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Resumo

A crescente procura global de uma produção alimentar sustentável, num contexto de escassez
de mão de obra, desafios climáticos e recursos limitados, tem estimulado avanços significativos na
robótica agrícola. Este trabalho explora o desenvolvimento de um manipulador robótico baseado
na visão para a colheita automática de medronhos. O trabalho é motivado pela importância ecológ-
ica e económica do medronheiro e pelos desafios associados à sua colheita manual, incluindo
copas densas e maturação variável dos frutos. Este estudo descreve a capacidade dos sistemas
robóticos para enfrentar estes desafios através de uma maior eficiência, precisão e sustentabilidade
ambiental.

A metodologia proposta envolve uma abordagem em várias fases: recolha de dados ambientais
utilizando um sensores Light Detection and Ranging (LiDAR) e câmaras RGB-D; desevolvimento
e controlo de um manipulador robótico adaptável à estrutura da árvore; e implementação de um
sistema de perceção com planeamento da trajetoria de colheita. Este sistema combina técnicas de
visão por computador e os modelos de aprendizagem profunda que permite a deteção e localização
precisa dos frutos, a avaliação do estado de maturação e a colheita selectiva. Adicionalmente, é
proposta uma estrutura do manipulador e tecnicas de apanha capazes de se adaptarem à morfologia
única do medronheiro, com o objetivo de minimizar os danos nas plantas e otimizar a eficiência
da colheita.

Esta solução robótica permite colmatar a falta de mão de obra, melhorar a eficiência da col-
heita e promover práticas ambientalmente sustentáveis através de métodos de colheita precisos e
selectivos. Os resultados desta investigação fazem avançar o campo da robótica agrícola, partic-
ularmente para culturas não convencionais como o medronheiro, ao mesmo tempo que oferecem
uma abordagem escalável para desafios semelhantes na automação agrícola.
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Abstract

The increasing global demand for sustainable food production amidst labour shortages, climate
challenges, and limited resources has spurred significant advancements in agricultural robotics.
This work explores the development of a vision-based robotic manipulator for the automated har-
vesting of arbutus berries. The work is motivated by the ecological and economic significance
of the Arbutus tree and the challenges associated with its manual harvesting, including dense
canopies and variable fruit ripeness. This study outlines the potential of robotic systems to ad-
dress these challenges through enhanced efficiency, precision, and environmental sustainability.

The proposed methodology involves a multi-stage approach: collection of environmental data
using a Light Detection and Ranging (LiDAR) sensor and RGB-D cameras; development and
control of a robotic manipulator adaptable to the structure of the tree; and implementation of
a perception system with harvest trajectory planning. This system combines computer vision
techniques and deep learning models to enable precise fruit detection and localization, ripeness
assessment, and selective harvesting. In addition, a manipulator structure and picking techniques
are proposed that can adapt to the unique morphology of the strawberry tree, with the aim of
minimizing damage to the plants and optimizing harvesting efficiency.

This robotic solution addresses labor shortages, enhances harvesting efficiency, and promotes
environmentally sustainable practices through precise and selective harvesting methods. The out-
comes of this research advance the field of agricultural robotics, particularly for unconventional
crops like arbutus berries, while offering a scalable approach to similar challenges in agricultural
automation.
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Figure 1: Graphical Abstract



UN Sustainable Development Goals

The United Nations Sustainable Development Goals (SDGs)1 define 17 global objectives
aimed at promoting prosperity, protecting the planet, and ensuring peace and justice for all. In
the context of this work, there is a direct contribution to several of these goals, particularly in the
areas of sustainable agriculture, technological innovation, and adaptation to climate change.

The research developed integrates innovative solutions based on automation, robotics, and
artificial intelligence, promoting more efficient, resilient, and sustainable agricultural practices.
This multidisciplinary approach not only boosts the productivity and efficiency of agricultural
systems but also contributes to waste reduction, sustainable management of natural resources, and
increased resilience to climate challenges.

In context, this project has the potential to contribute of the following SGDs:

SDG 2 Zero Hunger: The robotic manipulator increases productivity and efficiency in food pro-
duction by automating the selective harvesting of arbutus berries, helping address labor
shortages and supporting sustainable agricultural practices

SDG 8 Decent Work and Economic Growth: By introducing advanced automation and robotics
in agriculture, the project promotes technological innovation, increases operational effi-
ciency, and reduces the need for physically demanding manual labor, thus supporting eco-
nomic growth

SDG 9 Industry, Innovation and Infrastructure: The development and integration of novel
robotic and computer vision systems contribute to scientific research and technological ad-
vancement in precision agriculture, fostering innovation and building research infrastructure

SDG 12 Responsible Consumption and Production: Selective and precise harvesting enabled
by robotics reduces food waste and ensures efficient use of natural resources, aligning agri-
cultural production with sustainability goals.

SDG 13 Climate Action: Automation and precision technologies make agricultural systems
more resilient to climate-related challenges and resource limitations, supporting adaptation
and sustainable practices in response to climate change

1https://sdgs.un.org/goals
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SGD Target Contribution Performance Indicators and
Metrics

2 2.4 Automation of harvesting and the
use of precision technologies (LiDAR
sensors, RGB-D cameras, computer
vision) promote resilient food produc-
tion systems, increase resource-use
efficiency, improve the sustainability
of agricultural systems, and increase
productivity.

Increase in sustainable manage-
ment of agricultural area; reduc-
tion in resource use (water, labor);
improvement in productivity and
yield; performance of detection
and harvesting metrics.

8 8.2 Technological innovation in agri-
culture (robotics, AI, automation)
increases economic productivity
through diversification, technological
upgrading, and innovation.

Number of technological innova-
tions implemented; increase in
operational efficiency; reduction
in production costs.

9 9.5 Research and development in agricul-
tural robotics contribute to scientific
advancement and foster innovation in
sustainable agriculture.

Number of scientific publications,
open datasets, and research col-
laborations; adoption of new tech-
nologies in agriculture.

12 12.2 Selective and precise harvesting re-
duces waste and promotes the sustain-
able management and efficient use of
natural resources.

Reduction in food waste; percent-
age of fruits harvested at optimal
ripeness; minimization of plant
damage.

13 13.1 Automation increases the resilience
of agricultural systems to climate-
related hazards and supports adapta-
tion strategies.

Increase in resilience metrics;
ability to maintain productivity
under adverse conditions; reduc-
tion in labor shortages.
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Chapter 1

Introduction

The quest to ensure sustainable food production worldwide, with dwindling resources, a wors-

ening climate, and fewer people willing to work in agriculture, has become one of the major driv-

ing forces for innovation and technological development in the last decade. The use of robotics

in agriculture and forestry has become an essential tool to respond to these kinds of challenges.

Robotics marks an evolution in cultivation and harvesting methods, reducing the dependence on

intensive manual labor and contributing to more sustainable production that is less stressful on the

environment [1].

Robotic applications in agriculture span a wide range of tasks, including automated harvest-

ing, planting, seeding, and land preparation. Among these, automated harvesting presents partic-

ularly significant challenges Robotic systems must accurately identify and locate fruit, distinguish

between different stages of ripeness, and select only those fruits ready for harvest. These sys-

tems must deal with adverse conditions common in agricultural environments, such as occlusions

caused by leaves and branches and variations in natural lighting. To address these challenges,

efficient visual perception algorithms are needed for real-time execution on robotic systems. In

addition to direct application in harvesting, these algorithms can provide processed visual data that

can then be analyzed. Automatic fruit detection, even in the early stages of growth, is a valuable

resource for yield estimation and monitoring crop development over time, supporting agronomic

decision-making based on detailed information [2].

The dissertation focuses on the automated harvesting of Arbutus berry (Arbutus Unedo). This

plant is a kind of bush that is valued both for its ecological importance and for its fruit. The arbutus

berry serves as raw material for a range of products such as arbutus brandy (“medronheira”),

honey, and jams. It is also used for pastries and other culinary applications due to its antioxidant

properties. This bush’s high resilience to fire, rapid regeneration capacity, and capability to adapt

to adverse soil conditions also contribute to the plant’s environmental value, as arbutus can help

create fields and forests that are more resilient to wildfires.

Regarding the morphological characteristics of the arbutus tree, its canopy is dense and rounded

(Figure 1.1), making it more of a challenge to harvest when compared to other fruits. This prevents

pre-existing harvesting robots from being easily adapted to the arbutus tree, driving the need for

1



2 Introduction

the development of dedicated solutions for mechanized harvesting of the arbutus berry.

The main aim of this work is to study and propose a conceptual solution for a vision-based

Robotic Manipulator for Arbutus Berry Harvesting, which can be subdivided into the following

specific objectives:

• Collect a real data set of the Arbutus Berry tree, with a 3D LiDAR sensor and RGB-D

camera;

• Study and implement a simulated robotic environment using TRIBE LAB robot designs;

• Study and propose a manipulator for harvesting the Arbutus Berry;

• Study, propose, and develop a perception system for Arbutus Berry detection;

• Test and validate the proposed system in a simulated environment.

Furthermore, the project also requires a robotic manipulator capable of adapting to the bush

structure of the arbutus tree, allowing for fruit harvesting without damaging the plant. Addition-

ally, implementing a perception system capable of accurately determining fruit ripeness is essential

to selectively harvest only fully ripe berries. A robotic system with these characteristics not only

helps to enable mechanized harvesting in less conventional crops (such as arbutus and other plants

with similar morphology) but can also address labor shortages and help improve yields sustainably.

Figure 1.1: Arbutus tree (Arbutus unedo).

1.1 Contributions and Document Organization

The main contributions of this work are the release of two fully annotated and open-access

datasets, Arbutus Berry Detection Dataset [3] and Arbutus Berry Ripeness Level Detection Dataset

[4], developed through a structured manual labeling process provides a valuable resource for the
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research community working on fruit detection and classification in challenging agricultural en-

vironments. A specialized algorithm was developed to control the robotic manipulator, carefully

adapted to deal with the unique morphological challenges of the strawberry tree. In addition, a

real-time perception and planning algorithm (Harvest Vision Perception) was implemented, ca-

pable of detecting and classifying Arbutus berries at different stages of ripening, as well as au-

tonomously and efficiently planning selective harvesting trajectories. This integrated approach

allows the robotic system to operate fully autonomously, optimizing harvesting efficiency and en-

suring careful fruit selection, even in complex and dynamic scenarios. Finally, a scientific article

focusing on the perception system (Arbutus Berry Detection and Classification for Harvesting)

was peer-reviewed and accepted for presentation at the 30th IEEE International Conference on

Emerging Technologies and Factory Automation (ETFA 2025).

The document is composed of six distinct chapters:

• Chapter 2 presents the main background concepts relevant to the development of a robotic

manipulator for arbutus berry harvesting. This includes an overview of robotics applications

in agriculture, the benefits of robotic automation, the specific challenges associated with

arbutus berry harvesting, and the functional requirements for the perception and harvesting

systems. The section also introduces the main enabling technologies—such as sensors,

computer vision, and simulation platforms—that support this project.

• Chapter 3 provides a comprehensive literature review on the state-of-the-art in agricultural

robotics. The discussion focuses on harvesting manipulators and visual perception systems,

with particular emphasis on solutions for apples, tomatoes, strawberries, and kiwis. The

chapter also reviews the types of end effectors typically used in robotic harvesting, as well

as visual perception technologies and object recognition methods.

• Chapter 4 details the architecture of the proposed system for automated arbutus berry har-

vesting and defines the main functional requirements.

• Chapter 5 describes the perception system, including the procedures for data collection,

dataset annotation and augmentation, and the development and training of deep learning

models for fruit detection and ripeness classification. The chapter also presents and dis-

cusses the results obtained from the evaluation of different models and approaches.

• Chapter 6 details the manipulator design, starting with the creation of a simulation envi-

ronment. It describes the kinematic structure of the manipulator, the integration of visual

and proximity sensors, and the two harvesting methods considered (suction-based and cut-

ting/gripping). The chapter also presents the results obtained in the simulations and includes

a discussion of the different approaches used.

• Chapter 7 presents the main conclusions of the dissertation and discusses future work, high-

lighting the contributions of the developed system to the field of agricultural robotics and

identifying directions for further research and practical implementation.
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Chapter 2

Background

This chapter presents the foundational elements necessary for developing a robotic manipula-

tor for arbutus berry harvesting. It discusses the applications and advantages of robotics in agri-

culture, the specific challenges associated with harvesting arbutus berries, and the requirements

for perception and harvesting systems. Finally, it describes the main supporting technologies,

including sensors, computer vision, and integration and simulation platforms.

2.1 Overview of Robotic Applications in Agriculture

The continuous advancements in agricultural robotics are designed to meet the challenges

posed by population growth, rapid urbanization, intense competition for high-quality products,

environmental preservation, and a shortage of skilled labor. As the need for greater efficiency

and sustainability in food production grows, the integration of robotics in agriculture becomes

increasingly vital. In the context of labour shortages, robotic systems provide innovative solutions

for various agricultural practices to try and satisfy the demand for greater yields [5].

Below are some of the primary applications of robotics in agriculture, referenced from [5]:

• Land Preparation − Robotic systems efficiently prepare the land for planting by perform-

ing tasks such as tilling and fertilization;

• Planting and Seeding − Automated planting robots optimize seed placement by adjusting

depth and spacing based on specific crop requirements;

• Plant Treatment − Equipped with advanced cameras and sensors, robots can detect dis-

eases and pests, applying pesticides and fertilizers selectively;

• Automated Harvesting − Specialized harvesting robots utilize robotic arms and vision

algorithms to identify and selectively harvest delicate fruits and vegetables, such as straw-

berries and lettuce;

5
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• Monitoring and Phenotyping − Robotics plays a crucial role in monitoring plant health

and estimating yields. By employing computer vision, these systems collect data on crop

conditions, facilitating informed decision-making to improve productivity.

2.2 Advantages of Robotics in Agriculture

Robotics automation in agriculture supports continuous operation, accelerating harvest times

and improving overall efficiency, an advantage that is difficult to achieve with manual labor alone.

Increased productivity through automation is essential to meet the world’s rising food demand.

Precision and quality are also greatly enhanced by robotics, thanks to advanced sensors and

computer vision algorithms. These technologies enable real-time analyses of crops, accurately

detecting diseases, pests, and fruit maturity levels. During harvesting, for instance, robots can

selectively pick only ripe fruits, minimizing waste and ensuring that only high-quality produce

reaches the market. Land preparation robots can operate with high precision, minimizing soil

disruption, maximizing land use, and enhancing yields [6].

Environmental sustainability is another critical benefit of robotics in agriculture. By enabling

the precise application of water, fertilizers, and pesticides, robots significantly reduce resource

overuse and environmental contamination, thus decreasing the ecological footprint of farming

practices. This targeted approach helps to conserve biodiversity and encourages more sustainable

farming methods [1].

The agricultural and forestry sectors, like many others, depend on human labor to carry out

tasks essential to production. However, society’s search for a higher quality of life has shifted the

focus to more qualified jobs. Given that agricultural and forestry work has low wages compared to

other professions, these sectors face a labor shortage. Robotics plays a crucial role in solving this

problem, as they take on physically exhausting tasks, such as harvesting. In regions where work is

seasonal, robots provide a stable workforce, ensuring harvests are carried out at the optimal time

without complete dependence on human workers [1].

Moreover, robotic systems equipped with sensors and monitoring tools gather valuable data on

soil health, crop status, and environmental conditions. This data-driven approach enables farmers

to make more informed decisions regarding planting, irrigation, harvesting, and treatment applica-

tions. By improving data management, robots help agricultural practices become more adaptable

and responsive to variables such as climate change, pest infestations, and other unpredictable fac-

tors.

2.3 Overview of the Arbutus Berry Harvest and functional require-
ments

The Arbutus unedo is a small tree that usually grows up to five meters in height, typical of the

Mediterranean region and parts of Western Europe. It is highly valued for its ecological and eco-

nomic contributions. The tree produces small, round fruits, known as arbutus berries or medronho,
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which are used in the production of various products such as [7] [8]:

• Aguardente de Medronho: A traditional Portuguese spirit distilled from fermented berries,

widely appreciated for its distinctive flavor.

• Honey: Bees that forage in the Arbutus tree blossoms produce arbutus honey, noted for its

unique, slightly bitter taste.

• Jams and Preserves: The berries are often used in homemade compotes and jams, valued

for their sweet and tangy flavor.

• Pharmaceutical and Nutritional Applications: The fruit contains antioxidants and other

bioactive compounds, contributing to health benefits and potential pharmaceutical appli-

cations.

The Arbutus unedo produces round fruits with a rough surface, which ripen in the autumn.

This ripening period contrasts with the cycle observed in most native species of Portugal. One

of the reasons for this discrepancy lies in the Arbutus tree’s extended flowering period: its white-

green or pinkish flowers only emerge as the fruits from the previous year are reaching maturity,

persisting until February. As a result, flowers and fruits coexist in the autumn, necessitating careful

harvesting to avoid damaging the flowers (Figure 2.1) [8].

Figure 2.1: Arbutus berry.

Ecologically, the Arbutus unedo plays a vital role in its native habitats. It supports biodiversity

by providing food for wildlife and serving as a natural firebreak due to its high moisture content

and resilience to wildfires. Its rapid regeneration after fires makes it a key species in ecosystem

restoration. Moreover, the tree is an essential food source for pollinators during autumn and winter,

when floral resources are limited [8].

