoulli’s principle provide a non-contact alternative to physical
grasping. These grippers operate by generating a high-velocity airflow between the gripper
plate and the target object, which in turn produces a lifting force, allowing the object to be
effectively "grasped" and manipulated (Sam and Nefti, 2011; Sam and Buniyamin, 2012;
Mansor et al., 2017). However, the high-speed airflow might damage delicate objects. A
solution to this problem is to integrate flow deflectors on the gripper surface to shield
fragile items from the direct air stream (Sam and Nefti, 2011). Another potential source of
damage occurs when the center of the delicate object is forced away by the high-velocity
airflow pushing on it. This effect can be mitigated by incorporating a central deflector
(Sam and Buniyamin, 2012).

The study by Sam and Nefti, 2011 notes that, when handling food products with
compressed air, as used by the Bernoulli grippers, it must meet certain purity requirements,
namely ISO 8573-1 Class 2.2.1 Compressed air Part 1: Contaminants and purity classes, 2010.
Producing compressed air of this quality is expensive, so the gripper proposed in the
study aims to reduce the air consumption. This is achieved by using the Bernoulli effect
only during the initial lifting of the object and subsequently relying on mechanical fingers
to secure the item, allowing the airflow to be switch off during transportation.

The effectiveness of this type of gripper depends on several factors. First, the surface
characteristic of the object, as smooth surfaces are more difficult to lift compared to rougher
ones (Sam and Buniyamin, 2012). Second, the geometry of the item, as flat objects allow
the gripper to lift higher masses than rounded objects (Sam and Buniyamin, 2012). Finally,
the diameter of the gripper influences air consumed by the system, as when the gripper
diameter matches that of the object, it significantly reduces the air required compared to
when the gripper is smaller (Mansor et al., 2017).
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The figure 2.5 illustrates a generic bernoulli type gripper, inspired by the descriptions
and images in Sam and Nefti, 2011; Sam and Buniyamin, 2012; Mansor et al., 2017.

Figure 2.5: Generic diagram of a bernoulli type gripper

2.2.1.7 Vacuum grippers

Another type of gripper that uses airflow to grasp objects is the vacuum gripper or
suction cup, which generates negative pressure to lift and hold an object (Rachkov and
Bebenin, 2018; Bryan et al., 2019; Papadakis et al., 2020). The gripping system presented in
Rachkov and Bebenin, 2018 consists of two vacuum grippers mounted on the end effector
through a flexible spring bracket. Each gripper performs a different function, one for
sealing and the other to provide gripping force. This configuration allows the system to
establish effective contact with products that have rough or curved surfaces. In addition,
the module that provides the gripping force includes a vacuum level sensor and features
two concentric vacuum zones. An outer zone intended for sealing on porous or uneven
surfaces and a central zone to generate gripping force.

The gripper described in the study by Bryan et al., 2019 takes influence from the grasping
technique used by octopuses. It consists of three deformable fingers, each equipped with
suction cups to improve grip stability on the object. The combination of deformable fingers
and multiple suction cups enables the gripper to adhere effectively to objects with various
geometries. To achieve the required deformation for the fingers, the authors employ a
two-cable actuation system, which ensures that the suction cups make proper contact
with the surface of the target object. Additionally, the gripper is capable of rotating its
fingers, allowing it to adopt different grasping poses.

In the study by Papadakis et al., 2020, the authors test multiple suction cups and later
develop a vacuum gripper. A shock absorber was developed to permit the grippers to
press down on the object’s surface and seal it with the suction cup. The suction cups
tested were the VASB-40-1/4-SI-B by Festo and the BG125 and the BX15P, both by Piab.
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The test results concluded that the three grippers had some difficulties when gripping
deformable objects with rough surfaces. To resolve this issue, the authors developed a
gripper inspired by the suction cup manufactured by Festo, using two-component silicone
and 3D-printed molds. Additionally, a pressure sensor was installed on the grippers.
When the sensor reads pressures, it indicates that the object was grasped. Low pressures
indicate the object was not.

The figure 2.6 illustrates a generic vacuum / suction cup gripper, inspired by the
descriptions and images in Rachkov and Bebenin, 2018; Papadakis et al., 2020.

Figure 2.6: Generic diagram of a vacuum / suction cup gripper

From the previously described grippers, the fin ray effect gripper stood out as one of
the most adequate for manipulating delicate objects. Being an electric actuated gripper
brings the advantage of cheaper actuation cost and not requiring compressed air tanks or
loud compressors to operate. Additionally, as this gripper type is able to deform around
the object, it limits the potential damage caused to delicate and fragile items. The fin ray
effect gripper still presents some problems, as the material used for the manufacturing
of the gripper must be food safe to avoid contamination. The soft-fingers gripper has
similar advantages to the fin ray gripper when manipulating delicate items. However,
because this type of gripper is pneumatically actuated, it requires either a loud compressor
or compressed air tanks. This creates a louder working environment, and the air used
is required to meet quality level specifications in order to avoid food contamination, as
highlighted by the ISO 8573-1 standard. Bernoulli’s effect and vacuum type grippers
work well for objects with flat surfaces. However, most food products do not have such
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geometries. Additionally, these types of grippers require compressed air to work, and
as previously mentioned, this air must meet higher quality levels. Vacuum grippers also
present problems when dealing with rough surfaces and might leave permanent marks on
products, as shown in the article by Raja et al., 2024. The soft fingertip grippers are more
complex and more adequate when the food being grasped is very fragile. The gripper
that makes use of flexible fingers and is actuated by a tendon system is more complex
than the fin ray types. Being both electrically and pneumatically actuated, it presents the
same problems as the compressed air of the soft-finger grippers. The hook type grippers
are more adequate to an surgical environment than a food manipulation one.

2.3 Computer vision

Computer vision is a field that uses methods and algorithms to analyze and extract
information from images or videos. Allowing computers, machines, and autonomous
robotic systems to perceive and analyze images to obtain detailed information about
their surrounding environment (Cherapanamjeri and Rao, 2022). Tasks in computer
vision involve object detection, image classification, object dimension measurement, pose
estimation, object tracking, etc. The task of object detection consists of localizing in
the image different types of objects, like cars, people, animals, plants, etc. For image
classification, the task involves labeling the entire image in different classes. Object
tracking is a task performed on video where it detects objects and then tracks them
through each frame of the video. For the task of pose estimation, the objective is to
determine the position and orientation of an object in an image or video, typically in
relation to the camera or other reference.

In the task of object detection exist two main approaches, one using traditional image
processing algorithms and another using neural networks and deep learning algorithms.
In the traditional approach the algorithm extracts features from the image, including
shape and texture, using algorithms that do not require training. As such, this approach
has the advantage of not requiring training data and can be used from the get-go. However,
this type of approach has the downside of requiring a manual fitting of the parameters
(Cherapanamjeri and Rao, 2022). The deep learning approach can be subdivided into
two methods: single-stage and double-stage methods. Single-stage methods predict the
bounding box and do the classification at the same time. You Only Look Once (YOLO) and
Single Shot Detector (SSD) are examples of this method. Double-stage methods initially
extract a region of interest and later perform the classification of the region. Convolutional
Neural Network (CNN), Region Based Convolutional Neural Network (R-CNN), and Fast
R-CNN are examples of this method (Cherapanamjeri and Rao, 2022).

Nayeem et al., 2022 describe an approach for the detection and classification of objects in
images. It’s mentioned Recurrent Neural Network (RNN), which, according to the study,
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"is a class of neural network where the connections of the units form a directed cycle". The
paper also talks about residual learning, which allows for deeper neural networks that are
more accurate and other neural networks, and maintains ease of training.

The paper by OTHMAN et al., 2018 presents an approach to object detection using
a more traditional method and algorithms, where its used functions from the OpenCV
libraries in order to detect and also measure the size of objects in images. To obtain
the real size measurements of the detected objects, that being centimeters or millimeters
instead of pixels, a reference object is used to calibrate a pixel per meter variable. The
object detection process described in the paper starts with the application of a Gaussian
filter to reduce noise, next, the image is converted to grayscale, and then the Canny edge
algorithm is applied. Because sometimes the Canny edge does create closed objects, a
closing operation is performed, a dilation and a erosion filters are applied, and the final
step is to detect the contours to identify the objects in the image. According to the paper,
the accuracy on the measurements for the size of the objects was between 95.45% and
98.23%, and when the camera was above the objects, the accuracy of the measurements
improved. One problem of using a traditional approach for the object detection is that
some parameters, in this case the Canny edge hysteresis thresholds, were determined in
an empirical manner and would likely need to be changed if the environment changed.

The paper by Shreyas et al., 2021 presents some models and frameworks for 3D object
detection. The first one is using plain Red Green Blue (RGB) images for the detection
algorithm. RGB images have sufficient information to be used for 3D detection of objects.
Other method is using Red Green Blue Depth (RGB-D) cameras instead of plain RGB
cameras. That means that RGB-D cameras also have the capability to measure the distance
between the sensor and the object in the image. Another method presented by the paper
is to make use of point clouds. There are two variations for this method. Either using
all points of the clouds for the object detection, thus becoming a more costly method, or
reducing the number of points to make the method less costly, computationally speaking.
Other methods mentioned by the paper are using a combination of RGB images and Light
Detection And Ranging (LiDAR) point clouds. The RGB images would be used in a simple
2D object detection algorithm to reduce the region of interest, and then the point cloud
given by the LiDAR would be used for the 3D part.

Another common task in computer vision is 6D object pose estimation, calculating the
3D position (usually Cartesian coordinates) and orientation (Euler angles or quaternions).
This task is extremely important for robotic manipulators to determine a proper and stable
grasping pose for a target object (Tran and Lin, 2020; Gupta et al., 2019; Wong et al., 2023).
Some difficult challenges come associated with object pose estimation, usually in the form
of background clutter, object occlusion, objects with no or little texture, changes in rotation,
translations, and scale changes (Gupta et al., 2019; Yun et al., 2017).
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Approaches for 6D object pose estimation include:

• RGB only methods (Gupta et al., 2019)

• RGB-D methods (Yun et al., 2017; Höfer et al., 2021)

• Point cloud based methods (Wong et al., 2023; Chen et al., 2020; Wu et al., 2022)

• Structured light techniques (Tran and Lin, 2020)

• Stereo vision systems (Taryudi and Wang, 2017)

2.3.0.1 RGB only method

The study by Gupta et al., 2019 focuses on resolving the previously presented challenges
regarding object pose estimation. The method described by the authors outputs the pose
of the detected object in 6 Degrees of Freedom (DoF) in relation to the camera and a score
associated with the estimated pose. The authors used an RGB camera and reference 3D
mesh models. The test images consist of cluttered environments with only one instance
of the selected textureless object. The approach used is divided into a pipeline with two
stages. The first stage uses a YOLOv3-inspired model that outputs three 3D tensors from
an input of an RGB image. Each tensor has different spatial sizes of 13x13, 26x26, and
52x52 cell grids, each cell being a vector with a 2n + 1 + c dimension, where 2n are xy
coordinates of the 2D keypoints, 1 is for a confidence proposal, and c is the class scores. The
second stage uses 3D keypoints and estimates poses using an E-PnP algorithm. Following
that, the original RGB image and the various pose-rendered masks are cropped together
and passed to the CullNet that outputs calibrated object confidences. These confidences
are then used to pick the pose estimate (Gupta et al., 2019). The authors use a different
network to calculate the confidence score of the estimated pose because the keypoint
proposal network does not have an estimate of the accuracy of the resulting pose (Gupta
et al., 2019). The figure 2.7 represents the flowchart of the proposed method by Gupta
et al., 2019.

2.3.0.2 RGB-D methods

The authors of Höfer et al., 2021 present a framework for pose estimation for small
objects in a highly cluttered environment. The objects are first detected using a mask
R-CNN, capable of predicting both the bounding box of the object and their segmentation
mask. For the pose estimation, the pixels visible in the segmentation mask are used in an
augmented autoencoder. This augmented autoencoder uses a dimensionality reduction
technique that is trained to extract 3D features from image crops. To select the best pose
estimations, a method using the depth values of the original image is employed. The
predicted 6D pose of an object has its depth rendered and then compared with the real
value of the original image. If the absolute error is smaller than a defined threshold,
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Figure 2.7: Flowchart of the previously described algorithm [adapted from Gupta et al.,
2019]

the pose is selected. For training the neural network, the authors of the study created
a synthetic dataset of 2D images, generated using the Computer Aided Design (CAD)
models of the objects. However, a model trained only using a synthetic dataset does not
generalize very well to real-life scenarios. For that reason some techniques were applied
to make the dataset more closely resemble a realistic scenario (Höfer et al., 2021).

The study also makes a comparison between the method developed to estimate object
poses, using only RGB information and using RGB and depth information, and the Iterative
Closest Point (ICP) algorithm, an algorithm used to discover the alignment between two
cloud points by minimizing the distance between points (Bai, 2023). The authors arrived
at the conclusion that while the ICP has better performance on the pose estimation, the
developed method is faster and therefore more practical for real-time scenarios (Höfer
et al., 2021). The figure 2.8 represents the flowchart of the proposed method by Höfer
et al., 2021.

The study by Yun et al., 2017 focuses on the problem of object recognition and pose
estimation for a manipulation system. The information necessary for this system is the
object ID, location, and pose information. To obtain this information, the authors chose a
local feature-based approach as a starting point due to its simplicity of implementation
and small dataset required. To generate the dataset, the authors created ten cuboid objects
by scanning the surfaces of objects. 2D synthetic images are generated from these 3D
models using the Blender software (Yun et al., 2017).
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Figure 2.8: Flowchart of the previously described algorithm [adapted from Höfer et al.,
2021]

The local feature matching method is easily affected by background noise, to reduce
this problem, the authors utilize a background subtraction algorithm. This algorithm
uses depth information to extract the foreground (Yun et al., 2017). In order to find
correspondences between the features stored in the database and the features on the
images, the distances between the features on the image and every feature stored in the
database are calculated. The smallest distance is the one selected. The process is repeated
in reverse, from the database to the image. The pair that has the same feature points in
both correspondences is selected. From the selected correspondences, the distinctive one
is chosen if at least one of the following conditions is true. The ratio between the two
shortest distances is less than a selected threshold, or the shortest distance is less than
other defined thresholds (Yun et al., 2017). Finally, to get the pose estimation and object
location, a perspective-n-point problem has to be solved, to which the authors employed
the Random Sample Consensus (RANSAC) algorithm (Yun et al., 2017). Methods that
use perspective-n-point are less effective on scenes with object occlusion, clutter, and
illumination changes, which makes them less desirable for complex environments (Chen
et al., 2020; Wu et al., 2022). The figure 2.9 represents the flowchart of the proposed
method by Yun et al., 2017.

Figure 2.9: Flowchart of the previously described algorithm [adapted from the descriptions
in Yun et al., 2017]
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2.3.0.3 Point cloud based methods

The paper by Chen et al., 2020 proposes a multi-stage approach to estimate the 6D pose
of objects using an RGB-D camera. The first stage locates the object in two dimensions
using a CNN. The corresponding depth region is then transformed into a point cloud and
sent to a network for object segmentation and pose estimation. The depth region delimited
by the bounding box predicted by the CNN in the first stage contains both points of the
background and of the object. To eliminate the background points, the authors employed
two tasks. First, segmenting each point of the object with a binary classification. Secondly,
have the developed network predict the directions of vectors that point to keypoints for
each point (Chen et al., 2020). The keypoints defined for the network to predict are the
8 corners for the 3D bounding boxes for the object. From the 3D segmentation and the
vector prediction from the previous steps, multiple keypoint hypotheses are generated.
From these hypotheses, the best one is chosen using a selection algorithm that compares
the points from the test scene with the mesh model (Chen et al., 2020). The figure 2.10
represents the flowchart of the proposed method by Chen et al., 2020.

Figure 2.10: Flowchart of the previously described algorithm [adapted from Chen et al.,
2020]

The paper by Wu et al., 2022 presents a 6D pose estimation framework using 3D point
clouds that uses local feature matching to recognize objects and predict their poses. The
proposed framework consists of two major parts. The first part uses the high compatibility
correspondence grouping technique to extract various feature groups in heavily cluttered
scenes. The second part uses the groups extracted by the previous part and generates the
6D pose hypotheses and verifies those pose hypotheses.

The high compatibility correspondence grouping technique proposed by the paper
consists of 4 stages. First, the initial correspondences of the feature points. The second
stage ranks these points. The points are clustered in the third stage. On the fourth stage
are expanded (Wu et al., 2022). The pose estimation stage receives the high compatibility
correspondence groups from the previous step. Each group could be considered for the
object pose hypotheses. However, because of the expansion stage, the number of outlier
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points increases, which negatively affects the estimation and verification stages. To address
this issue, the authors employ point-fair feature constraints to eliminate the outliers. The
groups are used to estimate the poses of the objects in the scene, using a local reference
frame-based approach. The object poses are verified using the transformed model key
points in comparison with the scene points (Wu et al., 2022). The figure 2.11 represents
the flowchart of the proposed method by Wu et al., 2022.

Figure 2.11: Flowchart of the previously described algorithm [adapted from the descrip-
tions in Wu et al., 2022]

The pose estimation and robotic grasping pose estimation method proposed in Wong
et al., 2023 is based on an affordance detection and segmentation network. The proposed
robotic grasping pose estimation system is composed of four parts. The first one is the
previously mentioned affordance detection and segmentation network. The second is the
extraction of the object affordance point cloud. The third is the estimation of the object
pose. The last stage is the generation of the grasp pose for the robotic manipulator.

The affordance detection and segmentation network receives as an input the RGB image
from a RGB-D camera and outputs the center pixel of the detected object, the centroid,
the object bounding box, and lastly the segment object affordance mask (Wong et al.,
2023). The module that performs the extraction of the affordance point cloud of the object
receives as an input the point could that is provided from the RGB-D camera and the
mask generated by the affordance detection and segmentation network module (Wong
et al., 2023). The next module, the pose estimation module, takes the bounding box, center
pixel, and center point from the first module, and the affordance point cloud calculated
from the previous module and outputs the estimated pose in respect to the camera (Wong
et al., 2023). The grasp pose estimation module uses the 3D object pose estimated in the
previous module and the gripper information from the robotic manipulator and outputs
a 2D planar grasp pose in the coordinates of the camera system (Wong et al., 2023). The
figure 2.12 represents the flowchart of the proposed method by Wong et al., 2023.
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Figure 2.12: Flowchart of the previously described algorithm [adapted from Wong et al.,
2023]

2.3.0.4 Structured light method

The paper by Tran and Lin, 2020 proposes a technique for 6D pose estimation using mask
R-CNN, a neural network for instance segmentation problems, with RGB-D images. The
approach developed uses as an input RGB images and depth information from a structured
light system, 3D models from the target objects, and the 6D pose of the camera system,
then outputs the rotation matrix and translation vector that represent the relationship
between the target object and the 3D model.

The structured light system acquisition system works by projecting encoding patterns,
patterns made of black and white lines, into the scene using a data projector. The pattern-
coded images captured by the camera are processed in order to find points associated
with the data projector and RGB-D camera (Tran and Lin, 2020).

The neural network used for object detection and segmentation in this paper is a
mask R-CNN with two stages. The first stage scans the image and creates regions of
interest where there could be an object. The second stage predicts the class of the object,
improves the bounding box, and creates a mask of the object based on the previous stage
proposal (Tran and Lin, 2020). The ICP algorithm was used to estimate the 6D pose of
the objects. This algorithm calculates the transformation between the objects and the
model. A major problem is the determination of the correct data associations. Past that,
the transformations can be obtained using Singular Value Decomposition (SVD). The
developed method achieved an accuracy of 87.4% (Tran and Lin, 2020). However, this
method requires a dark environment for the projection of the encoding patterns. The
figure 2.13 represents the flowchart of the proposed method by Tran and Lin, 2020.
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Figure 2.13: Flowchart of the previously described algorithm [adapted from Tran and Lin,
2020]

2.3.0.5 Stereo vision method

The study by Taryudi and Wang, 2017 presents a method for 3D object pose estimation
using a calibrated stereo vision camera system. The object position is estimated by a
triangulation algorithm on the center of the object. The orientation is obtained using a
Matlab function that extracts the image region properties. An Adaptive Neuro Fuzzy
Inference System (ANFIS) is used to then obtain the pose of the object in relation to the
arm frame of the robot. The object is detected using a Hue Saturation Brightness (HSV)
color threshold and a filter algorithm. Then, the blob analysis function from Matlab is
used to get the position and orientation of the object in the 2D plane. Following that, using
the centroid of the object, calculated in the previous step, the 3D position of the object
is estimated. The orientation of the object is extracted as the angle between the x-axis
and the major axis of an ellipse that has the same second moments as the region (Taryudi
and Wang, 2017). The ANFIS structure consists of 4 inputs and 4 outputs; the inputs are
from the position and orientation of the object in relation with the stereo camera, and
the outputs are the position and orientation of the object in relation with the base frame
(Taryudi and Wang, 2017). This method has the problem of only giving one orientation
angle for the object, which means that it extracts less information for the manipulation of
the object. The figure 2.14 represents the flowchart of the proposed method by Taryudi
and Wang, 2017.

