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Abstract

This thesis explores the integration of artificial intelligence (AI)-based perception
and low-cost robotic manipulation for the autonomous harvesting of underexplored
high-value crops. Two case studies, edible flowers and blackberries, were investigated
to evaluate a modular pipeline combining detection, segmentation, pose estimation,

and robotic manipulation.

For edible flowers, the proposed framework, FloralAl, combined YOLOv5 de-
tection with the Segment Anything Model (SAM) for zero-shot segmentation and
semi-automatic annotation. Pose estimation was performed using principal compo-
nent analysis (PCA), while a novel plucking-point estimation method was introduced
based on inferred flower diameter. This strategy reduced reliance on large annotated

datasets and enabled generalization across different flower species.

For blackberries, 3D plucking-point estimation was achieved through ellipsoid
fitting combined with PCA-based pose estimation, enabling accurate localization
and orientation of berries within dense and irregular canopies. This perception
pipeline was coupled with a custom soft robotic gripper and a low-cost 6-DOF
arm, leading to the development of the first fully evaluated autonomous blackberry-
harvesting prototype. Task-based experiments confirmed successful autonomous
picking across berries with diverse orientations and positions, establishing replicable

benchmarks for future research in agricultural robotics.

The results highlight that while detection models exhibit moderate cross-crop
transferability, pose estimation and manipulation strategies require crop-specific
adaptations. The findings also emphasize the interdisciplinary nature of agricultural
automation: advances in robotics and AI must be complemented by crop research,
including plant architecture, growth patterns, and cultivation methods, to enable

scalable robotic harvesting.

Overall, this work demonstrates the feasibility of affordable and adaptable robotic
harvesting systems. It outlines key future directions, including large-scale dataset
generation, multi-modal sensing, real-world deployment, and crop-robot co-design,

thereby contributing to the foundation for more sustainable and resilient food pro-



duction systems.

Keywords: Deep neural networks, computer vision, precision farming, edible flow-

ers
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Chapter 1

Introduction

1.1 From Traditional to Modern Agriculture

The Food and Agricultural Organisation (FAO) of the United Nations has projected
that global food production will need to increase by approximately 70% by 2050 in
order to meet the nutritional demands of a population expected to reach nine billion
people [1]. Historically, agriculture has managed to keep pace with the growing de-
mand for food, despite a continuous decline in the share of the population employed
in the sector. In Italy, for instance, it is estimated that around 60% of the popu-
lation was employed in agriculture in 1861. However, following World War II, this
figure dropped sharply, falling below 10% by the early 2000s [2]. During the same
period, the per capita daily availability of calories increased substantially. At the
time of Italian unification, the average daily calorie availability, around 2,500 kcal
per person, including alcohol consumption, was only slightly above the threshold for
undernutrition (2,000-2,300 kcal/day). By the early 2000s, this figure had risen by
approximately 70%, reaching about 3,500 kcal per person per day [3].

This remarkable capacity to meet growing food demands despite a shrinking agri-
cultural workforce has been made possible by continuous technological innovation.
As illustrated in Fig. 1.1, agriculture has evolved through successive technologi-
cal revolutions—from traditional manual labor (Agriculture 1.0), to mechanization
(Agriculture 2.0), automation and computerization (Agriculture 3.0), and the inte-
gration of digital technologies such as the Internet of Things (IoT), sensors, and
cloud computing (Agriculture 4.0). Each phase has progressively enhanced produc-

tivity, efficiency, and sustainability while reducing dependence on human labor.

Today, agriculture stands at the threshold of a new transformation, Agricul-

ture 5.0, driven by Artificial Intelligence (AI), robotics, and human—machine collab-

1
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Figure 1.1: Evolution of Agriculture from traditional agriculture to Agriculture 5.0.

Figure from Bissadu et al. [4]

oration [4]. These emerging technologies aim to further optimize resource utilization,
improve decision-making, and support environmentally sustainable food production,

thereby addressing the complex challenge of feeding a growing global population.

Within this context, autonomous agricultural systems, and in particular robotic
harvesting technologies, are expected to become central topics of research and de-
velopment in the coming years. Smart agriculture represents a pivotal approach to
tackling two of the sector’s most pressing challenges: persistent labor shortages and

the growing demand for sustainable farming practices [5].

This trend is mirrored by the increasing attention from both academia and indus-
try. As noted by Hamrani et al. [6], publications on AI and robotics in agriculture
were relatively limited before 2018, but a marked surge has been observed since
2019. This growth is illustrated in Fig. 1.2, where red bars represent publications
indexed in Scopus, orange bars in the Web of Science (WoS), and blue bars in the
IEEE Xplore database.

A similar upward trend can be observed in patent activity. In the field of au-
tonomous devices for precision agriculture, the number of patents increased at an av-
erage annual rate of 10.4% between 2017 and 2021 [7]. Together, these academic and
industrial developments underscore the growing strategic importance of autonomous
agricultural systems and highlight their pivotal role in shaping the future of global

food production.
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Figure 1.2: Annual publication distribution from 2015 to 2025 across Scopus, WoS,
and IEEE. Figure adapted from Hamrani et al. [6].

1.2 Background and Motivation

As agriculture advances into the era of Artificial Intelligence and human—machine
collaboration, a critical challenge arises: ensuring that technological innovation is
equitably integrated across all segments of crop production. While staple crops
such as wheat and maize have undergone profound transformations through mecha-
nization, automation, and data-driven management, high-value crops remain largely
dependent on manual labor for key operations. High-value crop (HVC)s are non-
traditional agricultural products that offer significantly higher market value per unit
area than staple crops. Examples include vegetables, leafy greens, herbs, spices, ap-
ples, berries, and edible flowers [8]. A key distinguishing factor between HVCs
and traditional staple crops lies not only in their profit margins but also in their
level of mechanization. For crops such as wheat, maize, and potatoes, mechaniza-
tion has been adopted across the entire production cycle, from soil preparation and
seeding to harvesting, leading to significant gains in productivity, consistency, and
profitability [9, 10, 11]. Studies have shown that mechanization in staple crops
can substantially reduce labor costs while improving yield and economic efficiency,
particularly through increased cultivation area and more standardized crop manage-
ment practices [12, 13].

In contrast, the mechanization of HVCs remains limited. Due to the unique
morphological structures of many HVCs, such as irregular canopy forms and delicate
or easily bruised harvestable parts, the application of high-throughput mechanical
systems poses significant challenges [14]. As a result, operations such as harvesting
are still predominantly performed manually. This lack of mechanization contributes
to high labor requirements and input costs, particularly during harvest, which is

consistently reported as one of the most significant contributors to total production
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expenses in HVCs [15, 16].

As such, the introduction of advanced technologies for autonomous and intel-
ligent harvesting offers a promising pathway to substantially reduce these costs.
Robotic systems have shown potential in reducing labor dependency and operational
inefficiencies while maintaining crop quality during harvest [17, 18]. By automat-
ing the harvesting process, production costs can be lowered, which may directly
influence market dynamics, most notably by reducing the retail prices of high-value
crops. Given the high price sensitivity of consumer demand for fresh, nutrient-rich
foods, such reductions could improve accessibility [19, 20]. Simultaneously, grow-
ers would benefit from expanded market opportunities and increased revenue, as
reduced production costs improve profit margins and make high-value produce more

competitive in domestic and international markets [21].

Another key driver behind the adoption of robotics and autonomous systems in
high-value crop production, particularly in harvesting, is the persistent and worsen-
ing of labor shortage. Growers are facing increasing difficulty in sourcing sufficient,
reliable, and skilled seasonal workers [22, 23]. This labor scarcity not only disrupts
harvesting schedules but also threatens crop quality and overall farm profitability.
In this context, automation offers a compelling solution to bridge the labor gap and

ensure timely, efficient harvesting operations.

The panorama of High-value crops is quite vaste. While for certain of them
such as apples, tomatoes or green peppers, some solutions have been explored and
implemented, for some other less relevant crop in terms of market share, no solutions
have been explored. Among these crop, the following work will focus on two very
different and unique crop: edible flowers and blackberries. Indeed by being the
two crops so different this allows us to understand the robustness and generability
capabilities of the tested techniques. Moreover, both of these products introducing

autonomous harvester will be of huge impact.

1.3 Research Problem

A fundamental challenge in the development of autonomous harvesting systems for
high-value crops lies in the lack of research attention dedicated to underrepresented
crops. While several robotic harvesting solutions have been developed for main-
stream crops such as apples, strawberries, and tomatoes, these systems are typically
highly specialized, designed to suit the specific morphological and environmental
characteristics of a narrow set of crops [18, 24, 25]. In contrast, many other HVCs

remain largely untested, and it is not yet known to what extent existing systems can
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be generalized across species with different canopy structures, fruit presentations,

or harvesting conditions.

This issue is especially pertinent with regard to 3D pose estimation, which is
a core capability for robotic harvesting. Accurate pose estimation allows a robot
to localize and orient the target produce in complex environments. While recent
studies have achieved promising results in crops such as grapes, strawberries, and
tomatoes using deep learning and point-cloud fusion [26, 27, 28], the robustness and
adaptability of these models across diverse crops has not been fully explored. Only a
few recent efforts, such as those focusing on blackberries and roses, have attempted

to extend these techniques to underrepresented crops [29, 30].

Another critical challenge in the development of autonomous harvesting systems
lies in their perception. These systems rely heavily on computer vision architectures
and sensor fusion strategies, which typically combine RGB imagery with depth data
from stereo or Time of Flight (ToF) cameras, and in some cases, Light Detection
and Ranging (LiDAR) or hyperspectral sensors, to generate a 3D understanding of
the scene [31, 28, 32].

Despite recent advances in deep learning, one of the most significant limitations
remains the dependence on large volumes of high-quality annotated training data.
Producing such data manually is both time-consuming and costly. While synthetic
data generation has been proposed as an alternative, its effectiveness in generalizing
across diverse crop types and real-world conditions is still limited and requires further
validation [30].

To address this, recent research has turned to semi-automatic annotation pipelines
powered by foundation models such as the SAM, self Dlstillation, NO labels (DINO)v2,
and Contrastive Language-Image Pre-training (CLIP). These models have demon-
strated strong zero-shot and few-shot capabilities, making them well-suited to assist

in dataset creation with minimal manual supervision [33].

Addressing these gaps, particularly by evaluating pose estimation techniques
on morphologically diverse crops and developing new semi-automatic annotation
pipelines using foundation model architectures, is essential for broadening the im-
pact, scalability, and practical applicability of autonomous harvesting technologies

in high-value crops.
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1.4 Research Challenges and Open Issues

Despite recent advancements in autonomous harvesting systems, several critical chal-
lenges remain open. One major issue is the high degree of variability in field con-
ditions, including factors such as occlusions from foliage, inconsistent lighting, and
complex backgrounds. These elements significantly reduce the robustness and re-
liability of computer vision models that perform well under controlled conditions.
Another key challenge is the seasonality of crop availability, which limits both data
collection and testing opportunities to narrow time windows during the growing
season. This not only slows down development cycles but also complicates the
transition from laboratory testing to real-world deployment, as domain adaptation

between in-lab and in-field scenarios remains non-trivial.

Additionally, there is an ongoing need to design and engineer crop-specific end-
effectors. As demonstrated in this work through the implementation of a soft in-
flatable gripper tailored for blackberry harvesting, a one-size-fits-all approach is cur-
rently not feasible. Different crops present varying physical characteristics—such
as size, shape, fragility, and detachment resistance—which necessitate customized
mechanical solutions to ensure safe and effective harvesting. Addressing these chal-
lenges is essential for advancing the scalability, generalizability, and practical de-

ployment of autonomous systems in high-value crop production.

1.5 Research Objectives

The primary objective of this work is to design, develop, and validate a complete
robotic harvesting pipeline capable of autonomously executing the key stages of
crop perception and manipulation. In addition to achieving reliable harvesting per-
formance, particular emphasis is placed on ensuring the pipeline’s adaptability and
transferability across morphologically diverse high-value crops. To this end, the re-
search focuses on evaluating the generalizability of 3D pose estimation techniques
across two representative case studies, blackberries and edible flowers. In parallel,
the study investigates the integration of foundation models into semi-automatic an-
notation pipelines to accelerate dataset generation and minimize manual labeling
efforts. Collectively, these research directions aim to advance the development of
scalable, versatile, and efficient robotic harvesting systems that can be applied to a

broad spectrum of underrepresented HVCs.
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1.6 Contributions of this Work

This research presents the development of an Artificial Intelligence (Al)-based vision
framework designed to support robotic harvesting across a variety of high-value crop

species.

A major contribution of this work is the integration of multiple AI modules,
specifically for object detection, 3D pose estimation, and plucking point estimation,
into a unified and modular pipeline capable of operating effectively across morpho-
logically diverse crops. The framework leverages machine learning methods that
require minimal or no additional training data, relying on few-shot and zero-shot
approaches to enable rapid deployment across new crop types. These approaches are
also applied to the development of a semi-automatic annotation pipeline, which har-
nesses the generalization capabilities of foundation models to generate high-quality
labeled datasets, significantly alleviating the burden of large-scale manual annota-
tion. Additionally, a novel plucking point estimation method is introduced, based

on indirect inference from a curated dataset of flower morphology measurements.

A further key contribution of this work is the design, implementation, and eval-
uation of a complete robotic harvesting system tailored for blackberry picking. This
system incorporates a custom soft inflatable gripper, a low-cost 6-degree-of-freedom
robotic arm, and a dual-camera vision-based control strategy. The full pipeline has
been systematically tested under realistic conditions, and its performance has been
evaluated using objective, structured metrics. The results demonstrate not only
the feasibility of deploying affordable and adaptable robotic harvesting solutions
for underrepresented high-value crops but also provide a benchmark methodology
for future research. This benchmark aims to support reproducibility and foster the
development of standardized evaluation protocols within the domain of agricultural

robotics.






Chapter 2

Modular Harvesting Framework

2.1 System Architecture Overview

The harvesting framework was implemented using a modular architecture to ensure
adaptability and support a structured development process. The work focuses on two
key crops: edible flowers and blackberries. These were chosen not only because they
are high-value crops (HVCs), but also because their long harvesting periods provide
ample time for data acquisition and system testing without being constrained to a

narrow time window.

In addition, the two crops are morphologically quite different, which allows for
testing the generalizability of the system. Edible flowers, in particular, encompass a
wide variety of species, resulting in significant variability and further emphasizing the
need for a flexible and easily adaptable framework. This modular approach ensures
both adaptability across diverse crop morphologies and a structured workflow that

facilitates linear development and effective debugging.

As illustrated in Fig. 2.1, the pipeline begins with data acquisition, achieved
either through targeted collection campaigns or by integrating publicly available
datasets, followed by refinement of object detection architectures and, where re-
quired, segmentation. The subsequent module performs 3D pose estimation by
combining RGB imagery with point cloud data to accurately localize and orient
target crops. Building on this perception layer, the final module manages robotic

manipulation, executing the harvesting action through crop-specific end-effectors.

This structured design supports the evaluation of generalizability across different
crop types and forms the foundation for the robotic prototypes developed and exper-
imentally validated in this study. The following sections describe in detail the main

modules of the framework, focusing on the vision and manipulation components that
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Figure 2.1: Modular harvesting framework with three stages: data acquisition (RGB-
D collection and point cloud isolation), vision (detection, segmentation, and 3D pose
estimation), and manipulation (robotic arm with crop-specific gripper). Blackberries

are shown only as a representative example.

enable perception-driven autonomous harvesting.

2.2 Key Contribution of the Framework

This work advances the state-of-the-art in autonomous harvesting by introducing
both methodological innovations and technical implementations across detection,

pose estimation, and robotic manipulation.

At the methodological level, the framework integrates multi-modal perception by
combining RGB and depth information in a unified pipeline that performs detection,
segmentation, and 3D pose estimation. To improve robustness and adaptability,
task-specific detection models, namely FLOLO and Berr-YOLO, were developed us-
ing multi-stage transfer learning and domain-adaptive fine-tuning. Additionally, the
framework leverages foundation models such as the Segment Anything Model (SAM)
to enable zero-shot segmentation and streamline annotation processes. To ensure
consistent instance-level segmentation in cluttered scenes, a mask-selection strategy
based on centroid proximity was implemented. Complementing these perception in-
novations, a modular and sequential approach for approach and detachment motion

planning was designed to guarantee safe, collision-free harvesting.