The harvesting of arbutus berries is predominantly manual, with pickers collecting berries di-

rectly from the tree. While this approach allows for the careful selection of ripe fruits, it presents

several challenges. The dense canopy often hampers access to inner or higher branches, and the

variability in fruit size, maturity, and position complicates efficient collection. Moreover, the
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berries must be picked one by one, without stems or leaves, and with care to avoid damaging

nearby flowers that will produce future fruits. This level of delicacy means that a person typically

takes between 3 to 5 seconds (s) to harvest and store each berry. As a result, the process is highly

labor-intensive, requiring several dozen helpers during peak season to maintain productivity. This

reliance on skilled manual labor makes the operation costly and time-consuming and increasingly

unsustainable due to labor shortages. These limitations significantly reduce scalability and effi-

ciency, underscoring the need for improved, automated harvesting methods.

Addressing these challenges requires innovative solutions and functional requirements that can

improve efficiency, reduce costs, and maintain the quality of harvested berries. These solutions

should consider the biological and physical characteristics of the tree and its fruit, as well as the

socio-economic factors surrounding arbutus berry production.

2.4 Support Technologies

2.4.1 Sensors and Operating Principles

LiDAR

LiDAR (Figure 2.2) sensors are an advanced technology for creating precise 3D maps of the

environment and for navigation and obstacle detection. These sensors emit laser pulses that, when

they hit objects, return to the sensor, enabling precise identification of three-dimensional space.

This process generates a dense point cloud that captures the shape, structure, and details of the

environment with high precision. In the context of autonomous navigation, such as in agricul-

tural and robotic vehicles, these sensors enable real-time terrain mapping, identifying topographic

variations and obstacles [9].

Figure 2.2: LiDAR sensor [10].

RGB and RGB-D cameras

RGB cameras provide color images that are essential for visual analysis and segmentation

of fruits, enabling the identification of characteristics such as color, shape, and texture through

computer vision algorithms. In addition, RGB-D cameras integrate depth sensors that add a cru-

cial dimension to image processing, enabling the precise location of fruits in three-dimensional
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space. These operate using different principles, such as structured light, time of flight (ToF), or

stereoscopy, generating not only color values for each pixel but also spatial coordinates. This

capability is essential for robotic harvesting operations, as it allows calculating exact distances

between the end effector and the target object, planning approach trajectories, and determining

optimized harvesting sequences based on the spatial arrangement of the fruits [11].

Figure 2.3: RGB-D camera [12].

2.4.2 Computer Vision

Computer vision represents a fundamental component of this system, allowing the identifica-

tion, location, and analysis of fruits in complex agricultural environments.

Open Source Computer Vision Library (OpenCV)

OpenCV is an open-source library for computer vision and machine learning that contains over

2,500 algorithms optimized for image and video analysis and processing. This library is used for

image pre-processing, providing filtering techniques to reduce noise and enhance relevant features.

In addition, the library supports basic segmentation operations, allowing the separation of objects

and regions of interest within an image.

OpenCV is also widely used for data augmentation, a technique that generates new training

samples from transformations of existing images, such as rotations, mirroring, and scale changes.

These operations increase the diversity of the dataset, contributing to improving the performance

of machine learning models [13].

Ultralytics

Ultralytics is a software company specializing in computer vision and artificial intelligence,

dedicated to making model development more accessible, efficient to train, and simple to imple-

ment [14].

This framework offers:

• Development and improvement of You Only Look Once (YOLO) models for real-time ob-

ject detection.

• Simplified tools for training, validation, testing

• Open source library for training and inference of detection, segmentation, and classification

models.
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2.4.3 Image Annotation Tools

Image annotation with the Computer Vision Annotation Tool (CVAT) plays a key role in cre-

ating robust datasets for training computer vision algorithms. This process involves accurately

demarcating objects of interest through bounding boxes and segmentation masks, allowing mod-

els to learn relevant visual features. The robustness of the dataset is ensured by the diversity of

scenarios represented in the annotated images, including variations in lighting, perspective, par-

tial occlusion, and diverse contexts. CVAT facilitates this process by offering intuitive annotation

tools, support for multiple annotation formats, and quality control functionalities. CVAT facili-

tates this process by offering intuitive annotation tools, support for multiple annotation formats,

and quality control functionalities.

2.4.4 Integration and Control

Robot Operating System 2 (ROS2)

ROS2 is an open-source framework that provides libraries, tools, and conventions for robotics

software development. It is designed to support real-time and safety-critical systems and diverse

platforms ranging from embedded devices to large-scale distributed systems. ROS2’s communica-

tion architecture is based on the Data Distribution Service (DDS) standard, which enables flexible,

reliable, and decentralized publish-subscribe communication between nodes, even in dynamic or

unreliable network environments. In this model, nodes publish messages to topics, and other nodes

subscribe to those topics to receive data, facilitating modular and scalable integration of sensors,

algorithms, and actuators in complex robotic systems. Additionally, ROS2’s programming model

encourages using independently executable nodes, which improves parallel development, testing,

and component reuse. The active ROS2 community and mature ecosystem provide numerous

ready-to-use implementations for various sensors and algorithms, significantly accelerating the

development of advanced robotic applications [15].

Webots

Webots is an open-source robotic simulator that provides a realistic environment for proto-

typing, programming, and simulating robots. Developed by Cyberbotics, this software provides

an advanced physics engine for accurate simulations of interactions with the environment and

high-fidelity 3D rendering. The choice of Webots for designing and implementing a simulated

robotic environment is based on its ability to model diverse sensors (cameras, LiDAR) and its na-

tive integration with ROS2, enabling the testing of algorithms in a controlled environment before

physical implementation. In addition, its extensive library of pre-built models, intuitive graphical

editors for building custom scenarios, and support for multiple programming languages (Python,

C++, Java) significantly reduce development time, facilitating iterative validation of algorithms in

controlled and reproducible conditions [16].



Chapter 3

State of the art

This chapter presents a comprehensive literature review on harvesting manipulators and visual

perception systems in agricultural robotics. It begins by examining the main types of manipulators

and end-effectors, discussing their design principles, operational characteristics, advantages, and

limitations. Afterwards, the chapter explores the main visual perception technologies and object

recognition techniques that underpin autonomous fruit harvesting. The review concludes with

a critical assessment of these approaches, evaluating their suitability for addressing the specific

challenges associated with Arbutus berry harvesting.

3.1 Harvesting Manipulators

Harvest manipulators are essential in agricultural robotics and are designed to enable effi-

cient and precise harvesting operations. These systems must have sufficient range and Degrees of

Freedom (DoF) to access the target object with the correct orientation while navigating through

dynamic environments with diverse characteristics. Furthermore, it is necessary to ensure that

the harvested product is handled delicately, avoiding damage during the harvesting and storage

process [17].

3.1.1 Robots for apple harvesting

The authors of [18] developed a robotic system for apple harvesting, integrating three main

components: an RGB-D camera for fruit detection and localization, a three DoF manipulator for

positioning, and a vacuum-based end effector for fruit detachment (Figure 3.1a). The manip-

ulator’s design is simple, balancing mechanical capability with practical efficiency for orchard

environments.

As illustrated in Figure 3.1b, the manipulator consists of two revolute joints and one prismatic

joint. The revolute joints enable flexible horizontal and vertical movements, allowing the manip-

ulator to navigate a dense canopy. These joints are driven by servo motors, ensuring precise and

smooth rotations. The prismatic joint extends the manipulator’s reach, allowing it to access apples

located at varying distances within its harvesting range. This joint uses a pneumatically actuated

11
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(a) Robotic prototype. (b) Manipulator.

Figure 3.1: The proposed robot for apple harvesting [18].

Lintra rodless air cylinder, enabling rapid and reliable linear motion. The design supports high-

speed movements while maintaining the precision required to reach apples at different heights and

depths in the orchard canopy.

The simplicity of the three DoF configuration reduces the computational demands for motion

control while maintaining sufficient dexterity for apple harvesting tasks. This efficient design

ensures precise movements without the added complexity of industrial robots with higher DOF

(i.e. 7 DoF).

An important system component is the end effector, responsible for gripping and detaching

apples from trees while minimizing fruit damage. The end effector incorporates a soft and adap-

tive gripping mechanism that conforms to the apple’s shape and size, providing a secure hold.

Integrated sensors offer real-time feedback on contact forces and positioning, allowing the sys-

tem to dynamically adjust to variations in apple size, stem resistance, and canopy structure. This

adaptability ensures reliable performance across diverse orchard conditions.

Apple detection is performed using a method based on deep neural networks, using an archi-

tecture derived from Mask Region-Based Convolutional Neural Networks (R-CNN), adapted to

improve segmentation and accuracy in orchard environments. The captured images are analyzed

by a network that combines two modules: a feature extraction backbone based on the original

Mask R-CNN architecture and an additional false positive suppression module (feature suppres-

sion). This combination allows the system to effectively distinguish apples from elements such as

leaves, branches, and lighting variations. After identifying apples in bounding boxes, their three-

dimensional locations are estimated using the depth map provided by the RGB-D camera. The

Suppression Mask R-CNN architecture with the suppression module achieved an accuracy rate of

90.5% on the test set. Field tests were conducted in orchard settings, where the robot achieved

an average harvesting efficiency of 82.47% in "human-in-the-loop picking experiments". During

fully autonomous tests, the system demonstrated a harvesting efficiency of 64.06%, with an aver-

age cycle time of 8.8s per apple. The primary factors contributing to unsuccessful harvests were

localization errors due to foliage occlusion and difficulties detaching apples from flexible stems.
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For future work, the authors propose enhancing the perception system to address these chal-

lenges and introducing collaborative multi-arm systems to improve the efficiency and robustness

of the harvesting process.

3.1.2 Robots for tomato harvesting

The authors of [19] presented a novel manipulator system designed specifically for the auto-

mated harvesting of tomatoes. The main goal was to address the unique challenges posed by the

delicate nature of the fruit and its clustered growth pattern while also providing a cost-effective

and efficient solution for greenhouse environments.

(a) SCARA Manipulator: Top View and Side View. (b) Multi Manipulator.

Figure 3.2: SCARA Manipulator for Tomato Harvesting [19].

The proposed system consists of a triple stackable three DoF SCARA manipulator PRR (Prismatic-

Revolute-Revolute) (Figure 3.2). The prismatic joint allows for vertical adjustment, while two

rotary joints enable horizontal and rotational movements. Each manipulator is independently con-

trolled by a custom electronic circuit integrated with brushed DC motors equipped with helical

gear mechanisms for precise control and stability. The motors’ integrated magnetic encoders pro-

vide real-time feedback, ensuring accurate joint positioning. Control is achieved through cascade

Proportional-Integral-Derivative (PID) controllers, with position and speed loops ensuring smooth

and precise movements.

The system is powered by a Raspberry Pi 4B for high-level control and a Tensor Processing

Unit (TPU) for efficient tomato detection. Detection is based on two main methods: color filtering

and neural network classification. The images, captured by a monocular camera, are converted

into the HSV color space, where thresholds are applied to the Hue component to isolate the red

tones typical of ripe tomatoes. From these regions, centroids are identified, and areas of interest

(ROIs) are extracted. These are analyzed by a classifier based on the MobileNetV2 architecture

and trained to distinguish tomatoes from other objects.
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This process enables fast and accurate detection, with the tomatoes being located using depth

estimation based on stereo vision. The system demonstrated high detection accuracy in tests con-

ducted in a laboratory environment with artificial tomatoes, registering only one false positive and

no false negatives in 55 observations.

Researchers tested the system in a controlled laboratory environment using artificial tomatoes.

Experimental results showed effective tomato detection, with the classifier achieving a high accu-

racy rate, detecting one false positive and zero false negatives in 55 observations. The manipulator

demonstrated reliable positioning, with errors below 3.5 cm in most configurations. However,

larger errors were observed in the first test configuration, with deviations exceeding 30 cm.

For future work, the authors plan to focus on optimizing control systems to reduce positioning

errors and adapting the manipulator to handle the variability of real-world agricultural environ-

ments.

3.1.3 Robots for strawberry harvesting

The proposed work in [20] presented a multi-arm Cartesian manipulator system designed

for strawberry harvesting (Figure 3.3). The author’s contributions are threefold: a novel active

obstacle-separation path-planning algorithm for cluster picking; improvements to the vision sys-

tem, the gripper, the arm, and the control system; and a fully integrated harvesting system that

enables the robot to pick strawberries continuously in polytunnels.

Figure 3.3: Strawberry harvesting manipulator [20].

The system consists of two or more independent Cartesian arms with three DOF mounted on

a common rail. This single rail design allows the arms to operate simultaneously, sharing the X

axis while maintaining independent movement along the Y and Z axis. This configuration offers

several advantages, such as eliminating collisions within the workspace and enabling an efficient

division of the picking area between the arms.

Each arm is equipped with a three-finger gripper as its end effector. The system employs

RGB-D depth cameras to generate point clouds of its environment, which are used to identify
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strawberries. For the detection of strawberries, color-based identification is applied, specifically

using the HSV values of ripe strawberries, which are adjusted according to variations in ambient

light intensity sensed by the gripper’s internal Infrared sensors. The arms are powered by stepper

servomotors, which provide precise control at a lower cost compared to industrial robotic arms.

These motors are equipped with integrated encoders and controllers to ensure accurate positioning

and smooth operation.

The use of multiple arms in the harvesting process is a key innovation that enhances the robot’s

operational efficiency. The robot divides the workspace into zones, with each arm assigned to

a specific section. This zoning ensures systematic coverage of the picking area and minimizes

redundant movements.

Field experiments were conducted in a tabletop strawberry greenhouse. For a single isolated

ripe strawberry, the robot achieved a 97% success rate for picking the target in only one attempt

and 100% success in two attempts. However, the success rate dropped as the number of obstacles

increased, like when unripe ones surrounded the target ripe strawberries, or there were multiple

targets tightly grouped. Unripe strawberries were the major cause of picking failures, with success

rates of 50% to 75% (for 1 and 2 attempts respectively) for targets only partially surrounded, and

as low as 5% to 20% for completely surrounded strawberries. The main reasons for unsuccessful

harvests included failures or errors in locating the ripe strawberries, strawberries that exceeded the

gripper’s size limit or capacity, and target fruits that were out of reach. The harvesting speed in

single-arm mode was 6.1 s, including harvesting and arm travel time to the next target, while for

double-arm mode, the average harvesting time was recorded as 4.6s per strawberry.

In conclusion, the dual-arm manipulator system represents a significant advancement in agri-

cultural robotics. However, addressing the challenges identified during field tests will be crucial

to improving the system’s performance in complex harvesting environments.

3.1.4 Robots for kiwi harvesting

The authors of [21] developed a robotic system for kiwifruit harvesting, centered on a custom-

designed end-effector that integrates three key functions: fruit gripping, detachment, and un-

loading (Figure 3.4). The system was specifically engineered for orchard environments using

scaffolding-based canopy structures, typical of Hayward kiwifruit cultivation.
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Figure 3.4: Kiwi harvesting robot [21].

The end-effector features two bionic fingers designed based on the physical properties of the

kiwi, such as size, curvature, and separation force. These fingers operate through a guided mo-

tion trajectory driven by an inverse cam mechanism and a connecting rod linkage system. The

mechanical design was simulated and optimized using ADAMS software to ensure smooth and

coordinated finger movement for the grasp-pick-release sequence.

The harvesting process begins with the end-effector approaching the fruit from below. A fiber-

optic sensor detects the presence of the fruit, after which the stepper motor actuates the rod that

drives the fingers to close around the fruit. The fingers then apply a bending motion to detach

the fruit by pulling it downward at an angle of approximately 60°, which minimizes the required

separation force. Once detached, the fruit is automatically released into a collection basket with

soft padding. This entire operation is executed through a compact and integrated mechanical

system controlled by a microcontroller, pressure sensors, position sensors, and a stepper motor.

The robotic platform also includes a Cartesian coordinate manipulator and a machine vision

system using a Kinect sensor. RGB and depth images are processed using a convolutional neural

network (Faster R-CNN implemented in MATLAB) to identify and localize kiwifruit in 3D space.

This data guides the manipulator to position the end-effector accurately. The system demonstrated

acceptable localization tolerance, with a maximum observed error of 15.3 mm along the Z-axis.

Field tests conducted in a kiwifruit orchard showed a high picking success rate of 94.2%, with

an average picking cycle time of 4–5s per fruit. Only 4.9% of the fruits suffered peel damage,

which is lower than typical manual harvesting. The primary causes of failure were misalignment

due to occlusion, slipping of small fruits, and tight clustering within the canopy.

For future work, the authors propose improving the cam-guided mechanism to reduce trajec-

tory errors, enhancing adaptability to fruit variability, and integrating multi-arm collaboration to

boost overall picking efficiency and commercial viability of the system.
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3.2 End Effectors for Agricultural Robotic Harvesting

End effectors play a pivotal role in the performance and efficiency of agricultural robotic sys-

tems, particularly for harvesting applications. These components serve as the point of interaction

between a robot and the crops, enabling tasks such as grasping, cutting, pulling, or rotating to

detach the produce from the plant. The design and functionalities of end effectors must be aligned

with the specific requirements of each type of harvest, considering factors such as size, shape,

delicacy, and fruit detachment method [22].