Figure 2.14: Flowchart of the previously described algorithm [adapted from the descrip-
tions in Taryudi and Wang, 2017]
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2.3.1 Computer vision applied in industry

Computer vision is an important field of artificial intelligence for the industry, especially
for robotics and automation. Various tasks associated with computer vision are used
in industrial operations, for example, object detection, image classification, and pose
estimation.

The article by Okarma, 2020 gives various examples of applications of computer vision,
specifically in the field of automation and robotics. The examples go from a calibra-
tion technique for augmented reality see-through headsets using cameras, detection of
pedestrians at nighttime by processing infrared images, and quality evaluation of surfaces
from 3D-printed objects to a machine prototype with the task of sorting different plastic
granulations.

One of the tasks for which computer vision is used is for quality control. The paper by
Villalba-Diez et al., 2019 describes a quality control system that makes use of computer
vision with a Deep Neural Network (DNN) on printing cylinders. The authors claim that
the proposed system can achieve an accuracy of 98.4%. The system developed by the
authors is composed of three stages. The first stage is responsible for the data acquisition
and the preprocessing of that data in order to be sent to the next stage. The second stage
has the objective of extracting features from the input images. The final stage receives
the extracted features, classifies those features, and outputs the quality of the printing
cylinder, if it passed the quality inspection or if it failed.

Another task that may use computer vision algorithms is the counting process in
inventories. The authors of the article Ji et al., 2023 created a system for warehouses to
detect and record metal sheet picks using computer vision. The authors claimed that the
developed system can count the metal sheet picks with a precision of 97.83% and a recall
of 100%.

Computer vision is also used in the agri-food sector. The article by Kakani et al., 2020
talks about the evolution of the food industry and artificial intelligence, and in particular
the application of artificial intelligence in the food industry. The article highlights multiple
use cases for computer vision, which is typically paired with other technologies like
robotics, sensors, etc. Such use cases are crop health monitoring, management of the use
of herbicides, measuring the irrigation of certain lands, and others.

The studies Yaguchi et al., 2016 and Hu et al., 2021, previously mentioned in the section
2.1, both make use of image processing that enters into the area of computer vision to
detect the crops the robot is supposed to harvest, giving it autonomous behavior.

25



CHAPTER 2. STATE OF THE ART

In Yaguchi et al., 2016, the authors used a stereo camera to obtain a colored point cloud
and used the HSV color space to detect the possible tomatoes, taking advantage of the
tomato’s red color. Next the tomato clusters are determined using the Euclidean distance
clustering, and the closest tomato is chosen. The authors of the study by Hu et al., 2021
used an RGB-D camera to identify the citrus on trees to be harvested.

The authors of the study by Fernandes et al., 2022 present a solution for the classification
of cocoa beans using a computer vision system to distinguish the various types and create
a more objective form of quality control in comparison to human verification. This type of
quality control also has the advantage of not causing any harm to the beans being verified.
The presented system makes use of deep learning in order for the system to learn the
different varieties of cocoa beans from a dataset.

2.4 State of the art summary

From this review of the state of the art, we can find that various types of grippers have
already been developed specifically designed with fragile or delicate products in mind,
composed of either soft tissues or other types of materials. These grippers need to take
into consideration several factors for the manipulation of agri-food. Namely the hygiene
and safety requirements. Because of these factors, as well as the general shape of the
agri-food products chosen for this work, the fin ray effect type of gripper gives a great
promise of success when compared with the other types of presented gripper. However,
there are no papers studying the capabilities of this type of gripper when it comes to the
grasping of sausage-type products.

This review also explored various types of algorithms, approaches, and methods for the
detection and calculation of the position and orientation of objects, object pose estimation.
Some of these presented approaches utilize plain RGB images. Others use these color
images in combination with depth information to calculate the object’s poses. Some use
the depth information directly. Other first transform the depth information into point
clouds to then use them for object pose estimation. All of these algorithms presented by
the reviewed studies utilize complex reference data, such as point clouds or 3D mesh files.
For that reason these algorithms will have higher difficulty accurately calculating the pose
of objects that have poorly defined shapes, as for agri-food products.
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Proposed approach

This chapter describes the case study scenario, as well as the proposed solution and
approach to accomplish the objectives of the scenario. Both the approaches for achieving
the goals related to the soft-tissue manipulation gripper and vision system are going are
described, as well as the methods for their evaluation and validation tests.

3.1 Case Study scenario description

This work is derived from handling tasks of the charcuterie industry, with a focus on
the packaging part of various traditional smoked sausages. The scenario corresponds to
the SEL factory located in Portugal’s Alentejo region. In the current state of the industrial
process, human operators are responsible for handling these various smoked sausages,
transferring them from a feeder tray, where they are displaced, and placing them on the
packaging line. The figure 3.1 presents the workspace of these operators.

Figure 3.1: Packaging line
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This task is physically demanding, repetitive, and time-consuming, often leading to
operator fatigue and increasing the risk of work-related musculoskeletal injuries. Besides
this factor, another motivation for the automation of this task is the growing labor shortage
in the interior region of Portugal. Adding to the complexity of the packaging step of the
industrial process of the products, the packaging stage is the final process on which all the
products converge. As a consequence, the workers are required to handle a wide range of
products, each with different shapes, firmness, texture, and other physical attributes. This
requires the workers to have a high level of adaptability and a significant level of training.
This creates more difficulties for the limited existing workforce.

Maintaining consistency and efficiency under these difficult conditions is challenging.
The manual nature of the task, combined with the unpredictable presentation of the various
products displayed on the tray, makes it difficult to establish standardized movements.
The requirement of handling the various products with care, necessary to preserve the
physical integrity of each item, is especially important for this industry, as appearance
and texture are key quality indicators. The products handled in this industrial operation
exhibit characteristics that pose challenges not only for robotic manipulation but also for
vision systems. This is due to their texture properties, object softness, deformable surfaces,
and sensitivity to pressure-induced damages of these products. These characteristics
create difficult conditions for the robotic manipulation system. Additionally, the irregular
shapes and surfaces of these products, combined with the high variability of the products,
create difficulties for the vision system associated with the robotic system. All these factors
hinder accurate object pose estimation and complicate the development of reliable and
efficient grasping techniques.

3.1.1 Case study objective

The objective of this case study is to develop a robotic system that is capable of accurately
detecting, identifying, and calculating the product position and orientation (object pose
estimation task) and later manipulating it from the feeder tray to the packaging line (pick
and place task). While preserving the products’ structural integrity and avoiding damage.
The experimental focus of this work is on the packaging operation. However, this work
can also be applied to other stages of the complete industrial process. The ultimate aim
of this work is to reduce the physical strains and demands on the industrial workers,
improve the working conditions, and at the same time enhance the process efficiency
without compromising on the product quality and value.

3.2 Proposed solution

The proposed solution for this case study is a robotic system that can be subdivided into
two distinct parts with different tasks. First, the robot itself, comprising the manipulator
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and the end effector, in this case a gripper. The second, the vision system, which is
responsible for detecting, locating, and estimating the position and orientation of the
objects to be picked up by the robot. Because of this division, the proposed approach can
be subdivided into two subparts: one focused on the soft gripper development and testing
and the other focused on the development of the computer vision system for estimating
poses of objects.

3.2.1 Gripper subsystem

Regarding the soft manipulation gripper part of the system, the tasks will involve the
development and testing of a fin ray effect gripper, as it seems the most promising gripper
type to handle various types of agri-food products. The chosen agri-food products for the
testing of the gripper were chouriço, farinheira, and morcela. As demonstrated in the state of
the art chapter (chapter 2, section 2.2.1), the fin ray type grippers can be constructed using
3D-printing technology. For this, one of the tasks will be the construction of a fin ray type
gripper and testing it to verify its performance in grasping food types with cylindrical
shapes. The reasoning behind the choice of the fin ray effect gripper is because of several
factors associated with this type of gripper. The gripper can be actuated using electric
motors, instead of being pneumatically driven like many of the gripper types presented in
the state of the art (chapter 2, section 2.2.1). This type of gripper can be easily constructed
via 3D-printing technology, which allows for faster iterative development. The fin ray
effect gripper is well suited for the grasping of objects with cylindrical/rounded shapes.
Because the three chosen products for this work have rounded features, this gripper seems
to be the best one.

3.2.2 Vision subsystem

Regarding the computer vision part of the system, the objective mentioned in the
introduction chapter (chapter 1) is to study and develop a system capable of detecting
and locating different objects, in this case multiple chouriço. As discussed in the state
of the art chapter (chapter 2, section 2.3), the two main methods of pose estimation rely
on either depth images from Red Green Blue Depth (RGB-D) cameras or point clouds,
usually created from RGB-D cameras. The reason for using an approach based on depth
cameras instead of plain Red Green Blue (RGB) cameras or structured light systems is
because of several factors. The approaches using RGB cameras require more complex
algorithms for object pose estimation to make up for the lack of depth perception of those
camera systems. Because the robot is already equipped with a camera system that can
provide depth information, using just the RGB sensor would be wasting the capabilities of
the installed camera system. The structured light approach has the problem of requiring
very specific light conditions to be able to estimate the various objects’ poses. However,
these light conditions cannot easily be replicated on an industrial floor. This reason
makes this approach inviable for the object pose estimation algorithm. For the detection
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part of the object pose estimation algorithm, an You Only Look Once (YOLO) model is
going to be used. This is because this neural network model can be easily trained with
images containing the three chosen products to be able to identify and locate them in
future images. This approach is better when comparing with more traditional approaches
because training a YOLO model is substantially easier than developing an object detection
algorithm using methods such as Hue Saturation Brightness (HSV) color threshold and
offers better end results.

3.2.3 Overall robotic system

The robotic system that’s going to be used for this project is composed of an IRB 120
robot from ABB, a 6 Degrees of Freedom (DoF) robot, a depth camera, an Intel RealSense
D415 RGB-D, and a gripper, which can be changed to test various gripper systems. The
grippers and the object pose estimation algorithms will be tested with this robotic system.
This robot will be programmed using the Robot Operating System (ROS) framework,
specifically the Kinetic Kame version of ROS 1, as it is the one compatible with the ABB
robot. Figure 3.2 is a simplified diagram visually describing the robotic system. The red
arrows represent rotations around the x-axis in rotational joints, the green arrows for
rotations around the y-axis, and the blue arrows for rotations around the z-axis.

Figure 3.2: Diagram of the robot system thats going to be used. Red for rotations on x-axis,
green for y-axis, blue for z-axis.

The robotic system pipeline would work as follows. Firstly, the camera attached to the
robot’s end effector captures two images of the scene where the products are displayed,
one image containing color information (RGB), and another containing depth information.
These images are then used by the developed object pose estimation algorithm to calculate
the various detected objects’ poses, which in turn are sent to the robot controller. Finally,
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the robot ROS controller, using the previously calculated poses as targets, generates a
grasp plan to perform a pick and place operation with each product.

3.3 Evaluation methodology

To evaluate and validate the developed robotic system and its subsystems, namely the
gripper system and the vision, along with the object pose estimation algorithm, various
tests need to be conducted. First, the two subsystems of the developed robotic system,
the gripper and the computer vision algorithm, must be tested independently. After each
subsystem has been evaluated separately, the final assessment is performed using the
complete integrated system.

Initially the first task in the validation process is to test the developedgrippersystem. The
developed gripper would be tested independently from the developed vision algorithm.
This is done to isolate the results of the gripper from the vision system and verify if the
gripper is actually capable of picking the various agri-food products. For this test, one
of the three chosen products is placed at a designated position on the workspace table,
then the robot is sent to that position, on which the gripper is closed around the object to
grasp it. If the robot is successful in picking up the product without it falling, the test is
considered a success. This test is performed for all three products.

The second task is to individually test each developed object pose estimation algorithm’s
method. This test is done by placing one of the chosen agri-food products on the workspace
table and running the algorithm to calculate its pose. The object is placed in various poses,
some flat to the table and others with an angle, to determine the resilience of the developed
methods. The main objective of this first test is not to test the accuracy of the methods but
to test the resilience and stability of each method. If the developed method has problems
with noise or cannot handle products that are not presented flat to the table or to the
camera system, it is discarded. This test is to discover the limitations, problems, and
advantages of each method and to select the best method for this scenario.

The final task is to test the fully integrated robotic system. For this task various tests
will be conducted, with similar methodology. The methodology for the tests is as follows:
First, a product is sent to a designated position with a determined pose (x, y, z, roll, pitch,
and yaw). Next, the robot at its home position runs the developed object pose estimation
algorithm to determine the place product pose. With the calculated pose, the robotic
system computes a plan to pick and place the product. If the product is picked and placed
without falling off the robot’s fin ray gripper, the test is considered a success. On these
tests the coordinates and Euler angles obtained by the object pose estimation are recorded
to obtain more information on the system’s performance. The test will be performed
using the products placed flat on the workspace table, with an angle against the table,
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and with products on top of each other occluding the bottom product. These tests should
encompass all the predicted scenarios that may occur on the real production line this
robotic system is developed for.
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Soft-Tissues Gripper Development

This chapter presents the development process of the fin ray effect gripper, designed for
the handling and manipulation of agri-food products composed of soft tissues. Firstly are
presented the various gripper designs gathered for inspiration for the final design. Next,
the development process of the gripper and its various iterations is described. Finally, the
developed digital interface is presented.

4.1 Fin ray effect grippers gathering

As already presented in the state of the art chapter (section 2.1.1), when working with
food products, special requirements designed for food safety and hygiene must be followed
to avoid contamination and damage. This ensures the quality of the products for the final
consumer.

Multiple gripper designs were already described in the section 2.2.1 specifically devel-
oped for handling delicate and fragile items. Presented designs included electrically and
pneumatically actuated grippers. As already referred to in the proposed approach chapter
(section 3.2), the chosen gripper design was the fin ray effect type. Due to the advantage of
being electrically actuated, it is simple in its design and is well adapted to handle delicate
products.

The previously presented fin ray effect gripper in the state of the art chapter (chapter
2) by Yang et al., 2021 is a three-finger configuration gripper, which has the advantage of
having a more stable grasping position for the products having a larger contact surface.
However, for longer objects, the third finger can become a shortcoming, as it can disrupt
the target grasping pose. The design of the fingers for this gripper has a length of 50mm
and 10 struts (Yang et al., 2021). These fingers were mounted onto a plate that can be
moved using a servo motor with a cable, creating an angular type of gripper. The fin ray
effect fingers were 3D printed with "Formlabs elastic resin material". A force sensor was
also included on the gripper made using a pressure film sensor. The gripper is controlled
via an Arduino Uno (Yang et al., 2021).
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Another fin ray effect gripper previously presented by Liu and Adelson, 2022 consists of
a two-finger configuration that is electrically actuated through a linear gripper. Each finger
incorporates a tactile sensor based on a camera, and its overall construction is significantly
more complex compared with the gripper described in Yang et al., 2021. In this design,
the fingers are hollow to accommodate the tactile sensor, which required the use of more
rigid materials. The struts are composed of 1.75 mm Thermoplastic polyurethane (TPU)
from Overture. The back section of the fingers is composed of Onyx from Markforged.
The tactile sensor itself consists of a silicone pad marked with a matrix of black dots, which
allows the camera to detect deformation patterns and determine whether an object has
been grasped Liu and Adelson, 2022.

The article by Gidugu et al., 2024 presents multiple patterns for the fin ray structure
for soft robotic grippers. All the proposed grippers have the same external dimensions,
having a length of 100mm, a base width of 60mm, and a height of 8mm. The presented
patterns for the fin ray struts include simple rectangular shapes, trapezoidal shapes, struts
with ends that taper down, and designs with the struts inclined by 45 and -45 degrees.
The struts have ranges from 2 to 4 millimeters in thickness. The authors chose to 3D print
these gripper designs using TPU 95A due to its softness and flexibility (Gidugu et al.,
2024).

4.2 Fin ray effect gripper requirements

As stated in the state of the art chapter (chapter 2), grippers designed to handle food
products must comply with specific standards to prevent contamination and avoid dam-
aging the items being manipulated. Among the referenced standards are ISO 14159, ISO
22000, ISO 10218, and ISO 8573. The European Union also establishes regulations for
materials intended to come into contact with food. Namely regulation (EC) No 1935/2004
(European Parliament and Council, 2004), which defines general requirements for such
materials. These materials must also be manufactured in accordance with regulation (EC)
No 2023/2006 (European Commission, 2006). For plastic materials specifically, regula-
tion (EU) No 20/2011 (European Commission, 2011), which sets migration limits and
manufacturing requirements.

Besides hygiene and safety requirements, the gripper must also be capable of creating
secure grasps on the chosen agri-food products (chouriço, farinheira, morcela), and for that,
the fin ray gripper must be able to bend when in contact with the food products.

The material chosen for the fin ray gripper was TPU 95A, also used by the authors of
the paper Gidugu et al., 2024, due to its elastic and soft properties, as well as meeting the
requirements for food safety. TPU also had the added bonus of being able to be used in
3D printers. This will facilitate the construction of the gripper, as well as prototyping.
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4.3 Fin ray effect gripper development

To develop the fin ray fingers for the gripper, the Onshape website was used. The first
design was inspired by the designs presented by Gidugu et al., 2024. The base of the finger
consists of a rectangular cuboid with a width of 20mm, a length of 60mm, and a height
of 8mm. The base also has six holes 3.4mm in diameter for attachment of the gripper,
spaced 10mm apart and 5mm from the ends of the base. The finger itself consists of a
right triangle that is 100mm in length and 2mm in thickness. The finger has nine struts,
spaced evenly by 8mm, that are 2mm in thickness for the fin ray effect.

The decision to make the finger format in a right triangle, rather than an isosceles
triangle, was motivated by the intended use of a linear gripper. This geometry allows one
side of the finger to remain parallel to the opposing side and, in theory, enables the gripper
to deform uniformly around the object during grasping. The figure 4.1 illustrates the
dimensions of the first version of the developed fin ray gripper, presented in millimeters.

Figure 4.1: Dimensions of the first developed fin ray effect gripper finger (in millimeters)

To enable the attachment of the developed fin ray effect finger to the gripper assembly, a
custom-designed holder was created to interface between the fingers and the main gripper
body. The holder has a U-shaped geometry and shares the same length (60mm) and
internal width (20mm) as the fingers. The two lateral walls are 8mm high and 2mm thick
each and incorporate six holes with a diameter of 3.4mm that align with the corresponding
holes located on the base of the finger, allowing it to be securely mounted to the holder.

For the attachment of with the main gripper structure, a small mounting extension with
10 mm in length was added. This extension has the same total width as the holder (24mm)

35



CHAPTER 4. SOFT-TISSUES GRIPPER DEVELOPMENT

and a thickness of 5 mm, and it contains two 3.4mm holes spaced 16mm apart. These
holes allow the holder to be fixed to the main gripper assembly using two screws and
nuts. The dimensions of the first version of the developed holder for the fin ray finger are
presented in Figure 4.2.

Figure 4.2: Dimensions of the first developed holder for gripper finger (in millimeters)

The following figure (figure 4.3) is a photograph the complete gripper, with the
developed fin ray fingers attached via the developed holder. The gripper its at closed
position.