From a technical perspective, the framework features a perception pipeline ca-
pable of estimating six-degree-of-freedom (6-DoF) object poses for a wide range of
crops. Iterative inverse kinematics strategies were developed for both approach and
detachment trajectories, including mechanisms to handle kinematically unreachable
poses. The system demonstrates real-time performance using RGB-D sensing in com-

bination with YOLO-based detection, maintaining robustness even when exposed
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to out-of-domain images. Moreover, the modular architecture allows the seamless
incorporation of new crops, end-effectors, or sensing modalities without the need
for significant reengineering. Collectively, these contributions establish a flexible,
scalable, and practically feasible framework for perception-driven autonomous har-

vesting.

RGB-D Camera

RGB Image Depth Point Cloud

video stream

depth stream
Detection & Segmentation

mask
Point Cloud
Segmentation

segmented cloud

Perception Pipeline

Refine data

i

Pose Estimation

i

pose (R,t)

Figure 2.2: Overview of the perception pipeline for target pose estimation. The
RGB-D camera provides synchronized color and depth data, which are processed
through detection, segmentation, and point-cloud refinement stages to estimate the

object pose represented by the homogeneous transformation matrix T.

2.3 Vision Module

The vision module forms the perception layer of the harvesting framework. Its pur-
pose is to detect and localize target crops by estimating their six-degree-of-freedom
(6-DoF) pose in the robot’s coordinate frame. As shown in Fig. 2.2, the perception

pipeline begins with RGB-D data acquisition. The RGB stream is processed by a
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detection and segmentation network that isolates the target crop within the image
plane. The segmentation mask is then used to filter the depth map, generating a

corresponding 3D point cloud of the target item.

Subsequent point-cloud refinement removes noise and outliers, ensuring an ac-
curate geometric representation of the target. Finally, the pose estimation module
computes the object’s transformation with respect to the camera frame, represented

by the homogeneous transformation matrix T:

i1 Tiz Tiz Uy
T T T t
T |21 T22 T2z by
T31 Tga Tsz U,
0 0 0 1

The estimated transformation provides the position and orientation of the target,

which serve as the input for the manipulation module.

2.4 Manipulation Module

The manipulation module governs the harvesting action by transforming the esti-
mated target pose T into executable motion commands for the robotic arm and its
end-effector. As illustrated in Fig. 2.3, this module generates both the approach

and detachment trajectories required for safe and efficient item retrieval.

The key transformation matrices are resolved through an inverse kinematics
(IK) algorithm, which computes the corresponding joint-space coordinates of the
manipulator. Specifically, T represents the estimated rotation and translation (R, t)
of the approach point toward the target item. To model the detachment motion, a

sequence of translated poses T is generated along the local picking axis, defined as:

Ti1 Tig Tig Ly

T — T2t T2 T2 by +1ry;

T3y Tgp Tag tp+lrg
0 0 0 1

where [ denotes the translation distance along the local end-effector axis, ap-
proximately corresponding to the characteristic length of the item being harvested.
The resulting configurations derived from T and T’ are used as inputs for the path-

planning and detachment-planning submodules.

Both submodules operate iteratively. The approach path submodule refines the
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trajectory across a set of interpolated points within the planned path, ensuring
smooth and collision-free motion. The detachment submodule performs iterative
planning over the points defined in the detachment trajectory, which are deter-
mined from the inferred spatial coordinates of the target. The detachment phase
(“Grab Item”) is executed only after the approach phase (“Approach Item”) has

been successfully completed, enforcing a safe and sequential manipulation process.

rin Ti2 T3t
_|ror ro2 Ta3z
r31 Ts2 T3z t

0 0 0 1

Detachment Submodule - Iterative

T i1 T2 T3 te+lrn
To1 Top Ty ty+ITy

T =
T3 T3o T3z t,+ LT
Approach Path - Iterative 81 82 83 1 .
(R,t) 4»{ Inverse Kinematicsl | R, t)
I plan
Path Detachment
Planning \&Qb Planning
0®Q
[a1,. .., am] e\“’b [di,.. . dnm]
s
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w3

Approach Item Grab Item

Figure 2.3: Overview of the manipulation architecture. The system computes the
approach and detachment trajectories from the approach pose T and a sequence of
translated poses T” generated along the picking axis. The approach and detachment
submodules operate iteratively: the approach path is refined over the number of
interpolated points in the planned trajectory, while the detachment process iterates
over the points defined in the item’s detachment planning. The resulting coordinate

sequences are used to execute the approach and grasp actions.

It is important to note that, during computation of the approach path, the in-
verse kinematics solver may occasionally fail to find a collision-free solution. Such
failures can occur when the pose T is kinematically unreachable due to self-collision,
interference with external objects, or when it lies outside the manipulator’s workspace.
In these cases, the algorithm automatically skips the current instance and proceeds

to process the subsequent one. A similar situation may arise during computation
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of the detachment path; however, since inverse kinematics is applied to configura-
tions that are spatially close, typically separated by only a few millimeters, a valid

solution is almost always found.
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Background and State of The Art

3.1 Smart Agriculture and Automation

The agri-food sector is currently confronted with a set of unprecedented challenges.
On one hand, global food production must increase to meet the needs of an ex-
panding population. On the other hand, consumer preferences are shifting toward
healthier and more sustainable dietary choices [34]. Concurrently, the sector is

constrained by a persistent shortage of skilled and reliable labor [35].

Technological innovation has the potential to address, or at least mitigate, the
pressing challenges in agriculture related to productivity, sustainability, and labor
shortages [36, 37]. Indeed, since the introduction of synthetic molecules, agriculture,
and in paticular HVCs have not experienced a significant technological revolution
[38, 39, 34]. One of the main obstacles lies in the complexity of agricultural en-
vironments: fields are inherently unstructured, with uneven terrain, variable crop
and canopy architectures, and constant exposure to unpredictable weather. These
conditions complicate machine operation and reduce the reliability of sensor-based
systems [40, 18]. Recent advances, however, are beginning to overcome these chal-
lenges by making technologies more robust and field-ready. For instance, Internet of
Things (IoT)devices can now collect and process in-field data in real time, enabling
farmers to make data-driven decisions that improve efficiency and reduce resource
waste [41]. Similarly, remote sensing technologies, particularly satellite-based mon-
itoring of parameters like soil moisture, canopy exposure, and microclimate con-
ditions, are increasingly integrated into precision farming workflows to optimize

irrigation, fertilization, and crop management [42].

In addition to sensing and decision-support technologies, robotics is becoming

central to precision agriculture. Collaborative robots, for instance, are being de-
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ployed in harvesting systems such as strawberry or raspberry picking, where robotic
carts transport yields and relieve human workers from physically demanding tasks
[43, 44]. This not only improves labor efficiency but also reduces the time harvested
fruit remains in the field, thereby enhancing postharvest quality [35]. Autonomous
harvesting robots, although promising, remain a technical challenge due to the del-
icacy of fruit handling and variability in crop conditions [18]. Nevertheless, other
robotic applications, such as autonomous sprayers, are increasingly adopted. By
dynamically adjusting spraying patterns in response to canopy density, wind con-
ditions, and vehicle speed, these systems reduce the use of phytosanitary products

while improving the timeliness and effectiveness of treatments [34, 45].

Taken together, these advancements illustrate a paradigm shift in agriculture:
from mechanization as a means of labor substitution toward Al-driven automation
and robotic systems that enhance precision, sustainability, and resilience in food
production [41]. These emerging technologies increasingly rely on Al and ML tech-

niques, which are now central to agricultural innovation

3.2 Artificial Intelligence and Machine Learning

in Agriculture

In addition to sensors and automation, recent advances also focus on the use of
AT and Machine Learning (ML) algorithms. These systems can be integrated with
the previously mentioned IoT devices, satellites, and other sensing technologies to

provide not only data insights but also predictive analytics [46, 47].

For instance, ML models have been widely applied to crop yield prediction, com-
bining historical datasets with sensor and satellite data. Muruganantham et al. [48]
provide a systematic review of ML and deep learning methods for yield forecast-
ing, while Joshi et al. [49] emphasize that models such as Random Forest (RF),
Artificial Neural Networks (ANN), and Convolutional Neural Networks (CNN) are
particularly effective for maize and soybean. Deep learning approaches, such as the
CNN-Recurrent Neural Networks (RNN) framework proposed by Khaki and Wang
[50], further demonstrate how yield can be forecasted with improved accuracy and
robustness. Such predictions are essential for farmers in managing risks associated
with pests and diseases, as well as in planning optimal harvest strategies. Yield fore-
casts support decisions on whether fruit thinning is needed, or when to harvest, in
order to maximize profits according to market absorption capacity. This predictive
capability also contributes to better logistics management and demand forecasting,

thereby reducing post-harvest losses.
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Timely treatment of pests and diseases is another critical factor in sustainable
farming, as it minimizes the use of phytosanitary products while increasing treat-
ment effectiveness. Al and ML systems can be deployed for both the detection and
forecasting of pest and disease outbreaks [51, 52, 53]. For example, in the case
of apple scab, predictive models use weather data and crop phenology to estimate
both the timing and severity of infections [54, 55]. This enables farmers to apply
treatments at precisely the right moment. In addition, computer vision algorithms
can be used to identify pests directly from crop imagery, providing another layer of

protection [56].

Further applications include weed detection, where computer vision techniques
allow for accurate identification of weed species, supporting efficient and targeted
weed management strategies [57, 58|. Similarly, Al-powered precision spraying sys-
tems can map crop canopy structures or identify specific treatment zones, ensuring
that phytosanitary products are applied exactly where needed [57]. A key enabler
of these Al and ML applications is computer vision, particularly through object

detection and segmentation

3.3 Vision-Based Detection and Segmentation

Vision-based algorithms constitute a cornerstone in the advancement of autonomous
agricultural systems. By enabling robots and AI/ML models to perceive and inter-
pret complex field environments, they provide critical inputs for downstream tasks
such as navigation, fruit harvesting, weed and pest detection [59, 60]. Since the
early stages of AI and ML research, computer vision has been a central focus, par-
ticularly in the areas of object detection and image segmentation. Object detection
involves identifying and localizing specific targets within images or video streams
[61], while segmentation goes a step further by delineating the precise boundaries
and shapes of those targets within a scene [62]. Together, these techniques form the
basis for high-resolution perception, which is indispensable for reliable and efficient

automation in agriculture [63].

3.3.1 Object Detection

Identifying and localizing objects in images or video streams is a fundamental task in
computer vision. Unlike simple classification, which only determines what is present
in an image, object detection provides the additional and crucial information of

where the object is located. This spatial understanding is pivotal for agricultural
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tasks such as weed detection, fruit picking, and yield estimation [42].

Early approaches relied on standard classification combined with sliding window
techniques, typically implemented in a two-stage process. In this framework, a
window is systematically moved across the image in a grid-search manner, and for
each window, a classification algorithm is applied. By merging the classification
results with the corresponding window coordinates, the system could determine
both the identity and location of objects. These methods were soon enhanced by
the introduction of CNN, which are particularly suited for image processing [64].
CNNs employ convolutional kernels to automatically extract hierarchical features
from images, while also exhibiting translation, rotation, and scale invariance. These
properties are crucial in agriculture, where the same object, such as a fruit or a leaf,
may appear in varying positions, orientations, or sizes. The combination of sliding
window techniques and CNNs led to the development of region-based methods such
as Recurrent Convolutional Neural Networks (R-CNN) and its improved variants,
including Fast R-CNN [65, 66].

Despite these advancements, sliding window-based approaches presented signifi-
cant drawbacks. Scanning the entire image with multiple windows is computation-
ally expensive, making real-time applications impractical. Moreover, determining
the appropriate window size is problematic: windows that are too small could miss
objects, while excessively large windows could include irrelevant background informa-
tion. Overlapping windows also often resulted in redundant detections. To overcome
these limitations, the You Only Look Once (YOLO) family of algorithms introduced
a paradigm shift in object detection. Instead of scanning multiple windows, YOLO
treats detection as a single regression problem, directly predicting bounding boxes
and class probabilities from the entire image in one forward pass of the network.
This design dramatically improves speed, enabling real-time performance without
sacrificing much accuracy [67, 68, 69]. YOLO’s architecture divides the image into a
grid, and each grid cell is responsible for predicting bounding boxes and class proba-
bilities. This allows the network to simultaneously detect multiple objects across the
scene while maintaining high efficiency. For agricultural applications, YOLO has
proven especially valuable in tasks such as fruit counting, crop monitoring, and weed
identification, where real-time feedback is essential for autonomous field robots|70,
71]. However, a notable drawback of YOLO is its difficulty in accurately detecting
small objects, since fine details may be lost when an image is divided into grid cells
[69].

More recently, ViT have emerged as a powerful alternative to CNN-based mod-
els. Inspired by transformers in natural language processing, their core component

is the self-attention mechanism, which captures both local and global contextual re-
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lationships without relying on convolutional layers [72, 73]. A notable architecture
is Detection Transformer (DETR), which directly predicts a fixed set of bounding
boxes and class labels in an end-to-end pipeline [74]. While DETR streamlines
the detection process and performs well on complex scenes, it remains data-hungry
and computationally demanding. In practice, large annotated datasets are required
for effective training, which represents a significant challenge in agriculture, where

labeled data is often scarce.

3.3.2 Object Segmentation

Segmentation extends the concept of object detection by moving from bounding-
box localization to pixel-wise classification of an image. In segmentation, each pixel
is assigned to a specific class, enabling not only the identification of objects but
also the precise delineation of their shapes and boundaries. This level of detail is
crucial in applications where exact geometry matters, such as medical diagnosis [75],
autonomous driving [76], or robotic manipulation [77], where knowing how an object
is shaped and how it interacts with its environment directly impacts decision-making

and task execution.

Achieving such precision requires specialized model architectures. One of the
most influential is the U-Net, originally proposed by Ronneberger et al. [75]. Its
characteristic U-shaped structure consists of a contracting path, which captures hier-
archical image features, and an expanding path, which reconstructs a segmentation
mask while incorporating spatial details through skip connections. This design en-
ables highly accurate localization even with limited training data, making the U-Net

a cornerstone for segmentation tasks.

More recently, segmentation capabilities have also been incorporated into object
detection frameworks. From YOLOvVS8 onwards, the architecture has been extended
to perform instance segmentation, combining real-time detection with pixel-level
precision. This allows for fast and efficient segmentation for real-time applications
[78].

Another breakthrough is the SAM, introduced by Meta Al in 2023 [33]. SAM is
based on a ViT backbone, combined with a prompt encoder and a lightweight mask
decoder. SAM is a foundation model trained on a massive dataset of diverse images
and masks, enabling it to generalize to a wide range of segmentation tasks with min-
imal or no fine-tuning. This dramatically reduces the reliance on large, annotated
datasets while still delivering high-quality results. Such flexibility accelerates the

deployment of segmentation models in the field, where adaptability and efficiency
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are crucial.

3.4 3D Pose Estimation Techniques

Pose estimation is one of the most critical and delicate components in robotic har-
vesting, as the success of precise and safe fruit picking depends heavily on accurate
localization and orientation determination of the target object [79]. A wide range of
techniques have been developed to tackle this challenge. Traditional methods include
3D model matching and registration [79, 80|, as well as statistical approaches such as
Principal Component Analysis (PCA), which extracts dominant spatial directions of
point distributions to approximate object orientation [81]. More recently, the field
has expanded to incorporate keypoint-based geometric methods and data-driven

deep learning approaches, offering robust solutions under complex field conditions.

3.4.1 Model-based Geometric Methods

Geometric methods estimate pose by directly analyzing the 3D structure of fruits,
usually obtained from point clouds or depth images. These approaches rely on
aligning observed shapes with reference models or extracting geometric features

that capture the object’s orientation.

For example, Eizentals and Oka [80] applied Iterative Closest Point (ICP) match-
ing, in which the scanned fruit surface is iteratively aligned with a stored 3D model
until the shapes overlap, yielding both position and orientation. Similarly, Guo et al.
[79] estimated fruit orientation by matching the observed point cloud with an offline
3D reconstructed model. In addition to precise pose estimation, this approach sup-
ports adaptable grasp planning, as the offline stored model reveals feasible contact

regions and guides the gripper’s alignment to different fruit shapes and sizes.

3.4.2 Shape and Axis-Based Methods

Other methods exploit structural regularities rather than full model matching. Li et
al. [82] estimated the symmetry axis of sweet peppers, assuming that the fruit’s long
axis reveals its orientation, a strategy that avoids the need for detailed modeling.
PCA-based approaches take this idea further: by analyzing how point clouds are
distributed, they extract the dominant direction of variation, which typically corre-
sponds to the fruit’s main growth axis, as demonstrated in tea harvesting systems

[81]. Hussain et al. [83] demonstrated a similar idea for apple thinning by detecting
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and segmenting small fruits via Mask R-CNN and pairing it with PCA for pose
estimation, achieving orientation accuracy within 30° of the ground truth in most

cases.