Several types of end effectors can be categorized based on their release methods and design

principles:

• Contact-Grasping Grippers: These are the most commonly used end effectors due to their

versatility and adaptability. They establish direct contact with the fruit or its stem, ensuring

a secure grasp. There are two primary subcategories:

– Fruit-holding grippers: Designed to grasp the body of the fruit directly (Figure 3.5.

These grippers typically feature two to five finger-like structures capable of applying

controlled force to secure the fruit for detachment and handling. Their adaptability to

various fruit shapes and sizes is a significant advantage, particularly when augmented

with soft-touch materials or integrated pressure sensors to mitigate the risk of bruis-

ing. However, these grippers present challenges when handling delicate fruits, such as

strawberries or tomatoes, as excessive force can easily cause bruising or other forms of

damage. Furthermore, their operation may be impeded by interference from surround-

ing branches and foliage, which can obstruct the gripping mechanism or complicate

access to the fruit [22].

– Stem-holding grippers: This robotic gripper is designed to secure the stem of the fruit

rather than grasping the fruit directly. This approach minimizes the risk of damaging

delicate products, making these grippers particularly suitable for crops where surface

integrity is crucial, such as tomatoes (Figure 3.6). The grippers are equipped with

advanced mechanisms to detect, identify, and precisely hold the stem, ensuring a se-

cure grip without compromising the quality of the product. However, detecting and

accessing the stem in dense foliage can be a complex challenge and requires high pre-

cision, advanced sensory input, and robust algorithms to differentiate the stem from

surrounding obstacles. These technological requirements make their implementation

more demanding compared to conventional fruit-gripping methods [22].

• Air-Suction: These devices use vacuum pressure to grip and extract fruit or crops, making

them particularly useful for lightweight and small-sized produce such as strawberries and

tomatoes. The suction mechanism draws the fruit into the end-effector, where detachment

occurs either through shearing or pulling, followed by transport into a stowage system (Fig-

ure 3.7). Air-suction systems are advantageous in scenarios where fruits are located deep
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Figure 3.5: Fruit-holding grippers [23]. Figure 3.6: Stem-holding grippers [24].

within canopies or where mechanical gripping is difficult. For instance, vacuum-assisted

harvesters have been successfully applied in tomato and apple picking, achieving high suc-

cess rates while minimizing mechanical complexity. However, these systems require high

power to generate sufficient suction, which can increase the robot’s overall energy consump-

tion. Additionally, their use must be carefully calibrated to avoid damaging soft or delicate

produce, limiting their application primarily to firmer crops or those less prone to bruising.

As a result, air-suction is often integrated with supplementary mechanisms, such as cutting

blades or rotating joints, to improve harvesting reliability and minimize fruit damage [25].

Figure 3.7: Air Suction [25].

• Suction-Holding Devices: They are used as auxiliary tools for harvesting fruit, particularly

when fruits are hidden behind dense foliage or branches. These devices create a vacuum seal

on the fruit’s surface, holding it securely for detachment without requiring full access to it

(Figure 3.8). While they are effective in reaching fruits that are difficult to access, suction

devices are generally less suitable for delicate or sensitive fruits due to the potential risk

of skin damage. The vacuum pressure must be carefully controlled to prevent bruising or

piercing the fruit, limiting their use primarily to firmer produce like apples or tomatoes. As

a result, suction devices are often combined with other detachment methods, such as cutting

or grasping, to ensure efficient and safe harvesting [22].
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Figure 3.8: Suction Device [26].

• Rotation Mechanisms: Inspired by traditional manual harvesting techniques, rotation mech-

anisms employ a twisting motion to detach fruits from their stems or peduncles, such as

tomatoes. This method replicates the natural harvesting process by folding the stem at the

fruit–stem interface, facilitating a clean detachment (Figure 3.9). The primary advantage of

this approach is the reduced pulling force exerted on the fruit, which minimizes the risk of

damage to both the produce and the plant. Rotation mechanisms are particularly effective

for crops with tough peduncles, where simple pulling may not suffice for detachment. How-

ever, precise control of the rotational motion is essential to prevent excessive force, which

could potentially harm the fruit or stem. Proper calibration is required to accommodate the

variability in stem strength among different crops [22].

Figure 3.9: Rotation Mechanisms [26].

• Scissors/Saw-like Tools: These devices, equipped with cutting mechanisms such as scis-

sors or saw-like tools, are designed for crops with thick or woody stems where detachment

by pulling or twisting is impractical, like sweet peepers. These tools typically work in con-

junction with gripping components to stabilize the fruit during the cutting process (Figure

3.10). This approach ensures a precise severing of the stem, preserving the integrity of both

the plant and the harvested produce. However, the effectiveness of these devices is highly

dependent on accurate stem detection and precise blade alignment. Misalignment or incor-

rect positioning may result in incomplete cuts or unintended harm to the plant, highlighting

the importance of precision engineering in their design and operation [22].
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Figure 3.10: Scissors/Saw-like Tools [26].

3.3 Visual perception

Fruit perception refers to the process of using image processing and sensor-based techniques

to determine the status and location of fruit trees. However, real-world environments pose signifi-

cant challenges, including non-uniform lighting, unstructured fields, occlusions, and other unpre-

dictable factors, which complicate the accurate identification and localization of fruit trees.[26].

3.3.1 Visual Sensing Technology

Harvesting robots utilize visual detection technology to identify fruits and vegetables. A

robotic servo controller gathers 3D data about the fruit’s surrounding environment, including its

geometry and spatial coordinates. The visual camera and its control mechanism act as the hard-

ware basis for the visual sensing technology, acting as a communication interface between the

robot and its external environment. Images captured by the camera are typically classified into

digital images, laser images, and multi-spectral images [27].

3.3.1.1 Monocular camera system

Monocular camera systems provide a cost-effective and reliable alternative for posture esti-

mation in robotic manipulators, particularly in agricultural applications. These systems utilize

a single camera to track visual markers, converting their pixel coordinates into real-world coor-

dinates through planar homography. In agricultural contexts, such systems offer flexibility by

requiring fewer sensors and maintaining accuracy suitable for tasks such as fruit detection and

manipulator control [28] [29].

Planar homography plays a pivotal role in translating 2D image data into 3D world coor-

dinates, as the markers are coplanar with the manipulator joints. This approach eliminates the

dependency on incremental rotary encoders, mitigating issues such as backlash, joint friction, and

elastic deformation. Furthermore, this setup simplifies calibration and facilitates integration into

agricultural environments, where manipulator precision is less stringent than in industrial settings

[28].
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The advantages of monocular camera schemes include reduced hardware complexity, lower

costs, and versatility. However, the system faces challenges, including environmental lighting

variations affecting marker detection and calibration errors in the homography matrix. Future de-

velopments aim to address these limitations by incorporating LED-based markers synchronized

with the camera shutter and implementing enhanced self-calibration techniques. These improve-

ments will further optimize the system for precise operations such as pruning and harvesting. [28].

3.3.1.2 Stereo-Vision Systems

Stereo-vision systems are widely used in agricultural robotics to reconstruct three-dimensional

(3D) coordinates of targets, particularly for fruit detection and localization. These systems operate

by utilizing two or more cameras separated by a fixed distance to capture images of the same object

from slightly different perspectives. The primary techniques include binocular vision systems,

which rely on optical geometry and traditional optimization algorithms, and RGB-D cameras,

which use ToF methods to gather depth information through infrared sensors [29].

Advantages of stereo-vision systems include their ability to operate effectively in both indoor

and outdoor environments without relying on artificial light sources. They are highly suitable for

3D reconstruction tasks and can provide accurate spatial positioning data. However, these systems

have challenges, including susceptibility to dynamic environmental factors such as inconsistent

lighting, occlusions, and movement. Additionally, the computational demands for stereo matching

and the inefficiencies of operating in unstructured environments present further limitations [27].

3.3.1.3 Laser Active Vision Technology

Laser active vision technology uses infrared laser sensors to provide precise 3D spatial data

about the environment. This approach is particularly effective in agricultural applications, such

as detecting spherical fruits like citrus. The technology combines laser-generated depth mea-

surements with image analysis algorithms to identify objects based on size, shape, and surface

reflectivity.

In controlled environments, this technology offers strengths such as high accuracy in-depth

measurement and the ability to differentiate between closely spaced objects. For example, early

implementations achieved detection rates of up to 80–90% for certain fruits. However, laser-based

systems also face significant limitations. They are prone to occlusions caused by environmental

obstacles, and their accuracy can diminish with increasing distance. Furthermore, integrating laser

systems into robotic platforms increases structural complexity, making them less suitable for field

conditions with variable terrain [27].

3.3.1.4 Multi-Spectral Imaging Technology

Multi-spectral imaging technology expands the capabilities of agricultural robots by capturing

images across multiple spectral bands. This enables the detection of features that are invisible to
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the naked eye or standard RGB cameras. Multi-spectral systems are particularly useful for tasks

such as monitoring crop health, identifying pest infestations, and assessing fruit maturity.

In agricultural robotics, multi-spectral imaging has been applied to segment images of fruits,

classify their features, and evaluate their growth stages. The technology enables precise yield

estimation, creating detailed vigor maps, and assisting in path planning for fruit-picking robots.

Its integration with drones further enhances its utility, allowing for efficient terrain analysis, dam-

age assessment, and vegetation monitoring. Compared to satellite imaging, drone-based multi-

spectral systems offer higher resolution and more accurate on-site evaluations. These features

make multi-spectral imaging a powerful tool for precision agriculture, improving efficiency and

decision-making processes. However, like other optical imaging methods, multi-spectral systems

are affected by uneven lighting conditions, which can impact sampling quality. Despite this, multi-

spectral imaging remains a valuable tool for enhancing the accuracy and functionality of vision-

based harvesting robots [27].

3.3.2 Object Recognition Methods

3.3.2.1 Single Feature Vision Method

Single-feature vision methods rely on a single characteristic of an object, such as color or

shape, to recognize and locate it, using specific attributes for operation. For example, color thresh-

olding techniques can distinguish fruits such as red tomatoes or yellow citrus fruits from the envi-

ronment. Similarly, shape detection algorithms identify geometric patterns, such as circularity, to

locate targets. Since these methods follow a simpler approach, they are susceptible to environmen-

tal variations, such as changes in lighting or occlusion by leaves and branches. To overcome these

limitations, improvements such as advanced segmentation algorithms and robust feature detection

models, such as those described in the following sections, were implemented, which increases

accuracy in more challenging conditions [27].

3.3.2.2 Multi-Feature Fusion Method

Multi-feature fusion methods combine several characteristics, such as color, texture, and shape,

to recognize the object more robustly. This approach is particularly effective in complex scenarios,

such as fruits overlapping or hidden by leaves or branches. By integrating multiple features, these

methods significantly improve recognition rates and reduce sensitivity to environmental noise. For

example, the combination of texture and color characteristics has proven effective in distinguish-

ing between fruits and foliage, even under varying lighting conditions. However, the computa-

tional complexity of these techniques can pose challenges, especially when processing large-scale

datasets in real-time. [27]
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3.3.2.3 Deep Learning Methods

Deep learning methods have revolutionized object recognition in agricultural robotics, partic-

ularly for fruit detection in automatic harvesting systems. Using convolutional neural networks

(CNNs) and advanced architectures such as Faster R-CNN, Mask R-CNN, and YOLO, these ap-

proaches enable robust feature extraction from raw images, effectively addressing challenges like

varying lighting conditions, occlusions, object overlap, and morphological diversity among fruit

species [30].

• Faster R-CNN: is a model for object detection that integrates region proposal generation

and object classification into a single network for efficiency and accuracy. This architecture

combines two key components: the Region Proposal Network (RPN) for detecting regions

of interest (ROIs) and the classification with bounding box regression to classify and refine

those regions. This unified deep neural network simplifies both region proposal and object

classification tasks. Designed for high performance, Faster R-CNN achieves superior detec-

tion results by sharing convolutional layers between these components, enabling end-to-end

training. In agricultural applications, such as fruit detection in orchards, it excels in handling

high object densities, varying scales, and challenging outdoor conditions, achieving high F1

scores across multiple fruit types. Techniques like data augmentation and transfer learning

further enhance its performance, reducing the need for extensive labeled datasets [31].

• Mask R-CNN: is a model that combines object detection with instance segmentation, mak-

ing it very effective in scenarios that require precise differentiation of objects overlapping

or hidden by foliage or branches. The architecture is based on Faster R-CNN by adding

a segmentation branch, which allows the simultaneous generation of bounding boxes and

pixel-level masks for detected objects. The model comprises two key components: a back-

bone network, typically a convolutional neural network (e.g., ResNet), for feature extraction

and region proposal generation, and a mask head for pixel-level segmentation. The back-

bone uses a RPN to identify candidate object regions, which are refined and classified. In

parallel, the mask head predicts binary masks for each region, enabling precise segmentation

[18].

• YOLO: is an object detection model that balances accuracy and speed, making it ideal for

real-time applications. Unlike multi-stage methods such as R-CNN, YOLO performs de-

tection in a single pass through the network, significantly reducing inference time. Its ar-

chitecture consists of three main components: the backbone, which extracts features from

the image at multiple scales; the neck, which combines these features using structures like

PANet or FPN to fuse spatial and contextual information from different resolutions; and

the head, responsible for generating the final predictions, such as bounding boxes and class

probabilities. Additionally, this architecture can be broken down into components such as

the stem, which processes raw input data, downsampling layers to reduce spatial resolution
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and improve computational efficiency, and stages with convolutional blocks that extract fea-

tures at different levels. This structure makes YOLO particularly effective in scenarios that

require fast and efficient responses [32].

These deep learning architectures have been widely applied in agricultural contexts, demon-

strating their effectiveness in real-world scenarios. This is illustrated by the work of [33], who

proposed an automated system for detecting strawberries at different stages of ripeness using the

YOLOv7 architecture with the aim of increasing harvesting efficiency. The system was trained us-

ing images captured in a greenhouse, covering six growth stages: green, white, early, turning, late,

and red. The images feature different angles and lighting conditions, which simulate real agricul-

tural scenarios. The YOLO-v7 architecture was chosen due to its balance between accuracy and

speed, enabling real-time detection. The main modification to the model consisted of increasing

the resolution of the images to 960×960 to improve the detection of smaller strawberries. During

testing, the system achieved a precision of 79.2%, a recall of 57.5%, and a mean average preci-

sion (mAP) of 55.8%, emphasizing the turning phase, which obtained a mAP of 100%, and the

red phase, with 80.4%. The results indicate that the YOLO-v7 model demonstrated satisfactory

performance even in challenging scenarios with imbalanced data, being effective for real-time

applications and with potential for integration into robotic harvesting systems.

3.3.2.4 3D Reconstruction Method for Vision-Based Target

The 3D reconstruction method (i.e. point clouds) is another important technology for harvest-

ing robots, providing spatial information and structural details necessary to locate and recognize

objects more accurately. This process involves capturing images from multiple angles, camera cal-

ibration, and feature extraction to create a detailed 3D model of the harvesting environment. The

reconstructed 3D data allows the robot to calculate the exact position and orientation of the fruit,

guiding its arm for efficient harvesting. Furthermore, 3D mapping of the environment helps with

navigation and obstacle avoidance. However, this method presents a high computational demand

and susceptibility to environmental factors, including lighting and occlusions.

3.4 Review of the Research

Regarding manipulators and end-effectors, none of the systems currently developed are di-

rectly applicable to harvesting Arbutus berries due to their unique morphological characteristics.

The dense, rounded, and often asymmetric canopy and the simultaneous presence of flowers and

fruits in different ripeness stages require a highly selective and cautious approach. This scenario

differs significantly from crops such as apples, tomatoes, strawberries, or kiwis, for which current

robotic systems have been designed and tested.

For example, the apple harvesting system [18] includes a 3-DoF manipulator with a suction-

based end-effector. Although effective in well-organized orchard environments, its rigid structure

and limited reach would hinder access to Arbutus berries, particularly those inside the canopy or
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on thinner, more flexible branches. Moreover, suction may be inadequate for Arbutus berries with

a rough surface and small size, increasing the likelihood of grasping failures or fruit damage.

Similarly, the SCARA manipulator developed for tomatoes [17], while compact and equipped

with robust control, is not easily adaptable to irregular terrain or the bushy and non-linear arrange-

ment of Arbutus branches, typical of natural plantations. Additionally, its operation is optimized

for controlled environments such as greenhouses.

Strawberry harvesting systems [20] using multiple Cartesian arms and dedicated grippers have

achieved high success rates in polytunnels. However, their efficiency drops significantly in the

presence of obstacles, such as immature fruits or densely clustered targets—conditions even more

pronounced in Arbutus plants, where flowers and fruits coexist, requiring millimetric precision

to avoid damage. Furthermore, the complexity of multi-arm systems raises concerns regarding

scalability, cost, and maintenance, especially in forested or semi-wild environments.

The most promising solution from an operational efficiency perspective is the kiwi harvesting

robot [21], which uses a transport tube to direct the harvested fruit straight to the basket, elim-

inating the need for the manipulator to carry the fruit. This method increases harvesting speed

and reduces the risk of collisions with branches or flowers. Such an approach is particularly rel-

evant for Arbutus harvesting, where each extra movement by the manipulator increases the risk

of contact with delicate structures and potentially harms future production. However, this system

also has disadvantages, including mechanical complexity and reliance on precise fruit detection

for alignment with the tube, which may be impractical in very dense canopies or when fruits are

partially hidden.