Figure 4.3: Image of the complete assembly of the first version of fin ray gripper assembly

After testing the first gripper design, it was observed that the 2mm wall thickness of the
fin ray fingers made the structure excessively stiff. This rigidity prevented the fingers from
bending and deforming around the grasped object, reducing the overall effectiveness of
the gripper and creating a risk of damaging delicate products. It was also found that the
finger was noticeably stiffer on the right side when compared with the hypotenuse and
that the stiffness increased toward the fingertip. As a result, the finger did not deform
uniformly. When pressed against a rigid surface, such as the workspace table, the fingers
also did not deform. To reduce stiffness, the ends of the fingers were trimmed. Although
this modification improved the bending, the fingers still remained too rigid to properly
deform around the grasped objects, and the asymmetry in flexibility between the two
sides of the finger persisted.
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Another issue identified during testing was the difficulty in attaching the fingers
to the holder piece. The original finger dimensions did not account for 3D-printing
tolerances, which resulted in a mismatch between the finger width and the holder’s
internal dimensions. To address this problem, a tolerance of 0.1mm on each side was
introduced in the subsequent iterations of the fin ray fingers. Another problem concerned
the extension used to attach the holder to the main gripper body. Due to the 90 degree
angle, this part proved to be a structural weakness point. Due to its fragility, this section
could break after extended use. The figure 4.4 shows the cut made to the fingers in an
attempt to reduce stiffness at the tips, along with the original, unmodified fingers. The
image on the left side corresponds to the original gripper fingers, while the right side
image corresponds to the result of modification.

Figure 4.4: Solution attempt to the stiffness problem on the ends of the finger. left - before,
right - after

In the second iteration of the fin ray finger design, the base still consists of the same
rectangular cuboid format, although its dimensions were adjusted to incorporate the
previously discussed tolerances. As a result, the base has now a width of 19.8mm and a
height of 7mm (this height is the result of an error, it should have been 7.9 millimeters).
The length remains unchanged, maintaining the 60mm. The number and dimensions of
the mounting holes also remain the same, keeping the 3.4 mm diameter and the 10 mm
spacing between holes. The finger shape changes from a right triangle to an isosceles
triangle, while maintaining the 100mm in length. The overall thickness of the finger
was reduced from 2mm to 1mm. Additionally, the internal structure was updated by
increasing the number of struts from 9 to 10, now spaced 7.8mm apart. The updated
dimensions for this second version of the fin ray gripper are shown in Figure 4.5.

Because of the changes introduced in the second fin ray finger design and the structural
integrity issues observed, the holder piece also required a redesign. With the new finger
format, the holder needed to incorporate an angle that would allow the two fin ray fingers
to remain parallel to each other. Since the angle between the triangle legs and the base is
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Figure 4.5: Dimensions of the second developed fin ray effect gripper finger (in millimeters)

73.301 degrees (measured in Onshape), the corresponding holder angle is calculated as:

𝛼 = 90◦ − 73.301◦ = 16.699◦ ≈ 17◦

To adjust the holder to this angle, the extension section of the holder needed to be
redesigned, as the gripper was unable to fully close with the original geometry. The
extension part was rotated to the calculated angle and, to ensure total closure, extended
to the front by a length of 3.669mm, calculated as:

tan(𝛼) =
oposite
adjacent ⇔ oposite = base = tan(𝛼) · adjacent

The remaining portion of the extension was kept identical to the previous version. The
figure 4.6 illustrates the redesigned extension section of the holder piece.

To solve the issue with the structural integrity of the holder piece, a fillet with a radius
of 7.3mm was added between the extension part. This permits the extension to resist
against forces perpendicular to its direction. The figure 4.7 presents the dimensions of the
second version of the developed holder part. The figure 4.8 shows a photograph of the
second version of the full gripper assembly on the robot end effector.

When testing the second iteration of the Fin Ray gripper, it was observed that the fingers
were significantly more malleable and bent more easily, allowing them to deform around
the grasped product. This deformation around the product created a very secure grip.
The gripper fingers were also able to bend when pressed against flat, hard surfaces, such
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Figure 4.6: Dimensions of the redesign extension part of the holder (in millimeters)

Figure 4.7: Dimensions of the second version of the developed holder for gripper finger
(in millimeters)

Figure 4.8: Image of the complete assembly of the second version of fin ray gripper
assembly

as the workspace table. This characteristic permitted grasping the products from below,
allowing for an even more secure grip. The improvements on the holder piece were also
visible. The holder part was much less fragile when compared with the previous design
iteration. The introduction of the 3D printing tolerances allowed for an easier mounting
of the gripper fingers on the holder. This allows changing the finger to be a much easier
task. However, it was observed that even at full extension the gripper could barely clear
the width of the farinheira product. In a case of small coordinate errors, this could lead to
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the gripper not being able to properly grasp the product or causing damage.

To address the limitation previously identified in the gripper, a new holder design was
developed. The extension part that attaches to the main gripper body was repositioned
further toward the extremity with the objective to increased the maximum gripper exten-
sion distance. An extension of 10.5 was added to the design in order to create a separation
of approximately 20 mm between the two Fin Ray gripper fingers, as calculated:

cos(𝛼) = 𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡

ℎ𝑖𝑝𝑜𝑡𝑒𝑛𝑢𝑠𝑒
⇔ ℎ𝑦𝑝𝑜𝑡𝑒𝑛𝑢𝑠𝑒 =

𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡

cos(𝛼) =
𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒

cos(𝛼) =
10

cos(17◦) = 10.4569 ≈ 10.5

The figure 4.9 presents the dimensions of the final version of the holder part. The figure
4.10 shows a photograph of the final version of the full gripper assembly on the robot end
effector.

Figure 4.9: Dimensions of the third version of the developed holder for gripper finger (in
millimeters)

Figure 4.10: Image of the complete assembly of the third version of fin ray gripper assembly

With this modification to the holder part, the gripper was able to reliably pick up all
products reliably without the risk of damaging them. Additionally, it gives the advantage
of the manipulation system not requiring extremely precise positions from the vision
algorithm, turning the robotic system more robust against potential noise and errors. The
only downside to this solution is the inability to completely close the gripper. However,
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this ability is not relevant for this project. The gripper’s max width distance is around 100
millimeters.

4.4 Gripper module

The chosen actuator for the gripper module was the same as the one used in Lupi
et al., 2024. This linear actuator has the advantage of not changing the gripper’s
reach as the fingers are closing or opening, unlike angular actuators. The gripper
is made of 3D-printed parts made from Polylactic acid (PLA). The fingers are ac-
tuated via a stepper motor, specifically a Nema 17 bipolar motor with a step angle
of 1.8 degrees and with a holding torque of 13 Ncm. The max gripping force is 40
Newtons. The gripper controller is based on an ESP-32 microcontroller (Lupi et al.,
2024). The model of this gripper assembly actuator is available in the GitHub reposi-
tory: https://github.com/NOVA-RICS-Open-Lab/Linear-Gripper-3D. Commands are
sent to the gripper via HTTP requests, allowing the distance between the fingers to be
adjusted. The gripper module also allows for easy replacement of the fingers, which is
advantageous during the development of the Fin Ray effect fingers, as it enables rapid
testing of new designs. This gripper module has an extension to mount the depth camera
for the computer vision part of the system.

The figure 4.11 shows a rendered version of the complete assembly of the gripper system.
The item highlighted by the number 1 is the camera attached to the gripper assembly.
The camera selected for this work is an Intel RealSense D415 depth camera, as previously
stated in the chapter 3. The item highlighted by the number 2 is a light source utilizing an
Light-Emitting Diode (LED). This feature of the gripper was not used for this work. The
item highlighted by the number 3 is the main body of the gripper assembly. It houses the
stepper motor that makes the fingers open and close. The items highlighted by the number
4 are the adapters for the attachment of the fin ray effect gripper fingers to the main body
of the gripper assembly, described in the previous section 4.3. The items highlighted by
the number 5 are the fin ray effect gripper fingers themselves, described in the previous
section 4.3.

4.5 Gripper’s digital interface

As mentioned in the previous section, the control of the gripper is based on an ESP-32
microcontroller. It controls the stepper motor and the distance between the two Fin Ray
fingers. The communication to this controller is done through HTTP requests, using
the POST method. The controller has two commands, one to open the gripper in its
totality and the other to close the gripper to a determined distance. The first command
can be called by sending an HTTP request with the POST method with the path open.
The second command can be called with the path close, setting the desired distance on
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Figure 4.11: Image of the complete 3D module of the gripper

the parameter dimension. The IP address of the gripper controller is 192.168.1.2. This
method of interfacing with the gripper module does pose some security issues, as it does
not guarantee that the gripper is safe from attacks. The focus of this work is not on the
communication between the gripper and the robot controller, and as such this issue will
not be resolved. Future work should, however, improve this method of communication
for the gripper.

Initially, to test these commands, a Python script was developed. The script launched a
small window application that allows the user to input a desired value for the distance
and call the two previously described commands. The figure 4.12 presents the graphic
interface of the developed Python test script for testing these commands.

Figure 4.12: Image python script for testing the gripper HTTP request services
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To integrate the gripper controller with the rest of the robotic system, a Robot Operating
System (ROS) node was developed. This node implements two ROS services, a service
to open the gripper to its full extension and another to close or open the gripper to
a given distance. With this node, the main controller node for the robot can call the
services and operate the gripper during its run time without the need to handle the HTTP
requests on the main code. This approach also provides a higher level of versatility and
customizability to the robotic system. In a case where the robot gripper assembly might
change, the main controller code won’t need any change. The user just needs to update
the gripper’s controller ROS node or use another ROS node as a substitute. This node is
further discussed in the chapter 6.
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Pose Estimation Algorithm
Development

This chapter describes the development process of the 6D object pose estimation algorithm,
created to detect and calculate the position and orientation of the various agri-food
products. The first section presents the overall pipeline of the computer vision algorithm.
The second section describes the hardware used for the vision system. The third section
presents the image preprocessing steps. The fourth section describes the development of
the algorithm, with subsections dedicated to each stage: object detection and segmentation,
position calculation, and orientation calculation. The final section explains the decisions
behind the chosen approaches for the object pose estimation algorithm, as well as some
final considerations including limitations and shortcomings of the algorithm.

5.1 Algorithm pipeline

The developed object pose estimation algorithm took inspiration from various ap-
proaches and methods discussed in the state of the art chapter (section 2.3). The detection
and segmentation stage was inspired by the approaches from the works by Tran and Lin,
2020; Wong et al., 2023; Höfer et al., 2021; Chen et al., 2020. In addition, it incorporates the
idea of using a keypoint approach from the works by Gupta et al., 2019; Chen et al., 2020.

The developed algorithm can be divided into three stages. The first stage is responsible
for the object detection and segmentation. It obtains the list of correspondent pixels of
the detected object present on the Red Green Blue (RGB) image given by the camera.
The second stage is tasked with calculating the position (in Cartesian coordinates) of the
various detected objects. The third stage is responsible for calculating the object orientation
(in Euler angles) in relation to the camera. The figure 5.1 presents the overall pipeline of
the developed pose estimation algorithm.
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Figure 5.1: High level flowchart of the developed algorithm

5.2 Camera system hardware

The approach used for the algorithm for 6D pose estimation requires the use of a vision
system capable of measuring the distance between the environment and objects to the
camera. For that, either a stereo vision camera system or an Red Green Blue Depth (RGB-D)
camera can be used. The chosen camera for this work was the Intel RealSense D415, a
depth camera that utilizes stereoscopic technology to calculate the depth for each pixel.
The camera has two imagers, with an Infrared (IR) projector between them that projects
non-visible light patterns to help with the depth calculation on low-texture surfaces. The
camera also includes an RGB camera for color images (Intel Corporation, 2019).

The camera is connected to a computer using a Universal Serial Bus (USB) cable. It
requires the cable to be capable of transmitting in USB2.0 or USB3.1 Gen 1. However,
when using a cable capable of only USB 2.0, the maximum resolution can only reach 640 by
480 pixels. This greatly diminishes the quantity of data and, consequently, the precision
of the depth measurement when compared with the maximum resolution of 1280 by 720
pixels (Intel Corporation, 2019). Initially the development of the computer vision system
was being made with a cable only capable of USB 2.0 transmission. Later this cable was
replaced by one capable of USB 3.1 transmission. The camera is mounted on the gripper
assembly described in the gripper development chapter (section 4.3), from an extension
on the gripper body.

5.3 Depth and color images preprocessing

Before the images provided by the depth camera can be used in the pose estimation
algorithm, they have to be preprocessed to reduce the noise on the images. Especially the
depth image, which is relatively vulnerable to noise caused by light sources. Additionally,
the frames provided by the camera have an offset between them and must be aligned
before use.

The first step of the preprocessing is the alignment of the frames. This is done using
the pyrealsense2 library provided by Intel using the align object. For the filtering step of
preprocessing, various filters provided by the same library were tested. The tested filters
provided by the Intel library are decimation filters, threshold filters, temporal filters, and
spatial filters. These filters were tested using the Depth Quality Tool for Intel RealSense
Cameras provided by Intel (shown in the figure 5.2).
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Figure 5.2: Intel - Depth Quality Tool for Intel RealSense Cameras

Experimental results showed that the best preprocessing procedure involved a combi-
nation of a decimation filter with a temporal filter. The decimation filter was applied to
the depth frame with a magnitude of 2, downsampling the resolution of the image in half.
The temporal filter was configured with an alpha value of 0.3 for the exponential moving
average (Intel RealSense SDK Team, 2025). A delta factor of 20 for the step boundary to help
preserve edges (Intel RealSense SDK Team, 2025). Additionally, it employed a hole-filling
mode of "Valid in 2/last 4", meaning that a pixel’s depth value would be preserved if the
pixel had a valid depth value in 2 frames of the last 4 frames (Intel RealSense SDK Team,
2025).

Because of the decimation filter, the RGB and depth images’ resolution becomes different
(the resolution of the depth images is half of the color image); for the vision algorithm
to make the correspondence between the depth pixels and color pixel, the resolution of
the depth image needs to be upscaled. This is done by resizing the image using the
NumPy library with the function np.repeat. This repeats the pixels two times, effectively
doubling the size of the image back to its original resolution.

5.4 Algorithm development

As previously stated, the developed algorithm can be divided into three stages: object
detection and segmentation, position calculation, and orientation calculation. Each stage
builds from the previous one. The main objective of this algorithm is to calculate 6D
pose, a combination of position (Cartesian coordinates of the object’s center) with the
orientation of the object in relation to the camera (in Euler angles, x-y-z order). With this
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pose, the robotic system will be able to plan an approach to pick and place the detected
product.

5.4.1 First stage - Object detection and segmentation

The first stage of the algorithm’s pipeline is to detect the object and obtain its correspond-
ing pixels on the color (RGB) image. For that, a You Only Look Once (YOLO) segmentation
model was chosen because it could at the same time do the object detection operation as
well as the segmentation task and for its operation speed (Ultralytics, 2023a). Version 11
of the model, YOLO11-seg, was chosen, as it was the latest version.

The use of a neural network, such as YOLO neural networks, requires it to be previously
trained before its deployment. For that reason, the first task for the development of the first
stage is to obtain a dataset for training the model. The first version of the dataset had 154
images in total: 133 for training, 14 for validation, and 7 images for testing (86%, 9%, 5%).
The test images are used for the verification of the performance of the trained model. The
images were augmented with rotations of 90 degrees, clockwise and counterclockwise,
and inversions of the image (upside down) and had a resolution of 640 by 480 pixels. With
this dataset, the first model was trained using a pre-trained YOLOv11 nano segmentation
model with 50 epochs.

The dataset is composed of images with just one of the chosen agri-food products,
images with multiple products, and images with one product on top of another. All the
products were labeled using the Roboflow website in the instance segmentation mode. In
the case of images with products on top of each other, just the product that is on top is
labeled. This is done to avoid detecting objects that are occluded by others and just focus
on the top products that can be picked first. These labeling rules are followed for all the
following datasets.

During the testing of the trained model, it was found that it lacked generalization. If a
product was placed in a location that wasn’t represented in the dataset, the model would
either assign a very small confidence score for that product or would fail to detect it. This
was more noticeable when the product was placed at angles of 45 and -45 degrees. The
results of the first model training are presented in the figure 5.3. The plots illustrate the
evolution of two standard performance metrics, precision and recall. The labels B and
M refer to the bounding box and segmentation mask outputs, respectively (Ultralytics,
2023b).

Precision =
true positives

true positives + false positives

Recall =
true positives

true positives + false negatives

47



CHAPTER 5. POSE ESTIMATION ALGORITHM DEVELOPMENT

Figure 5.3: Results of the training of the first model

To solve the issue of lack of generalization, a new dataset was created from the same
images as the previous one, adding rotations between 45 and -45 degrees. This created
a dataset with 209 images in totality, 183 images dedicated for training, 17 images for
validation, and 9 images for testing (88%, 8%, 4%). The model was trained using, again, a
pre-trained YOLOv11 nano segmentation model with 50 epochs.

During the testing of the second trained model, it was observed that with the rotations
applied to augment the dataset, the trained model showed better generalization. No
longer having difficulty with positions and object angles that were not represented on the
labeled images. The figure 5.4 presents the results of the training of the second model.

In an attempt to improve the model, new images were added to the dataset, as well as
new augmentation post-processing steps. The third version of the dataset is composed of
573 images in total, with 546 images dedicated to the training of the model, 18 images for
validation, and 9 images for testing. The augmentation processes used were the vertical
and horizontal flipping of the image, the rotation by 90 degrees of the image in clockwise
and counterclockwise directions, the rotation of the image by 180 degrees (upside down),
rotation by -45 and 45 degrees, and finally the addition of noise (up to 1.49% of the pixels).
The size of the model used for training was also changed from nano to small in an attempt
to get even better results for the segmentation predictions.

When testing the newly trained model, it was found that it gave better results for the
instance segmentation mask as well as better confidence scores for the detected objects.
However, the processing time of the model was increased dramatically. This is due to
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Figure 5.4: Results of the training of the second model model

the change of model size from nano to small. The figures 5.5 presents the results of the
training of the third model. The figure 5.6 presents a chart with a speed test done with 120
images. The first trained model corresponds to the blue line, the second trained model
corresponds to the orange line, and the third trained model corresponds to the green line.
The chart shows that the processing time for the model with the "small" size takes around
double the processing time when compared with the models of "nano" size. The "nano"
models take close to 100 milliseconds for each inference, while the "small" model takes
close to 200 milliseconds.

When the USB cable was replaced with a cable capable of USB 3.0 transmission, it
consequently allowed the capability of using images of 1280 by 720 pixels in resolution.
This allows for better depth precision, as this resolution is the optimal setting for the
camera (Intel Corporation, 2019). As a downside, it also requires the use of a new model
capable of handling images with the new resolution.

For the new model, a new dataset was created. Composed of 230 images, 201 for training,
19 images for validation, and 10 images for testing (87%, 8%, 4%). The augmentation
processes used were horizontal and vertical flips, rotations between -45 and 45 degrees,
brightness changes between -15% and 15%, and the addition of noise.

When testing the model, it was found that it lacked generalization on some positions,
more specifically closer to the center of the image. This is probably caused by the lower
quantity of images when compared with the previous dataset. Another problem found
with the newly trained model is that the confidence scores for the detected and segmented
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Figure 5.5: Results of the training of the third model model

Figure 5.6: Speed test for the first three trained models (resolution 640x480)

objects were lower. The previous model would give scores starting from 90%, while this
model would give scores starting from 80%. The figures 5.7 presents the results of the
training of the fourth model (the first using the resolution of 1280 by 720 pixels).

To solve the issue of lack of generalization in the center of the image, new images were
added to the dataset with representation of the positions where the model had difficulty
detecting objects. Additionally, more images were added to the validation group. The new
dataset has 229 images, with 195 images for training, 24 images dedicated to validation,
and 10 images for the testing group (85%, 10%, 4%).

With the new dataset, the issue of lack of generalization in the center of the image was
solved. The newly trained model was now capable of detecting and segmenting objects in
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Figure 5.7: Results of the training of the fourth model model

the center of the image. However, the model still had the issue of relatively low confidence
scores. This is resolved by lowering the confidence score filter value. The figure 5.8
presents the results of the training of the final yolo segmentation model.