3.4.3 Keypoint-Based and Learning-Driven Methods

Keypoint-based techniques exploit the idea of detecting biologically meaningful land-
marks, such as fruit tips, stems, or sepals, from which the fruit’s pose can be inferred.
For instance, Zhang et al. [84] developed a network to identify keypoints on tomato
bunches, and then used their spatial configuration to determine the arrangement
and orientation of individual fruits within a cluster. Similarly, Jang and Hwang
[85] exploited the relationship between the tomato body and its sepals, treating
these natural reference points as cues for estimating fruit poses even under partial

occlusion.

Zhao et al. [86] introduced an enhanced version of YOLOv7, named YOLOvT7-
hv, specifically developed for estimating the 6D pose (position and orientation) of
cucumbers. Their approach integrates multiple outputs—fruit detection, instance
segmentation, and keypoint prediction—into a unified framework. The 6D pose is
obtained by projecting the detected 2D keypoints into the 3D point cloud, which
allows precise localization of both the fruit and the cutting point, as well as accurate

reconstruction of the complete 3D pose.

Similarly, Tafuro et al. [87] addressed the same challenge in the context of
strawberries. Their system, built on Detectron-2 with Mask R-CNN extended for
keypoint detection, was able to localize strawberry picking points and estimate fruit
orientation accurately. The orientation is inferred from the relative arrangement
of detected keypoints, which defines the strawberry’s main longitudinal axis. To
enhance robustness, PCA is further applied to verify geometric consistency and

refine the orientation estimation.

3.5 Robotic and autonomous systems in Agricul-
ture

Robotics and autonomous systems have advanced dramatically over the past decade

and are increasingly being applied in agriculture [88]. As highlighted by Duckett et

al. [89], autonomous systems are now widely used for a variety of farming operations,

particularly in autonomous tractors and precision spraying. In contrast, autonomous
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harvesting technologies remain less commonly deployed.

These developments have been largely driven by progress in navigation systems,
especially in GPS and vision-based navigation. GPS-guided navigation has become
sufficiently precise to be reliably employed in agriculture, with reported positioning
errors ranging from 20.1 cm to as little as 2.35 cm [90]. For other applications such
as weeding and precision spraying, vision-based methods are more suitable due to
their higher accuracy. For instance, Ramya et al. [91] proposed a method in which
crop rows are identified using a segmentation technique, while a tracking algorithm

maintains row alignment across consecutive frames.

Other approaches exploit different sensing modalities. Jiang et al. [92], for
example, employed LiDAR to capture information about the environment. The
data were processed using the DBSCAN algorithm to identify tree trunks, K-means
clustering to distinguish between left and right rows, and the RANSAC algorithm
to fit boundary lines around the trunks. From this, the system computed the main

trajectory line for navigation.

3.5.1 Manipulation and Perception

While autonomous navigation has made significant progress, harvesting remains
a major challenge that has not yet been efficiently solved. This difficulty arises
primarily from the complexity of manipulating harvestable crops, which is affected
by factors such as fruit occlusion, unstructured environments, and varying levels of
fruit stiffness [93]. In general, applications that involve large-scale interactions with
crops, such as precision spraying, have advanced considerably. By contrast, tasks
requiring careful and delicate interaction with individual plants, such as harvesting
or fruit thinning, have seen far less progress. The core challenge lies in robotic
manipulation: actions must be performed both rapidly, to ensure efficiency, and

delicately, to avoid damaging the plants or fruits [94].

While kinematics algorithms for robotic manipulation have been extensively
studied across domains, perception remains a rapidly evolving area in agricultural
robotics. In particular, visual servoing has emerged as a powerful approach for im-
proving manipulation, benefiting from advances in RGB and RGB-D cameras as
well as modern vision architectures [95]. These improvements parallel broader devel-
opments in agricultural robotics that emphasize robust perception as a foundation

for effective control [94].

Within visual servoing, researchers typically distinguish between two sensor con-

figurations: eye-in-hand and eye-to-hand (eye-on-base). In the eye-in-hand config-
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uration, the camera is mounted near the end-effector, providing close-range, high-
resolution views of the target crop. This arrangement enables precise interaction
but sacrifices an overview of the wider scene. Conversely, eye-to-hand configura-
tions mount the camera on a fixed base, producing a stable frame of reference and
a larger field of view that may include both the plant and the manipulator itself
[15, 17]. Each configuration has been tested in agricultural contexts, with eye-in-
hand proving useful for fine manipulation tasks such as grasping or cutting, while
eye-to-hand is more effective when global scene awareness is required, for example

in obstacle avoidance or path planning [95].

Both setups enable visual servoing control, where manipulator trajectories are
generated using visual feedback. Two principal strategies are commonly applied:
open-loop and closed-loop servoing. In the open-loop approach, once the target
position has been identified, the manipulator moves to that location using kine-
matic and path-planning algorithms, but without continuous error correction. This
strategy has been applied in fruit harvesting prototypes, where system simplicity
and speed were prioritized [15]. In contrast, closed-loop servoing continuously up-
dates the end-effector position using real-time vision feedback, allowing the robot
to compensate for disturbances such as branch motion or partial occlusions. This
approach has shown higher robustness in unstructured environments such as or-
chards and greenhouses [17, 95|. As highlighted by recent reviews, the integration
of closed-loop vision with advanced kinematics is likely to be crucial for achieving

reliable manipulation in agricultural settings [94].

3.5.2 End-Effector and Gripper Design

Once a robotic system has identified and localized the target item, it requires an
end-effector—the terminal component of the manipulator responsible for actively
interacting with the environment and executing the task. In agricultural robotics,
this device is commonly referred to as a gripper, since the primary goal in many
applications is to grasp and hold fruits during harvesting. A wide variety of designs
have been explored. For instance, Elfferich et al. [96] developed a twisting-tube
gripper made from cloth material that gently wraps around blackberries, providing
a firm yet delicate grip. Lazo et al. [97] proposed a gripper capable of simultaneously
cutting and holding the stalk of peppers, while Parsa et al. [98] designed a similar
device for strawberries, equipped with a stereo RGB-D camera and two additional
fingers specifically for handling occlusions. Fan et al. [99] employed a standard

three-finger gripper for apple harvesting.

This diversity of designs highlights that no single universal gripper can meet the
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requirements of all crops or tasks. Instead, progress in agricultural robotics strongly
depends on the development of crop- and task-specific end-effectors that combine
delicacy, efficiency, and adaptability to the unique characteristics of each harvesting

scenario.
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Materials

4.1 Edible Flowers Dataset

4.1.1 FloraDet a custom flower detection and segmentation

dataset

The dataset was built with images of flowers collected in a commercial greenhouse
located in Mira (VE), Italy, and managed by L’'Insalata dell’Orto s.r.l. [100], a lead-
ing company in the edible flower sector. The company specializes in the cultivation,
packaging, and distribution of fresh vegetables, salads, and 17 species/varieties of
edible flowers. The plants were cultivated on benches measuring 70 cm in height, 110
cm in width, and approximately 50 m in length, as illustrated in Fig. 4.1. This con-
figuration is one of the most widely adopted configurations in greenhouse floriculture.
This layout not only standardizes plant positioning but also provides significant ad-
vantages for robotic harvesting, such as a uniform working height and a straight-line

arrangement that improves the consistency and quality of the collected data.

(a) Marigold (b) Snapdragon  (c) Pansy (d) Horned Pansy
(Texana) (Leo) (Carneval) (Sorbet)

Figure 4.2: Sample images of the four edible flowers considered in the experiments.
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Figure 4.1: Example of the L’Insalata dell’Orto greenhouse showing cultivation

benches used for edible flower production.

Given this arrangement, a perpendicular, top-down acquisition strategy was
adopted. Moreover, due to the structural diversity of the crop canopies, alterna-
tive viewpoints offered no meaningful advantage, as key floral structures (e.g., the
calyx) are often occluded by petals or foliage. In contrast, the top-down approach
ensured consistent framing of the full bench width while minimizing background

noise and maximizing the visibility of the flowers.

The collected data focused on four species (Fig. 4.2) that represent a substan-
tial portion of the company’s production and exhibit distinct characteristics on both
flower and plant morphology, providing a diverse sample for testing the implemented
techniques: marigolds (Tagetes patula cv Texana), snapdragon (Antirrhinum majus,
cv Leo), pansy and horned pansy ( Viola x wittrockiana cv Carneval and Viola cor-
nuta cv. Sorbet, respectively). The inclusion of different flower types introduces
variability into the dataset. For instance, snapdragon flowers typically lean to one

side, whereas marigolds and pansies generally maintain an upright orientation.

Figure 4.3: Comparison of marigold flower conditions: (a) July vs. (b) November.
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Table 4.1: Structure of the FloraDet dataset. The number of collected images and
number of flowers from those images in the two data campaigns are listed in the

three varieties, subdivided on Month sampling.

Items Pansy Marigold Snapdragon
Images - 25 13
July
Flowers - 854 762
Images 64 21 11
November
Flowers 375 401 51

To introduce environmental variability into the dataset, particularly with respect
to cultivation conditions (Fig. 4.3), two data collection campaigns were conducted
on 22 July and 17 November 2023. Although the flowers were grown in a greenhouse
where environmental factors are partially controlled, seasonal variations in flower-
ing induction still occurred, primarily driven by photoperiod. Consequently, flower
density per square meter for reference varieties such as marigold and snapdragon
varied substantially, ranging from 3 to 50 flowers. Both campaigns included images
of marigolds and snapdragon, while pansy data were collected exclusively during the

second campaign.

In total, the FloraDet dataset comprises 134 high-resolution images at 1280 x 720
pixels, containing 2,443 flowers, which were used for model development and vali-
dation. Flower instances were manually annotated with bounding boxes using the
Roboflow online annotation tool (Des Moines, USA) [101], with all labeling per-
formed by a single trained operator to ensure consistency. The dataset is summa-
rized in Table 4.1. According to commercial quality standards, an edible flower
is considered ripe and harvest-ready when approximately 70-80% open. Following
this criterion, only ripe flowers were annotated, ensuring that the system was trained

specifically to detect commercially harvestable flowers.

4.1.2 DO pretraining dataset

An additional D0 flower dataset was created by merging images from two distinct
sources: ImageNet [102] and Kaggle [103]. Notably, the D0 image dataset comprised
flower varieties different from those in FloraDet (Fig. 4.4). Specifically, we sourced a
set of 1033 images, including flowers from ImageNet, along with their corresponding
annotated bounding boxes. This involved retrieving images and annotations from
ImageNet Large Scale Visual Recognition Challenge 2010 (ILSVRC2010) [104] of
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six different synsets (Table 4.2).

Table 4.2: Common name, ImageNet synset, number of images, and number of
flowers in the support DO dataset from public sources. Pansy images were collected

from Kaggle without a specific synset reference.

Common name ImageNet Number of Number of
synset images flowers

Sunflower nl11978233 245 294
Calla lily nl1793779 179 233
Cornflower n11947802 126 146
Dahlia n11960245 172 191
Strawflower n11980318 172 242
Coneflower nl11962272 139 159
Pansy N/A 232 905

(a) Calla lily (b) Dahlia (c) Sunflower (d) Strawflower

> B
~—|
v

|} ”‘ \“r//
N -4

(e) Coneflower (f) Cornflower

Figure 4.4: Examples of the different flowers in the D0 dataset from ImageNet and
Kaggle

The DO dataset was further enriched with images of pansy flowers. A total of
232 images of pansy flowers were obtained from two online datasets: Flower-299
[105] and Flower Color Images [106], both from Kaggle. Since these datasets were
originally designed for image classification and lacked bounding boxes, two distinct
annotation processes were implemented. The first involved autonomous annotation

via zero-shot detection using the open-vocabulary object detection network Vision

28



CHAPTER 4. MATERIALS

Transformer for Open-World Localization (OWL-ViT) [107]. A portion of about
43% ( n = 101) images were first annotated with OWL-ViT}; the remaining n = 131
images were manually annotated using the Roboflow annotation tool. This manual

annotation process was also beneficial in identifying and removing duplicate images.

4.1.3 Plucking point estimation dataset

To adress the plucking point estimation problem, a dataset of 300 flowers was col-
lected, evenly distributed across marigold, snapdragon, and pansy varieties. Each
flower was carefully measured using a caliper, recording the flower diameter and the
calyx height.

The measurement distributions for flower diameter (d) and overall flower height
(h) are shown in Fig. 4.5. The diameter distribution of pansies exhibits a pronounced
right tail, reflecting the considerable size difference between the two species consid-
ered (Carneval and Sorbet), with the former being substantially larger. Because the
larger pansies had recently been harvested, they are underrepresented in the dataset,
further contributing to this skew. In contrast, the distributions for marigolds and

snapdragons show less pronounced tails, indicating more consistent flower sizes.

Flower Diameter Overall Flower Height
30 A 25 T
251 ! 20 1 i
= 201 I == Pansy = 15 - i
3 154 \ Snapdragon 3 {
o Marigold © 10 i
5 |
57 ———o i \~
| S~
0 T T T T T T 0 T — T T
20 30 40 50 60 70 10 20 30 40
Measurement (in mm) Measurement (in mm)

Figure 4.5: Distribution plots for total flower diameter (left) and height (right).
Dotted vertical lines indicate medians, horizontal solid line represents a smooth
approximation of the distribution.

4.2 Blackberry Dataset

4.2.1 Pretraining out-of-domain dataset

A dataset for fine-tuning the model on blackberry detection and segmentation was
assembled by combining two publicly available datasets (DF1 [108], DF2 [109]) from
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Roboflow (Locus Street, USA) [101]. The final dataset comprises 140 images con-

taining 797 annotated blackberry instances.

Since only one of the original datasets included segmentation masks, both datasets
were re-annotated using the SAM [33] to ensure consistency and high-quality seg-
mentation across all samples. This produced a unified dataset suitable for both

detection and segmentation tasks.

The dataset is highly diverse, representing blackberries under varying conditions

and from multiple domains. Figure 4.6 illustrates three examples, highlighting vari-

ability in background and fruit presentation.

Figure 4.6: Representative samples from the assembled blackberry dataset, showing

variation in background, and fruit presentation.

4.3 Hardware Setup

4.3.1 Sensing Devices

Various sensors were employed across multiple tasks. An Intel (Santa Clara, USA)
RealSense D415 RGB-D camera with an approximate field of view of 69° x 49°
two 2,mm lenses, and an image resolution of 1280 x 720 pixels. In addition, two
Stereolabs (San Francisco, CA, USA) RGB-D cameras, the ZED2 and ZED2i, were
employed. The ZED2 provides a field of view up to 120° using dual 4,MP sensors
with 2.1,mm lenses in a native 16:9 format, whereas the ZED2i uses dual 4,mm
lenses, an 81° field of view, and integrated polarizing filters that improve image
quality under challenging lighting. Both Stereolabs cameras operated at 1280 x 720
resolution. Additionally, a standard USB RGB camera was used specifically the
ZXCN WiFi Endoscope Camera, with a resolution of 471x345 pixels.
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(a) (b)

Figure 4.7: Jetson TX2 module (a) and Zed2i (b) integrated in the data acquisition

setup.

The RealSense computes depth via Active Stereoscopy (AS) [110]: it captures
left-right stereo images and triangulates matching pixels to estimate depth. An
additional unstructured pattern is projected onto the scene to increase texture on
low-detail surfaces, refining the correspondence search and thus the depth estimate

[111]. Depth is computed directly on the camera’s onboard hardware.

By contrast, the Stereolabs cameras are passive stereo systems: depth is obtained
solely by triangulating correspondences between the two views. The disparity esti-
mation is performed by the ZED SDK using neural stereo depth methods on a
CUDA-capable GPU, which delivers dense depth maps in real time.

4.3.2 Data Collection Cart

The images for the FloraDet dataset were acquired using a custom straddle cart
assembled from modular aluminum profiles (Fig. 4.8). The cart measures 120 cm
in width, 175 cm in height, and has an 80 cm wheelbase between the front and rear
wheels (Fig. 4.8a). It was designed to straddle the benches and be easily pushed or
pulled along the rows while carrying the imaging sensors and onboard computing
devices. A 3D blueprint of the platform is shown in Fig. 4.8a, and an example of

in-greenhouse acquisition is shown in Fig. 4.8b.
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(a)

Figure 4.8: Acquisition cart: (a) 3D blueprint of the cart; (b) example of acquisition

in the greenhouse.