The studies reviewed present varied approaches to fruit detection in automated harvesting,

ranging from methods based on simple features (such as color and shape) to advanced deep learn-

ing architectures like Mask R-CNN, Faster R-CNN, and YOLO. These solutions reflect different

trade-offs between performance, robustness, and processing time.

Among the analyzed models, those based on the YOLO architecture stand out due to their high

speed and accuracy, key factors for real-time applications like automated harvesting. YOLO’s

lightweight and optimized structure allows fast inference even on devices with limited computa-

tional resources, which is particularly advantageous in dynamic and outdoor agricultural environ-

ments. Models such as YOLOv7 have shown strong performance in real-world scenarios, with

sufficient precision to distinguish ripeness stages, as demonstrated in recent work on strawberry

detection [33].

In summary, despite significant advancements in agricultural robotics, existing manipulators

still lack the flexibility, morphological adaptability, and precision required to address the specific

challenges posed by Arbutus berry harvesting. These limitations emphasize the need for dedicated

solutions that combine lightweight structural design, mobility in irregular environments, and gen-

tle, selective manipulation strategies to minimize the risk of damaging immature fruits or flowers.

The inspiration from the kiwi system’s transport tube is promising, provided it is appropriately

adapted to the Arbutus bush morphology.
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In perception, there is a clear need for robust and real-time detection, which is essential in

automated outdoor harvesting where variables such as uneven lighting, occlusion, and fruit overlap

are frequent. In this context, the YOLO architecture is particularly suitable. It offers an excellent

balance between accuracy and speed, capable of running in real time even on low-power embedded

systems, making it ideal for integration into mobile robotic platforms. Therefore, YOLO will be

adopted in this work as the core of the fruit detection system for Arbutus berries.

To ensure effective automated harvesting in outdoor environments, this project requires a ro-

bust and real-time detection system capable of handling common challenges such as uneven light-

ing, occlusions, and overlapping fruits. For this purpose, we adopt the YOLO architecture, which

provides an optimal balance between accuracy and speed. Its ability to perform real-time inference

on low-power embedded systems makes it ideal for integration into mobile robotic platforms. With

these advantages, YOLO will serve as the core detection system for identifying Arbutus berries in

our proposed solution.



Chapter 4

Proposed System Architecture

This chapter presents the proposed system solution, detailing the modular structure that inte-

grates perception, planning, and manipulator actuation. The main functional requirements neces-

sary to ensure the system’s efficiency in the automatic and selective harvesting of Arbutus berries

are defined, considering the plant’s morphological characteristics and the demands of the agri-

cultural environment. This chapter delves into the interconnections between the different system

modules, with each block being further developed in detail in the following chapters.

4.1 System Architecture

The architecture of the proposed system is a simulation framework that includes the Arbutus

Berry Harvesting (ArBeH) module. This framework enables efficient interaction between percep-

tion, planning, and actuation, addressing the specific challenges of Arbutus cultivation, such as

dense canopies, variable fruit ripeness, and the need for selective harvesting. This architecture,

illustrated in Figure 4.1, is composed of three main blocks: the simulated environment (Webots),

the manipulator control and communication interface between the simulator and ROS2, and the

perception and planning system (Harvest Vision Planner, HVP). Figure 4.2 presents the simula-

tion of the ArBeH manipulator in the Webots virtual environment, highlighting the integration

between manipulator control and the perception system, demonstrating that without perception,

the manipulator would not be able to reach the berry. The figure also displays the images provided

by the manipulator’s two onboard cameras: the top-left image shows the perspective from the

camera mounted at the base of the manipulator, while the bottom-right image presents the view

from the camera located at the tip of the manipulator, that offering visual perspectives crucial for

fruit detection and localization.

27
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Figure 4.1: ArBeH system architecture composed of three main blocks: the simulated environ-
ment in Webots, the Webots-ROS2 communication and control bridge, and the Harvest Vision
Planner, which integrates perception, detection, and trajectory planning for automated Arbutus
berry harvesting.

Figure 4.2: Simulation of the ArBeH manipulator in the Webots virtual environment and the
displays of the views from the two onboard cameras.
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The first block corresponds to the virtual environment created in the Webots simulator, where

an Arbutus plantation is modeled. In this environment, the robotic manipulator is equipped with

RGB cameras, distance sensors, and actuators (joints), enabling the collection of essential sensory

and visual data for perception and control. The simulator allows for testing different manipu-

lator configurations, assessing their reach, and validating navigation and harvesting strategies in

complex scenarios.

The second block is responsible for the control logic and integration of the manipulator and

the development and execution of the Arbutus berry harvesting algorithms (see Chapter 6). This

block’s core is the Webots Controller Node, which manages the bidirectional communication in-

terface between the simulator and ROS2. This node hosts the actuator control plugins, ensuring

real-time feedback and closed-loop control. The manipulator controller operates as a dedicated

plugin within this node, sending joint positions required for selective berry harvesting and trans-

lating them into precise movements of the manipulator’s joints. The Webots Controller Node

receives sensor and camera data from the simulated environment, publishes it to ROS2 topics,

and processes control commands sent from ROS2 back to the simulator. This architecture enables

seamless, modular integration between the virtual environment and the robotics middleware, en-

suring that all relevant information from the virtual world is available in real time to the perception

and control algorithms.

The third block encompasses the entire perception and planning component, serving as the

intelligent core of the system. The HVP includes advanced detection and classification models

(see Chapter 5), based on deep learning, capable of identifying and classifying Arbutus berries at

different ripeness stages. It also features a trajectory planning algorithm that receives the list of

detected fruits and calculates the optimal sequence of movements for the manipulator, ensuring

efficient reach to all harvestable fruits while minimizing redundant movements. The detection

results are published to a ROS2 topic (/detected_arbutus_berries_list) and are consumed by the

manipulator controller to execute harvesting actions.

4.2 Challenges from the Robotics Point of View

Automating fruit harvesting presents significant challenges due to the demands of navigating

dense foliage, identifying ripe fruit, avoiding damage, and adapting to external conditions. This

section discusses the main aspects that contribute to these complexities:

• Navigating Dense Canopies: Orchard environments are often characterized by tightly

packed trees with overlapping branches and dense foliage. This configuration not only

restricts the maneuverability of robotic systems but also makes it challenging to locate

fruits, complicating path planning and precise movements. To address these obstacles,

fruit-harvesting robotic arms must overcome the limited visibility caused by the foliage.

Advanced vision systems, such as LiDAR and depth cameras, are essential for generat-

ing detailed 3D models of the environment. These technologies enable accurate navigation

through complex canopies while minimizing physical disruptions. [34]
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• Detecting and Identifying Ripe Fruits: A significant challenge in automated harvesting is

the accurate detection and differentiation between ripe and unripe fruits. This demands so-

phisticated machine vision systems capable of analyzing diverse fruit shapes, sizes, and col-

ors, often in the presence of inconsistent lighting and occlusions from leaves and branches.

For fruits like arbutus berries, which ripen unevenly even on the same branch, this complex-

ity is heightened. Careful selection is essential to ensure unripe or overripe fruits are not

harvested, requiring the integration of advanced multispectral imaging and adaptive artificial

intelligence systems. [34]

• Avoiding Damage to Fruits and Branches: The design of end-effectors, the mechanical

tools used for fruit detachment, is crucial to prevent damage to the fruits and the plants. Var-

ious mechanisms, including suction-based, cutting, and gripper-based designs, have been

developed, each with its challenges. Suction systems, for instance, may bruise fragile fruits,

while cutting tools can leave behind residual branches. Achieving the right balance of firm-

ness and precision is essential for robotic harvesters to handle fruits gently without bruising

and to protect the plant from harm. This requires end-effectors to incorporate flexible mate-

rials and sensors capable of measuring and adjusting force during harvesting. [34]

• Operating in Outdoor Environments: Agricultural fields pose dynamic environmental

challenges, such as varying light, wind, rain, and humidity, which can greatly affect the

performance of robotic systems. Unlike controlled settings, these ever-changing conditions

demand robust, weather-resistant hardware and intelligent software that can adapt in real-

time to ensure consistent performance.

Addressing these challenges requires a multidisciplinary approach, combining advancements in

robotics, computer vision, sensor technologies, and artificial intelligence to achieve reliable and

efficient automated harvesting systems.

4.3 Requirements for the Perception and Harvesting System

The design and implementation of a perception and harvesting system for agricultural envi-

ronments require addressing several critical operational requirements. These requirements are

informed by the unique challenges of agricultural operations, including complex natural environ-

ments, diverse crop characteristics, and varying environmental conditions. By adhering to these

requirements, the system can ensure functionality, reliability, and efficiency in real-world scenar-

ios.

Accurate fruit detection and localization are essential for harvesting in natural environments,

where foliage, branches, or other structural elements of the plant frequently occlude fruits. The

perception system integrates RGB cameras to accurately detect and localize fruits, even in dense

and cluttered scenes. It provides precise spatial coordinates (2D/3D) required for planning and

executing the manipulator’s trajectory, ensuring efficient and collision-free operation.
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Identifying different ripeness stages is another key requirement, as only fruits at the optimal

ripeness—typically red—should be harvested. To this end, the system employs deep learning

models trained on extensive annotated datasets, covering various ripeness stages and viewing an-

gles. These models allow for robust classification of green, yellow/orange, and red fruits, ensuring

selective harvesting based on maturity. In terms of performance, the system achieves a precision

rate above 85%, meeting the accuracy demands of practical deployment in agricultural environ-

ments. This high detection reliability minimizes missed or incorrect picks, improving harvesting

efficiency and reducing crop waste.

To ensure full canopy coverage, the manipulator was designed with a maximum reach of ap-

proximately 2 meters, enabling access to fruits across the entire tree structure. This capability

ensures that no ripe fruit is left unharvested due to positional constraints.

The system can also process at least 10 frames per second, supporting real-time perception

and decision-making necessary for responsive autonomous operation. This frame rate is critical

for maintaining a continuous workflow during harvesting tasks.

Finally, the system is designed to be as efficient as a human operator in terms of speed and

care in handling fruits. This includes minimizing physical damage during collection through the

use of gentle end-effectors, such as soft grippers or suction mechanisms, thereby preserving fruit

quality and tree health.

By fulfilling these operational criteria—ranging from accurate perception and classification

to mechanical reach and real-time processing—the proposed system offers a viable solution for

autonomous arbutus harvesting, reducing labor demands while promoting productivity and sus-

tainability.

4.4 Conclusion

The proposed architecture, as illustrated in the diagram (Figure 4.1), represents an innovative

and robust solution for automated Arbutus berry harvesting, integrating computer vision, robotics,

and simulation technologies. Meeting the defined requirements ensures the effectiveness of se-

lective harvesting and the sustainability and adaptability of the system to different agricultural

challenges, positioning it as a reference for future applications in unconventional crops.
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Chapter 5

Perception System

This chapter presents the perception system, including the methodologies used and the devel-

opment of deep learning models for detecting and classifying Arbutus berries. It discusses the

challenges associated with detecting small, densely clustered fruits at various ripeness stages and

analyzes the results obtained with different approaches and model architectures. It is important to

note that the content of this chapter is based on a paper submitted and accepted for presentation at

the ETFA conference, thereby validating its scientific relevance and contribution to advancing the

state of the art in agricultural robotics.

5.1 Materials and Methods

5.1.1 Data Collection

The first step in creating an Arbutus Berry dataset was the acquisition of data to meet the

research objectives. The data was collected in an Arbutus tree plantation with two sensors: the

OAK-D S2 sensor [12] and the Livox Mid-360 LiDAR sensor [10]. Both sensors were integrated

into a structure that could easily be carried by a single person (Figure 5.1). The data collection

process involved two main setups. Some data was collected as the person moved through an

inter-row of the plantation, passing by several Arbutus trees. This allowed for a broader range of

data, capturing the information from various tree canopies along the row. In addition, more data

were gathered around a single Arbutus tree canopy. In this setup, the sensors were moved around

the tree inside and outside the canopy, ensuring that the sensors captured detailed information

from different angles and distances, allowing for a more focused analysis of the tree’s canopy and

Arbutus berries.
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Figure 5.1: Setups of sensors used in data collection, including the OAK-D S2 RGB-D sensor and
the Livox Mid-360 LiDAR sensor.

5.1.2 Data Labelling and Augmentation

After acquiring images, the collected images were manually annotated using the CVAT [35].

Each annotation included a bounding box to delimit the fruit, providing information on its area,

position, and ripeness classification. The annotation process considered the ripeness stage of each

Arbutus berry, which is essential for accurate classification. There are three stages of ripeness in

Arbutus berry: green, representing unripe fruit that is not yet ready to be harvested; yellow and

orange, corresponding to fruit that is suitable for fresh consumption; and red, indicating that the

fruit is fully ripe and ready for harvest, although it presents low firmness and requires careful han-

dling and storage [36]. The images were exported from CVAT in the Ultralytics YOLO Detection

format, where each image file has an associated annotations text file. Figure 5.2 illustrates an im-

age from the dataset with manual annotations represented by red, yellow, or green bounding boxes

depending on the fruit class.
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Figure 5.2: Example of manual annotations using CVAT for the Arbutus Berry Ripeness Level
Detection Dataset [4]

Two datasets were annotated: the Arbutus Berry Detection Dataset [3], containing only the

detection of Arbutus berries, and the Arbutus Berry Ripeness Level Detection Dataset [4], which

includes both detection and ripeness classification. Additionally, a third dataset, the Arbutus Berry

Ripeness Level Classification Dataset [4], was derived from the latter, in which the berry bounding

boxes were cropped and grouped by ripeness class for training the classifier. These datasets are

openly available in the digital repository Zenodo. Both annotated datasets contain the same images

and were processed identically, undergoing the same splits and data augmentation techniques.

The distribution of annotations between classes and the number of Arbutus berries annotated

in the dataset are presented in Table 5.1. The images include Arbutus berries at different distances,

angles, and ripening stages. The disparity in fruit counts between classes is because the dataset

was collected when the Arbutus berries were already at a more advanced maturation stage. On

average, each image contains 43 Arbutus berries.

Table 5.1: Number of annotations for each class in the original dataset.

Arbutus Berry

Green

Arbutus Berry

Red

Arbutus Berry

Yellow

Total of

Arbutus Berry

Annotations 524 2644 859 4249

Dividing the dataset into training, validation, and testing is essential to ensure the robustness
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and generalizability of DL models [37]. The training set is used to train the model, while the vali-

dation set is used to compare different models and hyperparameters, helping to prevent overfitting

and to validate whether the model is effectively converging during training. Finally, the test set is

entirely independent and used only to prove the effectiveness of the model’s training, being com-

posed of data never seen during training or validation, thus ensuring a fair and realistic evaluation

of the model’s performance. For this division, the following proportion was used: 70% for the

training set, 20% for validation, and 10% for testing. Figure 5.3 shows the flow chart representing

the methodological approach adopted in this work.

Model Training For Arbutus
Berry Detection

Model Training Arbutus
Berry Ripeness Level

Classification

100 original images

Train (70%)
70 images

Validation (20%)
20 images

Test (10%)
10 images

4160 augmented images

Train
4060 images

Validation
100 images

Model Training for Arbutus
Berry Ripeness Level

Detection

4260 total images

Figure 5.3: Workflow for detection and classification of Arbutus berries.

Data augmentation operations were performed using the Albumentations [38], a Python library

designed for image enhancement. Only transformations that generated visually realistic results in

the images to which they were applied were selected. Table 5.2 details the operations used in the

training and validation sets. These transformations were divided into two main groups: the first

three operations (Flip, Scale, and Rotation), which involve geometric modifications by moving or

removing pixels without changing their values; and the remaining 8 operations (Optical Distortion,

Hue and Saturation, Contrast, Emboss, Sharpen, Blur, ISONoise, and Illumination) that directly

modify pixel values, affecting properties such as color, sharpness, and lighting. For the training

set, it was decided to apply both the individual transformations and the combinations between the

two groups. This approach resulted in 58 distinct variations, generating a total of 4060 augmented

images. For the validation set, only the first three operations were used, which resulted in 100

augmented images. In its augmented version, the final datasets were composed by grouping these

4160 generated images with the 100 original images, totaling a comprehensive set of 4260 images,

as illustrated in Figure 5.3. This stage is fundamental when training DL models, as it improves

data quality, reduces overfitting, increases performance, and contributes to the models’ ability to

generalize.



5.1 Materials and Methods 37

Table 5.2: Augmentation operations applied to the original images.

Operation Value Description

Flip - Flip the image horizontally

Scale
0.7x Scale the image by 0.7

1.3x Scale the image by 1.3

Rotation
+15° Rotate image +15°

-15° Rotate image -15°

Optical Distortion Random Apply optical distortion

Hue and Saturation Random Change image’s hue and saturation levels

Contrast Random Change image’s contrast level

Emboss Random Apply embossing effect

Sharpen Random Sharpen the image

Blur Random Apply Gaussian blur

Noise Random Apply ISO noise

Illumination Random Simulate lighting effects

5.1.3 Data Generation

As the Arbutus berries are small and often occur in high density with different ripening stages

within the same image, a specific approach was adopted to maximize the ability of deep learn-

ing models to detect small fruits. Inspired by the methodology proposed by the authors in [39],

the original images were divided into smaller images of 300×300 pixels, with a 20% overlap be-

tween consecutive crops. This strategy allows smaller fruits to become more prominent within the

model’s field of view, reducing the likelihood of them being overlooked during detection, decreas-

ing the number of FN.