Figure 5.8: Results of the training of the final model model

The architecture of the used YOLO model requires the input image size to be a multiple
of 32. Consequently, the images with the resolution of 1280 by 720 pixels are fed to the
model. The resulting segmentation mask, returned as a binary image, has a resolution
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of 1280 by 736 pixels, since 8 pixels are added to both the top and bottom of the image
to ensure that its vertical dimension is a multiple of 32. This requirement comes from
the initial layers of the YOLOv11 architecture, which downsample the image. Therefore,
once the model generates the segmentation mask, 8 pixels are removed from the top and
another 8 from the bottom of the resulting output.

The output values from this first stage of the algorithm are the detected object’s confi-
dence score, class name, bounding box, and the instance segmentation mask in the format
of a binary image. The figure 5.9 presents the results of the YOLO segmentation model.
Note that in the right image, only the top product is detected and segmented. The product
on the bottom is ignored by the model. This behavior is intended, as the product on the
bottom could not be picked before the top product is moved away.

Figure 5.9: Result of the model for a images with all products. The right image shows an
example with one of the products being occluded by another

5.4.2 Second stage - Position calculation

The second stage involves the calculation of the position of the center of the object in
relation to the camera system. Two methods were developed for this task. The first one
uses the average pixel depth of the object. The second uses the individual depth of each
pixel of the object to create a point cloud of the object. Both of these approaches require
the use of the object’s segmentation mask provided by the previous stage model. The
output of this stage is the coordinates center point of the object (3D point) as well as the
centroid (2D center of the object).
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5.4.2.1 Average depth method

The first developed method to calculate the position of the object directly used the depth
values given by the camera. Initially all the corresponding pixels of the segmentation
mask have their depth values all summed to obtain the average depth. Special caution
needs to be taken due to invalid depth pixels (pixels with a depth value equal to 0). Before
calculating the average, the invalid pixels are filtered out.

The next step is to obtain the position of the centroid of the object. This is done by
calculating the image moments of the object. Moments in image processing are a form of
weighted average of the pixel intensities.

𝑀𝑖 𝑗 =

∑
𝑥

∑
𝑦

𝑥 𝑖𝑦 𝑗 𝐼(𝑥, 𝑦)

Where 𝐼(𝑥, 𝑦) is the intensity of the pixel with the coordinates 𝑥, 𝑦. To calculate these
moments, the OpenCV library was used. Using the 𝑀00, 𝑀01, and 𝑀10 moments, it’s
possible to calculate the x and y coordinates for the centroid of the object.

Centroid𝑥 =
𝑀10
𝑀00

,Centroid𝑦 =
𝑀01
𝑀00

The final step of this method is to do the 3D point "deprojection". This is done using
the Python wrapper of the Intel RealSense SDK 2.0, pyrealsense2. Using the function
rs2_deproject_pixel_to_pointwith the calculated average depth value and the object’s
centroid, it is possible to obtain the Cartesian coordinates of the center of the object. This
function additionally requires the video stream intrinsics of the depth camera. The figure
5.10 presents a simplified pipeline of the presented method for the center point of the
object that corresponds to the Cartesian position of said object.

Figure 5.10: Simplified pipeline for the average depth method for the calculation of the
center point of the object
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5.4.2.2 Point Cloud method

The second developed method to calculate the position of the object used the depth
values of the corresponding pixels of the segmentation mask to first create a point cloud
and then use it for the calculations of the position of the object.

The first step of this method is the creation of a point cloud for the detected object. This
is done by "deprojecting" each individual pixel of the segmentation mask provided by the
previous stage. Like with the calculation of the average depth on the previously described
method, the invalid pixels are also filtered. This first step outputs a list of 3D points, which
corresponds to the object’s point cloud.

The second step is calculation of the average on the 3 axes. This step obtains the object’s
3D center point, which corresponds to the Cartesian position of the object in relation to the
camera. Because the centroid is also needed for the third stage of the algorithm, its center
point is "projected" onto the 2D space using the function rs2_project_point_to_pixel
from the pyrealsense2 library. The figure 5.11 presents a simplified pipeline of the
presented method for the center point of the object.

Figure 5.11: Simplified pipeline for the point cloud method for the calculation of the center
point of the object

The two developed methods were tested back-to-back for comparison in the same ex-
perimental conditions. The two methods showed very close results. However, the method
that used the average depth for the calculations was faster and much less computationally
expensive. This difference in speed results from the creation of the point cloud, which is
slower than calculating the average depth of all pixels corresponding to the segmentation
mask. The processing speed between the two methods on the images with the resolution
of 1280 by 720 pixels was significantly different, due to the size of the images. For that
reason, unless the third stage requires the use of a point cloud, the first method will be
preferred. The figure 5.12 presents a comparison between the two developed methods.
The left image is the method that uses the average depth. The right image is the point
cloud method.

5.4.3 Third stage - Orientation calculation

The final stage of the algorithm is responsible for the calculation of the orientation of
the detected object in relation to the camera system. Various methods were developed
and tested for this stage. These include using approaches such as Principal Components
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Figure 5.12: Comparison between the depth values method and the point cloud method

Analysis (PCA), Ordinary Least Squares (OLS) regression, Singular Value Decomposition
(SVD), and keypoints.

5.4.3.1 PCA 2D method

The first developed method used PCA on the segmentation mask points to obtain the
rotation of the object in the 2D plane. PCA is a statistical method for data reduction, in
which n axes are rotated to align with the directions with the most possible data dispersion.
Each nth axis follows the nth direction with the most data dispersion Gewers et al., 2021.
For example, given a set of points in a 2D space with an elliptical format, the first axis
calculated by the PCA will follow the semi-major axis, while the second axis will follow
the semi-minor axis. Figure 5.13 is a graphic representation of this example.

Figure 5.13: Visual representation of the PCA method (source: Nicoguaro, 2016)
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The first developed method uses this technique to obtain the principal component axes
of the detected object. These axes will correspond to the x and y axes in the 2D space (x
corresponding to the first PCA axis and y to the second). Due to the shape of the object in
the image, the two axes will always be orthonormal. Consequently, only the angle between
the image x-axis and the first PCA axis needs to be considered. This angle represents the
rotation of the object in the 2D plane.

The PCA operation is done using the function PCACompute2 from the OpenCV library.
Before using the segmentation mask points for the PCA, their data structure needs to be
modified. The YOLO outputs the segmentation mask as a NumPy multi-dimension array
composed of 32-bit integers, while OpenCV requires the use of a multi-dimension array
composed of 8-bit integers. To modify the YOLO’s segmentation mask data structure, each
value of the multi-dimension array is multiplied by 255 and turned into an 8-bit integer.

One limitation of this method for orientation is that it can only calculate the angle of
the object in the 2D space. This is fine if the object is rested on the table. However, if the
object is at an angle with the workspace table, the robotic system will have some difficulty
creating a valid grasping pose to pick and place the object. The figure 5.14 presents the
result of the application of the method for object orientation calculation. Note that the
object only has rotation on the z-axis (yaw), while the other angles always have a value of
0.

Figure 5.14: Results of orientation calculation method that uses PCA on the segmentation
mask. On the right image the product has some inclination.
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5.4.3.2 PCA 3D method

The second developed method also used PCA to obtain the object orientation. However,
instead of being used on the segmentation mask point, it is used on the point cloud of the
object. This enables the analysis to be performed with three axes. The library scikit-learn
(sklearn) is used for this task.

The first principal component axis represents the x-axis of the object, the second principal
component axis the y-axis, and the third the z-axis. These axes are vertically stacked as a
rotation matrix.

𝑅 =


𝑥𝑎𝑥𝑖𝑠

𝑦𝑎𝑥𝑖𝑠

𝑧𝑎𝑥𝑖𝑠


The Euler angles that represent the orientation of the object are extracted from this

matrix. The order of extraction of the Euler angles affects their values. The use of intrinsic
rotations, rotations around the coordinate system of the object, or extrinsic rotations
around the fixed coordinate system will also alter the angle values. Consequently, the
extraction of the Euler angles must follow the conventions of Robot Operating System
(ROS), which are extrinsic rotations in the other x-y-z (roll, pitch, yaw). To extract these
rotations, two functions from the SciPy Python library are used. The function from_matrix
is first used to create the rotation matrix object. Next, the function as_euler with the
argument ’xyz’ is used to extract the Euler angles in the correct order.

During the testing of this approach, it was observed that it had minor problems when
the product was rested parallel to the workspace table. In the case of the result shown
in the figure 5.15, having a deviation of around 7.45 degrees on the roll angle. However,
when the product was rested at an angle against the table, this method of orientation
calculation completely failed. The figure 5.15 presents the results of applying this method
for orientation calculation.

5.4.3.3 OLS linear regression method

Another method tested for orientation calculation is the OLS linear regression technique.
This method obtains a plane that traverses the points from the object’s point cloud,
and using the plane normal vector, it is possible to calculate the object’s orientation by
comparing it to the normal vector of the xy plane.

OLS is a technique for the estimation of the coefficients of a multiple regression model.
The objective of this method of estimation is the minimization of the value of the least
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Figure 5.15: Results of orientation calculation method that uses PCA on the object’s point
cloud. On the right image the product has some inclination.

squares function, where 𝛽0 , 𝛽1 , 𝛽𝑘 are the coefficients of the regression.

L =

𝑛∑
𝑖=1

𝜖2
𝑖 =

𝑛∑
𝑖=1

©­«𝑦𝑖 − 𝛽0 −
𝑘∑
𝑗=1

𝛽 𝑗𝑥𝑖 𝑗
ª®¬

2

Using the point cloud of the object, the scikit-learn library applies the OLS technique.
The coefficients were estimated using the object LinearRegressionwith the function fit.
The plane is created from the coefficients obtained from the OLS regression, as:

𝛽1𝑥 + 𝛽2𝑦 + 𝛽0 = 𝑧

The next step of this approach is to compare the OLS plane’s normal vector to that of
the xy plane. A rotated axis is obtained by the cross product between the normalized
OLS plane’s normal vector and the normal vector of the xy plane. The rotation angle is
calculated from the arccosine of the dot product between the normalized object’s normal
vector and the normal vector of the xy plane.

−−→
Rot𝑥𝑦𝑧 =

−→
𝑁 object ×

−→
𝑁 𝑥𝑦

𝜃Rot = arccos(−→𝑁 object ·
−→
𝑁 𝑥𝑦)
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Using the rotation axis vector and the rotation angle, a quaternion is constructed to
represent the orientation of the object in relation to the camera system.

𝑄 =



𝑤 = cos(𝜃Rot
2 )

𝑥 =
−−→
Rot𝑥 sin(𝜃Rot

2 )
𝑦 =

−−→
Rot𝑦 sin(𝜃Rot

2 )
𝑧 =

−−→
Rot𝑧 sin(𝜃Rot

2 )

From the quaternion, it is possible to extract the orientation as Euler angles by first
converting it to a rotation object using the SciPy function from_quat and then using the
as_eulerwith the argument ’xyz’.

This method has the limitation of not being capable of determining the rotation around
the z-axis (yaw). This is a consequence of just comparing the object’s estimated plane
normal vector to the normal of the xy plane. To be able to determine all the angles,
the object’s normal vector would have needed to be compared with at least two planes’
normal vectors. The figure 5.16 presents the results of applying the described orientation
calculation method. The method showed promising results when applied to a detected
product with no angle with the workspace table. However, for products with some
inclination, the method was shown to have worked poorly.

Figure 5.16: Results of orientation calculation method that uses OLS on the object’s point
cloud. On the right image the product has some inclination.

5.4.3.4 PCA 2D combined with OLS linear regression method

As discussed in the previous methods of calculating the orientation of the detected
object, the method that uses PCA on the segmentation mask has the disadvantage of only
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being capable of determining the angle of the object around the z-axis, while the method
that uses the OLS linear regression can only determine the angles of rotation around the
x and y axes.

The next developed method combines these methods (OLS and 2D PCA) in order to try
to work around the limitations of both. First, the same steps that explain the OLS linear
regression method are applied, determining the roll and pitch angles. Finally, the PCA
technique is applied to the segmentation mask pixels to obtain the missing yaw angle. The
figure 5.17 presents the results of applying the combined methods. From the discussed
methods so far, this is the most reliable so far. However, because of the independent
nature of how the rotation around the z-axis is calculated from the angles of the x and y
axes, this method has problems when calculating poses with high pitch and roll angles.

Figure 5.17: Results of orientation calculation method that uses the combined OLS on the
object’s point cloud with PCA on the segmentation mask pixels. On the right image the
product has some inclination.

5.4.3.5 Keypoints method

The last developed method uses a keypoint approach to calculate the object orientation.
The basic premise of this approach is to find the coordinates of a series of points in
certain positions of the object and use them to calculate the orientation of the object. This
approach begins by first doing a PCA on the pixels of the segmentation mask of the object
to obtain the rotation of the object in the 2D plane. With this angle, the object is rotated
on the image, and its width and height are extracted by calculating the bounding box of
the object, using the function boundingRect from the OpenCV library.
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Four keypoints are necessary to calculate the orientation of the object. From these four
keypoints, two vectors are calculated, one vector to represent the x-axis and another to
represent the y-axis of the object. The z-axis is obtained by the cross product between the
x and y axes vectors. The figure 5.18 illustrates the position of the keypoints on the object
that are used to calculate these vectors.

Figure 5.18: Location of the keypoints on a product.

Keypoints 0 and 1 are used to compute the x-axis vector of the object, while keypoints 2
and 3 are used to compute the y-axis vector. Due to the shape of the products, keypoints
0 or 1 may occasionally be located in a region of the depth image where the number of
invalid depth values is too high to allow for precise calculation. For that reason, secondary
keypoints are employed to assist with the calculation of the depth value of the x-axis
keypoints.

The first step to calculate the positions of these keypoints is to determine the distance
between them and the centroid of the object. For the x-axis keypoints, this is calculated as
distance𝑥 = 0.8width

2 . For the y-axis keypoints, this is calculated as distance𝑦 = 0.8height
2 .

Next, using the angle calculated by the PCA step and the centroid, the position of the x
and y keypoints is obtained by:

keypoints𝑥 =


𝑥 = centroid𝑥 ± distance𝑥 cos(𝜃)
𝑦 = centroid𝑦 ± distance𝑦 sin(𝜃)

keypoints𝑦 =


𝑥 = centroid𝑥 ± distance𝑥 cos(𝜃 + 90◦)
𝑦 = centroid𝑦 ± distance𝑦 sin(𝜃 + 90◦)

The distance between the secondary keypoints is calculated in a similar way for the
distance between the centroid and the y-axis keypoints, 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑥,𝑠𝑚𝑎𝑙𝑙 = 0.25 ℎ𝑒𝑖𝑔ℎ𝑡

2 . The
position of the secondary keypoints is calculated in the same way as the y-axis keypoints,
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with the difference of using the main keypoints of the x-axis as a starting point instead of
the centroid:

keypoints𝑥,secondary =


𝑥 = keypoint𝑥 ± distance𝑥,small cos(𝜃 + 90◦)
𝑦 = keypoint𝑦 ± distance𝑥,small sin(𝜃 + 90◦)

The next step of this approach is to calculate the average depth value of the region
around the coordinates of the calculated keypoints. The chosen size for the neighborhood
was a radius of 8 pixels. This was empirically determined to be the best size. For the case
of the x-axis keypoints, the average between the depth values of the associated secondary
keypoints is used as the depth value for the main keypoint:

keypoint𝑖 =
keypoint𝑖 ,0 + keypoint𝑖 ,1

2

To obtain the neighborhood pixels, first a binary image with a circle with a center with
the coordinates of the keypoint and with radius 8 is created using the function circle
from OpenCV. Next, to obtain just the pixels that are inside the segmentation mask, a
bitwise AND is done between the circle pixels and the mask using bitwise_and from
OpenCV. The reason to use an average of the depth values of the surrounding pixels
instead of just the depth value of the exact pixel of the keypoint is to give this approach
resilience to noise and other disturbance factors.

With the depth values calculated for each keypoint, the next step is to "deproject" the
keypoints into 3D coordinates, using the function rs2_deproject_pixel_to_point from
the pyrealsense2 library. With these 3D keypoints, the vectors that represent the x and
y axes are calculated, using the keypoints 0 and 1 to calculate the x-axis vector and the
keypoints 2 and 3 for the y-axis vector. The vector that represents the z-axis is calculated
from the cross product between the x-axis vector and the y-axis vector.

−→𝑣𝑥 = keypoint1 − keypoint0
−→𝑣𝑦 = keypoint3 − keypoint2
−→𝑣𝑧 = −→𝑣𝑥 × −→𝑥𝑦

These vectors are normalized and vertically stacked to create a rotation matrix that
represents the orientation of the object. To obtain the orientation from this rotation matrix,
the same process as the previously described methods is used. A rotation object is created
using the function from_matrix from SciPy, then the Euler angles are extracted with the
function as_euler.

𝑅 =


−→𝑣𝑥
−→𝑥𝑦
−→𝑣𝑧


62



5.5. CHOSEN APPROACH AND LIMITATIONS

This method is also capable of calculating an approximation of the required grasp width
to assist the pick and place task performed by the robot. This is done by calculating the
Euclidean distance between the keypoints 2 and 3. The calculated distance is multiplied
by 1000 to change the units from meters to millimeters, as required by the gripper system
(section 4.5).

𝑤𝑖𝑑𝑡ℎ𝑔𝑟𝑎𝑠𝑝(𝑚𝑚) =
√
(𝑘2

3,𝑥 − 𝑘2
2,𝑥) + (𝑘2

3,𝑦 − 𝑘2
2,𝑦) + (𝑘2

3,𝑧 − 𝑘2
2,𝑧) · 1000

The figure 5.19 shows the results of applying the keypoints methods on a detected
product. This method proves to be the most reliable and resilient to noise and other
disturbance factors. The orientations calculated for objects parallel to the workspace table
or with inclination were all valid. One limitation of this approach is that it requires the
object’s top face to have a great portion visible. At extreme angles, the approach will not
be capable of determining the object’s orientation.

Figure 5.19: Results of orientation calculation method previously discussed (keypoints
method). On the right image the product has some inclination.

5.5 Chosen approach and limitations

After evaluating the strengths and limitations of the various orientation calculation
methods described in the previous section, the keypoints approach was selected as the
most suitable method. It demonstrated superior performance compared with the other
developed methods. Some were unable to calculate all the orientation angles (such as PCA
on the segmentation mask pixel and OLS regression methods), while others encountered
difficulties when the object exhibited inclination relative to the workspace table (PCA
applied to the point cloud method).
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The keypoints approach was preferred to the combination of the PCA + OLS approach
for two factors. The first factor is that, in the PCA + OLS method, the yaw angle is
calculated independently. This poses a significant limitation, as the Euler angles are
interdependent, and as such, there is no guarantee of the consistency of the calculated yaw
angle. The second factor is that the keypoints approach provides the additional ability of
calculating the product’s grasp width. Giving an advantage to the robotic system, as it
can calculate the required distance to close to properly pick up the various products in a
dynamic manner.

As the keypoints based approach for the orientation part of the pose calculation does
not require the use of a point, the best method for the position calculation is using the
depth values directly provided by the camera. Due to the faster and less computationally
expensive nature of this method when compared with the point cloud based approach.

The complete pipeline of the algorithm is as follows. First, the depth and color im-
ages pass through a preprocessing block, where they are aligned, and depth image is
filtered using decimation and temporal filters. Next the color image is fed to a YOLOv12
segmentation model, which generates the segmentation masks, classes, bounding boxes,
and confidence score for each detected product. The results have a threshold of 0.75, any
result bellow is discarded. Following this, the segmentation mask and depth image are
used to calculate the object’s position, as well as its centroid. Finally, using the centroid,
segmentation mask, and depth image the orientation of the object is obtained using the
keypoints approach described earlier. The figure 5.20 presents a high level flowchart of
the algorithm.