4.3.3 Synthetic blackberry harvesting setup

Artificial
Blackberries

Figure 4.9: Experimental hardware: (a) laboratory setup including a robotic arm,
RGB-D camera, synthetic bush, gripper, and computer; (b) synthetic blackberry
copy of Driscoll’s Victoria® variety
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To evaluate the framework in pseudo-realistic conditions, a synthetic blackberry
bush was constructed. The setup consists of a metal frame with artificial leaves,
complemented by plastic adjustable bars that allow positioning of artificial black-
berries at arbitrary coordinates (z,y, z) within the reference frame. As shown in
Fig. 4.9a, the physical twin is visible in the background alongside the full testing
setup. Each berry can also be tilted by an angle o € [0, 7] relative to the vertical

plane.

The synthetic blackberries (Fig. 4.9b) replicate the size, color, and shape of
Driscoll’s Victoria® variety, with dimensions of approximately 45 mm in height and
24 mm in width. To mimic the natural detachment resistance of real berries, a
small magnet was affixed to the end of each artificial berry at the point where the
stem would normally connect. This design allows the robotic arm to detach the
fruit from the adjustable bars, ensuring both realistic interaction and experimental
repeatability. Although efforts were made to replicate real-world conditions—such
as including background elements, a magnetic stem, and adjustable bars for varying
orientation and position—the setup still presents some limitations. In particular,
it lacks variability in illumination and does not account for occlusions caused by

foliage or other fruits.

4.3.4 Soft Gripper

Figure 4.10: CAD views of the gripper (a,b): black cylinder is the USB endoscopic
camera. The gripper assembled in deflated (c) and inflated state (d) with an ingested
berry.

The gripper used in this work is an enhanced version of the design proposed
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by Johnson et al. [112]. It consists of a hollow cylindrical structure with four
pneumatically actuated chambers that gently wrap around the berry. When air
is pumped into the chambers, the inner walls expand and conform to the fruit,
providing sufficient resistance to detach it from the plant while evenly distributing
pressure across the surface. This uniform distribution ensures a secure grip without
bruising the berry. The gripper is fabricated from Smooth-On Inc. Ecoflex™ 00-50

elastomer.

Compared with the initial prototype described in [112], the new design incor-
porates an in-palm endoscopic camera (Fig. 4.10a-b), suitable for visual servoing.
Moreover, this gripper features thinner silicone walls (4mm for the walls and 2mm
for the chambers, down from 10mm), allowing a wider inlet (42mm, up from 24mm)
and lower working pressure (from 137kPa to 16kPa). This improved the ingestion
of the berry (Fig. 4.10c-d) increased the contact surface, and decreased the power

consumption.

4.3.5 Robotic Manipulation Platform

The robotic manipulation system consists of a 6-DOF MyCobot Pro 320 Pi robotic
arm (Elephant Robotics, Shenzhen, China). The arm has a radial reach of 350
mm and, according to the manufacturer’s datasheet, offers a repeatability of ap-
proximately +0.5 mm. This model was selected as the test platform primarily for
its low cost, as high equipment costs are recognized as a major barrier to robotic

automation in agriculture [113]. The robotic arm is shown in Fig. 4.9a.
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4.3.6 Edge computing and control board

'_ - Pressure Lo Arduino o= : |
(=% Sensor _ Controller

Release P
Valve | Valve

Figure 4.11: Inflation board for controlling gripper actuation. The system consists of

an Arduino control unit, inflation pumps, a pressure sensor, and two control valves.

To process data from the Stereolab sensor, an NVIDIA Jetson TX2 module was
employed (Fig. 4.7) [114]. Jetson boards are compact system-on-modules designed
by NVIDIA (Santa Clara, CA, USA) for executing Al models at the edge, i.e., in
real-time operational setups. The Jetson TX2 features a 256-core NVIDIA Pascal™
GPU with CUDA support, a dual-core NVIDIA Denver 2 64-bit CPU, and 8 GB
of 128-bit LPDDR4 memory [115]. In this work, the module was used to process
images and point clouds of the crop via a Python-based Graphical User Interface

(GUI) integrated with Stereolab’s Python programming interface.

A custom inflation control board was developed to regulate the soft gripper
(Fig. 4.11). The board is based on an Arduino, which, upon receiving an input
signal, activates two pumps connected in series while simultaneously monitoring
system pressure via a pressure sensor. The inflation process takes approximately 2
seconds, or until the pressure reaches 16 kPa, indicating proper gripper inflation.
When a release signal is received, the Arduino opens the release valve, allowing the
gripper to deflate. Once deflation is complete, the valve is automatically closed.
Because the pumps and valves operate at 12 V, a set of relays was incorporated to

amplify the Arduino signal and ensure sufficient power delivery.
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Chapter 5

Detection and Segmentation

5.1 Problem Statement

Over the past decades, a wide range of object detection methods and algorithms have
been proposed, implemented, and evaluated. Many of the most widely adopted ar-
chitectures are pretrained on large-scale benchmark datasets such as ImageNet—one
of the largest annotated, high-quality image classification datasets available [116],
and COCO, a dataset designed for object detection, segmentation, and captioning
tasks [117]. Pretraining on such datasets provides these architectures with strong ini-
tial feature representations. However, when applied to custom domains, it becomes
essential to perform fine-tuning in order to achieve accurate and reliable results.
This process mitigates domain shift, a common problem that arises because the pre-
trained networks are typically trained on data that differ in distribution from the

target application.

This adaptation is made possible through transfer learning, a central concept in
modern machine learning that enables models to leverage knowledge acquired from
one task and apply it to another related task [118]. By exploiting pretrained feature
extractors, transfer learning allows architectures to be efficiently specialized to a new
domain with considerably less data and computational effort compared to training
from scratch. In this sense, fine-tuning not only enhances task-specific performance
but also represents a practical and resource-efficient approach to deploying state-of-

the-art detection models in specialized applications.

More recently, the emergence of foundation models has introduced an alternative
paradigm. Instead of relying exclusively on fine-tuning, these models can often be
adapted to a target domain through prompting. A single model trained on a broad

spectrum of tasks can deliver high-quality detection or segmentation performance
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when guided by prompts, such as point-based inputs or textual descriptions of the
object of interest [119]. This approach reduces the need for extensive retraining and

broadens the potential applicability of a single model across diverse domains.

Nevertheless, high-quality domain-specific data and annotations remain indis-
pensable. Data annotation is still one of the most resource-intensive steps in com-
puter vision pipelines, and despite advances in automation, it continues to demand
significant manual effort. In the present work, a hybrid strategy has been adopted:
data were collected and images were manually or semi-automatically annotated for
object detection, while foundation models were initially explored as components of
the detection pipeline but were ultimately employed primarily as automatic annota-

tion tools.

In addition, careful fine-tuning with out-of-domain datasets was performed, demon-
strating the feasibility of this approach in improving performance under distribu-
tional shifts. However, for a robust and reliable pipeline, traditional fine-tuning
remains essential. Overall, while foundation models and prompting open promising
new directions, fine-tuning coupled with high-quality annotated data continues to

represent the most dependable strategy for domain-specific applications.

5.2 Original Contributions and Methodological Adap-

tations

This chapter builds upon well-established object detection and segmentation archi-
tectures, namely YOLO-based detectors and Vision Transformer-based segmenta-
tion models. The original contribution of this work does not reside in the devel-
opment of novel detection or segmentation architectures per se, but rather in their
adaptation, integration, and deployment within a unified perception pipeline tai-

lored for autonomous harvesting in a previously unexplored agricultural scenario.

Specifically, pretrained YOLOv5 and YOLOv8 models were employed as baseline
detection frameworks and subsequently fine-tuned on custom datasets of edible flow-
ers and blackberries in order to address the domain shift between general-purpose
datasets (e.g., COCO) and the target application. In this context, the proposed
FLOLO and Berr-YOLO models represent task-specific adaptations of existing ar-
chitectures through multi-stage transfer learning, partial backbone freezing, and the
introduction of targeted data augmentation strategies aimed at improving cross-

domain generalization.

In addition, the Segment Anything Model (SAM) was integrated into the percep-
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tion pipeline not as a standalone segmentation framework, but as a prompt-driven
refinement module and as an automatic annotation tool during dataset generation.
A mask-selection strategy based on centroid proximity between predicted bounding
boxes and candidate segmentation masks was further introduced in order to ensure

consistent instance-level segmentation in cluttered scenes.

5.3 YOLO-Based Object Detection

Being a one-stage detector, YOLO has become the de facto state-of-the-art archi-
tecture for real-time object detection. Because of its speed and reliability, it has
been adopted across diverse domains, ranging from autonomous driving [120] and

manufacturing [121] to agricultural robotics and autonomous harvesting [122].

Since its first introduction by Redmon et al. [67], the YOLO family of models
has been continuously updated, modified, and extended. Over time, the architec-
ture has evolved from a conventional object detection algorithm into a versatile
framework capable of addressing multiple computer vision tasks, including semantic
and instance segmentation, keypoint detection, and pose estimation. Among the
most widely adopted distributions is the implementation maintained by Ultralytics
(Judicial Wy, MD, USA), a company that actively develops and improves YOLO
models, making them freely available for research and educational use under the
AGPL-3.0 license. In addition to this widely used release, numerous alternative
implementations and adaptations have been developed by independent researchers
and companies, targeting specific applications. For instance, some variants opti-
mize bounding box alignment, while others integrate architectural modifications to

improve accuracy, inference speed, or task generalization.

Within the extensive YOLO ecosystem, some versions have proven especially im-
pactful, representing pivotal milestones in the model’s evolution. YOLOvV5 [123] be-
came highly influential thanks to its efficient and accessible PyTorch implementation.
More recently, YOLOvVS [124] has further advanced the framework by incorporating

object segmentation.

5.3.1 YOLO V1

The core idea behind YOLO is to reformulate object detection as a single regression
problem, where a convolutional neural network directly predicts bounding boxes and
the associated class probabilities. This unified formulation is what makes YOLO

both fast and efficient compared to earlier multi-stage detection pipelines.
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o

S xS grid on input 1 Final detections

Class probability map

Figure 5.1: YOLO vl pipeline: the input image is divided into an S x S grid.
Each grid cell predicts B bounding boxes with associated confidence scores and
class probabilities. Non-maximum suppression is then applied to eliminate duplicate

predictions. Fig. from [67]

As illustrated in Fig. 5.1, the YOLO v1 architecture divides the image into an
S x S grid (S is set to 7). Each grid cell is responsible for predicting B (set to 2)
bounding boxes along with a confidence score and C' (set to 20) conditional class
probabilities, Pr(Class; | Object). The final class-specific confidence score for each
bounding box is computed by multiplying the confidence score by the conditional
class probabilities. This encodes both the likelihood of the class being present and
the quality of the bounding box fit. To obtain the final detections, a threshold is
applied to these scores, and Non-maximum suppression (NMS) is used to remove
redundant overlapping boxes, ensuring that only the most confident predictions

remain.

The division of the image into grid cells is not applied directly to the input
image but instead emerges implicitly from the network architecture. As shown in
Fig. 5.2, the convolutional and pooling layers progressively downsample the input
until producing a final feature map of size 7 x 7. These layers, which are responsible
for extracting visual features, are commonly referred to as the backbone of the
network. The final 7 x 7 feature map is then interpreted as a grid, where each cell
corresponds to a region of the original image. During prediction, each grid cell is

responsible for detecting objects whose center lies within its assigned region.

The final fully connected layers output a tensor of size 7x 7 x 30, corresponding to
7x7x(B-5+C). Here, 5 represents the parameters of each bounding box prediction

(x, y, w, h, and confidence), while B is the number of bounding boxes predicted per
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Figure 5.2: YOLO v1 architecture from Redmon et al. [67]. The input image is first
resized and processed by a network composed of 24 convolutional layers followed
by two fully connected layers. The final prediction is structured as a 7 x 7 grid,

corresponding to the spatial resolution of the last convolutional feature map

grid cell and C'is the number of object classes. Adjusting these two hyperparameters

(B and C) directly changes the dimensionality of the final prediction tensor.

The design of YOLO v1 makes it exceptionally fast and efficient; however, an
intrinsic limitation of this architecture is its difficulty in detecting small or densely
clustered objects. This limitation arises from the fact that each grid cell is con-
strained to predict only B bounding boxes (a tunable hyperparameter, typically
set to 2) and to assign them to a single object class. Consequently, when multiple
small objects are located close together within the same grid cell, or when an object
lies on the border between adjacent cells, the network often produces only a single

bounding box, failing to detect each individual instance.

5.3.2 YOLO V5

YOLOv) was released by Ultralytics in 2020 and quickly became one of the most
widely used object detectors. It inherits many of the improvements introduced in
YOLOv3 and YOLOv4 [125, 68]. TIts rapid adoption was largely driven by the
shift from the Darknet framework to a native PyTorch implementation [126], which

greatly simplified fine-tuning and deployment

As illustrated in Fig. 5.3, the model combines a modified CSPDarknet53 back-
bone with an Spatial Pyramid Pooling—Fast (SPPF) block and a CSP-PAN neck,
while retaining a YOLOv3-style, anchor-based detection head [127]. The backbone

extracts features using Cross-Stage Partial (CSP) connections [128] and incorporates
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spatial pyramid pooling to enlarge the receptive field at low cost [129]. The neck
then fuses multi-scale features via a PANet-style path aggregation, improving infor-
mation and localization flow across scales [130]. Finally, the head predicts bounding
boxes at multiple feature-map resolutions as offsets relative to predefined anchors;
in practice, YOLOv5’s AutoAnchor routine estimates dataset-appropriate anchor

sizes during training, improving matching and convergence [127].

5.3.3 YOLO V8

One of the main innovations of YOLOWVS is its anchor-free detection strategy. Unlike
YOLOvV5, which relies on predefined anchor boxes and predicts offsets, YOLOv8
directly estimates the center and dimensions of bounding boxes. This reduces the
number of required predictions, simplifies post-processing steps such as NMS, and

consequently speeds up inference [131, 132].

As illustrated in Fig. 5.4, the overall architecture of YOLOvVS still follows the
standard three-part structure: Backbone, Neck, and Head. The backbone is based
on a custom version of CSPDarknet53 with C2f modules, enabling efficient feature
extraction [133]. The neck employs a PANet structure to ensure effective multi-scale
information flow. The head, which is task-specific, is responsible for generating the

final predictions.

In addition to object detection, YOLOvVS supports multiple tasks such as segmen-
tation, pose estimation, and tracking [127]. For object detection, the head resembles
that of YOLOvV5, but with anchor-free predictions as described above [135]. For
other tasks, such as semantic segmentation, an additional mask prediction branch
is included. This branch leverages multi-scale feature maps to generate per-instance
masks, following a strategy similar to YOLACT [136].

5.4 Segmentation with Vision Transformers

Since the introduction of the Transformer architecture by Vaswani et al. in 2017
[137], encoder—decoder models based on multi-head self-attention have rapidly be-
come one of the most widely adopted approaches in deep learning. The key inno-
vation of this architecture is the ability to attend to different parts of the input
simultaneously and capture long-range dependencies, making it a breakthrough ini-

tially for Natural Language Processing (NLP).

Although Transformers were originally designed for sequential data such as text,

they were soon extended to other domains. In 2020, Dosovitskiy et al. [72] intro-
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duced the ViT, adapting the Transformer framework to image processing.

As illustrated in Fig. 5.5, an input image is divided into fixed-size patches, each
of which is flattened and enriched with a positional embedding to retain spatial
information. These patch embeddings are then fed into the Transformer encoder
in the same way that words are processed in a sentence. The encoder relies on
multi-head self-attention, where multiple attention modules operate in parallel to
learn complementary relationships in the latent space [72]. This design enables the
model to capture both local and global dependencies efficiently while maintaining

high parallelization during training.

For classification tasks, ViT employs a special [Classify token (CLS)] token,
which aggregates information from all patches. After processing through the en-
coder, the [CLS] token is passed to a classifier to predict the final image label. By
leveraging multi-head self-attention, ViT can correlate information across distant
patches, achieving competitive performance with CNNs and excelling in a wide

range of computer vision tasks [73].

Beyond classification, the Transformer architecture has been adapted for vari-
ous dense prediction tasks. For example, object detection is addressed with DETR
[73], while semantic segmentation has been tackled with models such as the SEg-
mentation TRansformer (SETR) [138] and SegViT [139]. In SETR, a standard
Vision Transformer serves as the encoder backbone to extract feature representa-
tions. These features are then upsampled by a decoder, which can be as simple as a
naive decoder that linearly upsamples patch-level features into class logits, or a more
sophisticated Progressive Upsampling (PUP) decoder that integrates convolutional

layers for gradual refinement.

Similarly, SegViT also uses a plain ViT encoder, but introduces a novel decoder:
the Attention-to-Mask (ATM) module. As shown in Fig. 5.6, ATM employs learn-
able class tokens that interact with the encoded patch features to identify regions
with high similarity to specific classes. These similarity maps are then transformed
into segmentation masks and combined with class predictions to produce the final

semantic segmentation output.