Each original image was divided into 30 sub-images, which significantly increased the number

of images in each of the training, validation, and test sets, contributing to the robustness of the

model. The separation of data into training, validation, and test sets was maintained as previously

defined in section 5.1.2, with the process of dividing into sub-images carried out independently

for each subset. In this way, the integrity and separation of data between the different stages of

model development were ensured.

After splitting the images, data augmentation techniques were applied exclusively to the train-

ing set. Only five operations from those listed in Table 5.2 were selected, since the number of

images had already increased substantially with the image split, making it unnecessary to use a

wider range of transformations. The chosen operations were: illumination, scale07 with emboss,

scale07 with Gaussian blur, scale13 with contrast, and scale13 with iso noise. These transfor-

mations aim to increase the variability of the training set by simulating different environmental

conditions, which are crucial for improving the model’s robustness and generalization ability in

real-world scenarios. By artificially diversifying the data, the risk of overfitting is reduced and the
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model’s performance is enhanced. Table 5.3 presents the distribution of the number of images per

set after this process.

Train Train Augmented Val Test

Images 2100 10500 600 300

Table 5.3: Distribution of the number of images per set after image splitting.

This method was applied to the Arbutus Berry Detection Dataset [3] and the Arbutus Berry

Ripeness Level Detection Dataset [4]. By segmenting the original images into smaller crops, this

approach created a more robust and diverse dataset, essential for training models to detect and

classify Arbutus berries at different ripening stages. One of the main advantages of this process is

the generation of sub-images that sometimes do not contain any Arbutus berries, which provides

valuable negative examples and increases the model’s ability to distinguish between regions with

and without fruit. The methodology adopted in this approach is the same as that applied to the

complete images and is illustrated in Figure 5.3.

5.1.4 Deep Learning Models

The evolution of the YOLO family, from YOLOv8 to YOLOv11, alongside advanced models

such as Real-Time Detection Transformer (RT-DETR), has been marked by significant innovations

in efficiency, precision, and adaptability for computer vision tasks. These latest architectures

emphasize efficient training, robust generalization to complex environments, and a softer design,

making them highly suitable for real-time applications.

The YOLOv8 began a new generation by abandoning anchors and adopting anchor-free de-

tection, simplifying the architecture and improving performance, especially on small objects. Its

structural basis is the Cross-Stage Feature Fusion (C2f) block, which stood out for its efficient

extraction of features at a lower computational cost. In addition, the model provided a unified

architecture for various tasks: detection, segmentation, tracking, pose estimation, and classifica-

tion. The Spatial Pyramid Pooling - Fast (SPPF) module was used to represent multiple scales,

improving accuracy for objects of different sizes [32].

In 2024, with YOLOv9, there was a significant evolution in terms of feature aggregation and

gradient flow. The model introduced Programmable Gradient Information (PGI) to improve back-

propagation during training and avoid information loss in deep networks. The Generalized Effi-

cient Layer Aggregation Network (GELAN) architecture was incorporated to make feature fusion

more efficient. In addition, an auxiliary module was added exclusively for training, optimizing

learning without impacting inference. Detection benefited from multiple additional heads, which

improved recognition of objects of different scales [32].

Also, in 2024, the YOLOv10 brought about a paradigm shift by eliminating the Non-Maximum

Suppression (NMS) step, using a new dual assignment strategy, which speeds up training and sim-

plifies inference. This version also introduced C2fCIB, which replaces blocks in layers with high
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redundancy using an "intrinsic rank" approach, increasing efficiency without sacrificing accuracy.

Spatial-Channel Decoupled Downsampling (SCDown) helped to reduce the loss of information

in spatial downsampling, and the Partial Self-Attention (PSA) module introduced more efficient

attention mechanisms at deeper stages of the network [32].

In YOLO11, architectural refinement has reached a new level. The new C3k2 block, the suc-

cessor to the C2f, features a lighter structure with better gradient flow. It replaces the traditional

bottlenecks with C3k modules with and without shortcuts, adapting to the complexity required at

each stage. The C2PSA module, an evolution of PSA, improves spatial attention by increasing

sensitivity to partially occluded objects or complex visual contexts. YOLOv11 uses SPPF, con-

cat, and upsample but improves accuracy by integrating these components more efficiently. Like

YOLOv8, this model also incorporates a classifier for image classification tasks [32][40].

RT-DETR represents a major breakthrough in transformer-based object detectors, being the

first end-to-end model capable of real-time operation while overcoming the high computational

costs typical of classical DETRs. Its architecture integrates a convolutional backbone (such as

ResNet), whose multi-stage feature maps feed an efficient hybrid encoder. This encoder decouples

intra-scale feature interaction—handled by attention mechanisms at higher semantic levels—from

cross-scale fusion, which is managed by CNN-based modules, optimizing both speed and accu-

racy. RT-DETR further introduces an uncertainty-minimal query selection mechanism, ensuring

only the most relevant features are used by the decoder, thereby improving detection precision and

stability. The model’s flexible design allows inference speed to be adjusted by varying the number

of decoder layers without retraining, making it highly adaptable to diverse real-time scenarios.

With these innovations, RT-DETR surpasses advanced YOLO models in both speed and accuracy,

setting a new standard for real-time object detection tasks [41].

The DL models selected for this task were YOLOv8 Nano, YOLOv9 Tiny, YOLOv10 Nano,

YOLO11 Nano and RT-DETR Large. These models were chosen because of their efficiency, good

performance in accurate, real-time object detection, and classification capabilities. The "Nano"

and "Tiny" versions are particularly suitable for applications requiring low consumption of com-

puting resources while maintaining a high hit rate in identifying and differentiating the objects of

interest.

These models were trained using the Ultralytics platform [14], an open-source tool developed

to facilitate the training and implementation of computer vision models. This platform supports

developing and improving YOLO models and simplifies the training, validation, and testing pro-

cesses in object detection, segmentation, and classification tasks.

5.1.5 Training Configuration

In this work, two distinct approaches were explored for model training. In the first approach,

a detection model was trained solely to locate the Arbutus berry in the images, followed by a

separate classifier responsible for categorizing the fruits into three ripeness level classes: green,

yellow-orange, and red (left side of Figure 5.3). This two-stage approach separated the tasks of

localization and classification, aiming to improve precision, particularly in complex scenarios such
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as those involving Arbutus berry, where the fruits are often very small, densely distributed within

the images, and very often occluded by leaves. The second approach trained a multiclass detection

model to detect and classify Arbutus berries into the three classes (right side of Figure 5.3). This

strategy aims to simplify the inference pipeline by enabling the model to perform both tasks in

an integrated manner. The same approaches are applied when using image splitting, ensuring

consistency and comparability across both the original and split-image workflows.

The training process for the YOLO models began with the use of the Adaptive Moment Esti-

mation (Adam) optimizer, a learning rate (lr) of 0.01, and a batch size of 16. However, the initial

results were unsatisfactory, as shown in Figure 5.4a, where the precision and recall metrics were

quite unstable throughout the epochs. This instability is primarily because Arbutus berries are tiny

fruits and appear in the dataset at varying distances, making it challenging for the model to learn

effectively. Several adjustments were made to the parameters, including changes to the learning

rate and image size, but these did not significantly improve the results. The most impactful change

occurred when the optimizer was switched to Stochastic Gradient Descent (SGD) and the batch

size was increased to 32. Additionally, the nano versions of the YOLO models were used, which

resulted in considerably more stable metric graphs, as shown in Figure 5.4b.

(a) With Adam optimizer. (b) With SGD optimizer.

Figure 5.4: Training metric evolution for YOLO models with different optimization strategies.

The Adam optimizer automatically adapts the learning rate for each parameter during training,

combining the advantages of momentum and RMSprop. This generally results in faster and more

efficient convergence, especially in deep networks and with complex data [42]. In contrast, SGD

uses a fixed learning rate and updates parameters based on small batches of data. SGD is known

for its simplicity, computational efficiency, and good generalization, although it may require more

epochs to converge and is more sensitive to hyperparameter selection[43].



5.1 Materials and Methods 41

All the YOlO models were trained with the following parameters: 400 epochs with an early

stopping set at 200 epochs, SGD optimizer, batch size of 32, learning rate of 0.01, and input

resolution of 640×640. This configuration yielded the best results, demonstrating a good balance

between performance, training time, and generalization capacity.

The RT-DETR model is available in only two variants: Large and Extra Large, with no lighter

versions. For this reason, the Large version, the most compact among those available, was chosen.

Initially, the training followed the same hyperparameter configuration used for the YOLO models.

However, the results showed significant instability, as illustrated in Figure 5.5a, where the preci-

sion and recall metrics are markedly unstable throughout the epochs. Stability in the metrics was

only achieved after replacing the optimizer with AdamW and reducing the learning rate to 1e-4.

These changes resulted in a much more consistent evolution of the performance indicators, as

shown in Figure 5.5b. In this new configuration, the loss curves and metrics display a more stable

behavior, indicating a significant improvement in the model’s generalization capability. The train

configuration for RT-DETR-L is 400 epochs with an early stopping set at 200 epochs, Adam with

Weight Decay (AdamW) optimizer, batch size of 32, learning rate of 0.0001, and input resolution

of 640×640.

(a) With SGD optimizer. (b) With AdamW optimizer.

Figure 5.5: Training metric evolution for RT-DETR models with different optimization strategies.

The choice of optimizers and the fine-tuning of hyperparameters were crucial for achieving

stable and robust results, especially considering the added difficulty of detecting small and densely

clustered fruits like Arbutus berries.

Table 5.4 shows the number of epochs each model was trained for in the different training

tasks using the original images.
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Table 5.4: Number of epochs each model was trained for the different tasks.

Model Detection 3 class Detection Classification

YOLOv8n 400 359 200

YOLOv9t 400 400 -

YOLOv10n 400 400 -

YOLO11n 400 400 200

RT-DETR-L 338 376 -

Table 5.5 presents the corresponding number of training epochs for each model when using

the image splitting dataset.

Table 5.5: Number of epochs each model was trained for the different tasks with the image splitting
dataset.

Model Detection 3 class Detection

YOLOv8n 236 256

YOLOv9t 238 381

YOLOv10n 255 325

YOLO11n 228 247

5.2 Results

The FiftyOne platform [44] was used to evaluate the results of each training, which allowed

a detailed analysis of the performance of the four networks. This tool provided a comprehensive

visualization of each model’s detection and classification capabilities, making it easy to identify

strengths and limitations in different scenarios.

5.2.1 Methodology

The selection of evaluation methods for DL models is based on different perspectives of model

performance. Therefore, using a combination of metrics is a common practice to gain a more com-

prehensive understanding of the model’s behavior. This work used these specific analyses: preci-

sion, recall, F1 score, average precision (AP), and mAP. To plan these analyses, let us consider the

following set of concepts:

• Interception over Union (IoU): a measure based on the Jaccard index that is used to measure

the overlap between two bounding boxes using the ground truth and the predicted bounding

boxes;

• True Positive (TP): correct detection of a ground truth bounding box, i.e., IoU ≥ threshold;



5.2 Results 43

• False Positive (FP): incorrect detection of a ground truth bounding box, i.e., IoU < thresh-

old;

• False Negative (FN): a ground truth bounding box not detected.

Based on these definitions, the following evaluation metrics were used:

• Precision: measures the accuracy of positive predictions, the percentage of TP out of all

detections, and is given by:

Precision =
T P

T P+FP
(5.1)

• Recall: measures the model’s ability to find all ground-truth bounding boxes, i.e., the per-

centage of TP detections divided by all the ground truths, and it’s calculated:

Recall =
T P

T P+FN
(5.2)

• F1 score: represents the harmonic mean of precision and recall, and is given by:

F1score = 2× precision× recall
precision+ recall

(5.3)

• AP: compares the performance of object detectors to calculate the area under the precision

× recall curves. A high area represents both high precision and recall;

• mAP: is a metric used to measure the accuracy of object detectors across all classes, calcu-

lated as the mean AP for all the object classes.

To evaluate the performance of each model, the test set was used for inference, applying an

IoU threshold of 70% and a confidence threshold of 0.25. Additionally, performance was also

assessed using other confidence levels, including 0.5 and the threshold that maximized the F1

score on the validation set. However, the most balanced and consistent results were obtained with

the confidence threshold set at 0.25.

5.2.2 Detection for Arbutus Berry Ripeness Stage

The results presented in this section correspond to the detection of Arbutus berries categorized

into three ripeness stages, using the Arbutus Berry Ripeness Level Detection Dataset [4]. The

detection model was trained to predict the ripeness class of each fruit directly. Figure 5.6 illustrates

an example of the detection process, where the bounding box colors reflect the ripeness stage

assigned by the model.



44 Perception System

Figure 5.6: Example of Arbutus berries detection for each class.

Analyzing class metrics provides a deeper understanding of each model’s performance. Ta-

ble 5.6 presents the average performance metrics for each model across the three Arbutus berry

classes: green, red, and yellow-orange. Overall, all models achieved the highest precision for the

red class, with values above 97%, indicating strong confidence in identifying red Arbutus berries.

However, recall and F1 scores varied more significantly across classes and models.

The RT-DETR-L model demonstrated the strongest and most balanced overall performance

among all models, as reflected in its total metrics: precision of 95.3%, recall of 86.4%, F1 score

of 90.6%, and AP of 50.5%. This confirms RT-DETR-L’s superiority for multi-class detection

of Arbutus berry ripeness stages. The model particularly excelled in the yellow class, achieving

the highest recall (85.2%), F1 score (89.1%), and AP (54.7%), while also maintaining leading

results for green (F1: 85.9%, AP: 51.9%) and red (F1: 92.1%, AP: 44.7%) berries. These results

highlight RT-DETR-L’s robustness and reliability across all ripeness stages, outperforming the

YOLO variants in both class-specific and overall detection metrics Among the YOLO models,

YOLOv10n stood out for its balanced results, achieving the highest recall (79.1%) and F1 score

(85.5%) for the green class, as well as strong F1 scores for red (86.4%) and yellow (80.3%) berries.

YOLOv11n also showed consistent performance, with high F1 scores for green (84.3%) and red

(87.9%), and solid results for yellow (79.6%). YOLOv8n achieved the highest F1 score for the red

class among the YOLO variants (86.6%) and maintained high precision. Still, its recall for yellow

(69.6%) was the lowest, indicating some difficulty detecting yellow berries. YOLOv9t excelled

in precision, particularly for the red class (99.2%), and showed competitive F1 scores across all

classes, although its recall was slightly lower than the best-performing models.
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Table 5.6: Results on the performance metrics for Arbutus berry ripeness stage detection.

Model Class Precision(%) Recall(%) F1(%) AP(%)

YOLOv8n

Green 94.2 73.1 82.4 43.5

Red 98.5 77.3 86.6 35.9

Yellow 93.0 69.6 79.6 49.4

Total 96.5 74.7 84.2 42.5

YOLOv9t

Green 96.1 73.1 83.1 44.5

Red 99.2 77.3 86.9 39.4

Yellow 91.5 74.8 82.3 49.7

Total 97.0 76.2 85.4 44.5

YOLOv10n

Green 93.0 79.1 85.5 50.1

Red 97.3 77.6 86.4 36.9

Yellow 92.1 71.3 80.4 50.3

Total 95.6 76.4 84.9 45.8

YOLO11n

Green 94.4 76.1 84.3 47.6

Red 98.9 79.2 87.9 37.8

Yellow 92.6 75.7 83.3 51.0

Total 96.6 77.6 86.1 45.0

RT-DETR-L

Green 90.2 82.1 85.9 51.9

Red 97.0 87.6 92.1 44.7

Yellow 93.3 85.2 89.1 54.8

Total 95.3 86.4 90.6 50.5

Table 5.7 presents the number of detections per class and the total detections. The test set

includes 68 green fruits, 331 red fruits, and 115 yellow fruits, totaling 514 Arbutus berries.

Among all the evaluated models, RT-DETR-L achieved the best overall detection performance,

surpassing all YOLO variants. RT-DETR-L recorded the highest total number of TP across all

classes (443) and the lowest number of FN (70), confirming its superior effectiveness and ro-

bustness for multi-class detection of Arbutus berry ripeness stages. Within the YOLO models,

YOLOv11n stands out for its strong detection capability, achieving the highest TP for both the red

(262) and yellow (86) classes, as well as the lowest FN for these classes (69 and 29, respectively),

indicating particular effectiveness in identifying berries at these ripeness stages. YOLOv10n dis-

tinguishes itself in the green class, with the highest TP (53) and the lowest FN (14), suggesting

greater sensitivity for detecting green berries than the other YOLO models. Meanwhile, YOLOv9t

achieves the lowest overall number of FP (12), reflecting high precision, although its FN values

are slightly higher, which may impact recall.
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Table 5.7: Detection results of Arbutus berry ripeness stage.