Figure 5.20: High level flowchart of the complete vision algorithm

The chosen approaches for the pose estimation algorithm have some limitations and
shortcomings. Firstly, as already explained in the subsection 5.4.3, the keypoints approach
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to calculate the object’s orientation requires the top surface of the object to be visible. This
poses a problem when the object is at extreme angles, close to 90 degrees on the roll and
pitch. For the scenario, the robotic system is inserted. Finding product at these extreme
angles is very unlikely. A solution for this problem is to move the robot end effector and
change the angle at which the product is detected.

Another problem is that the pose estimation algorithm cannot distinguish on which side
of the object is located the string between the two "legs" of the sausages. This is because
the PCA performed in the beginning of the method can only give angles between -90 and
90 degrees. For pick and place tasks, such as this work, this does not create problems.
However, for other tasks, there might be a need to know on which side the string is located.
One solution for this problem is to use a detection algorithm after the pose estimation to
detect on which side the string is.

In the case of the farinheira product, as it was more malleable when compared with
the chouriço and morcela, the "legs" could be more open in the way that the secondary
keypoints for the x-axis would also be located in invalid positions. This would lead to
a failure of the pose estimation algorithm. A solution for this shortcoming is using an
iterative process to calculate the position of the secondary keypoints.

In the case of the farinheira product, as it was more malleable when compared with
the chouriço and morcela, the "legs" could be more open in the way that the secondary
keypoints for the x-axis would also be located in invalid positions. This would lead to
a failure of the pose estimation algorithm. A solution for this shortcoming is using an
iterative process to calculate the position of the secondary keypoints.
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6

Robotic system development

This chapter describes the developed robotic system and the various Robot Operating Sys-
tem (ROS) nodes that compose the system and their function. The first section highlights
the robotic manipulator used, as well as the virtual machine used to implement the robotic
system controller. The second section presents the configurations of the robot. The third
section describes the complete robotic system from a high-level point of view. The fourth
section discusses the development of the various "peripheral" nodes of the overall ROS
implementation. The fifth section describes the development of the two main controller
nodes for the robotic system. The final section presents the limitations of the developed
robot system.

6.1 Robotic system hardware and software

As already briefly mentioned in the proposed approach chapter (chapter 3), the robotic
manipulator employed in this work is an ABB IRB 120 with 6 Degrees of Freedom (DoF).
This ABB robot has a capacity to handle up to 30 kg, with a working range of 580 millimeters
around 165 degrees, and a position repeatability of 0.01 millimeters (ABB Robotics, 2019).
The robot was mounted with an end effector composed of the previously presented fin
ray effect gripper (chapter 4), as well as the depth camera for the vision system, an Intel
RealSense D415 (chapter 5).

The robot controller was created using the ROS framework in conjunction with MoveIt,
a motion planning, manipulation, and kinematics calculation framework. The IRB 120
manipulator is compatible with just the MoveIt 1 version of the framework (Edwards,
2018). For this reason a virtual machine running the Ubuntu 16.04 LTS operating system,
installed with the ROS Kinetic Kame distribution, is used, as it is the compatible version
for the ABB manipulator. The virtual machine has the advantages of faster deployment
and easier backup creation, as well as simpler reconfiguration for the system.

The virtual machine is configured with Network Address Translation (NAT) networking.
The communication with the robot and the gripper controller is established via the host’s
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Wi-Fi interface. The host is connected to a dedicated private network to control the robot
(with an IP address of 192.168.1.1) and the gripper (with an IP address of 192.168.1.2).

The camera is connected to the computer via a Universal Serial Bus (USB) cable. The
object pose estimation algorithm, presented in the chapter 5, runs directly on the host
computer, as the algorithm requires higher processing power due to the use of the You
Only Look Once (YOLO) segmentation model. The communication between the vision
algorithm and the developed ROS controller is established via Transmission Control
Protocol (TCP) messages and is explained further in the section 6.4. The following figure
(figure 6.1) illustrates communication between the various components of the robotic
system.

Figure 6.1: Robotic system connections

The robot is mounted on supports 4 centimeters high on a table with dimensions of 90
centimeters in length by 70 centimeters in width. However, because the robot is mounted
on one corner, the workspace is restricted to a workspace of 90 by 50 centimeters. In
this area, various agri-food products are placed for the robot to manipulate. The robot’s
controller unit is placed underneath the workspace table and is connected to a private
network using an Ethernet cable.

6.2 Robot’s URDF, SRDF and manipulator configurations

To accommodate the modifications to the robot’s end effector, specifically the addition
of the fin ray effect gripper and the D415 depth camera, updates were made to the Unified
Robot Description Format (URDF) file that describes the robot model. Two links and
joint pairs were added: one for the gripper and another for the depth camera. The
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joint origins were defined to represent the physical length of the gripper assembly and,
in the case of the camera, aligned with the position of its left imager. The position
of the fin ray gripper joint was fixed at 𝑥 = 0, 𝑦 = 0, 𝑧 = 0.2, as the overall gripper
assembly length is around 20 centimeters. The position of the depth camera was fixed
at 𝑥 = −0.116, 𝑦 = 0.02, 𝑧 = 0.068731. The y coordinate was dictated by the offset of the
left imager to the camera’s center. The x and z coordinates are the physical offset of the
camera to the robot’s final link.

The Semantic Robot Description Format (SRDF) file was also updated to accommodate
the added links and joints. The added group has the name "manipulator4_finray" and
has a base starting from the base link and tip at the newly added fin ray gripper link. The
group is added to the kinematics.yaml file as well, with the default parameters:

• KDL solver

• 5mm search resolution

• 5ms timeout

• Maximum of 3 attempts

To the file ompl_planning.yaml, an instance is added for the newly created group to
incorporate the various planners provided by ROS MoveIt framework.

6.3 Overall ROS controller architecture

The ROS implementation of the robotic system controller follows an architecture that is
based on a single main controller node and multiple peripheral nodes offering services to
the main controller. This architecture creates a modular robotic system and allows for more
scalability and easier debugging. The peripheral node has the function of abstracting more
complex tasks for the main controller, while the main controller only needs to implement
the logic of the robotic system’s procedures and operations. The figure 6.2 illustrates
the architecture of the implemented robotic system, its various nodes, the services the
peripheral nodes implement, and the two possible controllers implemented for the main
node.

The communication between the peripheral nodes and the main controller node is
established via services. The main controller calls the peripheral node’s services to
accomplish various tasks, such as opening or closing the gripper, obtaining the poses of
the detected products, moving the robot to a different pose, etc. This modular architecture
allows for the testing and debugging of each node independently, allowing the testing
of each individual function without requiring a fully operational system. A modular
approach also permits replacing individual parts of the system without changing the
main logic of the robotic system.
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Figure 6.2: Robotic system architecture

6.4 Robotic system ROS peripheral nodes

Four ROS nodes were developed to abstract complex operations such as path planning
and communication with the object pose estimation algorithm. Developed peripheral
nodes include a node dedicated to handling the communication between the computer
vision algorithm, a node dedicated to handling the path planning of the robot, a node
to control the gripper, and a node to put markers on the RViz software to symbolize the
various detected objects. These nodes are implemented using Python in the package
irb120_control, and the services used are defined in the package obj_dect_msgs.

6.4.1 Vision system communication node

To handle the communications between the ROS main controller node running on
the virtual machine and the object pose estimation algorithm running directly on the
computer, a node was specifically developed to abstract this task to the main controller
node. The node, named tcp_node, establishes the communication via TCP messages. The
developed node sends a TCP message to the object pose estimation algorithm and receives
as a response a list of the detected objects, their confidence value, their pose in relation to
the camera frame, and the grasp width in millimeters. The node is also responsible for
transforming the poses of the detected objects from the camera frame to the robot base
frame.
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The node implements two services, one that obtains the number of the detected ob-
jects (get_number_objects) and another that obtains lists of the confidence values, the
transformed poses, and the widths of the objects (get_object_position).

The node initialization process begins by storing the IP address of the host computer,
then creating a ROS TF2 buffer to store the transformations for the various robot frames,
and later creating the two services. When the service get_number_objects is requested,
the node creates a socket object and connects to the host computer. Then, the node
sends a request to the object pose estimation algorithm for the detected objects. Finally,
it sends the length of the obtained as a response to the main node. When the service
get_object_position is called, the exact same procedure is followed, except instead of
sending the length of the list, it first transforms the poses contained in the list to the
coordinate system of the base link, then sends the list to the main node.

6.4.2 Gripper controller interface node

To handle the communications between the ROS main controller and the gripper
controller, a node was developed to abstract these procedures, allowing more flexibility and
modularity to the overall robotic system. This node was named gripper_interface_node
and is responsible for sending commands to the gripper microcontroller to open or close
the gripper’s fingers.

The node implements two services, one that opens the gripper to its maximum ex-
tension (open_gripper) and another that closes the gripper’s fingers to a given distance
(close_gripper).

The node on the initialization process creates the two services. When the service
open_gripper is called, the node sends an HTTP POST request to the gripper microcon-
troller to the path /open, using the requests Python library. If it receives a successful
response code (200), the node sends a message to the main controller node with a boolean
value of true. Otherwise, it sends a message with a boolean value of false. In case of failing
to establish a connection, the node returns a value of None, signifying the failure of the
service call. When the service (close_gripper) is called, the node sends an HTTP POST
request with the path /close with the parameter dimension set to the desired distance
specified in the service call message. The same procedure as the service open_gripper is
followed for the rest of the service handling.

6.4.3 Path planning and move group interface node

To abstract the path planning and kinematics calculations for the main controller, the
node move_group_interface was developed. This node implements four services. The
services go_to_home, go_to_home_up, andgo_to_calib all go to hardcoded positions. The
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service go_to_home sends the robot to the "home" position, all joints at 0 degrees except for
the fifth, which is at 90 degrees. This makes the camera point towards the workspace table
at 90 degrees. The service go_to_home_up is similar to the go_to_home service. However,
the end effector of the robot is at a higher position. The service go_to_calib sends the
robot to the position where all joints are at 0 degrees. This is to point the camera towards
a wall to help its calibration. The fourth service is go_to_target. This service sends the
robot to the target pose designed on the service request sent by the main controller.

When the node is run, it begins by initializing the MoveIt commander and obtaining
the move group commander and other robot interfaces, as well as information regarding
the current status of the robot. The move group commander object is initialized with the
end effector kinematics configuration "manipulator4_finray". The planner is modified
to have a planning timeout of 5 seconds and 10 maximum attempts. A constraint on the
sixth joint is also added to prevent it from rotating more than 180 degrees clockwise and
counterclockwise.

The services go_to_home, go_to_home_up, and go_to_calib are implemented in a simi-
larmanner. When the main controllercalls one of these services, themove_group_interface
node begins by obtaining the current joint angle values from the move group commander,
then modifies these values to create a "joint goals" object. The node sends these joint goals
to the move group commander to make the robot move to the designated pose. Finally,
the node sends a stop command to prevent residual movement on the robot. The service
go_to_target is implemented in a different manner. When the main controller sends a
service request with a designated target pose, the node begins by first creating a "pose
goal" object from the target pose values. Next, send this pose goal object to the move
group commander and await the completion of the plan. Finally sends the stop command
to the robot and clears any pose targets to prevent residual movements.

The return value of all of these services is determined by an auxiliary function that
measures the error between the real position of the robot and the desired position and
compares it to a tolerance value. If the robot is outside of the tolerance, the function returns
a boolean value of false. Otherwise, it sends a boolean value of true. In the case of the
services go_to_home, go_to_home_up, and go_to_calib, the comparison is made on the
joint value. In the case of the service go_to_target, the comparison is done on the pose
values (position x-y-z, orientation x-y-z-w). The following figure (figure 6.3) presents the
various robot’s hard coded positions, from left to right the positions are: home position,
upper home position, and calibration position.

6.4.4 RViz object visualizer node

To assist in the debugging of the vision system as well as provide feedback to the user on
the detected objects’ positions, a node responsible for handling the addition and removal
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Figure 6.3: Three robot’s hard coded positions (from left to right: home position, upper
home position, calibration position)

of markers was created with the name of rviz_space_node.

This node creates two services: the service put_cylinder adds markers in the format
of cylinders to the RViz visualizer, and the service rem_cylinder removes markers with a
given ID number.

When the node is run, it first creates the two services and later creates a topic publisher
to publish messages with the marker data to the RViz visualizer. When the main controller
sends a put_cylinder service request with a list of poses for representing each detected
object’s pose, the node, for each pose on the list, first gets a valid ID number for the marker
and stores the number. Then creates a marker message of the type "cylinder", with the
action "ADD", with the ID number, a random color, and with the pose given on the service
request list. After creating a message for the marker, the node adds it to the list. When
all marker messages are created, the node publishes the message, and RViz places these
markers on the visualization screen. As a response, the node returns to the main controller
a list with the ID numbers of the markers. When the main controller calls the service
rem_cylinder, the node creates a message with the action "DELETE" for the given maker
ID and removes the ID number from the stored IDs list. As a response returns a boolean
value of true.

6.5 Controller nodes

Two main controller nodes were developed to manage the robotic system’s operations:
a manual controller and an automatic controller. The manual controller allows the user
to have full control of the robotic system, including the robot’s movement and position
and calling services provided by the peripheral nodes. On the other hand, the automatic
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controller is designed to perform the complete pick and place routine autonomously. It
coordinates the robotic system sequentially by calling the required services from the
peripheral nodes and handling the logic for the task without user intervention.

6.5.1 Manual controller

The first developed main ROS controller for the robotic system was the manual controller.
This controller permits the user to have full control of the robotic system operations and
call services from the other nodes on demand. The controller features a Graphical User
Interface (GUI) that permits the user to operate the system. The GUI features a zone, on
the left of the application window, for the user to input the desired pose for the robot
(position as x-y-z in meters, orientation as roll-pitch-yaw in radians). By default, the
orientation fields already have values: roll and yaw as 0 radians and pitch as 3.14 radians.
An entry for the user to input the desired distance for the gripper fingers and another
entry to input the marker ID. On the right half of the GUI window are displayed various
buttons, some that call the various services implemented by the peripheral nodes, and
other buttons that display the stored object poses or allow for some automatic actions,
specifically functions for the later tests of the robotic system.

Figure 6.4: Manual controller GUI

When the node is run, it first waits for the required services from the peripheral nodes
to be available. After all services become available, the node proceeds to create the GUI
using the Tkinter framework from Python, creates a list object to store the detected objects’
poses given by the tcp_node, and creates a dictionary object to store the marker IDs with
the corresponding pose of the detected object, given by the service put_cylinder from
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the rviz_space_node. When the user presses one of the buttons placed on the right of
the GUI’s window, the node proceeds to send service requests to the peripheral nodes:

• "get number of detected objects" - calls the service get_number_objects from
tcp_node (6.4.1) and displays on the console the number of the detected objects
by the vision system.

• "getdetectedobjectpositions" - calls the serviceget_object_position fromtcp_node
(6.4.1), stores the obtained poses by the vision system of the detected objects, and
displays them on the console for the user.

• "sendrobot to home position" - calls the servicego_to_home frommove_group_interface
(6.4.3) to move the robot to the home position and displays if the operation was
successful on the console.

• "sendrobot to home up position" - calls the servicego_to_home_up frommove_group_interface
(6.4.3) to move the robot to the upper home position and displays if the operation
was successful on the console.

• "sendrobot to calibration position" - calls the servicego_to_calib frommove_group_interface
(6.4.3) to move the robot to the camera’s calibration position and displays if the op-
eration was successful on the console.

• "sendrobot to targetposition" - calls the servicego_to_target frommove_group_interface
(6.4.3) reads the values input by the user on the GUI, sends them on the service
request to move the robot to the designated target pose, and displays if the operation
was successful on the console.

• "open gripper" - calls the service open_gripper from gripper_interface_node
(6.4.2) to open the gripper to its full extension, and displays if the operation was
successful on the console.

• "close gripper" - calls the service close_gripper from gripper_interface_node
(6.4.2) to close the gripper’s finger to the designated distance by the user on the GUI
and displays if the operation was successful on the console.

• "put cylinders" - calls the service put_cylinder from rviz_space_node (6.4.4),
sends the poses stored on the list of poses on the service request, obtained by calling
get_object_position, and stores the IDs given as response with their respective
poses.

• "remove cylinder" - calls the service rem_cylinder from rviz_space_node (6.4.4),
reads the ID designated by the user on the GUI, sends a service request with that
number, and deletes the entry of the pose dictionary with that number.
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The buttons "list poses", "semi-auto pick", and "gripper test pick" perform complex
actions to aid the testing of the robotic system. The button "list poses" lists all the object
poses stored in the markers dictionary. It iterates through the dictionary and displays all
the marker IDs, positions and orientations (in Euler angles), and the objects’ width.

The button "gripper test pick" was created to assist in the fin ray effect gripper testing.
It sends the robot to a designated hard-coded position and operates the gripper to pick
an object. The procedure performed by this button is the following: The first action is
to open the gripper by calling the service open_gripper. Secondly, it sends the robot to
the hard-coded pose, 𝑥 = 0.5, 𝑦 = 0, 𝑧 = −0.04, 𝑟 = 0, 𝑝 = 𝜋, 𝑦 = 0. After arriving at the
hard-coded pose, the main controller calls the service close_gripperwith a distance of
40 millimeters. To finalize, the main controller calls the service go_to_home to send the
robot back to the home position.

The button "semi-auto pick" was created to assist in the overall testing of the robotic
system, testing both the object pose estimation algorithm and the gripper. The first step of
the function called by this button is to read the marker ID and retrieve its corresponding
object’s pose stored in the dictionary. Then it calculates the opposing orientation. This
orientation is going to be used for the robot pose. This is done by obtaining the rotation
matrix from the quaternion that represents the object’s orientation, then inverting the
z-axis (and the x-axis to maintain the right-hand rule). The y-axis is calculated from the
cross product of the z-axis and x-axis.

−→𝑧 gripper = −−→𝑧 object
−→𝑥 gripper = −−→𝑥 object
−→𝑦 gripper =

−→𝑧 gripper × −→𝑥 gripper

This rotation matrix is then transformed into a quaternion to be used as the orientation
of the robot pose. The next step is to find a position above the object to be grasped. The
above position is defined by adding 5 centimeters on the z-axis direction to the retrieved
object position. 

𝑥abv = 𝑥object + 0.05 · −→𝑧 𝑥

𝑦abv = 𝑦object + 0.05 · −→𝑧 𝑦

𝑧abv = 𝑧object + 0.05 · −→𝑧 𝑧

Next, the robot moves to the calculated position using the go_to_target service. After
reaching the target pose, the controller calls the open_gripper service and waits for the
gripper to open to its full extension. In the following step, the controller computes the
“exact” position of the object. This computation is performed in the same manner as the
previous position calculation, except with a subtraction of 2 centimeters. This offset allows
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the gripper to grasp the object along a more central region, resulting in a more secure
grip. 

𝑥exact = 𝑥object − 0.02 · −→𝑧 𝑥

𝑦exact = 𝑦object − 0.02 · −→𝑧 𝑦

𝑧exact = 𝑧object − 0.02 · −→𝑧 𝑧

As with the previous position, the robot calls the go_to_target service to move to
this location. After reaching the designated target position, the controller calls the
close_gripper. The distance provided in the service request corresponds to the de-
tected object’s grasp width minus 30 millimeters, allowing the gripper to deform around
the object:

distancerequest = widthobject − 30

Next, the robot moves to the home position. The controller then calls the service
go_to_target with the pose 𝑥 = 0.25, 𝑦 = 0.45, 𝑧 = −0.02, 𝑟𝑜𝑙𝑙 = 0, 𝑝𝑖𝑡𝑐ℎ = 𝜋, 𝑦𝑎𝑤 = 𝜋

(with the orientation in a quaternion format). Once the robot reaches this pose, the main
controller calls the service open_gripper to release the grasped product. To complete the
pick-and-place routine, the controller finally calls the go_to_home_up service, returning
the robot to its upper home position.

6.5.2 Automatic controller

The second developed main controller was an automatic controller. This controller was
implemented as a ROS node that automatically detects the various displayed agri-food
products on the workspace table and performs the pick and place task for each one.
This node automatically calls the required services for the detection of products, robot
movement, and gripper control. This controller requires no input from the user.