5.4.1 Zero-Shot Segmentation with the SAM Model

The SAM, introduced by Kirillov et al. [33], has quickly become a foundational
model for image segmentation. Similar to other foundation models such as DALL - E
or GPT-3, SAM can be adapted to a wide variety of tasks using only simple prompts
[140]. Its architecture is both straightforward and efficient: the input image is first
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processed by a pre-trained ViT to generate an image embedding, which is then
passed to a mask decoder, a customized Transformer decoder block. At the same
time, the user-provided prompt is encoded by a prompt decoder. A key feature of
SAM is its ability to handle multiple forms of prompts, including points, bounding

boxes, text, or even masks (see Fig. 5.7).

The significance of SAM lies not only in its performance, but in its zero-shot
capabilities. With no task-specific fine-tuning, the model can generate high-quality
segmentation masks given only a prompt, or alternatively, it can automatically seg-
ment all objects in an image without requiring any prompt at all. This is possible
because SAM was trained on SA-1B, the largest segmentation dataset to date, con-
taining over 1 billion masks across 11 million images, which was released together
with the model.

Another important property of SAM is its compatibility with object detection
models. Since it accepts bounding boxes or points as input prompts, it can be
seamlessly integrated with detectors such as YOLO. For example, the bounding box
coordinates (or their centers) produced by YOLO can be fed into SAM, which then
refines these detections into high-quality segmentation masks—effectively enabling

zero-shot instance segmentation.

5.5 Proposed Detection-Segmentation Pipeline

Two different pipelines were tested. The first combined the detection capabilities of
YOLOvV5 with the segmentation power of SAM. The second relied solely on YOLOvVS,
while SAM was employed only during the annotation phase.

In both cases, only the YOLO architecture was fine-tuned. Specifically, YOLOv5
was fine-tuned for detecting edible flowers, resulting in the model named FLOLO,
while YOLOvS8 was fine-tuned for detecting and segmenting blackberries, result-
ing in Berr-YOLO. Each YOLO version provides multiple model sizes—nano, small,
medium, large, and extra-large—ranging from 1.9M to 86.7M parameters in YOLOvH
and from 3.2M to 68.2M in YOLOvVS. Larger models generally achieve higher de-
tection accuracy but at the cost of reduced inference speed. For YOLOvV5, the large
version (YOLOV5], 46.5M parameters) was used, while for YOLOVS, the nano ver-
sion (YOLOvV8n, 2.9M parameters) was chosen.

The edible flower detector, FLOLO, was developed from YOLOvV5I through
two consecutive fine-tuning stages. First, the model was initialized with COCO-
pretrained YOLOv5] weights and fine-tuned on the D0 dataset, resulting in D0-
FLOLO. In the second stage, the model was further fine-tuned on the custom Flo-
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raDet dataset.

Both training phases were conducted for 300 epochs using standard YOLO hy-
perparameters: a learning rate of 0.01, momentum of 0.937, and weight decay of
0.005 with the SGD optimizer. The standard YOLO loss function, comprising lo-
calization, confidence, and classification losses, was employed. For each phase, the
datasets were split into 75% training, 15% testing, and 10% validation sets. This
procedure was applied to images from both data collection campaigns; consequently,
the images collected in November and July were combined and divided according
to the same proportions(75%, 15%, and 10%).

The final models were selected based on the epoch achieving the best validation

performance. A summary of the architectures, training sets, and results is provided
in Table 5.1.

Table 5.1: Details on DO-FLOLO and FLOLQO architectures. Reported are the
main performance metrics, starting weights, and training sets for the two fine-tuned

models.

Model Name Training Set Starting Weights Best Epochs mAP@O0.5 Precision Recall Det. Val. Error

D0-FLOLO DO YOLOvb5-large 284 0.97 0.96 0.93 0.0039
FLOLO FloraDet DO-FLOLO 229 0.68 0.67 0.68 0.045

For the blackberry detection task, Berr-YOLO was carefully fine-tuned to ensure
strong cross-domain adaptation, as the training dataset included out-of-domain im-
ages. To achieve this, several strategies were employed. First, partial freezing of the
backbone was applied: the first eight layers were frozen to preserve the pretrained
feature extraction capability. Second, a set of data augmentation techniques was in-
troduced, including mosaic augmentation, scaling, flipping, and rotation, to improve
generalization. The datasets used for training and evaluation, along with image and

instance counts, are summarized in Table 5.2.

Table 5.2: Datasets used for training and evaluation. The table reports the division
between training, test, and validation sets, together with the number of images and
annotated instances for DF'1 and DF2.

Images Instances
Division | DF1 DF2 DF1 DF2
Train 79 42 495 185
Test 7 2 54 7
Validation | 8 2 47 9
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5.6 Results

This section presents both qualitative and quantitative evaluations of the detection-
segmentation pipeline on the edible flower and blackberry datasets. Metrics such as

precision, recall, IoU, and inference speed are discussed alongside visual examples.

5.6.1 Detection and Segmentation of edible flowers

Overall, the three metrics (mAP, precision, and recall, Table 5.1), demonstrate
that FLOLO performs well in detecting flowers, achieving a strong balance between
precision and recall. Specifically, the model’s output on test images highlights its
effectiveness in detection but reveals occasional challenges in classifying pansies (Fig-
ure 5.8d). This difficulty may be attributed to the underrepresentation of pansies in
the dataset, as well as the natural variability within the species, which includes two
distinct types and varieties. It is also important to note that the key performance
metric, the object detection error on the validation set, scored a low value of 0.045,
indicating the model’s success in accurately identifying and localizing ripe flowers.
A closer look at the detection performance is provided in Figure 5.9 where some

close up detection samples are provided.

bl 2 —

(¢) FLOLO output for pansy (d) FLOLO output for pansy

Figure 5.8: FLOLO outputs for different flowers: (a) snapdragon, (b) marigold, (c)
viola (1st view), (d) viola (2nd view).
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(a) Marigold (b) Snapdragon

Figure 5.9: Cropped close-up output from the preceding images (Mari = marigold,

Snap = snapdragon). Not-ready-to-be-picked flowers are correctly not detected.

For the segmentation setup, the bounding boxes predicted by YOLO were used
as prompts for SAM. However, in some cases, SAM produced multiple candidate
masks for a single bounding box. To address this, the centroid of each polygonal
mask and the centroid of the corresponding bounding box were computed, and the
mask whose centroid was closest to that of the bounding box was selected. An
example of flower segmentation is shown in Fig. 5.10.

(¢c) Zero-shot pansy segmentation (d) Zero-shot pansy segmentation

Figure 5.10: SAM zero-shot segmentation for different flowers: (a) snapdragon, (b)
marigold, (c) pansy (1st view), (d) pansy (2nd view).
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While this work is primarily a proof of principle, it is interesting to examine the
speed performance of the vision module for its prospective use as an Al tool for
on-field application. In Table 5.3 ir reported the average time, in seconds, required
to process the validation images with a varying number of flowers for two varieties

of interest, for a total of more than 1400 flowers.

Table 5.3: Average inference time (seconds) for each step of the vision framework.
Performed on an NVIDIA GeForce RTX 3090. Averages are computed from 10

images per flower type, covering 457 marigold and 975 snapdragon flowers.

Flower Variety Model Performance Time of Task (ToT)
Detection - YOLO Segmentation - SAM | Per Image Per Flower
Marigold 0.285 0.551 0.837 0.018
Snapdragon 0.293 0.558 0.851 0.0087

The performance results indicate that the system is well-suited for real-time
picking applications. In practice, neither the robotic manipulator nor the subsequent
pipeline stages would benefit significantly from further increases in detection or
segmentation speed. Moreover, the data are extremely robust, showing an almost
constant elapsed time, with a variance on the order of 1 x 1075. For example, in
the segmentation task, processing the first image takes, on average, about 2.5 times
longer than subsequent images, which consistently require around 0.47 seconds each.
This difference occurs because the model weights are loaded during the processing

of the first image.

As demonstrated in the work of Subramanian and colleagues [141], where a
robotic saffron flower harvesting system was developed, approximately one second
is allocated for image processing, while the overall task is completed in about six
seconds. It is also evident that the total processing time is not directly proportional
to the number of flowers; rather, it is dominated by the time required to process each
individual image or frame. By adopting a top-down camera view, the system max-
imizes the number of flowers captured per image, thereby improving the efficiency

of detection and segmentation.

5.6.2 Detection and Segmentation of blackberries

The fine-tuned YOLO model achieved an mAP50 of 0.87, demonstrating strong
object detection performance. Precision and recall were 0.86 and 0.78, respectively,

indicating a well-balanced model with a slight preference toward precision.

The model also showed promising results in inference under out-of-domain con-

ditions. It was able to correctly detect blackberries both with the high-resolution
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RealSense camera and with the USB endoscopic camera embedded in the gripper
palm. Tests were conducted on a synthetic blackberry bush in controlled environ-

ments and in real field scenarios, where large variations in brightness were present.

Examples of detection and segmentation are shown in Fig.5.11. Subfigures 5.11a,
5.11b, and 5.11c illustrate detection and segmentation of blackberries in both con-
trolled and real-world environments. The blackberries appear red due to the over-
laid segmentation mask, which closely adheres to the actual fruit contours. Sub-
figures 5.11d and 5.11e present examples where only bounding boxes are plotted.
Occasionally, the model produced false positives, as shown in 5.11e, likely due to

the domain gap between training data and deployment conditions.

In terms of processing speed, the vision system operated at approximately 30
frames per second, corresponding to a per-frame processing time of about 0.033
seconds. Since the evaluation was conducted under conditions with only a single
blackberry present per frame, the per-instance processing time was equivalent. No-
tably, in this application the model was executed on the CPU, specifically an 11th
Gen Intel(R) Core(TM) i7-1165G7 running at 2.80 GHz.
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Figure 5.3: YOLOv5 architecture showing the backbone, neck, and prediction heads.

Figure from Terven et al. [127]
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Figure 5.4: YOLOvVS schematic architecture with task specific detection head. Fig-
ure from Herfandi et al. [134]
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Figure 5.5: Schematic overview of the ViT. An image is divided into patches, flat-
tened, and combined with positional embeddings before being processed by a Trans-
former encoder. The [CLS] token aggregates global information for image classifica-

tion. Figure from Dosovitskiy et al. [72]
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Figure 5.6: Overview of SegViT. A plain ViT encoder extracts patch features, which
are passed to the proposed Attention-to-Mask ATM modules. The ATM uses class
tokens to directly generate class-specific masks from attention maps, while also
updating the tokens for class prediction. Outputs from multiple ATM layers are

combined to produce the final segmentation map. Figure from Zhang et al. [139]
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Figure 5.7: Overview of the SAM. A ViT encoder generates image embeddings,
which are combined with prompts (points, boxes, text, or masks) via a prompt
decoder. The mask decoder then produces segmentation masks at near real-time

speed. Figure from Kiriloc et al. [33]

ripe_bb 0.94

(a) Synthetic blackberry de- (b) Detection from endo- (c¢) Detection from endo-

tection (RealSense). scopic camera. scopic camera.

(d) Synthetic blackberry detection. (e) Erroneous detection (false positive).

Figure 5.11: Performance of the fine-tuned YOLOv8 model. (a) Detection on syn-
thetic blackberries using both the RealSense and endoscopic cameras. (a) Detection
and segmentation of blackberries in real field conditions. (a) Detection on synthetic
blackberries in a controlled setup. (a) Example of erroneous detection (false posi-

tive) due to out-of-domain training data data.
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Chapter 6

3D Pose and Plucking Point

Estimation

6.1 Problem Statement

To accurately describe an object in three-dimensional space, both its position (a
point) and orientation must be specified [142]. For perfectly symmetric objects, such
as a sphere in FEuclidean space, orientation is irrelevant. In agricultural robotics,
however, even highly symmetric fruits such as oranges possess a stalk, making it
necessary to represent the fruit with both a keypoint and an orientation [15, 143].
The keypoint is commonly referred to as the plucking point, since many crops (e.g.,
strawberries, peppers, and cucumbers) must be detached by cutting or severing
the stalk [98, 97]. Orientation, on the other hand, is described through 3D pose
estimation, typically represented by a 3x3 rotation matrix that defines the principal

axis along which the fruit develops.

Because robotic harvesting requires direct physical interaction with the target
object, both the plucking point and pose estimation are essential for implementing
an effective picking strategy [144]. In practice, fruits are usually detected first in
the 2D domain of an RGB image, after which precise localization and orientation

estimation are needed to guide the manipulator for a successful harvest.

Since robotic systems must perceive and operate in 3D space, their perception
modules often rely on sensors that extend beyond the 2D domain. For example,
stereo cameras can provide depth maps or point clouds, while LIDAR sensors are
also widely used. This allows the vision module to combine RGB images with 3D
data of the target object. Furthermore, segmentation masks obtained from RGB

images can be projected into the 3D domain to isolate the corresponding points in
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a point cloud. In the case of ZED cameras, where the 3D point cloud is aligned
with the left image, object points can be selectively extracted by applying the 2D
segmentation mask directly. Similarly, with Intel RealSense cameras, the 2D mask
can be mapped onto the 3D point cloud using the intrinsic calibration parameters

of the device.

After this projection step, a segmented 3D point cloud containing only the points
belonging to the object of interest can be isolated from the background. Pose estima-
tion then consists of inferring from this point cloud a transformation that represents
the object’s orientation. While, many approaches rely on 3D point clouds for this
purpose, only a few attempt to infer orientation directly from 2D images. For exam-
ple, Le Louédec et al. [145] proposed a method for strawberries in which orientation
is estimated directly from RGB images by detecting two characteristic keypoints

and computing their relative positions.

6.2 Original Contributions and Methodological Adap-

tations

This chapter builds upon established methods for 3D pose estimation and plucking
point determination, including PCA, geometric model fitting, and keypoint-based
orientation estimation. Its main contribution lies in the adaptation and integration
of these techniques within a unified perception pipeline for autonomous harvesting

of edible flowers and blackberries.

For flowers, a novel regression-based model was introduced to estimate the opti-
mal plucking point. This model was derived from a custom dataset of flower mea-
surements and validated through consultation with plant science experts, ensuring

that the predicted plucking points are biologically consistent.

For blackberries, the primary novelty resides in the validation of pose estima-
tion. The dataset and ground-truth were generated using the precise coordinates
and orientations provided by the robotic manipulator’s kinematics, allowing fully
autonomous and accurate labeling. This approach represents a largely unexplored

method for generating reliable pose annotations in agricultural robotics.

Together, these contributions enable robust, precise, and biologically informed
pose and plucking point estimation, demonstrating practical applicability under real-

world harvesting conditions.
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6.3 PCA-Based Pose Estimation

One of the most widely used methods for fruit pose estimation from point clouds is
PCA. The popularity of PCA lies in its simplicity, unsupervised nature, and effec-
tiveness in extracting the dominant geometric structure of 3D objects. By analyzing
the variance in the distribution of points, PCA identifies orthogonal directions that
represent the main axes of the object of interest. When applied to an isolated fruit
point cloud, the first principal component often aligns with the natural growth axis

of the fruit, thereby providing a straightforward estimate of its orientation.

6.3.1 Principal Component Analysis

PCA is an unsupervised statistical and machine learning technique that does not
require annotated data. It is primarily used for dimensionality reduction and mul-
tivariate data analysis, allowing to show latent linear relationships between sets of
variables [146]. The fundamental objective of PCA is to identify a reduced set of
orthogonal components that retain as much of the original variance in the dataset

as possible, thereby maximizing the explanatory power with fewer variables [147].

Formally, given a dataset represented by a matrix X € R™*P, where n is the
number of observations and p the number of variables, PCA seeks a set of orthog-
onal directions (principal components) uy, u,, ..., u; such that the variance of the
projected data Xu; is maximized subject to orthogonality constraints. These direc-
tions correspond to the eigenvectors of the covariance matrix S = %XTX while
their associated eigenvalues indicate the proportion of total variance explained by

each component.
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2D Example of PCA

6r Data points
. PC1l
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1D Dimensionality Reduction

% Projection onto PC1

—6F -6 -4 -2 0 2 4 6
PC1

(b) Dimensionality reduction from 2D to
(a) Two-dimensional illustration of PCA 1D

Figure 6.1: Ilustration of PCA. (a) Data points (gray) with the two principal com-
ponents: PC1 (red), capturing the maximum variance, and PC2 (blue), capturing
the remaining variance. (b) Dimensionality reduction from 2D to 1D, where all data
points are projected onto the PC1 axis, yielding a one-dimensional representation
of the dataset.