Model Class TP FP FN

YOLOv8n

Green 49 3 19

Red 256 4 75

Yellow 79 7 36

Total 384 14 130

YOLOv9t

Green 49 2 18

Red 256 2 75

Yellow 86 8 29

Total 391 12 122

YOLOv10n

Green 53 4 14

Red 257 7 74

Yellow 82 7 33

Total 392 18 121

YOLO11n

Green 51 3 17

Red 262 3 69

Yellow 86 8 29

Total 399 14 115

RT-DETR-L

Green 55 6 12

Red 290 9 41

Yellow 98 7 17

Total 443 22 70

The analysis of FP and FN is crucial to understand the limitations of the models and identify

scenarios where the networks fail. A significant number of FN is noted across all models, mainly

due to small Arbutus berries in the images (Figure 5.7), making their detection challenging and

directly impacting overall performance, particularly the recall and AP values. Although F1 scores

for most classes are high, AP values remained relatively low due to the difficulty in detecting

these small berries, one of the main challenges of the dataset. Most FP occur in regions where the

Arbutus berries overlap — the model tends to detect an Arbutus berry at the intersection between

two fruits. Additionally, in some situations, incorrect detections are also made on the tree trunk,

usually due to lighting conditions that confuse the model. Figure X shows an example of the FP

that can occur in these scenarios.



5.2 Results 47

Figure 5.7: Examples of false negatives in the detection of Arbutus berries.

5.2.3 Detection and classification of Different Classes of Arbutus Berry Ripeness

5.2.3.1 Detection of Arbutus berry

The following results present the detection of Arbutus berries, based on the Arbutus Berry De-

tection Dataset [3]. The analysis of Table 5.8 provides an overview of the performance of models

trained exclusively for Arbutus berry detection without class distinction. All the models exhib-

ited solid precision, recall, and F1 score performance. YOLOv8n and YOLOv9t achieved the

highest precision values, with 98.1% and 98.8%, respectively, reflecting high confidence in their

detections. In terms of recall, RT-DETR-L stood out with the highest value (88.8%), followed

by YOLOv8n (78.8%) and YOLOv10n (77.8%). RT-DETR-L also achieved the highest F1 score

(91.9%), indicating a balanced and robust detection performance. Regarding mAP, RT-DETR-L

again led with 53.2%, surpassing all YOLO variants, whose mAP values ranged from 46.3% to

47.8%. These results confirm RT-DETR-L as the most effective model for Arbutus berry detec-

tion in this evaluation, while the YOLO models also maintained consistently high precision and

competitive F1 scores.
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Table 5.8: Results on the performance metrics for Arbutus berry detection.

Model Precision(%) Recall(%) F1(%) mAP(%)

YOLOv8n 98.1 78.8 87.4 47.4

YOLOv9t 98.8 78.2 87.3 46.3

YOLOv10n 95.7 77.8 85.8 47.8

YOLO11n 98 77.6 86.6 47.2

RT-DETR-L 95.2 88.8 91.9 53.2

The test set used in this evaluation contains a total of 518 annotated Arbutus berries, including

fruits of different sizes, orientations, and visibility conditions. Table 5.9 presents the absolute de-

tection results for each model trained exclusively for detection. The RT-DETR-L model obtained

the highest number of TP with 460 and the lowest number of FN at 58, confirming its superior

detection capability. Among the YOLO models, YOLOv8n recorded the highest TP (408) and a

low number of FP (8), while YOLOv9t demonstrated the most balanced performance, with 405

TP, the lowest FP (5), and 113 FN. YOLO11n and YOLOv10n showed similar results, with 402

and 403 TP, and 116 and 115 FN, respectively, but YOLO11n maintained a lower FP (8) compared

to YOLOv10n (18).

Table 5.9: Detection results of Arbutus berry.

Model TP FP FN

YOLOv8n 408 8 110

YOLOv9t 405 5 113

YOLOv10n 403 18 115

YOLO11n 402 8 116

RT-DETR-L 460 23 58

5.2.3.2 Classification of Arbutus Berry Ripeness Level

The following results correspond to the classification of the ripening stages of Arbutus berries,

using the Arbutus Berry Ripeness Level Classification Dataset [4]. Table 5.10 presents the perfor-

mance results of the classifier models based on the metrics. Both models performed excellently in

classifying the red class, with precision and recall values exceeding 97% and 99%, respectively.

The YOLO11n-cls model achieved the highest performance for the yellow class, with a precision

of 99.1%, recall of 94.8%, and an F1 score of 96.9%. In the green class, YOLO11n-cls also outper-

formed YOLOv8n-cls, reaching a precision of 95.7%, recall of 98.5%, and an F1 score of 97.1%.

Despite the green class presenting the lowest scores overall, both models maintained F1 values

above 92%, confirming consistently high classification performance across all ripening stages.



5.2 Results 49

Table 5.10: Results on the performance metrics for Arbutus berry classification.

Model Class Precision(%) Recall(%) F1(%)

YOLOv8n-cls

Green 92.6 92.6 92.6

Red 97.6 99.4 98.5

Yellow 95.4 90.4 92.9

YOLO11n-cls

Green 95.7 98.5 97.1

Red 98.8 99.7 99.2

Yellow 99.1 94.8 96.9

Table 5.11 reinforces the previously observed patterns. The test set is distributed among 68

green fruits, 331 red fruits, and 115 yellow fruits, and includes 514 Arbutus berries, as detailed

in subsection 5.2.2. Both versions of the model could correctly identify almost all red Arbutus

berries (329 and 330 TP) with few errors. However, there was some confusion between the green

and yellow classes and the yellow and red classes, resulting in FP and FN. This confusion may

be related to the similarity of hues between these classes at certain stages of ripening, as well as

to variations in lighting conditions, which make it difficult to distinguish precisely between them.

Overall, the YOLO11n-cls model demonstrated superior performance across all classes, achieving

higher precision, recall, and F1 scores, and fewer classification errors than the YOLOv8n-cls

model.

Table 5.11: Classification results of Arbutus berry.

Model Class TP FP FN

YOLOv8n-cls

Green 63 5 5

Red 329 8 2

Yellow 104 5 11

YOLO11n-cls

Green 67 3 1

Red 330 4 1

Yellow 109 1 6

5.2.3.3 Detection and Classification of Arbutus Berry Ripeness Level

The following results present the performance of the detectors, followed by the classification

stage. The YOLO11n-cls model was used for classification, as it achieved the best results and was

applied uniformly across all detectors. The analysis of Table 5.12 provides an overview of the

performance of the models in detecting and classifying the ripening stages of Arbutus berries. All

models demonstrated solid results regarding precision, recall, and F1 score across the three classes.

The YOLOv8n model achieved the highest F1 scores for both the green (89.6%) and red (87.9%)

classes, as well as the highest AP for the green class (51.3%), indicating robust and balanced per-

formance. RT-DETR-L stood out in the yellow class, obtaining the highest recall (87.0%), F1 score

(87.0%), and AP (54.8%), surpassing all YOLO variants in this category. YOLOv9t maintained
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the highest precision for both green (98.1%) and red (99.3%) classes, reflecting high confidence

in its detections, but showed slightly lower recall, particularly for the green class (75.0%).

Overall, while AP values ranged from 36.4% to 54.8%, reflecting the inherent challenges in

distinguishing between ripeness stages due to color similarities and environmental factors, the

results confirm that both YOLO and RT-DETR models deliver consistently strong detection and

classification performance for Arbutus berry ripeness assessment.

Table 5.12: Results on the performance metrics for Arbutus berry classification and detection.

Model Class Precision(%) Recall(%) F1(%) AP(%)

YOLOv8n

Green 98.2 82.4 89.6 51.3

Red 97.4 80.1 87.9 36.4

Yellow 95.4 72.2 82.2 49.8

YOLOv9t

Green 98.1 75.0 85.0 45.6

Red 99.3 80.1 88.6 37.2

Yellow 92.3 73.0 81.6 49.5

YOLOv10n

Green 96.5 80.9 88.0 51.5

Red 95.2 78.5 86.1 37.9

Yellow 92.3 73.0 81.6 50.2

YOLO11n

Green 96.4 77.9 86.2 48.7

Red 97.7 77.9 86.7 37.4

Yellow 92.3 73.0 81.6 49.6

RT-DETR-L

Green 93.1 79.4 85.7 50.2

Red 93.6 87.9 90.7 44.0

Yellow 87.7 87.0 87.3 54.8

Table 5.13 presents each class’s detection and classification results using the test set. The test

set is the same as the one used for the classifier. RT-DETR-L achieved the highest number of TP in

the yellow class 100 and maintained strong results for green 54 TP and red 291 TP, though it also

had the highest FP in yellow 14 and red 20. The highest FP values, especially for RT-DETR-L, are

related to correctly detected fruits, but assigning a class is impossible due to ambiguous lighting

conditions. Among the YOLO models, YOLOv8n minimized FP overall (total of 17 across all

classes) and achieved the highest TP for the red class (265), though it showed a higher number of

false negatives (FN), particularly in the red (66) and yellow (32) classes. YOLOv9t demonstrated

the lowest FP in the red class (2), reflecting high precision, but had the highest FN for green (17),

indicating reduced recall for this stage. YOLO11n and YOLOv10n maintained a good balance

between TP and FP, with consistent performance across classes.
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Table 5.13: Detection and classification results of Arbutus berry.

Model Class TP FP FN

YOLOv8n

Green 55 2 12

Red 265 7 66

Yellow 83 4 32

YOLOv9t

Green 50 2 17

Red 265 2 66

Yellow 84 7 31

YOLOv10n

Green 54 3 13

Red 260 13 71

Yellow 84 7 31

YOLO11n

Green 52 3 15

Red 258 6 73

Yellow 84 7 31

RT-DETR-L

Green 54 4 13

Red 291 20 40

Yellow 100 14 15

5.2.4 Image Splitting

The results in this section correspond to the detection of Arbutus berries classified into three

ripeness stages, utilizing the Arbutus Berry Ripeness Level Detection Dataset [4] with image split-

ting. The detection model was trained to predict the ripeness stage of each fruit directly. Figure

5.8 shows an example of Arbutus berry detection and classification using image splitting, where

each sub-image corresponds to one of the thirty segments produced by the image split process and

demonstrates the identification of berries at various ripeness stages.

The annotations from the different image splits were consolidated into a single file corre-

sponding to the original image to enable a more precise and consistent evaluation of the models’

performance. At this stage, only models from the YOLO family were evaluated, as they had pre-

viously shown less satisfactory results, with the aim of verifying whether their performance would

improve when using image splitting.

The merging of annotations eliminated duplications of Arbutus berries that were fully present

in the overlapping areas between image crops. However, berries that were only partially detected

in these overlapping zones could not always be fully filtered, resulting in some residual duplica-

tions. To address this issue, several approaches were tested, including the temporary expansion of

bounding boxes for IoU calculation and the combination of IoU with the distance between centers

and size difference. These approaches had limitations, such as removing correctly detected berries

close to others and failing to remove all partial duplicates. Therefore, the adopted approach was

based on IoU calculation, prioritizing the preservation of the detection with the highest confidence.
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Figure 5.8: Example of Arbutus berries detection for each class using image splitting.

This solution provided the best removal of partial duplicates, although it could not eliminate them

entirely.

It is therefore essential to note that some false positives (FP) present in the results are a con-

sequence of these partial detections in the overlapping zones that could not be completely filtered.

These methodological considerations are essential for correctly interpreting the results presented

in the analysis of image crops and for understanding the sources of errors.

5.2.4.1 Detection for Arbutus Berry Ripeness Stage with image splitting

Table 5.14 provides a performance of each YOLO model for Arbutus berry ripeness stage

detection using image splitting. Overall, all models achieved the highest accuracies in the red

class, with values close to or greater than 90%, indicating high confidence in identifying ripe

fruits. Despite this, recall and F1 values also remained high and close to precision, which reflects

a globally balanced and consistent performance across specifications.

The YOLOv8n model demonstrated the most balanced overall performance, achieving the

highest precision (90.3%), recall (90.7%), and F1-score (90.5%) among the models, as well as

recording the highest mean AP (53.6%). This model also delivered the best results for the red class

(F1: 91.9%) and the highest F1-score for the yellow class (88.0%), highlighting its effectiveness

in detecting multiple ripeness stages.

Among the others, YOLOv10n stood out with the highest AP for the green class (56.0%) and

yellow class (54.0%). The YOLOv9t model achieved the highest precision for the green class
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(87.5%) and competitive results across all classes, with F1-scores of 84.8% (green), 90.6% (red),

and 84.8% (yellow). Meanwhile, YOLOv11n showed the lowest precision for the green class

(77.3%) but maintained strong performance for the red and yellow classes.

Table 5.14: Results on the performance metrics for Arbutus berry ripeness stage detection with
image splitting.

Model Class Precision(%) Recall(%) F1(%) AP(%)

YOLOv8n

Green 87.0 88.2 87.6 53.8

Red 91.1 92.7 91.9 50.3

Yellow 90.0 86.1 88.0 56.7

Total 90.3 90.7 90.5 53.6

YOLOv9t

Green 87.5 82.4 84.8 53.2

Red 89.9 91.2 90.6 43.9

Yellow 89.4 80.9 84.8 55.2

Total 89.5 87.7 88.6 50.8

YOLOv10n

Green 86.6 85.3 85.9 56.0

Red 90.8 89.4 90.1 46.2

Yellow 91.1 80.0 85.2 54.1

Total 90.3 86.8 88.5 52.1

YOLO11n

Green 77.3 85.3 811 52.9

Red 90.9 90.9 90.9 44.7

Yellow 89.9 77.4 83.2 55.2

Total 88.7 87.2 87.9 50.9

Table 5.15 presents the number of detections per class and the total number of detections

for the ripeness stages of Arbutus berries using image splitting. The test set includes 68 green

fruits, 331 red fruits, and 115 yellow fruits, totaling 514 fruits—the same as used in the analysis

Detection for Arbutus Berry Ripeness Stage (section 5.2.2).

The YOLOv8n model achieved the best overall performance, with the highest total number

of true positives (466) and the lowest number of false negatives (48), demonstrating its superior

effectiveness and robustness for multiclass detection. It also stood out in the detection of the red

class, with the highest TP (307) and the lowest FN (24), indicating high sensitivity in identifying

ripe fruits. On the other hand, YOLOv10n showed superior performance in the green class, with

a TP of 58 and only 10 FN, suggesting greater accuracy in detecting unripe fruits. For the yellow

class, the best TP performance was achieved by YOLOv8n (99), although YOLOv10n recorded

the lowest number of FPs (9) in this category. The YOLOv10n model distinguished itself by

achieving the lowest total number of FPs (48), reflecting higher overall precision in its detections,

although its FN values were slightly higher than those of YOLOv8n.
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Table 5.15: Detection results of Arbutus berry ripeness stage with image splitting.

Model Class TP FP FN

YOLOv8n

Green 60 9 8

Red 307 30 24

Yellow 99 11 16

Total 466 50 48

YOLOv9t

Green 56 8 12

Red 302 34 29

Yellow 93 11 22

Total 451 53 63

YOLOv10n

Green 58 9 10

Red 296 30 35

Yellow 92 9 23

Total 446 48 68

YOLO11n

Green 58 17 10

Red 301 30 30

Yellow 89 10 26

Total 448 57 66

With the image splitting approach, there is a significant reduction in the number of FN across

all YOLO models, indicating a clear improvement in sensitivity and the ability to detect fruits,

especially those of smaller size. However, this improvement in detection has also led to an in-

crease in the number of false positives (FP), a phenomenon partly due to the previously mentioned

issue of partial duplications resulting from overlapping image splits. Additionally, because the

images are more zoomed in compared to the original, the models tend to detect more tree trunks,

dried flowers, and yellowed leaves as if they were Arbutus berries, contributing to the rise in FP.

This behavior is especially noticeable in environments with high vegetation density or under chal-

lenging lighting conditions, where distinguishing between fruit and other elements becomes more

difficult.

5.2.4.2 Detection and classification of Different Classes of Arbutus Berry Ripeness with
image splitting

Detection of Arbutus berry with image splitting
Table 5.16 presents the performance metrics for Arbutus berry detection using image splitting.

All evaluated models demonstrated solid results across precision, recall, and F1-score, indicating

their reliability for this detection task.

Among the models, YOLOv9t and YOLOv10n achieved the highest precision values, with

89.2% and 89.6%, respectively, reflecting strong confidence in their positive detections. In terms

of recall, YOLOv8n stood out with the highest value (91.5%), followed closely by YOLOv9t
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(90.7%) and YOLOv10n (90.0%), highlighting their effectiveness in identifying the majority of

berries present in the dataset. Regarding the F1-score, which balances both precision and recall,

YOLOv10n achieved the highest value (89.8%), with YOLOv8n and YOLOv9t also maintaining

competitive scores (88.7% and 90.0%, respectively). When analyzing mAP, YOLOv9t led with

54.6%, followed by YOLOv8n (54.0%). The mAP values for all models were close, ranging from

53.3% to 54.6%, indicating consistent performance in overall detection accuracy.

Table 5.16: Results on the performance metrics for Arbutus berry detection with image splitting.

Model Precision(%) Recall(%) F1(%) mAP(%)

YOLOv8n 86.0 91.5 88.7 54.0

YOLOv9t 89.2 90.7 90.0 54.6

YOLOv10n 89.6 90.0 89.8 53.4

YOLO11n 88.0 89.2 88.6 53.3

Table 5.17 presents the absolute detection results for Arbutus berry identification using the

image splitting technique. The test set used in this evaluation consists of 518 annotated berries,

the same as employed in Section 5.2.3.1.

Among the models analyzed, YOLOv8n stood out by achieving the highest number of TP,

with 474 correct detections, and the lowest number of FN, totaling 44. However, this model

also recorded the highest number of FP, with 77 occurrences. YOLO11n demonstrated balanced

performance, reaching 470 TP, 57 FP, and 48 FN, indicating a good trade-off between precision

and sensitivity. YOLOv10n achieved the lowest number of FP (54), with 466 TP and 52 FN,

indicating high precision, although with a slight increase in FN compared to YOLOv8n. Finally,

YOLOv9t obtained 462 TP, 63 FP, and 56 FN, maintaining consistent performance, but with FP

and FN values slightly higher than the other models.