Same as the manual controller, when the automatic controller node is run, the first step
is to await for the required services from the peripheral nodes to be available. Next, create
a list to store the detected objects from the object pose estimation algorithm. For efficiency
the computation of the drop site pose is done before entering the main loop of the node.
The chosen drop site pose is 𝑥 = 0.25, 𝑦 = 0.45, 𝑧 = 0.02, 𝑟𝑜𝑙𝑙 = 0, 𝑝𝑖𝑡𝑐ℎ = 𝜋, 𝑦𝑎𝑤 = 𝜋

2 .
The last step before entering the main loop of the controller is to send the robot to its
upper home position. This is done to guarantee that the robot is located at the optimal
position for the object pose estimation algorithm.

When the node enters its main logic loop, the first operation it does is call the ser-
vice get_object_position to obtain the list of detected objects’ poses, along with their
probabilities and widths. This temporary list is then sorted by the probability of the
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corresponding detected objects. In case of an empty list, the node waits for 5 seconds and
starts from the beginning.

The next operation of the node is to add the markers to the RViz visualizer by calling the
service put_cylinder and to request the various poses of the temporary list of detected
objects. After obtaining the return ID numbers for each marker, the list initially created
at the beginning of the execution is populated by the combination of the objects’ pose,
probabilities, and widths, with their corresponding markers’ ID. To give feedback to the
user, this list is printed on the console.

For each detected object the controller runs a similar pick and place routine as the
manual controller (6.5.1). First the controller sends the robot to an above position of the
product, with go_to_target from move_group_interface. Next opens the gripper to its
full extension using the service open_gripper. Then sends the robot to the "exact" position
of the product and closes the gripper using the service close_gripper, the distance on
the request being the width of the detected object subtracted by 30 millimeters. The next
step differs from the manual controller. Instead of sending the object to the home position,
the automatic controller sends the robot to an intermediary position, calculated by adding
10 centimeters to the z coordinate of the original agri-food product.


𝑥exact = 𝑥object

𝑦exact = 𝑦object

𝑧exact = 𝑧object + 0.1

After the robot reaches the intermediary position, the controller uses the service
go_to_target to send the robot to the drop site pose, calculated at the beginning of the
execution. When the robot reaches the drop site pose, the controller calls open_gripper
to drop the grasped product and then go_to_home. After all the steps are completed, the
controller removes the object from the list of poses and calls the service rem_cylinder
from rviz_space_node to remove the marker from the RViz visualizer. The controller
continues this procedure until all the detected agri-food products are picked and placed
at the drop site. When the list of objects becomes empty, the controller sends the robot
back to its upper home position by calling the service go_to_home_up and starts from the
beginning of the main loop. The following figure (figure 6.5) presents a flowchart of the
logic of automatic controller.

6.6 Robotic system limitations

Despite the successful implementation of the robotic system and its integration with
the developed fin ray effect gripper (chapter 4) and the developed object pose estimation
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Figure 6.5: Automatic controller flowchart

algorithm (chapter 5), several limitations and constraints occurred during its development
and testing.

One of the main limitations found on the robotic system is related to the motion planning
behavior. On several instances, the planner would compute unnecessary joint movements
instead of a smoother approach to the target pose.

Another issue, specifically related to the robot’s sixth joint, concerned its extended
rotational range. Because this joint can rotate beyond 360 degrees (with a lower limit
of -400 degrees and an upper limit of 400 degrees by default ABB Robotics, 2019), the
planner would occasionally generate trajectories in which the joint performed unnecessary
rotations exceeding one full turn, rather than selecting a shorter equivalent angle within
the -180 to 180 degree interval. This behavior resulted in inefficient paths and, in some
cases, led to failures in grasping the detected product. To address this issue, two solutions
were considered: applying a joint constraint within the move_group_interface node or
restricting the joint’s limits to -180 and 180 degrees directly in the URDF file.

Another limitation is that sometimes when the robot is performing the pick and place
routine, moving from the "above" position to the "exact" position of the product, the
planner would generate a path with unnecessary joint movement, usually resulting in a
failure to pick the product. This could be resolved using Cartesian path planning, forcing
the robot to move in a linear manner to the "exact" position of the product.
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Validation and tests

The chapter presents the various tests done to validate the developed gripper, the object
pose estimation algorithm, and the robotic system. The first section presents the test done
solely on the developed gripper. The second section will present the various tests done on
the object pose estimation algorithm in conjunction with the robotic system, giving more
focus on the former.

7.1 Fin ray effect gripper validation test

To validate the developed fin ray effect gripper, a test was conducted using the function
"gripper test pick" from the developed manual controller for the robotic system. This test
was conducted using all three chosen agri-food products for this work: chouriço, farinheira,
and morcela. Both the second and third iterations of the fin ray effect gripper were tested.
This test was not conducted on the first iteration of the gripper, as it proved to be too stiff
at first impression, and for that reason, this test could damage the products.

7.1.1 Test description

As said previously, this test was conducted using the "gripper test pick" function of
the robotic system’s manual controller. When calling this function, the robotic system
sends the robot to a hard-coded position, 𝑥 = 0.5, 𝑦 = 0, 𝑧 = −0.04, 𝑟 = 0, 𝑝 = 𝜋, 𝑦 = 0,
picks the product, and goes back to the home position. For a more in-depth explanation
of the function, see the subsection 6.5.1 of the robotic system development chapter. This
procedure is conducted 20 times for each product, in a total of 60 tests for each iteration
of the gripper. This test will allow to evaluate the performance of the gripper in grasping
the various chosen agri-food products and verify if any improvements should be made
for the fin ray effect gripper.

7.1.2 Test results

The test results indicate thatbothdevelopedgrippers are capable ofhandling the selected
products. However, for the farinheira, the second iteration did not perform particularly well,
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especially when compared with its performance on the other two products, achieving only
an 80% success rate. In contrast, the third iteration successfully handled all test products
with very high success rates (≥95%). The lower success rate of the second iteration when
handling the farinheira was attributed to the product’s width being nearly equal to the
gripper’s maximum extension. This limitation motivated the modifications implemented
in the gripper system for the third iteration, as described in Section 4.3.

Among the three test products, the farinheira was found to be the most difficult to ma-
nipulate, as it is significantly more malleable than the chouriço and morcela. Consequently,
achieving a secure grasp without damaging the product becomes more challenging. The
table 7.1 presents the results of the conducted test. The figure 7.1 shows an example of a
successful pick.

Table 7.1: Fin ray effect gripper test results

Product Second iteration success rate Third iteration success rate
Chouriço 95% (19/20) 95% (19/20)
Farinheira 80% (16/20) 95% (19/20)
Morcela 95% (19/20) 100% (20/20)

Figure 7.1: Successful fin ray effect gripper agri-food grasp

7.2 Object pose estimation algorithm validation tests

Following the tests performed on the developed gripper, the focus shifted to the
testing and validation of the object pose estimation algorithm. During its development,
several tests were already done to verify and test the various methods explored. In these
preliminary tests, a product was placed on the workspace table, detected, and had its pose
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estimated by the vision algorithm. These experiments helped determine which approaches
were most suitable for each stage of the object pose estimation pipeline, as discussed in
Section 5.5. To better analyze and understand the limitations of the chosen approach and
make improvements on the pose estimation algorithm as well as the developed robotic
system, more tests were conducted.

7.2.1 First object pose estimation algorithm test

To fully validate the chosen approach for object pose estimation as well as the developed
robotic system, a test was conducted where the three products were placed in randomly
chosen positions. In a total of 15 poses, derived from 5 randomly selected positions
combined with 3 rotations of 0, 45, and 90 degrees on the z-axis. The poses for the
products for this test are described in the following table (table 7.2). These poses were
measured physically and later verified by commanding the robot to each pose using the
developed manual controller. The coordinates of the poses are expressed in meters, while
the orientation angles are expressed in radians.

Table 7.2: List of the various poses chosen for the first test

Pose Number x y z roll pitch yaw
1 0.2025 -0.1425 -0.01 0 0 0
2 0.2555 0.0025 -0.01 0 0 0
3 0.3575 -0.1315 -0.01 0 0 0
4 0.3405 0.1225 -0.01 0 0 0
5 0.4695 0.1255 -0.01 0 0 0
6 0.2025 -0.1425 -0.01 0 0 1.5708
7 0.2555 0.0025 -0.01 0 0 1.5708
8 0.3575 -0.1315 -0.01 0 0 1.5708
9 0.3405 0.1225 -0.01 0 0 1.5708
10 0.4695 0.1255 -0.01 0 0 1.5708
11 0.2025 -0.1425 -0.01 0 0 0.7854
12 0.2555 0.0025 -0.01 0 0 0.7854
13 0.3575 -0.1315 -0.01 0 0 0.7854
14 0.3405 0.1225 -0.01 0 0 0.7854
15 0.4695 0.1255 -0.01 0 0 0.7854

The test procedure is the following. First, the robot is sent to the test pose with the
gripper at its full extension. Next, one of the products is placed with its center point where
the robot gripper is located. This is done to avoid misplacing the product. After that, the
robot is sent back to the upper home position, and its gripper is closed. When the robot
reaches its home position, the object detecting service is called and retrieves the pose of
the product. Then, the detected object is added as a marker to the RViz visualizer, and the
pose is visualized using the list poses command. After that, the pick and place command
is run ("semi-auto pick") to make the robot perform the pick and place operation.
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The pose calculated by the object pose estimation algorithm, as well as the success of
the pick and place operation, are written down. This test was conducted using the manual
controller, as it offers full control of the robotic system. The manual controller offers the
possibility of sending the robot to specific poses through the Graphical User Interface
(GUI), as well as the execution of the pick and place routine described in the previous
chapter (section 6.5.1). The speed of the robot was set at 25% due to safety reasons.

7.2.2 Test results

The following table (table 7.3) presents the success or failure of the pick and place
operation performed at the previously presented poses, with three chosen agri-food
products. "Yes*" represents a successful pick and place operation. However, the grasped
pose was visibly unstable. "Yes**" represents a pick and place operation where the product
to be detected needed to be adjusted at this pose. This was a result of the product not
being clearly visible on the camera’s image.

Table 7.3: First test pick and place operation results. Yes* - represents a successful pick but
with an unstable grasp. Yes** - represents a successful pick but the product was heavily
adjusted

Pose Number chouriço morcela farinheira
1 Yes* Yes** Yes*
2 Yes Yes Yes
3 Yes Yes Yes
4 No No Yes*
5 No No No
6 Yes Yes Yes
7 Yes Yes Yes
8 Yes Yes Yes
9 No Yes No
10 No No No
11 Yes Yes Yes
12 Yes Yes Yes
13 Yes Yes Yes
14 Yes No No
15 No No No

The results of this test demonstrate that the object pose estimation algorithm is able to
calculate a valid pose for the majority of the randomly selected configurations. However,
it consistently failed to estimate a valid pose for all three products in poses 5, 10, and
15, which correspond to the coordinates 𝑥 = 0.4695, 𝑦 = 0.1255, 𝑧 = −0.01. Similarly, for
poses 4, 9, and 14, corresponding to the coordinates 𝑥 = 0.3405, 𝑦 = 0.1225, 𝑧 = −0.01, the
algorithm also exhibited difficulties, succeeding in calculating a valid pose for only one
of the three products.
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Considering all poses, the success rate of the algorithm was relatively low, at approx-
imately 66.67%. However, if the positions where the algorithm consistently failed are
excluded, namely poses 5, 10, and 15, the success rate increases to 83.33%. This test
highlighted a potential limitation of the algorithm, as it appears capable of computing
valid poses primarily for objects located closer to the center of the camera’s field of view.

7.2.3 Second object pose estimation algorithm test

To further investigate this potential limitation, a new test was conducted. In this
case, rather than using randomly selected positions, the test positions were arranged
on a grid covering the workspace area. The grid started at coordinates 𝑥 = 0.2m and
𝑦 = −0.15m with the x coordinate incremented by 0.1m up to 𝑥 = 0.5m, and the y
coordinate incremented by 0.15m up to 𝑦 = 0.15m. The objects were also rotated about
the z-axis by 0, 45, and 90 degrees, as in the previous test, resulting in a total of 36 poses.
These poses are summarized in Table 7.4.

This test follows the same procedure as the previous test. Likewise, the speed of the
robotic manipulator is set at 25% due to safety reasons.

7.2.4 Test results

The following table (table 7.5) presents the success or failure of the pick and place
operation performed at the previously presented poses, with three chosen products.

The results presented in Table 7.5 confirm the presence of a limitation in the effective
operational area of the object pose estimation algorithm, as previously suggested by the
outcomes of the previous test. By grouping poses that share the same position coordinates
for all three products, the resulting success rates can be calculated, as shown in Table 7.6.
Figure 7.2 presents a heatmap illustrating the success rates reported in Table 7.6.

The results shown in the table 7.6 indicate that at different positions of the workspace,
the object pose estimation algorithm had more success. It was observed that the algorithm
had difficulty with positions with 𝑦 = −0.15, and 𝑥 = 0.2 and 𝑥 = 0.5. To better understand
this phenomenon, the average absolute errors for each axis were calculated. The average
absolute errors were calculated for the combined poses with the same positions. The
graphs presented in the figure 7.3 represent the values for the average absolute errors for
each axis.

As seen on the x-axis graph, the absolute error rises as the y coordinate rises, meaning
that for poses closer to the left side of the camera’s image, the object pose estimation
algorithm gives worse estimations. By analyzing the y-axis graph, it’s possible to verify
that for poses that have a position of 𝑥 = 0.5, the absolute error of the y coordinate is
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Table 7.4: List of the various poses chosen for the second test

Pose Number x y z roll pitch yaw
1 0.2 -0.15 -0.02 0 0 0
2 0.2 0 -0.02 0 0 0
3 0.2 0.15 -0.02 0 0 0
4 0.3 -0.15 -0.02 0 0 0
5 0.3 0 -0.02 0 0 0
6 0.3 0.15 -0.02 0 0 0
7 0.4 -0.15 -0.02 0 0 0
8 0.4 0 -0.02 0 0 0
9 0.4 0.15 -0.02 0 0 0
10 0.5 -0.15 -0.02 0 0 0
11 0.5 0 -0.02 0 0 0
12 0.5 0.15 -0.02 0 0 0
13 0.2 -0.15 -0.02 0 0 0.7854
14 0.2 0 -0.02 0 0 0.7854
15 0.2 0.15 -0.02 0 0 0.7854
16 0.3 -0.15 -0.02 0 0 0.7854
17 0.3 0 -0.02 0 0 0.7854
18 0.3 0.15 -0.02 0 0 0.7854
19 0.4 -0.15 -0.02 0 0 0.7854
20 0.4 0 -0.02 0 0 0.7854
21 0.4 0.15 -0.02 0 0 0.7854
22 0.5 -0.15 -0.02 0 0 0.7854
23 0.5 0 -0.02 0 0 0.7854
24 0.5 0.15 -0.02 0 0 0.7854
25 0.2 -0.15 -0.02 0 0 1.5708
26 0.2 0 -0.02 0 0 1.5708
27 0.2 0.15 -0.02 0 0 1.5708
28 0.3 -0.15 -0.02 0 0 1.5708
29 0.3 0 -0.02 0 0 1.5708
30 0.3 0.15 -0.02 0 0 1.5708
31 0.4 -0.15 -0.02 0 0 1.5708
32 0.4 0 -0.02 0 0 1.5708
33 0.4 0.15 -0.02 0 0 1.5708
34 0.5 -0.15 -0.02 0 0 1.5708
35 0.5 0 -0.02 0 0 1.5708
36 0.5 0.15 -0.02 0 0 1.5708

higher. The z-axis graph shows a much more constant z value. This indicates that the
developed object pose estimation algorithm is more effective at positions closer to the
center of the camera’s image. From the heatmap presented in the figure 7.2, it can be
observed that there is an area of higher success for the camera’s image. This area seems
to be located between −0.15 < 𝑦 < 0 and 0.2 < 𝑥 < 0.4. However, for 𝑥 = 0.2, sometimes
the product is not completely visible.

84



7.2. OBJECT POSE ESTIMATION ALGORITHM VALIDATION TESTS

Table 7.5: Second test pick and place operation results

Pose Number chouriço morcela farinheira
1 Yes No No
2 Yes Yes No
3 Yes Yes No
4 Yes Yes Yes
5 Yes Yes Yes
6 Yes No Yes
7 Yes Yes Yes
8 Yes No Yes
9 No No Yes
10 No No No
11 Yes No No
12 No No Yes
13 Yes Yes Yes
14 Yes Yes Yes
15 No No No
16 Yes Yes Yes
17 Yes Yes Yes
18 No No No
19 Yes Yes Yes
20 Yes No Yes
21 No No No
22 Yes Yes Yes
23 No No No
24 No No No
25 Yes No Yes
26 Yes No Yes
27 No No Yes
28 Yes Yes Yes
29 Yes Yes Yes
30 No No Yes
31 Yes Yes Yes
32 Yes Yes Yes
33 No No No
34 Yes Yes Yes
35 Yes Yes Yes
36 No No No

7.2.5 Third object pose estimation algorithm test

The two previous tests only consideredposes withoutany inclination with the workspace
table. To test the performance of the object pose estimation algorithm with objects that
have angles against the table, twelve more poses were added to the previous list. The
poses were created by using the positions that had better success on the previous test
and adding an inclination of 10 degrees with the workspace table to place products. The
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Table 7.6: Second test pick and place operation success rates for the combined poses

Combined pose numbers Success rate
1-13-25 75.00%
2-14-26 66.67%
3-15-27 50.00%
4-16-28 100.00%
5-17-29 83.33%
6-18-30 50.00%
7-19-31 100.00%
8-20-32 58.33%
9-21-33 25.00%
10-22-34 66.67%
11-23-35 33.33%
12-24-36 11.11%

Figure 7.2: Graphs containing the average absolute errors for each axis

resulting twelve poses are described in the following table (table 7.7). This test follows the
exact same procedure as the two previous tests.

7.2.6 Test results

The following table (Table 7.8) presents the success or failure of the pick and place
operation performed at the previously defined poses using the three selected products.
For the majority of these poses, the robotic manipulator successfully completed the pick
and place procedure, achieving an overall success rate of 81.48% in this test. The results
indicate that, within the region of higher success probability, the object pose estimation
algorithm is capable of computing valid poses even when the objects exhibit inclination
relative to the workspace table.
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Figure 7.3: Graphs containing the average absolute errors for each axis

Table 7.7: List of the various poses chosen for the third test

Pose Number x y z roll pitch yaw
37 0.3 -0.15 0 0 -0.1745 0
38 0.3 0 0 0 -0.1745 0
39 0.3 0.15 0 0 -0.1745 0
40 0.3 -0.15 0 0 0.1745 0
41 0.3 0 0 0 0.1745 0
42 0.3 0.15 0 0 0.1745 0
43 0.3 -0.15 0 -0.1745 0 1.5708
44 0.3 0 0 -0.1745 0 1.5708
45 0.3 0.15 0 -0.1745 0 1.5708
46 0.3 -0.15 0 0.1745 0 1.5708
47 0.3 0 0 0.1745 0 1.5708
48 0.3 0.15 0 0.1745 0 1.5708

7.2.7 Fourth object pose estimation algorithm test

A final test was conducted to evaluate the performance of the object pose estimation
algorithm when dealing with products on top of others, occluding the bottom products.
For this test were used certain poses from the second test (7.2.3).

The procedure used for this test is similar to the previous ones, with an exception on
how the products are placed on the workspace table. Two products are placed, one on top
of the other, instead of a single one. The product on top is aligned to the robotic gripper,
as this product is the one in testing. The figure 7.4 shows a representation of how the

87



CHAPTER 7. VALIDATION AND TESTS

Table 7.8: Second test pick and place operation results

Pose Number chouriço morcela farinheira
37 Yes Yes Yes
38 Yes Yes Yes
39 Yes No Yes
40 Yes Yes Yes
41 Yes Yes Yes
42 No No Yes
43 Yes Yes Yes
44 Yes Yes Yes
45 Yes Yes Yes
46 Yes Yes Yes
47 Yes No Yes
48 No No Yes

products are placed on the workspace table.