An illustrative example of PCA in a two-dimensional domain is shown in Fig.6.1.
As depicted in Subfig.6.1a, the algorithm identifies two orthogonal components that
maximize the explainable variance of the dataset. In the specific case where the
dimensionality is reduced from 2D to 1D, the data are projected onto the princi-
pal component that captures the greatest variability—mnamely, the first principal
component—since it retains the most informative features of the dataset (Sub-
fig. 6.1b).

6.3.2 PCA Pose Estimation

Since PCA is an unsupervised technique, it offers a particularly useful property:
there is no need for data annotation. This means the method can be directly inte-
grated into a pipeline without requiring any prior training. For this reason, many
robotic harvesting systems adopt PCA for crop pose estimation. Starting from an
isolated point cloud, the eigenvectors extracted from PCA can be used to define the
pose of the target fruit. By ranking these eigenvectors according to their eigenvalues
(i.e., explained variance), it is possible to identify the principal fruit axis, which in

most cases corresponds to the eigenvector with the largest eigenvalue.

For example, Hussain et al. [148] applied PCA to estimate the orientation of
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small green apples for thinning operations. They reported that approximately 65.5%
and 61.9% of the inferred orientations were accurate within 15°. Similarly, Li et al.
[81] employed PCA to estimate the pose and plucking points of high-quality tea
leaves. As shown in Fig.6.2, given an isolated point cloud, PCA generates three
direction vectors (in red and blue). Among these, the red vector was found to rep-
resent the natural growing direction of tea shoots, which also indicates the optimal
plucking point. These studies highlight the versatility of PCA and its applicability

across different agricultural domains.

A A \

Figure 6.2: Isolated point cloud of tea shoots ready for harvesting, with PCA-derived
pose estimation vectors shown in blue and red. The red vector corresponds to
the natural growing direction of the shoot, which also indicates the plucking point.
Figure from LI et al. [81]

Despite its advantages, PCA also has important limitations. First, the algorithm
is agnostic to the morphology of the target point cloud. For example, in the case of
fruits, PCA cannot inherently distinguish the top (where the stalk is located) from
the bottom. While this limitation is sometimes alleviated by the natural tendency
of fruits to grow downward, such an assumption imposes a strong constraint on the

method’s applicability.

A second limitation arises from the variance-based nature of PCA. When the
point cloud has a spherical or nearly spherical shape, variability is uniformly dis-
tributed across directions, which leads to unstable or random eigenvectors. This
can be diagnosed by inspecting the eigenvalues: if they are very similar, each princi-
pal component explains a comparable portion of variance, indicating high symmetry.
Indeed, Hussain et al. [148] reported that PCA was applicable to small green apples
precisely because their shape is ellipsoidal, which mitigates the issue. Nevertheless,
they also introduced a post-processing technique to correct the orientation, address-

ing the problem of randomness in the PCA direction.
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Consequently, PCA is most effective when applied to fruits or objects with a clear
dominant axis of growth—that is, those that exhibit a certain degree of asymmetry
and are not heavily occluded by leaves or neighboring objects. In contrast, strong
occlusions can make the partially observed point cloud appear symmetric, leading

to unreliable or ambiguous pose estimates.

6.4 Geometric Approximation via Model Fitting

Beyond indirect methods such as PCA, another class of approaches tackles the
problem through geometric fitting. The overall pipeline resembles the one described
earlier up to the stage of point cloud isolation. Afterward, however, the algorithm
fits a specific geometric figure to the segmented point cloud. In particular, once
the general shape of a fruit is identified, the model estimates the parameters of the
corresponding geometric figure that best describes the point cloud. For example,
Jang et al. [85] estimate the orientation and center of tomatoes by fitting a sphere
to the isolated point cloud. The sphere parameters are obtained via a least-squares

minimization:

(z—20)* + (Y —y)* + (2 — 2)* =17 (6.1)

Here, the tomato’s 3D position is given by the sphere’s center point (xg, ¥, 2o)s
while its orientation is defined as the vector connecting the previously detected sepal

to the sphere center.

A related strategy is presented by Guo et al. [79], who first constructed an offline
dataset of target fruits scanned in high resolution with a 3D scanner. Feature-based
matching algorithms are then used to register these offline templates to the isolated

online point clouds, enabling estimation of fruit pose and orientation.

The main advantage of such approaches is their reliability and precision in lo-
calization and orientation estimation, as demonstrated by geometric fitting studies
where simple parametric models such as spheres or ellipsoids achieve accurate pose
and sizing in controlled conditions [149, 150]. However, challenges arise under oc-
clusion and, more importantly, due to fruit shape variability. For instance, Li et
al. [151] show that occluded fruit significantly degrades localization accuracy, even
when geometric fitting is applied, while clustered fruits introduce additional errors in
ellipsoid fitting [150]. The parametric fitting method is also limited in generalization,
since the underlying geometric model must be redefined whenever fruit morphology

changes or when the approach is transferred to another crop domain [149]. Template-
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based methods are even less generalizable, as highlighted by Nguyen et al. [152],
because they require constructing dedicated offline datasets of high-resolution 3D
scans of representative fruit samples and typically fail to generalize to unseen shapes

or occluded targets.

6.5 Pose Estimation via Keypoint detection

Estimating object pose through keypoint detection is a well-established strategy,
particularly in domains such as human pose estimation. In the context of 3D pose
estimation, two main approaches are commonly adopted. The first detects keypoints
in a 2D image and subsequently maps them onto a 3D point cloud. The second
directly detects and outputs 3D keypoints from the input. The latter are known as
single-stage methods because they directly regress the 3D pose, whereas the former
are referred to as 2D-to-3D lifting methods, since they first infer 2D keypoints and
then lift them into 3D space.

Both approaches face important challenges, primarily due to visual ambiguities
(particularly when relying solely on 2D images) and, even more critically, due to data
scarcity and the limited availability of ground-truth 3D annotations [153]. While
these difficulties already affect human pose estimation—a domain that is relatively
mature and well-studied—they are even more pronounced in the case of fruit pose

estimation, where fewer datasets and specialized solutions exist.

For this reason, keypoint-based methods have not yet become widespread in agri-
culture. An exception is the work of Shi et al. [154], who applied this approach to
peppers. Their method first employs an object detection model to localize the pep-
pers. The detected regions containing the peduncle are then passed to a dedicated
keypoint detection stage, where three keypoints—top, middle, and bottom—are ex-
tracted using a newly developed Lite Vision Transformer (LVT). These keypoints are
used to infer the orientation of the peduncle skeleton. However, the study does not
provide full 3D pose estimation. The authors note that an RGB-D camera could be
used to extend the 2D skeleton into 3D, but this was not experimentally validated.

The main limitations of this approach mirror those of the general field: sen-
sitivity to occlusion, the gap between 2D and 3D representations, and above all
the requirement for large, high-quality annotated datasets. In addition, there is
a clear computational trade-off. Keypoint detection networks add significant over-
head, and widely used object detectors such as YOLO do not natively output both
keypoints and segmentation masks. This means that either the architecture must

be redesigned or multiple algorithms (detection and keypoint estimation) must be
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run in parallel; which increases complexity and resource demands.

6.6 Proposed Pose and Plucking point estimation

6.6.1 Edible Flowers

The pose estimation module operates sequentially after the detection and segmen-
tation stage. Flowers in the input image are first segmented using the SAM deep
learning model, and for each flower of interest, the corresponding binary segmen-
tation mask is used to extract its 3D point cloud. Principal Component Analysis
(PCA) is then applied to the point cloud to determine the principal axes that de-
scribe its spatial distribution. The flower pose is derived from these axes (Fig. 6.3).
Since PCA does not assign a fixed orientation to its components, the axis-direction
ambiguity is resolved by designating the first principal component as the growth axis
and constraining it to point upwards, consistent with the natural growth direction
of most flowers. Due to the high flower density, overlaps may occur; in such cases,
the pose is estimated only for flowers with a complete point cloud. As discussed in
the introduction, flowers are harvested daily, or even multiple times per day, and
in random order: once the upper flower is picked, the flower beneath it becomes

exposed and ready for harvesting during the next cycle.

Figure 6.3: Flower pose estimation for steps. From left to right: input image, single
flower cutout trough SAM, derived isolated point cloud in the 3D space, and PCA-

based point cloud analysis.

An example of the process applied to estimating the pose for each flower to be
subsequently utilized to determine the optimal plucking point is shown in Figure
6.4. Pose estimation examples are presented for smaller frames of marigold and

snapdragon flowers, previously displayed in Fig. 5.8.
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(a) Marigold (b) Snapdragon

Figure 6.4: Isolated point clouds of (a) marigold and (b) snapdragon flowers and
the perspectives vector component. For a closer view, see 6.7, which also shows the

estimated plucking points for each flower.

6.6.2 Flower Plucking Point Estimation

Accurately estimating the growth direction of flowers is a necessary step but not suf-
ficient for enabling automated harvesting. A dedicated module is therefore required
to determine the optimal plucking point. In manual harvesting, flowers are usually
plucked just below the calyx. However, locating this point through pattern recog-
nition is challenging, as it is often occluded by the flower itself or by surrounding
leaves. Similarly, 3D shape matching is impractical due to the highly variable and
complex morphology of flowers, which contrasts with the consistent shapes typically
required for such methods. A schematic representation of the optimal plucking point

is shown in Fig. 6.5a.

61



CHAPTER 6. 3D POSE AND PLUCKING POINT ESTIMATION

(a) Side view of a (b) Top view of a (c) Side view of a

marigold flower featur-  marigold flower, show-  marigold flower, high-
ing pose vectors and casing its circumfer- lighting height and
the plucking point. ence and diameter (d).  plucking point (h).

Figure 6.5: Marigold flowers: side view with pose vectors, top view with circumfer-

ence and diameter, and height perspective.

The optimal plucking point generally aligns with the extension of the flower’s
vertical axis (Fig. 6.5a). Given that the flower pose is defined by the three position
vectors obtained earlier, the main challenge lies in determining the correct distance
from the flower’s apex (measured with ZED RGB-D cameras) down to the plucking
point. This distance, denoted as h (Fig. 6.5¢), has not been explicitly addressed in
previous studies. To tackle this problem, we propose estimating h by establishing a
numerical relationship between the flower diameter d (Fig. 6.5b) and the distance

from the apex to the plucking point (Fig. 6.5¢).

Table 6.1: Linear regression equations and corresponding upper boundaries for each
flower type.

Pansy Snapdragon Marigold

Linear regression h, = 0.36d, +26.33 h, = 0.38d,+5.33  h,, = 0.66d,, + 7.10
Upper boundary h, = 0.36d, +43.20 h, = 0.38d, + 34.57 h,, = 0.66d,, + 37.91

The relationship between h and d was evaluated for each flower variety using lin-
ear regression (Fig. 6.6), implemented in Python with the scikit-learn 1.3.2 package
[155]. To validate the model, 80% of the data was used for training and the remain-
ing 20% for testing. Although the regression line generally captures the data trend,

many observations fall directly on the line, which could result in underestimating
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h and potentially damaging flowers during cutting. To address this, the plucking
point estimation module does not rely on the regression line itself but instead uses
a translated line representing the upper boundary of the 85% confidence interval.
Table 6.1 reports both the regression equations and the upper-bound equations for
each flower type. The 85% threshold was selected as a compromise between reducing
the risk of cutting too shallow and avoiding unnecessary damage. In the test set,
underestimation occurred in only one snapdragon flower, one pansy flower, and two

marigold flowers. Further field trials will be necessary to fine-tune this threshold.

Snapdragon © Pansy Marigold
0 .

Figure 6.6: Scatter plot of flower diameter (Subfig. ?7b) versus total flower height
(Subfig. ?7¢). Light solid lines indicate the linear regression fit, while darker lines
represent the 85% upper boundary.

In the inference phase, the framework processes the binary mask, the flower point
cloud, the pose estimation, and the regression equations reported in Table 6.1. For
different flower species, a separate regression model can be derived if needed. The
flower center is identified among the uppermost points of the 3D cloud. Using the
binary mask, the flower diameter is determined by computing the smallest convex
polygon enclosing the point cloud. The center point is then defined as the polygon’s
interior point with the maximum distance from its boundary, yielding the value of d.
Next, the flower height h is estimated using the regression functions. With the pose
determined, the center point is translated downward along the main vertical axis
by the distance h. This translated point represents the estimated optimal plucking
point, highlighted by the red square in Fig. 6.7a. The figure also illustrates the
overall framework applied to marigold and snapdragon flowers. The pose vectors
are displayed in red, green, and blue, with the red vector denoting the primary axis
that describes the flower’s orientation. A comparison of the two examples shows
that the method accurately estimates the pose for both upright flowers (marigold)

and tilted flowers (snapdragon).
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Figure 6.7: Isolated point clouds of (a) marigold and (b) snapdragon flowers and the
respective vector components (red, green and blue vectors) and estimated plucking

point (red squares).

6.6.3 Blackberry Pose Estimation

The localization and pose estimation of blackberries follow a similar procedure. The
specific point cloud is first isolated from the data provided by the RealSense depth
sensor and then post-processed to improve accuracy. Outlier points are removed
using the Density-Based Spatial Clustering of Applications with Noise (DBSCAN)
algorithm, after which an erosion step eliminates points near the edges to reduce
interference from objects in contact with the berry. Finally, the point cloud is
refined through downsampling with a 2 mm voxel grid. These preprocessing steps
are necessary to mitigate sensor noise, a process that is less critical when using ZED

cameras, as their point clouds are already denoised.

The refined point cloud is then used to estimate the berry’s pose through PCA. In
this case, the orientation along the principal axis is determined through a weighted
decision. The preferred orientation is downward; however, if the primary eigenvector
points sideways and explains most of the variance, the chosen direction is instead

based on the orientation of the second eigenvector.
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Figure 6.8: Distribution of the absolute dot product between the ground truth main
axis and the PCA-inferred axis. The median value is marked with a dashed line.

Obtaining ground truth values for the quantitative evaluation of localization and
pose estimation is challenging. Previous works [144, 80, 81] report only qualitative
results, typically by overlaying the reconstructed pose onto the real scenario. In

contrast, this study provides a quantitative assessment based on 110 tests.

A synthetic blackberry was randomly positioned within the workspace while
being held at the tip of a robotic arm, allowing precise ground truth measurements

for both position and orientation.

Indeed, through inverse kinematics, and given that the dimensions of the black-
berry are known, it is possible to accurately estimate both its position and orienta-
tion. Specifically, the rotation matrix describing the orientation of the last joint of
the robotic arm with respect to the camera frame was recorded as the blackberry
orientation, while the position vector of the tip of the blackberry was recorded as

the blackberry picking position.

Pose estimation accuracy was then computed as the absolute cosine similarity

between the predicted unit axis’a and the ground truth unit axis Ab, according to:

PS:"a-Ab

where (-) denotes the dot product.

As shown in Fig. 6.8, the method achieved a median pose similarity of 0.9912,
with 67% of the tests scoring above 0.9. These values correspond to orientation

errors ranging between 8° and 26°.
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Figure 6.9: The figure shows the orientation and position of the real berry (blue
point cloud) and the inferred pose, along with the reconstructed arm links. The
magenta arrow represents the ground-truth pose, while the red arrow indicates the

inverse of the predicted pose for easier visualization.

Fig. 6.9 presents qualitative examples of the estimated pose on blackberries. In
each subfigure, the robotic arm holding the fruit is represented by yellow segments,
the blackberry point cloud is shown in blue, and the magenta vector indicates the
main orientation of the fruit. The blue and green vectors correspond to the other
two orthogonal axes of the rotation matrix. The red vector represents the inverse
of the estimated pose, which is plotted in this form to avoid overlap between the

predicted and ground-truth vectors.

In Subfig. 6.9a, the estimated pose closely matches the ground truth, demonstrat-
ing high accuracy and precision. In contrast, Subfig. 6.9b illustrates a failure case,
where the predicted pose is nearly orthogonal to the true pose. This misalignment
is consistent with the appearance of the point cloud, which collapses into a nearly
circular shape due to occlusion in that instance, leading to a failure of the algorithm.
This example corresponds to one of the worst cases shown in Fig. 6.8. Although the

median similarity is 0.99, a small number of cases exhibit values close to 0.

Finally, Subfig. 6.9¢ presents a case in which the overall orientation of the predic-

tion is acceptable, but the direction of the estimated vector is completely inverted.

6.6.4 Blackberry Plucking Point Estimation

Accurately identifying the plucking point is crucial for blackberries, as the fruits must

be grasped by the gripper without causing damage. The robotic system therefore
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requires both a precise location and orientation. Two approaches were evaluated.