Table 5.17: Detection results of Arbutus berry with image splitting.

Model TP FP FN

YOLOv8n 474 77 44

YOLOv9t 470 57 48

YOLOv10n 466 54 52

YOLO11n 462 63 56

Detection and Classification of Arbutus Berry Ripeness Level with image splitting
Table 5.18 summarizes the performance metrics for Arbutus berry detection and classification

using image splitting. All YOLO models demonstrated consistent and solid results regarding

precision, recall, F1-score, and AP for all classes.

YOLOv10n achieved the highest precision (88.5%) and F1-score (89.4%) for the red class,

indicating strong performance in detecting ripe berries. YOLOv8n showed the best F1-score for

the green class (82.6%) and the highest AP for green (52.6%), suggesting robust and balanced
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detection capabilities. For the yellow class, YOLOv9t led with the highest precision (90.7%) and

a strong F1-score (87.4%), while YOLOv8n and YOLOv10n also maintained competitive results.

Overall, the AP values ranged from 45.0% to 54.5% across the models, which are relatively

high compared to the values obtained with complete images, but still reflect the challenges posed

by the presence of tiny Arbutus berries. Despite these difficulties, the results demonstrate that all

YOLO variants provide reliable and effective performance for detecting and classifying Arbutus

berry ripeness stages when using image splitting.

Table 5.18: Results on the performance metrics for Arbutus berry classification and detection with
image splitting.

Model Class Precision(%) Recall(%) F1(%) AP(%)

YOLOv8n

Green 81.4 83.8 82.6 52.6

Red 82.6 91.5 86.8 45.0

Yellow 83.3 82.6 83.0 54.5

YOLOv9t

Green 79.7 80.9 80.3 51.2

Red 85.8 90.9 88.3 46.6

Yellow 90.7 84.3 87.4 54.3

YOLOv10n

Green 83.1 79.4 81.2 50.3

Red 88.5 90.3 89.4 45.6

Yellow 82.9 84.3 83.6 53.6

YOLO11n

Green 80.6 79.4 80.0 50.3

Red 86.7 90.9 88.8 45.6

Yellow 86.5 83.5 85.0 53.4

Table 5.19 presents the detection and classification results for each ripeness class of Arbutus

berries using image splitting. The test set is the same as used for the Detection for Arbutus Berry

Ripeness Stage (section 5.2.2). The YOLOv8n model achieved the highest number of TP in the

red class (303) and strong results for green (57 TP). However, it also recorded the highest number

of FP in the red (64) and yellow (19) classes. YOLOv9t demonstrated a balanced performance,

with 301 TP for red, 55 TP for green, and 97 TP for yellow berries, while achieving the lowest FP

in the yellow class (10). YOLOv10n stood out for having the lowest FP in the green class (11) and

maintained competitive TP values across all classes, particularly in yellow (97 TP) and red (299

TP). However, it showed slightly higher false negatives (FN) in the green (14) and red (32) classes

compared to YOLOv8n.
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Table 5.19: Detection and classification results of Arbutus berry with image splitting.

Model Class TP FP FN

YOLOv8n

Green 57 13 11

Red 303 64 28

Yellow 95 19 20

YOLOv9t

Green 55 14 13

Red 301 50 30

Yellow 97 10 18

YOLOv10n

Green 54 11 14

Red 299 39 32

Yellow 97 20 18

YOLO11n

Green 54 13 14

Red 301 46 30

Yellow 96 15 19

5.3 Discussion

When comparing the detection and classification approach (Tables 5.12 and 5.13) with the

three class detection approach (Tables 5.6 and 5.7), it becomes evident that the two-stage method—combining

general detection followed by separate classification—yields better overall performance, this dif-

ference is primarily due to the distinct annotation strategies employed in the datasets used for

training each model.

In the detection followed by classification approach, the detection model was trained with

annotations corresponding to all visible Arbutus berries, including those whose color was not

distinguishable due to adverse conditions such as poor illumination, occlusion, or distance. Con-

versely, the three class detection models were trained exclusively on berries with clearly identifi-

able ripeness stages, thus limiting the representativeness of the training data and resulting in lower

TP values.

This distinction directly influences the models’ detection capabilities: general detection mod-

els exhibit more TP as they can detect more Arbutus berries under challenging environmental

conditions, even when color classification is not feasible. Subsequently, by applying a dedicated

classifier to the detected fruits, it is possible to determine the ripeness stage accurately.

Overall, the two-stage approach, general detection followed by classification, not only achieves

broader detection coverage but also enhances the precision of ripeness classification compared to

the three class detection models. These findings highlight the greater robustness and effectiveness

of the detection and classification strategy, particularly in complex real-world scenarios where

fruit visibility and distinguishability are variable.

When these same approaches are compared using image splitting (Tables 5.18 and 5.19 versus

Tables 5.14 and 5.15), the differences between the methods become less pronounced than when
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using full images. This is because, by dividing the images into smaller segments, the models can

detect more fruits. Nevertheless, the detection followed by classification approach still identifies

more fruits than the direct three-class detection. However, it is essential to note that many of these

additional detections, when passed to the classifier, are classified as false positives (FP) since the

ripeness class cannot be reliably determined.

Comparing the image split strategy with the standard full-image approach, it is clear that image

splitting significantly reduces the number of FN for the YOLO models—on average, cutting this

number in half. However, this improvement comes at the cost of an increase in FP, as the models

are more likely to confuse trunks and dried flowers with berries.

In summary, while the image split approach helps YOLO models by reducing missed de-

tections, it also increases the risk of FP. Across all experiments, RT-DETR-L remains the most

balanced model, nearly matching the TP and FN rates of all YOLO models with image splitting,

but with fewer FP, confirming its robustness and reliability in multi-class Arbutus berry detection.



Chapter 6

ArBeH-Harvesting robotic tool

This chapter focuses on the design of the manipulator, beginning with the creation of a simu-

lated Arbutus plantation environment, followed by the control of the manipulator and the develop-

ment of algorithms for the considered harvesting methods, namely suction, cutting and gripping.

The results of the simulations are presented, along with a discussion of different control strategies

and movement optimization techniques, always aiming to maximize harvesting efficiency and

minimize damage to the plant. This framework enables the evaluation of the manipulator’s perfor-

mance in various scenarios, helps identify limitations, and supports the proposal of improvements

toward practical application in real-world environments.

6.1 Simulation Environment

A virtual simulation environment was developed using Webots to test and validate the pro-

posed solution in this project. This virtual environment, shown in Figure 6.1, was designed to

replicate the main features of an Arbutus tree plantation with terraces, including gentle ramps

that allow transitions between different levels. This configuration is essential for analyzing the

manipulator’s performance in scenarios resembling real field conditions.

Figure 6.1: Simulation environment of Arbutus tree plantation.

59
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In the developed scenario, an existing Modular-E robot from the TRIBE laboratory was used,

with control previously implemented via a joystick. The robot is manually operated, moving

parallel to the trees, stopping beside each tree to perform the harvesting task.

Trees with dimensions similar to those of the Arbutus tree were used to ensure a realistic ap-

proximation of the agricultural environment. To simulate the Arbutus berries, spheres of different

diameters were distributed on the trees, representing the natural variability in fruit size. Addi-

tionally, the spheres were colored differently to simulate the various ripening stages of the fruit,

allowing for the testing and validation of algorithms for identifying and selecting ripe fruits.

The use of Webots enabled the creation of an environment not only visually close to reality

but also with precise configuration of the physical properties of objects, such as mass, friction,

and texture, providing a faithful simulation of the manipulator’s behavior and the elements of the

environment. In this way, it is possible to conduct various tests and adjustments to the robotic

system before its application in the field, optimizing future development processes and reducing

costs and risks associated with real-world validation. Furthermore, this approach made it possi-

ble to evaluate which system configurations are most adaptable and to identify the most efficient

harvesting method.

Therefore, constructing this virtual environment was a fundamental step to ensure the robust-

ness and effectiveness of the proposed solution, allowing the identification and correction of pos-

sible system limitations in a controlled and repeatable context.

6.2 Manipulator Design

Due to the kinematic and dynamic complexity of manipulators with multiple DoF, develop-

ing more sophisticated control algorithms becomes necessary. However, considering the specific

challenges of arbutus berry harvesting, such as the irregular positioning of the fruits and the dense

surrounding vegetation, a manipulator with greater flexibility and angular reach is required. The

design of this manipulator was based on an existing model previously developed in the laboratory,

adapted to meet the specific demands of this agricultural application.

The developed manipulator features three degrees of freedom, all of the Revolute-Revolute-

Revolute (RRR) type. This configuration was chosen due to its high flexibility and wide angular

reach, which are essential attributes for effective operation in complex agricultural environments.

The RRR manipulator allows the robotic arm to perform movements in multiple planes and angles,

making it easier to access arbutus berries even when they are located in hard-to-reach places or

partially hidden by leaves and branches. Each of the two main links of the manipulator has a

length of one meter, providing the system with significant reach. Figure 6.2 shows the structure of

the manipulator in its resting position, with all three links aligned vertically.
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Figure 6.2: Manipulator structure.

To increase the autonomy and efficiency of the system, two cameras were integrated into the

manipulator. The first camera is positioned at the manipulator’s base and is used to detect arbutus

berries on the tree. This camera provides a global view of the workspace, enabling the identifica-

tion and localization of the fruits to be harvested through computer vision algorithms. The second

camera is installed at the end of the manipulator and is used for fine adjustments during the ap-

proach to the fruit. This approach allows for the correction of deviations and ensures the precise

positioning of the harvesting mechanism relative to the arbutus berry, thereby increasing the suc-

cess rate of the operation. Additionally, two sensors are mounted at the top of the manipulator to

prevent collisions with the surrounding vegetation or other obstacles. These sensors provide real-

time feedback about the proximity of objects near the end-effector, enabling the system to make

immediate adjustments and avoid unintended contact. This combination of visual and proximity

sensing significantly enhances the safety and reliability of the harvesting process, especially in

dense and unstructured environments.

Regarding the harvesting mechanism, although a definitive end-effector has not yet been de-

veloped, the manipulator was designed to support two distinct harvesting methods, both of which

were simulated in the development environment to evaluate the viability and efficiency of different

approaches:

• Suction Method: This method uses a vacuum device attached to the end-effector, which

sucks in the arbutus berry once it has been identified and properly positioned. A cutting

mechanism is activated when the fruit is inside the suction tube, allowing for controlled

detachment of the berry without causing damage. This method offers advantages in terms

of speed and reduces direct physical contact with the fruit; however, it may not always

guarantee the integrity of the berry due to the suction process.
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• Cutting and Gripping Method: In this approach, the end-effector consists of a gripper

that holds the arbutus berry and a pair of scissors that cut the stem. After harvesting, the

manipulator transports the fruit to a basket, simulating a process closely resembling manual

harvesting. Although this solution is slower, it may be more suitable when it is important to

ensure the integrity of the Arbutus Berry.

6.2.1 Angle Calculation

The kinematic analysis of the manipulator is essential for determining the position and orienta-

tion of the end-effector based on the joint angles (direct kinematics) and, conversely, for calculat-

ing the angles required to reach a desired position (inverse kinematics). For this purpose, a model

based on the Denavit–Hartenberg (DH) convention was adopted, which facilitates the definition

of local reference frames on each link of the manipulator. The kinematic configuration used was

inspired by the model presented in [45], and is illustrated in Figure 6.3
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Figure 6.3: Coordinate frames attached to the manipulator.

Direct kinematics consists of calculating the position and orientation of the end-effector from

the joint angles. For the proposed manipulator, the DH parameters are organized in Table 6.1.

Table 6.1: Forward Kinematic.

i ai αi di θi

1 0 90° d θ1

2 l1 0 0 θ2

3 l2 0 0 θ3

where i is the number of the link and:

• ai is the distance between the axes Zi and Zi−1,

• αi is he angle between the axes Zi and Zi−1,
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• di is the distance between the axes Xi and Xi−1,

• θi is the angle between the axes Xi and Xi−1.

Inverse kinematics is the process of determining the joint angles (θ1, θ2, θ3) of a desired

end effector position (x,y,z). This calculation is more complex due to the non-linear nature of

the equations involved. To facilitate the calculation of the joint angles, lateral and top views

of the manipulator were created, geometrically illustrating the relationships between the system

parameters and assisting in determining the angles from the desired end-effector position. The

lateral and top views of the manipulator, which support the calculation of the joint angles, are

shown in Figure 6.4a and 6.4b, respectively.
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(b) Lateral View.

Figure 6.4: Geometric representation of the manipulator for inverse kinematics calculations.

The first angle, θ1, determines the orientation of the manipulator in the horizontal (XY) plane,

directing the arm toward the position of the fruit. This angle is calculated based on the projec-

tion of the end-effector’s final position onto this plane. Figure 6.4a presents this top view of the

system, which is fundamental for understanding the influence of θ1 on the manipulator’s overall

orientation. on the global orientation of the manipulator.

θ1 = atan2(y,x) (6.1)

After the base rotation has been set, the subsequent calculations are carried out in the plane

established by this orientation—a two-dimensional plane that contains the links l1 and l2. Figure

6.4b shows the side view of the manipulator, making it easier to visualize the vertical positioning

of the links and the influence of the angles θ2 and θ3.
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r =
√

x2 + y2 (6.2)

z = s+d ⇔ s = z−d (6.3)

h2 = r2 + s2 (6.4)

These parameters represent the projection of the horizontal distance from the base to the end

point (r), the vertical offset (s), and the total distance between the base and the target point (h).

By applying the law of cosines to the triangle formed by the arms l1, l2 e h, we obtain:

h2 = l2
1 + l2

2 −2l1l2cos(π −θ3) (6.5)

⇔−cos(θ3) =
−h2 + l2

1 + l2
2

2l1l2
(6.6)

⇔ cos(θ3) =
x2 + y2 +(z−d)2 + l2

1 + l2
2

2l1l2
(6.7)

sen(θ3)
2 + cos(θ3)

2 = 1 (6.8)

⇔ sen(θ3) =±
√

1− cos(θ3)2 (6.9)

θ3 = atan2(±sen(θ3),cos(θ3)) (6.10)

This angle corresponds to the elbow flexion and defines the relative configuration between

the two links of the manipulator. The calculation determines the precise angle required for the

arm to reach the distance h, considering the lengths of the links. There are two possible solutions

for θ3, which correspond to the elbow-up and elbow-down configurations, respectively. In this

case, the negative angle was chosen to achieve the desired arm movement because, due to the

specific design and construction of the manipulator, it is not capable of operating in the alternative

configuration. The manipulator can only function effectively within the negative region of the

configuration space.

The difference between the two auxiliary angles determines the angle θ2:

θ2 = β −α (6.11)

α = atan2(l2sen(θ3), l1 + l2cos(θ3)) (6.12)

β = atan2(s,r) = (z−d,
√

x2 + y2) (6.13)

Here, α represents the internal angle of the triangle formed by the links, while β is the angle

between the baseline and the line connecting the base to the target point. The difference between

these two angles determines the value of the second joint angle, θ2. Since α is directly affected by

the value of θ3, any change in the elbow angle influences the calculation of θ2. This ensures that
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the orientation of the first link is appropriately adjusted to position the elbow, taking into account

the curvature introduced by the second link.

Applying these equations enables the precise calculation of the joint angles required to position

the manipulator’s end-effector at any point in three-dimensional space. This inverse kinematics

approach is fundamental for real-time control, ensuring the precision and flexibility necessary

for selective fruit harvesting in complex agricultural environments. The resting position of the

manipulator in the simulator is given by θ1 = 0°, θ2 = 90°, and θ3 = -166.2°, as shown in Figure

6.2.

6.2.2 Camera

For the robotic manipulator to interact with objects detected by the vision system, it is essential

to transform the coordinates of detected points in the image plane (u, v) into coordinates in the

manipulator base reference frame (xm, ym, zm). This transformation enables precise localization

and manipulation of objects within the robot’s workspace. The camera used in this system has

a resolution of 640×480 pixels and a field of view (FoV) of 1 radian, which is equivalent to

approximately 57.3°. The camera is positioned with a translation of 6 cm along the Z-axis and is

rotated by 15°around the X-axis.

The relationship between the pixel coordinates (u, v) and the 3D coordinates in the camera

reference frame (xcam, ycam, zcam) and the pixel coordinates (u, v) is described by the pinhole

model, represented by the following matrix equation:

α

u

v

1

=

 fx 0 cx

0 fy cy

0 0 1


xcam

ycam

zcam

 (6.14)

where:

• α = zcam = Z is the point’s depth relative to the camera,

• cx and cy are the coordinates of the optical center in pixels,

• fx and fy are the focal lengths in pixels (calculated from FoV and resolution).

cx =
w
2
, cy =

h
2

(6.15)

fx =
w

2tan(FoV
2 )

, fy =
h

2tan(FoV
2 )

(6.16)

To estimate Z, the method in Figure 6.5 was used, where D is the distance from the manipulator

frame of reference to the tree, and the angle θ is the camera tilt relative to the ground plane.
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Figure 6.5: Depth estimation geometry using a tilted camera and image projection.