Figure 7.4: Example of placed products for the fourth test

The main objective of this test is to verify how the object pose estimation algorithm
handles scenarios where some products occlude others. The expected result is for the
algorithm to ignore the bottom product and only calculate the pose for the top product, as
the first stage’s You Only Look Once (YOLO) model was trained with that output in mind.
As with the previous tests, all chosen agri-food products were used in this test. Table 7.9
shows the test poses. Only the poses 4, 5, 7, 8, 16, 17, 19, 20, 28, 29, 31, and 32, described
in the table 7.4 from the second test, were used.
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Table 7.9: List of the various poses chosen for the fourth test

Pose Number x y z roll pitch yaw
4 0.3 -0.15 -0.02 0 0 0
5 0.3 0 -0.02 0 0 0
7 0.4 -0.15 -0.02 0 0 0
8 0.4 0 -0.02 0 0 0
16 0.3 -0.15 -0.02 0 0 0.7854
17 0.3 0 -0.02 0 0 0.7854
19 0.4 -0.15 -0.02 0 0 0.7854
20 0.4 0 -0.02 0 0 0.7854
28 0.3 -0.15 -0.02 0 0 1.5708
29 0.3 0 -0.02 0 0 1.5708
31 0.4 -0.15 -0.02 0 0 1.5708
32 0.4 0 -0.02 0 0 1.5708

7.2.8 Test results

The following table (table 7.10) shows the results of the pick and place operation of the
fourth test. The product on the table is the top product. The bottom product was not
considered for the test, as after picking the top product, picking the bottom product is just
the same test as the second test (section 7.2.3).

Table 7.10: Fourth test pick and place operation results

Pose Number chouriço morcela farinheira
4 No Yes No
5 Yes Yes Yes
7 No Yes No
8 Yes No Yes
16 Yes Yes Yes
17 Yes Yes Yes
19 Yes No Yes
20 Yes Yes Yes
28 Yes No Yes
29 Yes Yes No
31 Yes Yes Yes
32 No Yes No

From the results shown in the table, it is evident that the object pose estimation
algorithm and the robotic system encounter greater difficulty when the products partially
occlude one another. Nevertheless, for most poses, the robotic manipulator successfully
executed the pick and place operation, indicating that the algorithm was able to compute
a valid pose. Some of the final failures resulted from the gripper not closing sufficiently
around the product during the pick phase. This issue was unlikely to be related to the
object pose estimation algorithm nor to the robotic system Robot Operating System (ROS)
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implementation. The most probable cause was the gripper itself, which occasionally
exhibited finger overtravel and undertravel during the test. The overall success of the
robotic system on the pick and place routine of this test was 72.22%. In comparison, the
success of this same routine on the second test on the same poses had a success rate of
85.42%, representing a reduction of 13.19%.

7.3 Validation tests conclusion

The tests presented in this chapter prove that the developed fin ray effect gripper, the
object pose estimation algorithm, and the robotic system, developed in ROS, are capable
of handling the various chosen agri-food products (chouriço, farinheira, and morcela).

The tests conducted on the fin ray effect gripper demonstrated that it was capable of
handling all the selected agri-food products, although it showed greater difficulty with the
farinheira due to this product’s higher malleability compared with the other two. However,
during the subsequent tests, it was observed that the gripper system, specifically its
moving components, began to exhibit issues related to overtravel and undertravel. These
problems were likely caused by damage incurred throughout the various tests, particularly
in situations where the gripper attempted to close to a distance shorter than the actual
width of the product. This typically occurred either because too large of a subtraction was
applied to the grasp width provided by the object pose estimation algorithm or because
the algorithm itself estimated a smaller than expected grasp width.

The tests conducted on both the object pose estimation algorithm and the robotic system
demonstrated that the algorithm was capable of generating valid poses for the various
products and that the robotic system was able to execute pick-and-place operations on the
detected items. However, several shortcomings and limitations of the algorithm became
evident.

In the first test, the object pose estimation algorithm achieved a success rate of ap-
proximately 66.67%. However, most errors were concentrated in a small set of specific
poses. Pose number 5 consistently resulted in an invalid pose estimation, and excluding
this pose from the calculation increased the success rate to 83.33%. This test further
highlighted the possibility of the presence of a restricted area within which the algorithm
performed optimally, outside this area, the frequency of invalid pose estimations increased
significantly.

To better understand this phenomenon, a second test was performed using grid-like
pose distributions rather than randomly selected ones. The results confirmed the behavior
observed in the first test. As shown by the heatmap in Figure 7.2 and the absolute
error charts for the combined positions in Figure 7.3, the algorithm operates at its best
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performance within a specific region of the workspace, while beyond this region it
produces too many invalid poses to be considered reliable. The overall success rate of the
algorithm in this second test was 59.99%. However, when excluding the poses located at
𝑦 = 0.15 and 𝑥 = 0.5, which are outside the algorithm’s area, the success rate increases to
approximately 80.56%.

The third test was done to verify if the object pose estimation algorithm could handle
products that are presented at an angle against the workspace table and do not have their
top surface completely flat in relation to the camera system. On this test only the poses that
had better results on the previous test were used, discarding the poses that had 𝑥 = 0.2
and 𝑥 = 0.5. An angle of 10 degrees was applied to the remaining poses, and the product
rotated by 90 degrees on the z-axis. The success rate of this test was around 81.48%, very
close to the previous test with the discard poses. This proves that the algorithm is capable
of handling products presented at an angle to the workspace table.

The final test was conducted to determine whether the object pose estimation algorithm
was capable of handling products in occluded scenarios. The test used the same poses
as the previous test, ignoring the poses with 𝑥 = 0.2, 𝑥 = 0.5, and 𝑦 = 0.15. In this
test, the algorithm achieved a success rate of 72.22%, lower than in the previous tests.
This result indicates that, although the algorithm is capable of dealing with occlusions,
its performance is negatively affected in such situations. One reason for this reduced
performance may have been the onset of undertravel issues in the gripper, which prevented
it from closing sufficiently to properly grasp and place the products.

The overtravel and undertravel problems suggest that the gripper actuator, or some
components of the main body assembly responsible for the actuation, sustained damage
during the various tests. When the object pose estimation algorithm returned a grasp
distance smaller than the actual width of the object, the gripper was forced backward by
the object as it attempted to close beyond its mechanical limits. This situation occurred
both when the vision algorithm underestimated the object width and when the value
subtracted by the ROS controller was not properly validated. Over time, this repeated
stress likely caused damage to the gripper actuator assembly and appears to be the root
cause of the observed problems.

Regarding the errors in position calculation along the x-axis (y-axis in camera coordi-
nates), several possible root causes exist. To better understand this phenomenon, a test
was conducted using images from the training dataset of the YOLO segmentation model.
In these images, a single product was positioned at similar x values and moved from
left to right across the frame. When the y coordinates were recorded, it was found that
for objects at similar y values, on the left of the image, they were usually more than 2
centimeters higher than when placed on the right of the image. This indicates that the
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error originates from the object pose estimation algorithm itself rather than from the
coordinate transformation performed by the ROS controller. The following figure 7.5
shows the comparison between the estimated product poses of products that are relatively
close in y coordinates. It is possible to observe that the products on the right have relatively
close y coordinates in their calculated pose. However, the two products on the right have
their y coordinates with higher values, despite being relatively at the same y coordinates.

Figure 7.5: Edited image with the position error demonstrated
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Conclusion

The work presented in this thesis involves the study and development of a robotic
system capable of handling various agri-food products, giving focus specifically to meat
products like smoked and cured meats. In the case of this work, three products were
chosen: chouriço, farinheira, and morcela. For the robotic system, both a fin ray effect gripper
and an object pose estimation algorithm were developed. The developed fin ray effect
gripper’s fingers make use of a fin ray structure 3D printed out of elastic plastics, so-called
elastomers, to make the fingers deform around the grasped product and in this way avoid
damaging or deforming it. The developed object pose estimation algorithm makes use of
a keypoints approach for the calculation of the orientation of the detected products.

Given the current necessities and demands from the growing world population, namely
the rising demand for food products, combined with the increased concern about the
environment and climate change, are currently creating challenges for the agri-food
industry. These challenges create a need for new sustainable solutions that combine
precision, high efficiency, and wastage control that maintain or improve the current
quality of the food products produced by the industry. To face these challenges, many
technologies are being employed for this industry, including artificial intelligence and
robotics. The automation of some processes in this industry improves their precision, and
for hazardous or tedious tasks, it improves the operators’ working conditions. However,
the manipulation of agri-food products has some intrinsic challenges and requirements,
namely hygiene and safety requirements. The products, due to their fragile and irregular
natures, pose some difficulties to their manipulation. The aim of this work is to address
these challenges and difficulties by developing a robotic system capable of autonomously
detecting and manipulating various agri-food products.

This work’s developed robotic system is composed of an ABB IRB120 robot, a 6 Degrees
of Freedom (DoF) industrial manipulator, on which was added to the end effector the
developed fin ray effect gripper, as well as the camera system. The camera used is an Intel
RealSense D415 depth camera, which is a stereo depth camera capable of providing both
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Red Green Blue (RGB) and depth images. The camera uses a color sensor to provide the
RGB image and two imagers to provide depth information.

The first developed part of the overall robotic system was the gripper system. The
gripper system was composed of a linear actuator used in previous works. On it were
installed the developed fin ray effect gripper fingers. The fingers were developed through
three iterations. The first was not tested, as it was too stiff and could not be bent around
the grasped products, which was obviously a failure. This was due to the thickness of the
finger as well as the shape being a rectangular triangle, which made the fingers too stiff at
their points. The second iteration was far more successful. The gripper fingers were in the
shape of an isosceles triangle, had a length of 100 millimeters, and had 10 struts spaced by
7.8 millimeters. To hold these fingers to the linear actuator, a holder piece was developed.
The piece held the fingers at 17 degrees to make the fingers have a surface completely
parallel between them. When tested, this iteration was found to be adequate to handle all
three chosen agri-food products. However, for the farinheira, even at maximum extension,
the gripper could not fully grasp it if there was a small error in the coordinates given by
the object pose estimation algorithm. For that reason, on the third iteration of the design,
the fingers were kept the same, only modifying the holder piece by adding an extension
that allowed for a longer full extension distance. The test performed on the third iteration
of the fin ray effect gripper system proved that the modifications solved the problem of
the previous iteration, as the gripper was successful in grasping all three chosen agri-food
products.

After finishing the gripper, the object pose estimation algorithm development started.
The algorithm was composed of three stages. The first stage was responsible for detecting
the various products and providing a segmentation mask for each detected object for the
two following stages. This stage uses a trained You Only Look Once (YOLO) segmentation
model, more specifically a YOLOv12-seg, that was trained to detect and segment the three
chosen agri-food products. The model was also trained to ignore products that are below
other products. This was done so the algorithm only picks the top products that can be
picked by the robotic manipulator. The second stage is responsible for calculating the
coordinates (x, y, and z) for each detected object’s position in relation to the camera system.
For this, two approaches were developed, one that first transforms the depth information
provided by the camera system at a point of the object, and another that makes direct
use of the depth information to calculate the product’s position. The performance of the
two developed approaches was very similar in accuracy, giving similar coordinates for
the same products on the same images, but in the speed comparison, the point cloud
approach was slower than using directly the depth information. The third stage has
the task of calculating the orientation of the detected product in relation to the camera
system. The orientation angles are calculated on Euler angles in the x-y-z order (roll,
pitch, and yaw). Various methods were developed and tested for this stage, including
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approaches using Principal Components Analysis (PCA) on the segmentation mask of
the product, Ordinary Least Squares (OLS) regression on the product’s point cloud, PCA
on the product’s point cloud, a combination of PCA on the segmentation mask and OLS,
and a keypoints approach. Ultimately for the orientation stage, the keypoints approach
was chosen, as it offered better performance in accuracy than the others and was more
resilient. For that reason, for the second stage, the chosen method was using directly the
depth information provided by the camera, as there was no need to create a point cloud
for the keypoints method of the third stage.

To control the robotic system, a Robot Operating System (ROS) controller for the system
was developed. The controller architecture was based on a central main node and several
peripheral nodes that communicate through services. Each separate peripheral node
implements either a different part of the robotics system or an auxiliary function. The
developed peripheral nodes included a node to control the gripper system. A node that
interfaces with the development object pose estimation algorithm. A node to control
the robotic manipulator and for path planning. And a node to help debug and visualize
the poses obtained by the vision system in RViz. For the main control, two separate
controller nodes were implemented: a manual controller and an automatic controller. The
manual controller provides full access to the robotic system and includes optional assisted
operations to facilitate system testing. In contrast, the automatic controller implements
the logic required to autonomously execute the pick and place routine defined in this
work.

Various tests were done to validate the developed vision algorithm, gripper system, and
the overall robotic system. To validate the object pose estimation algorithm, as well as the
performance of the overall robotic system, four tests were conducted. On the first test, 15
poses were randomly chosen. During this test, it was found that for some of the positions,
the object pose estimation algorithm could not generate valid poses for the robotic system
to pick the various products.

To better understand the working area limitation phenomenon, a second test was
conducted where, instead of using randomly chosen poses, the poses presented a grid-like
displacement, varying between 0.2 < 𝑥 < 0.5 and −0.15 < 𝑦 < 0.15 in a total of 36 poses.
The results from this test confirmed the existence of an area, located on the left side of
the camera’s image, where the algorithm had difficulty generating valid poses. If these
problematic poses are ignored, the success rate is around 80.56%.

A third test conducted was to verify the performance of the algorithm when dealing
with products that have some angle against the workspace table. This test only used
the positions that had greater success on the previous test, ignoring the ones that the
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algorithm failed constantly. On this test the success rate was around 81.48%, for all intents
and purposes equal to the second test.

A final fourth test was conducted to verify how the system handled products that were
on top of each other. On this test the poses used were the ones with greater success, as with
the previous test. During this test it was found that the algorithm suffered from reduced
accuracy, having a lower success rate when compared with the two previous tests, only
72.22%. However, during this test it was verified that the gripper started developing some
issues, suffering from undertravel, likely from damage caused by making the gripper
close too much on some harder products.

The developed object pose estimation algorithm is not without some limitations. The
algorithm requires the products to have their top surfaces exposed to the camera to be
able to be detected and to calculate their poses. If the product is at an "extreme" angle in
relation to the camera, for example, when the pitch or roll angles are close to 90 degrees,
the algorithm will not be able to accurately calculate the product pose. A workaround for
this limitation is to take advantage of the fact that the vision system is mounted to the end
effector of the robot manipulator and move the camera to a different position in relation
to the detected product to be able to better calculate its pose. Another limitation of the
vision algorithm is the fact that it cannot distinguish which side of the chosen agri-food
products contains the string. This is not a problem for a pick and place task, as it does
not matter which side the string is located on, but for other tasks, it might be necessary to
know.

A limitation identified in the developed fin ray effect gripper was its inability to sense
the amount of pressure applied to the grasped product. Instead, it relied entirely on the
vision algorithm to determine the required closing distance for a successful grasp. As
such, if the vision algorithm provided an inaccurate width measurement, or if the robotic
system’s controller sends a closing command that was too small relative to the actual object
width, the gripper could either damage the product or cause harm to its own structure.
To address this limitation, a potential improvement would be the integration of sensing
capabilities, for example, through the addition of a pressure sensor. Such tactile sensing
would enable the gripper to regulate its closing distance more precisely, reducing the risk
of damage and improving the reliability of grasping across different agri-food products.

Future work should focus on improving the robustness and reliability of the developed
object pose estimation algorithm by enhancing the keypoint selection. The current vision
algorithm assumes that the products have relatively flat surfaces, which may not hold
true for other agri-food items. Therefore, adapting the algorithm for products that have
different irregular shapes would be an improvement. Additionally, it should address the
issue identified in the position calculation for products located on the left side of the depth
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camera images. One possible way to bypass this restriction is to move the robot camera to
a different position to observe the product from a different perspective and thus be able to
properly calculate the product’s pose. Regarding the gripper system, future work should
focus on giving the developed fin ray effect gripper tactile sensing via pressure/force
sensors, for example. This would improve grasp reliability and help prevent product
or gripper damage. Further evaluation of the gripper with a wider range of sausages,
meat products, and other agri-food items from the production line would provide better
insights into its versatility and performance.
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A

Object pose estimation algorithm’s
tests values

This appendix shows the values obtain during the tests done on the object pose estimation
algorithm. In total were recorded values for 4 tests, described in the previous chapter
7. Yes* represents a successful pick and place operation; however, the grasped pose was
visibly unstable. Yes** represents a pick and place operation where the product to be
detected needed to be adjusted at this pose, this was because the product was not clearly
visible on the camera’s image.

A.1 Values obtained during the first test

Product Pose X Y Z Roll Pitch Yaw Success
chouriço 1 0.2200 -0.1486 -0.0169 -0.0132 0.0385 0.2463 Yes*
morcela 1 0.2335 -0.1445 -0.0149 -0.0159 0.0081 0.1382 Yes**

farinheira 1 0.2136 -0.1449 -0.0169 0.2723 0.3152 0.6122 Yes*
chouriço 2 0.2558 -0.0066 -0.0139 0.0432 -0.0543 0.0181 Yes
morcela 2 0.2521 -0.0029 -0.0119 0.0368 -0.0891 0.0232 Yes

farinheira 2 0.2503 -0.0059 -0.0159 0.0564 0.0590 0.1957 Yes
chouriço 3 0.3609 -0.1309 -0.0208 0.0283 0.0092 0.0388 Yes
morcela 3 0.3596 -0.1291 -0.0189 0.0437 -0.0367 0.0187 Yes

farinheira 3 0.3687 -0.1217 -0.0208 0.0599 -0.0066 0.0063 Yes
chouriço 4 0.3325 0.1218 -0.0179 0.0227 0.0048 0.0416 No
morcela 4 0.329 0.1226 -0.0178 0.077 -0.0262 0.0195 No

farinheira 4 0.3232 0.1268 -0.0178 0.0991 -0.0102 -0.0767 Yes*
chouriço 5 0.4592 0.1346 -0.0207 0.0479 -0.0257 -0.0084 No
morcela 5 0.4561 0.1328 -0.0198 0.0787 -0.0644 0.0000 No

farinheira 5 0.4507 0.1313 -0.0237 0.1668 -0.0286 0.1336 No
chouriço 6 0.2062 -0.1462 -0.0159 0.1466 -0.0225 1.5127 Yes
morcela 6 0.2069 -0.1469 -0.0159 0.2034 -0.0452 1.4837 Yes
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APPENDIX A. OBJECT POSE ESTIMATION ALGORITHM’S TESTS VALUES

Product Pose X Y Z Roll Pitch Yaw Success
farinheira 6 0.2189 -0.1365 -0.0159 0.0653 -0.082 1.7041 Yes
chouriço 7 0.2489 -0.0002 -0.0159 0.1564 -0.0210 1.5816 Yes
morcela 7 0.2488 -0.0017 -0.0159 0.1535 -0.0678 1.5318 Yes

farinheira 7 0.2473 -0.0003 -0.0189 0.2707 -0.0915 1.6072 Yes
chouriço 8 0.3553 -0.1271 -0.0198 0.1038 -0.0394 1.5068 Yes
morcela 8 0.3630 -0.1252 -0.0208 0.1754 -0.0857 1.5393 Yes

farinheira 8 0.3602 -0.1245 -0.0209 0.2620 -0.1245 1.5571 Yes
chouriço 9 0.3302 0.1184 -0.0188 0.1453 -0.0193 1.6451 No
morcela 9 0.3258 0.1221 -0.0198 0.1995 -0.0827 1.6226 Yes

farinheira 9 0.3236 0.1213 -0.0199 0.1873 -0.1267 1.4989 No
chouriço 10 0.4512 0.1323 -0.0207 0.1253 -0.0026 1.5399 No
morcela 10 0.452 0.1282 -0.0218 0.0238 -0.0714 1.6019 No

farinheira 10 0.4521 0.1347 -0.0217 0.1418 -0.1253 1.5981 No
chouriço 11 0.2175 -0.1369 -0.0159 0.0984 0.0173 0.862 Yes
morcela 11 0.2179 -0.1386 -0.0169 0.1903 0.1084 0.8538 Yes

farinheira 11 0.2081 -0.1464 -0.0169 0.2371 0.0736 1.0031 Yes
chouriço 12 0.2591 0.0076 -0.0149 0.0196 -0.0309 0.7289 Yes
morcela 12 0.2564 0.0034 -0.0139 -0.0130 -0.0750 0.7492 Yes

farinheira 12 0.2628 0.0055 -0.0169 0.1991 -0.0052 0.8194 Yes
chouriço 13 0.3596 -0.1228 -0.0198 0.0726 -0.0151 0.7309 Yes
morcela 13 0.3575 -0.1286 -0.0198 0.0743 -0.0425 0.8088 Yes

farinheira 13 0.3539 -0.1234 -0.0188 0.0107 -0.0647 0.7323 Yes
chouriço 14 0.3265 0.1228 -0.0198 0.0753 0.0098 0.8174 Yes
morcela 14 0.3286 0.1224 -0.0218 0.0737 -0.0373 0.7521 No

farinheira 14 0.3308 0.1259 -0.0208 0.1063 0.0320 0.6429 No
chouriço 15 0.4542 0.1353 -0.0217 0.0839 -0.0067 0.809 No
morcela 15 0.4507 0.1319 -0.0227 0.0359 -0.0587 0.8207 No

farinheira 15 0.4571 0.1312 -0.0227 0.0324 -0.0489 0.7913 No
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A.2. VALUES OBTAINED DURING THE SECOND TEST