In the first approach, given the point cloud and the estimated pose, the plucking
point was inferred by approximating the fruit dimensions. However, tests showed
that this method was unsatisfactory. As a result, a second method based on ellipsoid
fitting was developed. Considering the morphology of blackberries, the optimal
plucking point was estimated by fitting the best ellipsoid to the isolated point cloud.
The ellipsoid is defined by the following equation:

where the parameter vector is

These parameters intuitively define the ellipsoid’s center coordinates in 3D space
(2o, Yo, Z9), while a and b represent the semi-axis lengths along the major and minor
axes, respectively. No parameter c is included, as the ellipsoid is assumed to be

symmetric about the minor axis.

Figure 6.10 illustrates the fitted ellipsoid (red surface) overlaid on the fruit point
cloud (blue dots).
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Fitted Ellipsoid

Point Cloud

Figure 6.10: Example of ellipsoid fitting to a blackberry point cloud. The blue dots
represent the isolated 3D point cloud of the fruit, while the red surface corresponds
to the fitted ellipsoid. This fitted ellipsoid is used to estimate the fruit’s center and

orientation for determining the optimal plucking point.

This method proved particularly effective, consistent with prior studies on food
volume estimation [156]. As shown in Fig. 6.11, the use of the fitted ellipsoid’s center
reduced localization error to a median of 9.29 mm with a standard deviation of 2.52.
In contrast, relying solely on the point cloud’s centroid resulted in a median error
of 19.93 mm and a standard deviation of 11.01 (Fig. 6.11).
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Figure 6.11: Localization error comparison between using the center of the fitted
ellipsoid and the center of the point cloud. The dashed line indicates the median

error.
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Chapter 7

Robotic Manipulation

7.1 Problem Statement

The tested robotic arm was chosen primarily because of its affordability, as cost re-
mains one of the major barriers to the adoption of robotic automation in agriculture
[113]. Commercial robotic platforms often come with extensive software support,
including integration with the Robot Operating System (ROS) and detailed Uni-
fied Robot Description Format (URDF) models, which facilitate simulation, control,
and development. In contrast, low-budget or custom-built robotic arms frequently
lack such resources, making them less accessible for research and deployment. This
absence of standardized tools and documentation creates significant challenges for
testing and validating robotic solutions in realistic agricultural environments. As a
result, alternative methods must be investigated to overcome these limitations and
to explore how low-cost platforms can contribute to broader and more sustainable
adoption of robotics in farming. The overall setup was thoroughly tested both in

synthetic environments and in real-world scenarios.

7.2 Original Contributions and Methodological Adap-

tations

This chapter builds upon well-established methodologies for robotic manipulation
and pick-and-place operations, which have been extensively investigated in indus-
trial automation contexts. The original contribution of this work does not reside
in the development of novel kinematic or motion planning algorithms per se, but

rather in their adaptation, integration, and deployment within a lightweight manip-
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ulation pipeline designed to operate on a low-cost robotic platform for autonomous
agricultural harvesting.

Specifically, classical formulations for forward and inverse kinematics, including
the Product of Exponentials representation and iterative Newton-Raphson optimi-
sation, were adopted as baseline approaches and subsequently tailored to address
the limitations imposed by the robotic arm’s proprietary API, which supports joint
position control only and does not provide feedback signals. In this context, a
custom inverse kinematics strategy was implemented by incorporating constrained
joint limits and task-space-informed initialisation through a database of precom-
puted configurations in order to improve solver convergence within an open-loop

architecture.

In addition, a simplified self-collision avoidance mechanism based on cylindrical
joint modelling and a structured robot description file were introduced to provide a
lightweight alternative to standard URDF representations, thereby enabling reliable
trajectory generation and execution on hardware platforms that would otherwise be

unsuitable for precise manipulation tasks in agricultural environments.

7.3 Controller pipeline

The ROS framework provides a variety of kinematics solvers, planners, and related
tools. Building on this premise, we developed an ad hoc kinematic module using
the available Application Programming Interface (API) for our robotic arm, which
only supported joint position control. This limitation arises because the API allows
specifying the angle of each joint but not the speed of rotation. Furthermore, due to
the same API restrictions, the system operates in an open-loop configuration, since

no feedback can be incorporated.

The inverse kinematics is formulated using the Product of Exponentials (PoE)
representation and solved iteratively with a Newton-Raphson (NR) method. We
adapted existing libraries from [157] to include joint constraints, preventing both
self-collisions and external collisions, and to improve NR convergence through a pre-
liminary task-space mapping. For trajectory planning, polynomial fitting of different
degrees is employed depending on the task: a cubic (third-degree) polynomial is used
for the berry-approach phase, while a linear (first-degree) polynomial is sufficient

for the ingestion phase

The overall controller pipeline is illustrated in Fig. 7.1. Once the vision, pose,
and keypoint estimation module produces a reachable output, the target object’s

transformation matrix is passed to the controller. Based on this matrix, the con-
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Figure 7.1: Flowchart of the manipulation pipeline. Starting from the target trans-
formation matrix T, .., the controller generates initial guesses for the inverse kine-
matics solver. If a valid solution is found, forward kinematics are computed and joint
positions are checked for self-collision. A successful configuration proceeds to path
planning and execution (harvest), while failures lead to trying alternative guesses or

assigning a new target.

troller prepares a set of k initial guesses for the inverse kinematics solver. If no
solution is found, the algorithm iterates through different guesses until either a
valid solution is obtained or all guesses are exhausted, in which case a new target is

assigned.

When inverse kinematics succeeds, forward kinematics is computed to determine
each joint’s position, which is then checked for potential self-collisions. If a collision
is detected, the pipeline resumes with a different initial guess. Otherwise, the path
planning module computes an optimal trajectory to the target using polynomial
fitting. The same procedure is applied recursively to all intermediate points along

the planned path.
The overall picking process is divided into five steps. The first step, Aproach,

positions the arm close to the blackberry and aligns it with the fruit’s orientation.
Next, during Ingestion, the arm moves to guide the blackberry into the gripper
with steady, smooth, and precise motion. Once the fruit has been secured, Inflation
ensures that the gripper holds the blackberry firmly. This is followed by Detach,
where the arm pulls the blackberry from the branch. Finally, in Discard, the arm

moves to a predefined location to release the blackberry into a dedicated punnet.
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7.3.1 Arm Modeling

The kinematic model is governed by the PoE formulation for inverse kinematics. In
contrast, the Denavit—Hartenberg (DH) representation is used only to assign refer-
ence frames to each link for visualization and modeling. Because of this separation,

the robot and its properties can be described in a structured YAML file.

This file contains both general communication parameters (e.g., baud rate) and
robot-specific details, such as joint limits, link lengths and dimensions, axis centers
and orientations, and link diameters. In essence, it provides a complete description

of the robotic arm and its kinematic chain.

The approach is conceptually similar to using URDF files in ROS packages but
offers an alternative way to represent the same information. Creating such a file is
relatively simple: for commercially available low-cost robotic arms, manufacturers
may already provide it, while for custom-built robots, the necessary measurements

can easily be taken and recorded

7.3.2 Kinematics: Forward and Inverse

Following the principle of creating a minimal architecture and building on the formu-
lation described by Lynch and Park [157], kinematics are represented using the PoE
approach. This method expresses the position and orientation of the end-effector
relative to the base as a product of matrix exponentials, each corresponding to a
screw motion. Unlike the DH convention, PoE does not require intermediate link
frames; only the base frame and the end-effector frame need to be defined. Specifi-
cally, for an n-DOF open-chain robotic arm, the forward kinematics can be written

as in Equation (7.1):
T(e) — e[Sl}el’ 6[52]927 e e[sn]en, M (71)

where:

o T(0) € SE(3) is the forward kinematics (end-effector pose as a homogeneous

transformation),
« M € SE(3) is the home configuration of the end-effector (pose when 6 = 0),

o [S;] € se(3) is the matrix representation of the twist associated with the i-th

Screw axis,

e 0, € R is the joint variable (e.g., the rotation angle for a revolute joint).
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Alternatively, the kinematic chain can be expressed as the product of homoge-
neous transformation matrices associated with each joint, similar to the DH repre-

sentation, as shown in Equation (7.2):

T n(0);=3T41(01); Ty o(05); 5 T, 0 (0,,), (7.2)

Each term T;_; ;(0;) represents the pose of link i relative to link i—1, parame-
terized by the joint variable ;. The overall transformation Tj ,,(¢) thus maps coor-
dinates from the base frame to the end-effector frame by chaining all intermediate

joint transformations.

PoE was chosen over the DH convention because it offers several practical ad-
vantages. First, it avoids the strict frame-assignment rules required by DH, since
kinematics are defined directly from the screw axes and the end-effector’s home con-
figuration. This reduces ambiguity and simplifies modeling. Second, PoE is more
geometrically intuitive, as each joint is described directly by its physical motion
axis. Third, it provides a unified representation for revolute, prismatic, and even
helical joints, while DH treats them separately. Finally, PoE scales more naturally

to complex robotic systems with non-standard joints or branching kinematic chains.

Algorithm 1 Newton-Raphson Inverse Kinematics

Require: Target pose T, initial guess 6°, max iterations K, tolerances €pr€o
1: 0« 8°
2: for k=1 to K do
3: T+ FK(0)

J,, < BodyJacobian(6)
A+ I =,

10: 0 < 0+ A0

11: end for

4: =, < log(T71T)

5. if |2 <e, and |2, < ¢, then
6: return 0

7 end if

8:

9:

12: return 6

To reach a desired end-effector pose, an inverse kinematics algorithm is required.
The Newton—Raphson iterative method was chosen for its simplicity. Algorithm 1
outlines this procedure: starting from an initial guess, the forward kinematics is
computed, the error is expressed as a body twist via the matrix logarithm, and an

update step is applied using the pseudoinverse (or damped least squares) of the body
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Jacobian. This process repeats until the error falls below the given tolerances or the

iteration limit is reached.

However, being iterative and joint-space based, the method is sensitive to the
initial guess. Two solutions that are close in Cartesian space may correspond to
very different points in joint space, making convergence harder. To mitigate this,
a database of 6000 precomputed joint configurations was generated. For any given
target pose, the 10 closest candidates in Cartesian space are selected as initial guesses.
As described in Fig. 7.1, the algorithm attempts these candidates in sequence; if the
first guess fails to converge, the process is repeated with the next, up to the tenth.
If none succeed, the target point is discarded and the system proceeds to the next

command.

7.3.3 Self Collision avoidance

As straightforward as it may seem, once the inverse kinematics are solved, the po-
sition and orientation of each joint in space can be easily derived through forward
kinematics. Self-collision is then checked by modeling each joint as a cylinder and
verifying whether these cylinders overlap. Avoiding self-collision is essential because
the implemented kinematics algorithms do not account for the fact that arm joints
have physical volume. Other types of collision avoidance are unnecessary in this
scenario, since there is no interaction with other humans or robots, and the crop
is positioned directly in front of the robotic arm. At worst, the arm might touch
or move some leaves or fruits, but the kinematics ensure slow and gentle motion so
that the crop is not damaged. In fact, occasionally moving the leaves can even be

beneficial, as it may uncover fruits that were previously hidden.

Self-collision avoidance is not required at every stage of the process and is there-
fore only implemented during the Approach phase. During Ingestion, collisions are
impossible by design, while the final point is simply checked for reachability to ensure
it lies within the arm’s workspace. Similarly, Detach merely reverses the previous
motion, and Discard relies on the arm’s API, which already provides a collision-free
path. The discard position is also predefined to be both reachable and collision-
free. These properties significantly reduce computational demands, enabling the

algorithm to operate efficiently even on low-power devices.

7.3.4 Path Planning

For self-collision avoidance, path planning is required only during the Approach

phase of the picking loop. Since no other objects are present within the robot arm’s
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workspace, path planning is used solely to ensure a smooth and efficient trajectory,
particularly when approaching the target fruit. Given the target point, an addi-
tional point offset by the approximate length of the blackberry, and the starting
position, a 3D cubic interpolation is applied. Figure 7.2 illustrates this process: the
blue markers represent the control points used to fit the curve, while the magenta
markers correspond to the eight sampled checkpoints along the trajectory. For each
checkpoint, the complete kinematics pipeline (Fig. 7.1) is executed to guarantee a
smooth and collision-free path. The number of checkpoints was carefully tuned to

balance trajectory smoothness with computational efficiency.

Cubic Trajectory (cut)
X Control Points
X Sampled Checkpoints

Figure 7.2: Cubic polynomial trajectory fitted through selected control points. The
blue markers represent the chosen control points (p,, p;, and ps), while the purple
markers indicate the eight sampled checkpoints obtained for k£ = 6. The trajectory
is shown only between the two external control points, providing a smooth, collision-

free path approximation for the robot arm.

7.4 Experimental Results

The manipulation module was extensively tested to evaluate both the robustness
of the control system and the precision of the manipulator. For the arm, the
tests revealed positioning errors within 1 mm, consistent with the datasheet speci-
fications, representing competitive performance given the hardware’s cost (approxi-

mately £1,000). However, in 7 out of 10 sets of 25 repetitions, the arm sporadically
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deviated to a random location (indicated by black arrows in Fig. 7.3), with offsets

ranging between 1 and 4 mm from the target position.

Figure 7.3: Marks on clay disks for accuracy tests of the arm.

The control system was tested throughout development and later assessed in a
more systematic and objective manner as part of the task benchmarking pipeline.
The overall benchmarking methodology will be described in the following chapter.
These evaluations clearly show that the hardware is insufficient for certain tasks,
particularly ingestion, where steady and smooth motion is required. In this case,
the arm exhibited jittery movements that prevented the task from being completed

successfully.
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Chapter 8

Experimental Protocols

8.1 Problem Statement

A unified and robust procedure for evaluating robotic harvesting is still lacking in
the literature. Existing studies often rely on ad-hoc evaluation criteria, task-specific
success rates, or qualitative descriptions, which makes systematic comparison across
different approaches challenging. This absence makes it difficult not only to com-
pare different studies but also to identify strengths and weaknesses in an objective
manner, even for the researchers themselves. To address this issue, the evaluation
framework proposed for benchmarking robotic competitions [158] is adopted, in
which experiments are classified via Task-based Benchmarking (TB). TB enables
structured, repeatable, and implementation-agnostic assessment of performance at

the level of individual sub-tasks in the harvesting pipeline.

8.2 Original Contributions and Methodological Adap-

tations

This chapter builds upon established task-based benchmarking methodologies com-
monly employed in robotic competitions and manipulation studies. The primary
contribution of this work lies in their adaptation and formalisation within the con-

text of autonomous agricultural harvesting.

In particular, a structured task-based experimental protocol was defined to en-
able the systematic evaluation of each sub-task of the harvesting pipeline—including
perception, pose estimation, manipulation, and grasping—as well as of the overall

picking process. This framework allows subsystem-level performance to be anal-
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ysed independently while also capturing the impact of error propagation across the

integrated pipeline.

The proposed protocol therefore provides a reproducible and implementation-
agnostic evaluation procedure that may support future benchmarking and ablation
studies in robotic harvesting, facilitating objective comparison across different sys-
tem architectures and contributing towards more standardised assessment practices

in agricultural robotics.

8.3 Task-based Experiments

TB provides a structured methodology for assessing robotic performance by decom-
posing complex operations into measurable sub-tasks. Each sub-task is evaluated
according to its degree of successful completion (e.g., complete, partial, unsatisfac-
tory), independent of the particular subsystems responsible for execution [159]. This
abstraction makes the evaluation process implementation-agnostic, allowing systems
with different architectures to be compared on a common ground. In particular, a
subtask is considered Complete when it is successfully executed as expected. It is
classified as Partial when the task is not completed optimally but still does not
compromise subsequent tasks. For example, this occurs when the gripper partially
ingests the berry or inadvertently ingests a leaf along with the berry. While these
cases are suboptimal, they do not prevent the berry from being effectively detached
from the plant. The final category, Unsatisfactory, applies when the task is not

completed and it is impossible to proceed with the pipeline.

A primary strength of TB lies in its modularity: by isolating individual stages
of the robotic pipeline researchers can identify where failures occur and how they
influence downstream performance. For instance, the Fields2Benchmark framework
for agricultural robotics demonstrates how coverage path planning can be decom-
posed into field decomposition, route planning, and path planning, enabling detailed
analysis of performance at each level [160]. Furthermore, TB supports cross-system

comparability and reproducibility, as shown by the YCB object se [161].

Despite its utility, TB also presents some limitations. First, since it focuses on
isolated sub-tasks, this may obscure emergent behaviors that arise from subsystem
interactions, such as cascading errors [162]. Second, the value of TB depends heav-
ily on well-specified task protocols; inconsistencies in task definitions may hinder
reproducibility or in manipulation benchmarks [161]. Finally, TB faces a trade-off:
while it enables fine-grained evaluation of specific subtasks, success in these isolated

contexts does not always generalize to the complexities of unstructured, real-world
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environments.