Z′ =
D

cos(θ)
(6.17)

d = tan(θ)∗
(
(v− cy)∗ Z′

f y

)
(6.18)

Z = Z′+d (6.19)

By inserting the equation 6.14, to is possible to obtain the camera coordinates from the pixel

values: xcam

ycam

zcam

= Z

 fx 0 cx

0 fy cy

0 0 1
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 (6.20)

The transformation of the camera coordinates to the manipulator base reference frame is done

using the rotation matrix R and the translation vector t, which define the position and orientation

of the camera relative to the manipulator.xcam

ycam

zcam

= R

xm

ym

zm
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ym
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= RT

xcam

ycam

zcam

− t (6.21)
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Z

− t (6.22)

In this way, it is possible to obtain the actual three-dimensional coordinates of a point observed

in the image, expressed in the reference frame of the manipulator base. This enables the robot to

plan and execute actions with precision in the physical space.

6.3 Manipulator Controller

The state machine of the manipulator controller was developed to manage all stages of the

autonomous harvesting process, controlling both the movements of the manipulator and the actions

of the end effector (Figure 6.6). Although the end effector is not yet implemented in the simulator,

the structure of the state machine is already prepared to integrate this component in the future.

This state machine covers the entire process from the initial detection of the fruits to the final

storage, ensuring the sequential and coordinated execution of each phase of the harvesting process.

As previously described, two distinct approaches were considered for the harvesting process: one

based on suction and the other on cutting and gripping. In the state machine, this distinction is

visible through the two paths represented: the blue path corresponds to the suction simulation,

while the red path refers to the cutting and gripping simulation.

Since the process is being simulated, both approaches were integrated into a single state ma-

chine, allowing the user to select the desired mode of operation. If this system were to be applied

in a real scenario, it would be necessary to separate the state machine into two distinct controllers,

each dedicated to a specific harvesting method. This flexibility ensures that the controller can be

easily adapted to different operational requirements and types of tools.
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Figure 6.6: Manipulator controller state machine. The blue path illustrates the sequence of states
followed during the suction harvesting method, while the red path shows the sequence for the
cutting and gripping method.

The Manipulator control state machine is composed of the following states and their respective

actions:

• Idle: The robot moves parallel to the trees. When it arrives at a tree, it stops. The operation

mode for harvesting is then selected.

• Perception: The system detects the Arbutus berries and creates a list of the detected fruits.

• Control: The manipulator moves to the position of the detected fruit.

• Harvest: The end effector harvests the fruit.

• Store: The manipulator moves to the storage basket

• Gripper: The gripper releases the fruit into the basket.

And by the following transitions:
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• Ready for Operation: If the robot is correctly positioned at the tree, it sends a command

to the manipulator controller indicating readiness for operation and specifies the operation

mode.

• Fruits Detected: If fruits are detected, the manipulator controller receives a list of the

detected points.

• At Fruit Position: If the manipulator is in the correct position to harvest the fruit.

• Move to Storage: If the gripper has already picked the fruit.

• Release Fruit: If the manipulator is at the basket position

• Move to Next Fruit: If the manipulator has already harvested the fruit and there are more

fruits to pick, it proceeds to the next one.

• Operation Complete: If there are no more fruits to harvest.

6.3.1 Perception

In the context of the developed robotic harvesting system, one of the fundamental states in

the state machine is the perception state. This state is responsible for the precise localization of

arbutus berries, a crucial step to ensure the efficiency and autonomy of the harvesting process.

Accurate fruit detection and localization are essential for guiding the manipulator to interact with

the target objects, enabling reliable and collision-free picking actions. In this state, a ROS topic

is subscribed to, which contains an ordered list of the pixel coordinates of the detected arbutus

berries. This list results from a detection and planning process implemented in a Python script

(HVP) that operates in real time.

The process for creating this list begins by subscribing to a ROS2 topic associated with the

camera image mounted at the manipulator’s base. The captured image is processed by a pre-trained

YOLO model, which can detect and classify Arbutus berries according to their ripeness stage. This

model is one of those discussed in Chapter 5, enabling the identification of multiple fruits within

the same image, distinguishing between green, yellow, and red Arbutus berries. After detection

and classification, green berries are automatically ignored, as they are not intended to be harvested

at this stage of ripeness. Depending on the user-defined configuration, yellow berries can also be

excluded from the harvesting list. Only fruits deemed suitable for harvesting are selected, with the

centroid of each one calculated and stored in a list for subsequent processing.

To optimize the trajectory of the robotic manipulator, the order in which the fruits are visited

must minimize the total path length. For this purpose, a planning algorithm based on the solution

of the Traveling Salesman Problem (TSP) is applied. The TSP is a classic problem in graph theory,

where the goal is to determine the lowest-cost path that visits all points (in this case, the centroids

of the fruits) and returns to the starting point. The algorithm implemented to solve the TSP uses

dynamic programming with bitmasking and follows these steps:
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• Calculation of Euclidean Distances: A distance matrix is generated, where each element

represents the direct (Euclidean) distance between two centroids. This is computed using

the Pythagorean theorem, allowing efficient lookup of distances during the optimization

process.

• Dynamic Programming with Bitmasking: The core TSP solution employs dynamic pro-

gramming combined with bitmasking to represent all possible subsets of visited centroids

efficiently. The main function maintains a memoization table that stores the minimum cost

for each combination of the current centroid and the set of visited centroids (represented as

bitmasks). State transitions are performed by considering all possible next centroids that

have not been visited, updating the minimum cost accordingly. An auxiliary matrix records

the optimal choices at each step, enabling path reconstruction later.

• Reconstruction of the Optimal Path After computing the minimum total cost, the optimal

sequence for visiting the centroids is reconstructed using the auxiliary matrix. This results

in an ordered list of centroids, defining the robotic manipulator’s most efficient harvesting

route.

Figure 6.7 illustrates the final result of ordering the centroids of the detected red Arbutus berries,

showing the optimal sequence calculated for the path of the robotic manipulator.

Figure 6.7: Optimal harvesting sequence of detected berries.

The ordered list of centroids is then published on a dedicated ROS2 topic, as a Polygon mes-

sage. Other system modules can consume this message, notably the robotic manipulator controller,

which uses the sequence to harvest the fruits in the most efficient order. This approach is especially
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relevant in robotic harvesting systems, as it significantly reduces the time and energy consumption

of operations, optimizing the system’s overall performance. Integrating computer vision, trajec-

tory planning, and data publishing in ROS2 enables robust, scalable, and adaptable automation to

different agricultural scenarios.

6.3.2 Control and Harvesting

In the Control state, the manipulator begins processing the list of detected fruits received from

the previous state. The first point in the list is selected, and the transformation of the detected

fruit’s centroid coordinates from pixels to the manipulator base reference frame (section 6.2.2) is

calculated. With these 3D coordinates, the joint angles are calculated through inverse kinematics

(section 6.2.1). After obtaining the necessary angles, they are applied to the manipulator’s joints,

which move to the defined position. Arrival at the position is confirmed by position sensors present

in each joint. Once the manipulator reaches the desired configuration, the state machine advances

to the next state, Harvest, where the end effector acts.

The manipulator’s behavior in the Harvest state is determined by the harvesting method the

user selects before the process begins determines the manipulator’s behavior in the Harvest state.

This selection is made through the operation mode variable, allowing the user to switch between

the available harvesting methods flexibly.

• Suction Method: After the manipulator reaches the fruit’s position, the suction and pedun-

cle cutting simulation is performed, with a 1s wait time to represent the execution of these

actions. If more fruits are in the list, the system automatically advances to the next point,

repeating the harvesting cycle; otherwise, it returns to the initial Idle state. This method

corresponds to the transitions marked in blue in Figure 6.6. The manipulator uses sensors at

the end of the arm to ensure operational safety and avoid collisions with the tree. Whenever

an obstacle is detected nearby, the system retracts the manipulator arm until the obstacle is

no longer identified, thus ensuring efficient operation and protecting both the equipment and

the fruits during harvesting.

• Cutting and Gripping Method

In this harvesting mode, the manipulator simulates grasping and cutting the fruit at the pe-

duncle, with a 1s wait to represent the execution of these actions. Once the fruit is harvested,

the system transitions to the Store state, where the manipulator moves to the storage basket,

whose position is fixed. Upon reaching the correct position, it advances to the Gripper state,

simulating the release of the fruit into the basket for 0.5s. If there are more fruits to harvest,

the system returns to the Control state to repeat the process; otherwise, it transitions back

to Idle. This method follows the red transitions in Figure 6.6. To minimize the risk of col-

lisions, the manipulator first adjusts its base joint to align with the direction of the detected

fruit before extending towards it. Additionally, proximity sensors are used as needed—if

an obstacle is detected, the manipulator will retract until the path is clear, ensuring safe and

efficient operation throughout the harvesting cycle.
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All the timers mentioned in this description are used to simulate the actuation of the end effec-

tor, which is not yet incorporated into this system. The timers serve as placeholders to represent

the duration of actions such as grasping, cutting, suction, and releasing the fruit, ensuring that the

state machine accurately reflects the sequence and timing of operations that will occur once the

real end effector is implemented.

6.4 Results and Discussions

Timed tests were conducted to compare the efficiency of the two Arbutus berry harvesting

approaches—suction and cutting with gripping—both with optimal trajectory planning (based on

the solution to the TSP) and without any planning (random order). The objective was to determine

not only which method is more time-efficient, but also whether planning the harvesting sequence

significantly contributes to the overall efficiency of the process.

Twenty-five experiments were conducted for each combination of harvesting methods and

execution strategies (with and without trajectory planning). The results are summarized in Table

6.2, which presents the maximum, minimum, and average times (in seconds) required to harvest

16 Arbutus berries distributed throughout the tree.

Table 6.2: Performance of harvesting methods with and without trajectory planning, in seconds.

With planning (s) Without planning (s)

Suction

Max 22.98 28.93

Min 22.02 26.56

Average 22.58 27.71

Cutting

and Gripping

Max 104.48 104.32

Min 103.46 103.62

Average 103.94 103.96

The results show that the suction method is considerably faster than the cutting and gripping

method, regardless of whether trajectory planning is used. With planning, the average time to

harvest the berries using suction was 22.58s, while without planning, this time increased to 27.71s,

a difference of approximately 23%. These data demonstrate that planning the harvesting order,

by optimizing the manipulator’s trajectory, significantly impacts process efficiency by reducing

unnecessary movements between fruits. Without planning, the manipulator moves less efficiently,

traveling from point to point in a random sequence, which results in a longer total operation time.

However, for the cutting and gripping method, the difference between the times with and with-

out planning is practically insignificant (103.94s and 103.96s). This is because, in this method, the

manipulator must move to the basket position after each harvest to deposit the collected berries,

making the order of visiting the fruits irrelevant in terms of total operation time. Therefore, plan-

ning the order of fruit visits does not significantly impact the overall efficiency of this method.
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Each of the tested methods presents distinct advantages and limitations. The suction method

was the most time-efficient, especially with trajectory planning. However, using suction may

compromise the fruit’s integrity, as the aspiration process can cause damage. This limitation may

restrict its application in situations where the quality of the final product is a critical factor. There-

fore, further studies in real-world environments are needed to assess the actual impact of suction

on fruit preservation.

On the other hand, the cutting and gripping method, although slower, ensures the fruit’s in-

tegrity by simulating the manual harvesting and careful storage process. The total time for this

method could be optimized by improving the location of the storage basket since, in the experi-

ments conducted, the basket was fixed at the rear of the robot. The operation time could be reduced

if the basket were positioned closer to the tree. Thus, new configurations for the basket position

can be explored to further increase the efficiency of this method.

The experimental results confirm that trajectory planning is essential for harvesting methods

in which the manipulator can pick multiple fruits sequentially, such as the suction method. In con-

trast, for processes that require constant returns to the storage point, like cutting and gripping, the

planning of the harvesting order has a negligible impact on the total time. The choice of harvest-

ing method should consider not only time efficiency but also the integrity and quality of the fruit,

making it necessary to tailor the solution to the specific context and the producer’s requirements.

Videos demonstrating the harvesting using the two implemented methods have been made

available. In these videos, it is possible to observe the movement of the manipulator during the

harvesting of the detected Arbutus berries. The fruit is considered harvested as soon as the manip-

ulator approaches it, which can be seen with the camera at the tip of the manipulator. These videos

can be accessed at the following link: https://drive.google.com/drive/Arbutus_Berry_Harvest.

https://drive.google.com/drive/folders/15RADTl3PM5z0vXksAmt8YbkQvOtPlWZf?usp=sharing
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Chapter 7

Conclusion and Future Work

The work developed in this dissertation represents a significant advancement in the automation

of Arbutus berry harvesting, as nothing had previously been explicitly designed for this crop,

a crop of high ecological and economic value, but which presents unique challenges due to its

morphology, dense canopy, and variability in fruit ripeness. The integration of computer vision

technologies, deep learning models, and robotic simulation enabled the proposal and validation of

a robust architecture for the detection, classification, and selective harvesting of Arbutus berries,

demonstrating that it is possible to achieve high levels of precision and efficiency even in complex

and dynamic scenarios.

The results demonstrate that the proposed architecture effectively addresses the unique chal-

lenges of Arbutus berry harvesting by integrating advanced sensing technologies, robust percep-

tion, and adaptive manipulation. Environmental data collection using LiDAR sensors and RGB-D

cameras enabled the creation of detailed and annotated datasets that reflect the variability of real-

world conditions, including dense canopies, occlusions, and different fruit ripeness stages. The

use of state-of-the-art deep learning models—such as RT-DETR-L and the Nano/Tiny versions of

the YOLO family—proved highly effective, achieving high precision and recall rates even with

small fruits, high density, and significant leaf occlusion. Two approaches were considered: (i) di-

rect detection of berries according to their ripeness stage and (ii) a two-step strategy consisting of

berry detection followed by separate classification. The results showed that the two-step approach

performed better, particularly in complex field scenarios. This superiority is explained by the fact

that the general detection followed by classification approach not only achieves broader detection

coverage but also significantly improves the precision of ripeness classification compared to direct

three-class detection models. For example, with the two-step approach, the YOLO11n classifier

achieved F1-scores above 97% for green and red classes and 96.9% for the yellow class, with

precision and recall values consistently above 95%, while the direct three-class detection models

showed lower recall and F1-scores—especially for the yellow class—and were more prone to con-

fusion between similar ripeness stages due to color similarities and environmental factors. This

separation allows each model to specialize: detection models optimize fruit localization, while

classifiers, working with cropped high-quality fruit images, better distinguish subtle differences in
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ripeness. Additionally, results show that even when image splitting is applied to YOLO models,

the RT-DETR-L model combined with the two-step approach remains the most effective overall,

confirming its superiority for both detection and classification of Arbutus berries in challenging

conditions

In the manipulation field, developing and simulating a robotic manipulator allowed for com-

prehensive testing of different harvesting strategies and configurations. The manipulator could

reach nearly all the fruits in the canopy, minimizing the risk of plant damage and validating the

feasibility of selective harvesting in complex environments. Although no physical end effector

was developed at this stage, two picking methods—suction and cut/grip—were designed and sim-

ulated to evaluate, in a virtual environment, which approach offers greater efficiency, considering

the advantages and limitations of each for Arbutus berry harvesting. Simulation results indicate

that, despite its potential limitations, the suction method combined with trajectory planning is the

fastest option for fruit collection. However, if maintaining the integrity of the Arbutus berry is a

primary objective, the cutting and gripping method proves more suitable, as it minimizes the risk

of fruit damage during harvesting. Thus, the choice between methods should balance operational

speed with the need to preserve fruit quality, depending on the specific goals of the harvesting

operation.

Despite the advances achieved throughout this work, challenges remain that point to several

lines of future research and development, which are essential for improving the proposed sys-

tem. Firstly, it is crucial to increase the size and diversity of the dataset by collecting more data

under different lighting conditions, seasons of the year, and varieties of Arbutus, to enhance the

generalization and robustness of the detection and classification models. The annotation process

for ripeness stages will be improved by employing a histogram-based method to distinguish the

maturation state of the berries more accurately. Additionally, other types of classification mod-

els will be explored to further improve the system’s accuracy and robustness. Regarding image

splitting, it is necessary to refine the image merging method used after image splitting to eliminate

duplications and false positives resulting from partial detections in the overlapping areas. It is also

important to validate the perception system in a real-world environment, ensuring its effectiveness

and robustness under real operational conditions. This step is crucial to verify whether the accu-

racy and robustness of the models are maintained or if adjustments are needed to achieve better

results.

In the manipulation field, there is a clear need to develop a dedicated end effector specifically

designed to cut and grasp Arbutus berries, considering their morphology and texture to ensure

efficient harvesting without damaging the fruit, especially the ripest ones. Likewise, designing an

optimized suction device is essential to minimize the risk of damage while enabling more efficient

harvesting. In simulation, different configurations and degrees of freedom of the manipulator can

still be tested. This will allow the identification of more efficient solutions, optimizing reach,

precision, and cycle time during harvesting Arbutus berries. These lines of future research and

development are essential for the system’s evolution, bringing it closer to practical application and

positively impacting sustainable agricultural production.
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In summary, this work contributes to advancing agricultural robotics in unconventional crops,

demonstrating the potential of selective and sustainable automation in Arbutus berry harvesting.

The challenges identified and the proposed directions for future work outline a clear path for

the system’s evolution, bringing it ever closer to practical application and a positive impact on

sustainable agricultural production.
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