A.2 Values obtained during the second test

Product Pose X Y Z Roll Pitch Yaw Success
chourico 1 0.2211 -0.1576 -0.0159 0.0152 -0.0118 -0.0276 Yes
morcela 1 0.2270 -0.1545 -0.0149 0.0241 -0.0094 0.1157 No

farinheira 1 0.2123 -0.1555 -0.0189 0.1248 0.1834 0.7677 No
chourico 2 0.2164 -0.0080 -0.0149 0.1058 0.0755 0.2477 Yes
morcela 2 0.2256 -0.0079 -0.0129 0.0879 0.0610 0.2676 Yes

farinheira 2 0.2101 -0.0074 -0.0169 0.2781 0.1332 1.1448 No
chourico 3 0.2144 0.1416 -0.0169 0.1067 0.0961 0.2472 Yes
morcela 3 0.2172 0.1412 -0.0149 0.1303 -0.0165 0.1332 Yes

farinheira 3 0.2048 0.1389 -0.0180 0.3063 -0.1949 1.8196 No
chourico 4 0.3103 -0.1484 -0.0189 -0.0295 0.0530 0.0298 Yes
morcela 4 0.3025 -0.1495 -0.0179 0.0153 -0.0260 0.0186 Yes

farinheira 4 0.3039 -0.1501 -0.0229 0.0545 0.0301 0.3868 Yes
chourico 5 0.2966 -0.0022 -0.0118 0.007 0.0213 0.1623 Yes
morcela 5 0.2923 -0.0007 -0.01189 0.0383 -0.0549 0.0628 Yes

farinheira 5 0.2977 -0.0037 -0.01384 0.0739 -0.0076 0.1250 Yes
chourico 6 0.2867 0.1478 -0.0189 0.1071 0.0680 0.0415 Yes
morcela 6 0.285 0.1423 -0.0169 0.2157 -0.0061 -0.0016 No

farinheira 6 0.2895 0.1448 -0.0189 0.087 0.0411 -0.1086 Yes
chourico 7 0.4067 -0.1421 -0.0218 -0.0191 0.0365 -0.0640 Yes
morcela 7 0.4055 -0.1401 -0.0197 0.0371 -0.0363 0.0696 Yes

farinheira 7 0.4053 -0.146 -0.0208 -0.0325 -0.0377 -0.0597 Yes
chourico 8 0.3928 0.0048 -0.0118 -0.0276 0.0373 0.0915 Yes
morcela 8 0.3958 0.0049 -0.0088 0.0062 -0.0170 -0.0271 No

farinheira 8 0.3913 0.0019 -0.0118 0.0086 -0.0151 -0.0417 Yes
chourico 9 0.3904 0.153 -0.0208 0.0990 0.0211 -0.0237 No
morcela 9 0.3861 0.1521 -0.0198 0.1051 -0.0386 -0.0312 No

farinheira 9 0.3875 0.1539 -0.0218 0.0926 0.0047 -0.0015 Yes
chourico 10 0.5104 -0.1401 -0.0227 -0.0224 -0.0099 0.0762 No
morcela 10 0.5015 -0.1362 -0.0217 0.0546 -0.0832 0.0113 No

farinheira 10 0.5089 -0.1336 -0.0227 -0.0583 -0.0216 -0.0862 No
chourico 11 0.4984 0.0089 -0.0158 -0.0143 0.0079 0.0393 Yes
morcela 11 0.4898 0.0082 -0.0187 -0.0506 -0.0383 0.0263 No

farinheira 11 0.4953 0.0133 -0.0167 -0.0074 -0.0459 -0.0482 No
chourico 12 0.4873 0.1598 -0.0217 0.0835 -0.0435 0.0647 No
morcela 12 0.4835 0.1622 -0.0197 0.0950 -0.0630 0.0560 No

farinheira 12 0.4815 0.1548 -0.0217 0.1700 -0.0129 0.1661 Yes
chourico 13 0.2219 -0.1583 -0.0159 0.0645 0.01700 0.7853 Yes
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Product Pose X Y Z Roll Pitch Yaw Success
morcela 13 0.2167 -0.1412 -0.0159 0.2055 0.0929 0.8838 Yes

farinheira 13 0.2105 -0.1476 -0.0159 0.2275 0.0421 0.9202 Yes
chourico 14 0.2089 -0.0003 -0.0159 0.2068 0.0540 1.1452 Yes
morcela 14 0.2119 0.0083 -0.0159 0.2809 0.1128 1.0219 Yes

farinheira 14 0.2097 -0.0023 -0.0139 0.366 0.1145 0.9507 Yes
chourico 15 0.2036 0.1531 -0.0169 0.0636 -0.0507 1.3235 No
morcela 15 0.2112 0.1563 -0.016 0.3033 0.1185 1.1077 No

farinheira 15 0.2023 0.1472 -0.0169 0.5129 0.1195 1.2293 No
chourico 16 0.3082 -0.1419 -0.0189 0.0766 -0.0040 0.7957 Yes
morcela 16 0.3039 -0.1497 -0.0189 0.052 -0.0041 0.7772 Yes

farinheira 16 0.3026 -0.1452 -0.0178 0.0821 0.0070 0.9046 Yes
chourico 17 0.3053 0.0006 -0.0108 -0.0168 -0.0138 0.7094 Yes
morcela 17 0.2951 -0.0023 -0.0128 -0.0658 -0.0905 0.8048 Yes

farinheira 17 0.2944 0.0006 -0.0128 -0.0137 -0.0905 0.06608 Yes
chourico 18 0.2847 0.1477 -0.0188 0.183 -0.0069 0.7573 No
morcela 18 0.2828 0.1486 -0.0199 0.1385 -0.0368 0.7482 No

farinheira 18 0.2816 0.1470 -0.0189 0.2778 -0.0355 0.6962 No
chourico 19 0.4062 -0.1345 -0.0207 0.0546 -0.0373 0.8072 Yes
morcela 19 0.4031 -0.1373 -0.0207 0.0551 -0.0515 0.8183 Yes

farinheira 19 0.3989 -0.1424 -0.0208 0.1675 -0.0427 1.0341 Yes
chourico 20 0.3900 0.0020 -0.0128 0.0339 0.0294 0.7802 Yes
morcela 20 0.3942 0.0091 -0.0118 0.0296 -0.0098 0.7969 No

farinheira 20 0.3921 0.0105 -0.0108 0.1995 0.0588 0.6495 Yes
chourico 21 0.3846 0.1559 -0.0208 0.1390 -0.0151 0.7729 No
morcela 21 0.3830 0.1540 -0.0218 0.0754 -0.0571 0.7670 No

farinheira 21 0.3803 0.1527 -0.0188 0.1848 0.0271 0.6072 No
chourico 22 0.5031 -0.0133 -0.0217 0.0265 -0.0197 0.7601 Yes
morcela 22 0.5011 -0.1372 -0.0226 -0.0130 -0.0734 0.8281 Yes

farinheira 22 0.5015 -0.1381 -0.0207 0.0252 -0.0877 0.8815 Yes
chourico 23 0.4896 0.0112 -0.0167 0.0096 0.0278 0.7190 No
morcela 23 0.4902 0.0168 -0.0156 -0.0455 -0.0155 0.8171 No

farinheira 23 0.4943 0.0148 -0.0147 -0.0373 -0.1341 0.5091 No
chourico 24 0.4822 0.1626 -0.0217 0.0563 -0.0196 0.7774 No
morcela 24 0.4824 0.1629 -0.0227 0.0555 -0.0813 0.7859 No

farinheira 24 0.4784 0.1602 -0.0208 0.1946 -0.1292 0.7799 No
chourico 25 0.2101 -0.1551 -0.0149 0.1661 -0.0080 1.5258 Yes
morcela 25 0.2051 -0.0153 -0.0169 0.2161 -0.0306 1.5021 No

farinheira 25 0.2041 -0.1554 -0.0159 0.3632 -0.0991 1.4822 Yes
chourico 26 0.2034 -0.0095 -0.0159 0.1020 -0.0460 1.5801 Yes
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A.2. VALUES OBTAINED DURING THE SECOND TEST

Product Pose X Y Z Roll Pitch Yaw Success
morcela 26 0.2002 -0.0074 -0.0169 0.1111 -0.0770 1.5457 No

farinheira 26 0.2000 -0.008 -0.0149 0.2422 -0.1104 1.5891 Yes
chourico 27 0.2029 0.1409 -0.0170 0.1167 -0.0505 1.5774 No
morcela 27 0.1948 0.135 -0.0199 -0.1077 -0.0748 1.5795 No

farinheira 27 0.2005 0.1374 -0.018 0.3184 -0.2153 1.7017 Yes
chourico 28 0.3018 -0.1474 -0.0179 0.1309 -0.0128 1.4789 Yes
morcela 28 0.3011 -0.1486 -0.0179 0.1683 -0.0282 1.4219 Yes

farinheira 28 0.2982 -0.1533 -0.0189 0.3166 -0.1020 1.4327 Yes
chourico 29 0.2934 -0.0017 -0.0139 0.0901 0.0043 1.5281 Yes
morcela 29 0.2927 -0.0037 -0.0139 0.0617 -0.0573 1.5348 Yes

farinheira 29 0.2899 0.0041 -0.0139 0.1614 -0.0202 1.4856 Yes
chourico 30 0.2823 0.1448 -0.0189 0.182 -0.4010 1.6054 No
morcela 30 0.2831 0.1432 -0.0179 0.2228 -0.0958 1.5717 No

farinheira 30 0.2822 0.1429 -0.0199 0.3503 -0.2161 1.7451 Yes
chourico 31 0.3995 -0.1431 -0.0208 0.0986 -0.0329 1.5146 Yes
morcela 31 0.3989 -0.1453 -0.0207 0.0816 -0.0900 1.5778 Yes

farinheira 31 0.3989 -0.1452 -0.0208 0.0953 -0.1500 1.3749 Yes
chourico 32 0.3919 0.0083 -0.0139 0.1475 -0.0111 1.5505 Yes
morcela 32 0.3906 0.0089 -0.0138 0.2260 -0.0556 1.6207 Yes

farinheira 32 0.385 0.0056 -0.0128 0.1058 -0.0884 1.5223 Yes
chourico 33 0.3809 0.1552 -0.0198 0.2061 -0.0395 1.5699 No
morcela 33 0.3801 0.1527 -0.0219 0.1870 -0.0882 1.6297 No

farinheira 33 0.3816 0.1534 -0.0228 0.3042 -0.1758 1.5418 No
chourico 34 0.5002 -0.1347 -0.0217 0.1181 -0.0116 1.516 Yes
morcela 34 0.4936 -0.1332 -0.0218 0.0245 -0.0774 1.5887 Yes

farinheira 34 0.4953 -0.1324 -0.0237 0.2214 -0.0822 1.6066 Yes
chourico 35 0.4918 0.0100 -0.0176 0.1755 0.0008 1.5448 Yes
morcela 35 0.4892 0.0098 -0.0186 0.0775 -0.0587 1.5546 Yes

farinheira 35 0.4859 0.0110 -0.0167 0.1542 -0.0691 1.5385 Yes
chourico 36 0.4814 0.1604 -0.0218 0.1449 -0.0276 1.544 No
morcela 36 0.4815 0.1610 -0.0227 0.0905 -0.0799 1.626 No

farinheira 36 0.4843 0.1525 -0.0217 0.1555 -0.1545 1.603 No
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A.3 Values obtained during the third test

Product Pose X Y Z Roll Pitch Yaw Success
chourico 37 0.3138 -0.1467 -0.0018 0.0224 -0.2448 0.0097 yes
morcela 37 0.3127 -0.1453 0.0001 -0.0135 -0.2745 0.0601 yes

farinheira 37 0.3026 -0.1460 -0.0018 -0.1480 -0.2536 0.2403 yes
chourico 38 0.2989 -0.0031 0.0041 0.0289 -0.3090 0.0335 yes
morcela 38 0.3000 -0.0030 0.0021 -0.0516 -0.2535 0.0437 yes

farinheira 38 0.2962 -0.0005 -0.0027 -0.1438 -0.2360 0.5506 yes
chourico 39 0.2920 0.1488 -0.0068 0.0825 -0.1605 0.0519 yes
morcela 39 0.2872 0.1458 -0.0059 0.0682 -0.1777 0.1384 no

farinheira 39 0.2871 0.1466 -0.0099 0.2358 -0.1189 0.0491 yes
chourico 40 0.2986 -0.1507 -0.0089 -0.0537 0.2997 0.1963 yes
morcela 40 0.2999 -0.1479 -0.0088 0.0452 0.2934 0.1136 yes

farinheira 40 0.2990 -0.1488 -0.0099 -0.0439 0.4125 0.1669 yes
chourico 41 0.2921 -0.0041 -0.0029 -0.068 0.2352 0.0597 yes
morcela 41 0.2970 -0.0033 -0.0029 0.0822 0.2140 0.1279 yes

farinheira 41 0.3066 -0.0021 -0.0068 -0.0159 0.2094 -0.0619 yes
chourico 42 0.2867 0.1456 -0.0089 0.0014 0.2796 -0.0842 no
morcela 42 0.2848 0.1452 -0.0099 0.0634 0.1450 0.0072 no

farinheira 42 0.2784 0.1446 -0.0139 0.0872 0.3659 -0.1543 yes
chourico 43 0.2994 -0.1567 -0.008 0.1686 0.2125 1.5194 yes
morcela 43 0.3042 -0.1507 -0.0089 0.2552 0.2532 1.5253 yes

farinheira 43 0.2969 -0.1382 -0.0098 0.3267 0.2838 1.5339 yes
chourico 44 0.2901 -0.0006 -0.0059 0.1404 -0.2084 1.7017 yes
morcela 44 0.2888 -0.0059 -0.0049 0.087 -0.2569 1.6210 yes

farinheira 44 0.2906 0.0014 -0.0069 0.1065 -0.2779 1.7920 yes
chourico 45 0.2815 0.1472 -0.0099 0.2320 -0.2132 1.6783 yes
morcela 45 0.2835 0.1501 -0.0099 0.2031 -0.2505 1.6501 yes

farinheira 45 0.2840 0.1440 -0.0109 0.1180 -0.3626 1.7381 yes
chourico 46 0.2984 -0.1496 -0.0099 0.1946 -0.1809 1.5743 yes
morcela 46 0.2999 -0.1444 -0.0088 0.1297 -0.2191 1.5183 yes

farinheira 46 0.3016 -0.1515 -0.0118 0.2566 -0.2028 1.5095 yes
chourico 47 0.2901 0.0022 -0.0059 0.1947 0.1886 1.5641 yes
morcela 47 0.2917 0.0015 -0.0039 0.2019 0.1157 1.5520 no

farinheira 47 0.2938 -0.0125 -0.0049 0.1436 0.2304 1.5375 yes
chourico 48 0.282 0.1462 -0.0079 0.1231 0.1561 1.5678 no
morcela 48 0.2853 0.1434 -0.0049 0.2501 0.1321 1.5604 no

farinheira 48 0.2845 0.1437 -0.0089 0.2455 0.2702 1.488 yes
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A.4 Values obtained during the fourth test

Product Pose X Y Z Roll Pitch Yaw Success
chourico 4 0.3126 -0.1454 0.0032 -0.0002 -0.3672 -0.1927 no
morcela 4 0.3127 -0.1471 0.0042 -0.0853 -0.1729 -0.1077 yes

farinheira 4 0.3059 -0.1475 0.0001 -0.3546 -0.1982 0.8926 no
chourico 5 0.3012 -0.0008 0.0082 0.0695 -0.2678 -0.1183 yes
morcela 5 0.3013 0.0013 0.0091 -0.0554 -0.3163 0.1084 yes

farinheira 5 0.2977 -0.0024 0.004 -0.0441 -0.4122 0.368 yes
chourico 7 0.4148 -0.1382 -0.0008 0.0034 -0.3048 -0.1102 no
morcela 7 0.4100 -0.1382 0.0013 -0.1221 -0.2436 0.0684 yes

farinheira 7 0.4100 -0.1407 -0.0057 -0.3726 0.3119 2.2769 no
chourico 8 0.3989 0.0038 0.0042 0.051 -0.2482 0.0139 yes
morcela 8 0.4023 0.0037 0.0025 -0.0898 -0.3202 0.1734 no

farinheira 8 0.4016 0.0045 0.0003 -0.1414 -0.4300 0.3469 yes
chourico 16 0.2966 -0.1534 -0.0009 0.0724 0.3326 0.8000 yes
morcela 16 0.2958 -0.1544 -0.0049 0.2143 0.3120 0.8214 yes

farinheira 16 0.3071 -0.1405 -0.0049 0.059 0.5448 0.8187 yes
chourico 17 0.2830 -0.0094 0.0001 -0.0467 0.1655 0.7114 yes
morcela 17 0.2866 -0.0087 0.0011 0.0461 0.2920 0.7498 yes

farinheira 17 0.2886 -0.0048 -0.0029 0.1278 0.4574 0.7480 yes
chourico 19 0.3939 -0.1458 -0.0038 -0.0883 0.3372 0.9035 yes
morcela 19 0.3939 -0.1542 -0.0038 0.4644 0.1995 0.9265 no

farinheira 19 0.4027 -0.1433 -0.0108 0.1923 0.4215 0.8956 yes
chourico 20 0.3827 -0.0019 0.0002 0.031 0.3347 0.7506 yes
morcela 20 0.3863 -0.0044 0.0012 0.1844 0.3346 0.7570 yes

farinheira 20 0.3883 0.0022 -0.0038 0.1023 0.4840 0.7921 yes
chourico 28 0.3014 -0.146 -0.0019 -0.0605 0.3090 1.4691 yes
morcela 28 0.3049 -0.1642 -0.0049 0.0021 0.2111 1.5314 no

farinheira 28 0.3085 -0.1475 -0.0048 0.358 0.4457 1.6782 yes
chourico 29 0.2925 -0.0123 -0.0009 -0.13 0.2434 1.2865 yes
morcela 29 0.2949 -0.004 -0.0028 0.2156 0.3049 1.4179 yes

farinheira 29 0.2915 -0.0035 -0.0059 0.2972 0.3520 1.4965 no
chourico 31 0.3993 -0.1451 -0.0068 -0.0643 0.2235 1.3325 yes
morcela 31 0.3994 -0.1391 -0.0048 -0.1767 0.2471 1.4389 yes

farinheira 31 0.3992 -0.1437 -0.0118 0.3047 0.3990 1.6206 yes
chourico 32 0.3883 -0.0138 -0.0028 -0.0613 0.0320 1.3597 no
morcela 32 0.3924 0.0016 -0.0018 0.0123 0.3099 1.3689 yes

farinheira 32 0.3979 0.0044 -0.0058 0.3432 0.3237 1.6288 no
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