Despite these limitations, TB has become a cornerstone of benchmarking efforts
across multiple domains of robotics. In agricultural robotics, competitions such as
ACRE have highlighted the importance of standardized benchmarking frameworks
for evaluating weeding and harvesting tasks under realistic conditions [163]. In
manipulation, the YCB dataset and REPLAB [164] have promoted reproducibility
by providing low-cost, standardized testbeds.

When applied to autonomous blackberry harvesting, TB enables a systematic ex-
amination of how sub-tasks are executed, how errors propagate across the pipeline,
and how individual components contribute to or constrain overall system perfor-
mance. For each test, by employing discrete scoring schemes (e.g., 0 = failure, 1
= partial success, 2 = success), TB provides quantitative insights into subsystem
performance while maintaining comparability with broader robotic evaluation prac-

tices.

8.3.1 Task Decomposition

In task benchmarking, a pivotal step is the definition of sub-tasks. Fig. 8.2 illus-
trates how this subdivision has been applied to the blackberry harvesting pipeline.
The identified sub-tasks are associated with the main modules—vision, arm, and
gripper—and closely follow the structure of the control pipeline shown in Fig. 8.1.
More generally, this division expands the abstract food-handling flow chart proposed
in [165], with the addition of a vision component specific to this application. Al-
though in some cases it is not possible to unambiguously assign a task to a single
subsystem, this mapping is often feasible and provides valuable insights into the role

and performance of each module within the overall process.
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Figure 8.1: The hardware of the blackberry robot (left) and the control pipeline
(right).
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Figure 8.2: The overarching harvesting task is split into several sub-tasks and as-

signed to individual modules (hardware and software).

8.3.2 Test Benchmarking Setup
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Figure 8.3: The artificial bush used in task benchmarking with the berry and 3d

printed stems.

To evaluate the system, an artificial berry was positioned within the robotic
arm’s workspace using a controlled grid pattern (Fig. 8.3). A total of 250 trials were
carried out, spanning four distinct height levels of the bush (560 mm, 440 mm, 320
mm, and 220 mm) and four berry orientations (0, 7/4, 7/2, and 37 /4). This setup
ensured a systematic exploration of the arm’s performance across varying spatial

positions and orientations.

8.4 Performance Results

The performance of the system on sub-tasks is presented in Fig. 8.4, where the

top chart reports absolute scores (number of successes, partial successes, or failures

80



CHAPTER 8. EXPERIMENTAL PROTOCOLS

250
200
150
100

100
80+
60/
40
201

Figure 8.4: Comparison between the distribution of overall (a) and relative per-
centage (b) scored points. In Fig. (b) the percentage for each individual step was
calculated using as the sample size the sum of correctly and almost correctly com-

pleted trials.

based on the 250 attempts) while the bottom chart reports relative scores (values
relative to the successes and partial successes of the previous step). The absolute
scores decline as the pipeline progresses, highlighting the relationships between two
consecutive sub-tasks. Early failures in the pipelines prevent a proper investigation
of the subsequent steps, and these observations suggest employing an experimental
approach that includes the user in the loop: by having the chance to correct failures
of the pipeline, areas of improvement could be identified with fewer attempts, and

the individual components assessed in a more relevant way.
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Table 8.1: Task performance metrics for each tested position and orientation. The
table reports the relative percentage of successful trials for each configuration. The
Overall Success Rate (OSR) column summarizes the total percentage of successful
picking operations. The reported 95% confidence intervals correspond to binomial

Wilson intervals computed on the overall score.

Spatial Parameters Vision and Arm results Gripper metric results OSR
Z Position (mm) Orientation a Det. Pose Appr. Rec. Det. Rec. Ing. Grab. Det. Disp. Rel.

0 100 100 72 95 90 57 83 75 75 67 32
560 /4 100 76 64 82 75 40 50 75 43 50 8
/2 100 64 12 38 60 0

0 96 100 80 86 95 75 87 75 100 93 52
440 /4 100 64 29 72 69 33 100 100 75 50 8
/2 100 72 24 22 80 0

0 88 88 68 69 63 66 92 92 100 75 36
100 68 24 21 18 25 100 100 100 100 4
100 64 24 33 100 0

100 100 75 89 100 47 50 50 100 100 17

98.4 79.5 47.4 62.9 774 46.7 76.6 70.9 85.2 78.5 15.7

[96.8-99.4] | [74.5-84.0] | [41.3-53.6] | [56.8-68.7) | [72.2-82.0] | [40.6-52.9] || [71.4-81.3] | [65.1-76.2] | [80.4-89.1] | [73.4-83.0] | [11.0-19.8]

The relative scores of Fig. 8.4 highlight bottlenecks of the pipeline.By computing
the percentage values using as the sample size the sum of successful and partially
successful trials from the preceding task, each score isolates the performance of the
current stage, effectively removing the influence of errors propagated from previous
steps. The initial detection and pose estimation part showed success ranging from
about 80% to 100%, and complete failures lower than 2%. Similar consistency has
been found in the gripper result, with success rates ranging from 70% to 85%. The
three principal sources of failures have been identified in the approach of the berry,
detecting for re-centering, and ingestion sub-tasks. The different camera resolution,
point of view, and illumination are all known sources of disturbances for domain
generalization of learned approaches [143], but the berry approach and ingestion
issues are less investigated. Although we did not perform a formal evaluation, our
educated guess is that the arm’s movements in task space are less accurate for specific
poses of the grasped berry. In other words, although the arm can kinematically
solve most of the requested trajectories, motor resolution and practical constraints
impaired the proper execution of several picking actions.

This observation found additional evidence when the results are split by position
and orientation of the berry (see reference frame in Fig. 8.3) as presented in Table 8.1.
Specific poses (e.g. z = 400mm and « = 0) of the berry showed a constant level
of performance of the different subsystems, but when the orientation of the berry
was tested in the horizontal plane (v = 7/2rad), we registered an abrupt drop in
the approaching and ingestion sub-task scores. It is worth mentioning that such
berry poses, and the relative trajectories required for approaching and ingestion, are

kinematically feasible but close to the task-space of the arm (due to self-collision con-
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straints). Similar issues have been highlighted for positions close to the workspace
of the arm, i.e., for z = 560mm and z = 320mm, and orientation different from
a = 0. Also in this case, self-collisions and trajectory accuracy in task-space appear

to be a significant limit to the performance of the system.

By analyzing the results of the vision system with respect to the position and
orientation of the berry (Table 8.1), the detection appeared robust with respect
to the position, while the orientation score drops to a lowest of 64%. This issue
arose because the vision module struggled when the berry appeared too symmetrical,
making it challenging to accurately compute its pose. Although the vision performed
to a significant degree of success, ranging from 88% to 100% in detection across
different poses, being this task the initial part of every pipeline will require higher

and robust degrees of success.

Eventually, the soft gripper demonstrated a success rate across poses ranging
from 50% to 100%, with an overall score of 76.6% (Table 8.1). Causes of failure
ranged from random hardware failures due to the prototyping nature of the device
(e.g. compressor did not initiate the inflation) to loss of grips during arm movements.
Partial grasps, i.e. cases in which the gripper was not perfectly positioned around
the berry, still resulted in successful grasps, confirming the advantages provided by

compliant grippers despite an open-loop gripping approach.
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Chapter 9

Conclusions and Future Work

9.1 Contributions and Limitations

This thesis has examined the integration of Al-based perception and low-cost robotic
manipulation for the autonomous harvesting of underexplored crops. The primary
goal was to assess the feasibility of an Al-driven vision framework for robotic har-
vesting of high-value crops. A secondary objective was to evaluate the potential
of foundational models and state-of-the-art architectures to reduce computational

demands and address data scarcity challenges.

The framework developed for edible flowers, FloralAl, demonstrated that the
proposed approach can be applied across different species and varieties, highlighting
its robustness and adaptability. Its extension to blackberries further confirmed that
the pipeline can be transferred with only minimal adjustments. The incorporation
of general-purpose and foundation models such as YOLOv5 and SAM enabled a
resource-efficient strategy, leveraging public datasets and zero-shot field data. Re-
markably, the detection and segmentation of ripe blackberries were achieved exclu-
sively with online, out-of-domain data, thereby validating the results obtained from

the edible flower case study.

A central methodological contribution was the development of crop-specific pluck-
ing point estimation strategies. For edible flowers, PCA-based pose estimation was
combined with diameter inference to predict accurate plucking points. For black-
berries, PCA pose estimation was integrated with ellipsoid fitting to localize and
orient fruits within clustered canopies. These approaches proved effective under
constrained data conditions and demonstrated the adaptability of geometric meth-

ods to agricultural perception tasks.

Beyond harvesting, the pipeline, particularly the integration of YOLO and SAM,
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shows strong promise as a dataset annotation tool. This method could serve as a
ground-truth annotation engine to support the development of future architectures.
Since high-quality annotations remain a major bottleneck in training efficient neural
networks, the approach described here provides a scalable and reliable solution for

generating training data.

This work also presents, for the first time, a fully evaluated autonomous blackberry-
picking robot equipped with a soft robotic gripper. The evaluation covered the entire
pipeline, combining component-level and task-oriented analyses. Autonomous har-
vesting trials with berries in diverse orientations and positions demonstrated the
feasibility of the approach and the effectiveness of the proposed system. These re-
sults also reinforced the findings from edible flower harvesting. Overall, the study
systematically analyzed and documented the complete picking process, highlighting
both its strengths and limitations. Furthermore, it provides the first comprehen-
sive evaluation of a blackberry-harvesting robot based on generic, replicable, and

adaptable testing procedures.

The evaluation also revealed several broader insights. While general-purpose
robotic platforms are useful for testing, they are not optimal for harvesting. A
custom-designed robotic arm, specifically engineered for agricultural tasks, would
provide a more effective solution. At the same time, the implemented control
pipeline proved well-suited to the task, showing that complex, computationally ex-
pensive algorithms are not always necessary—classical control and kinematic prin-

ciples can suffice.

With respect to the end effector, the advantages of a soft gripper extended be-
yond its ability to avoid bruising the crop. Its compliance also helped accommodate
minor inaccuracies in perception and control. The evaluation highlighted how crop-
specific end effector design is critical to reducing task complexity. For example,
the cylindrical design of the tested gripper simplified alignment, since only one axis
needed to be aligned with the fruit, eliminating the need for complex gripping strate-
gies. Conversely, in the case of edible flowers, a specialized gripper capable of both

holding and cutting the crop would be essential.

Finally, this thesis introduced task-based benchmarking protocols for harvest-
ing evaluation. By standardizing both component-specific and task-oriented as-
sessments, these protocols provide an implementation-agnostic framework for re-

producible comparison and future research in agricultural robotics.

Pose estimation assessment proved to be non-trivial. As demonstrated in the
case of edible flowers, a functional robotic picking system is essential for fully eval-

uating pose estimation accuracy, since it provides a reliable ground truth for per-
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formance validation. This requirement was addressed in the blackberry harvesting
experiments by employing a robotic arm to emulate the crop. In this setup, the
kinematics of the arm itself provided precise ground-truth position and orientation
data.

However, this approach has inherent limitations. Because it was performed in a
synthetic scenario, even when physical twins are designed to closely replicate real
conditions, small differences, gaps, and biases relative to the real-world domain in-
evitably remain. Moreover, critical field factors such as occlusion, environmental
variability, and seasonal fluctuations can significantly influence detection accuracy
and overall system performance. Indeed, preliminary in-field tests with the black-
berry harvester confirmed that variations in lighting conditions had a substantial

impact on the performance of the vision module.

9.2 Comparative Analysis of Target Crops

The two crop types investigated in this thesis, blackberries and edible flowers, illus-
trate how biological and structural characteristics strongly influence the automation
potential of agricultural tasks. Blackberries proved relatively easier to automate due
to their natural detachment properties and the structural uniformity of berry clus-
ters. Once ripe, the fruit can be removed with minimal force, reducing the likelihood
of damage and simplifying both gripper design and control strategies. Moreover, the
clustered arrangement of berries provides repeated opportunities for successful har-

vesting actions within a single reach.

By contrast, edible flowers presented a far more demanding challenge. Their
fragile petals, slender stems, and high variability in shape and orientation require
not only precise perception but also highly accurate end-effector positioning and
cutting. Small deviations can result in damaged flowers, rendering them unsuitable
for commercial use. This comparison highlights a fundamental principle: while some
crops offer natural affordances that align with robotic harvesting, others require
specialized solutions that push the limits of current perception, manipulation, and

control technologies.

9.3 Model Transferability

The experimental results further emphasize the partial transferability of Al-based

perception models in agriculture. Detection models trained on one crop demon-
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strated moderate generalization when applied to another, suggesting that deep-
learning-based detectors are able to capture shared visual cues such as color, texture,
and basic geometry. This level of transfer is particularly encouraging as it reduces

the cost and time required to train models from scratch for each new crop.

However, pose estimation and manipulation strategies exhibited far lower levels
of transferability. Differences in geometry, surface texture, orientation, and occlu-
sion patterns require substantial crop-specific tuning. For example, the strategies
used to localize and approach a blackberry cluster could not be directly applied to
edible flowers, where millimeter-scale accuracy is required. These results point to an
important trade-off: while perception modules may benefit from cross-crop general-
ization, reliable harvesting performance ultimately demands tailored manipulation

strategies.

9.4 Generalizability of the Proposed Pipeline

The proposed robotic pipeline was deliberately designed with modularity as a central
feature, enabling partial reuse of perception, control, and manipulation components
across different crops. This modular approach proved advantageous in practice,
as it reduced the engineering overhead when transitioning from edible flowers to
blackberries. Components such as object detection and segmentation were reused

with minimal adaptation, providing a strong foundation for flexible system design.

Nevertheless, the results also underline the limitations of full generalization.
Agricultural environments are highly variable, with differences in canopy density,
lighting conditions, and fruit or flower morphology. These factors limit the extent
to which a single pipeline can be universally applied. The evidence suggests that
future robotic harvesting solutions should embrace a hybrid philosophy: leveraging
modular and reusable components where possible, while simultaneously incorporat-
ing crop-specific adaptations where necessary. Such an approach would balance
scalability with robustness, enabling the gradual expansion of robotic harvesting

systems to a broader range of crops.

In addition, the studies and tests presented in this thesis make it clear that the
success of robotic harvesting does not depend solely on advances in robotics and Al
Progress must also come from the agricultural side, through dedicated crop research.
Factors such as plant architecture, growth patterns, and cultivation methods play a
critical role in determining the feasibility of automation. For example, breeding or
training crops with more uniform structures, accessible fruit placement, or reduced

canopy density could substantially lower the complexity of robotic harvesting tasks.
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Thus, a true pathway toward successful agricultural automation requires a joint

effort between robotics research and agricultural science.

9.5 Future Perspectives

9.5.1 Scalable Dataset Collection

One of the clearest bottlenecks identified in this thesis is the limited availability
of diverse and representative datasets. Current models often fail to generalize be-
cause training data does not adequately capture the variability of real-world con-
ditions. Future research should therefore prioritize the development of large-scale,
open-access agricultural datasets spanning multiple crops, environments, and growth

stages.

Automating the annotation process will be key to scaling up dataset creation.
The integration of advanced segmentation tools such as SAM could drastically reduce
the time and effort required for annotation, while also ensuring greater consistency
and accuracy. Such tools could serve both as accelerators for model training and as
benchmarks for validating emerging algorithms. By addressing the data bottleneck,
the research community can enable broader generalization and accelerate the pace

of innovation in agricultural robotics.

9.5.2 Robot-Assisted Dataset Generation for Future Bench-

marking

As discussed in the previous chapters, one of the main limitations encountered in
this work concerns the absence of standardised datasets for benchmarking perception
and pose estimation algorithms in robotic harvesting applications. This limitation
significantly restricts the possibility of performing fair comparative evaluations be-
tween different detection and manipulation pipelines. The issue largely stems from
the industrial nature of many robotic harvesting solutions, where datasets are often
proprietary and therefore not publicly available. Furthermore, acquiring reliable
ground-truth annotations—particularly with respect to the three-dimensional posi-

tion and orientation of target fruits—remains a significant challenge.

To address this limitation, an ongoing research effort has been initiated towards
the development of a dedicated dataset for blackberry detection, keypoint extrac-
tion, and pose estimation. In current robotic picking applications, ground-truth

pose information is typically obtained through manual annotation. However, due to
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Figure 9.1: Examples of the data gathered in the dataset. The first row represents
the images of the blackberries, while the second and third rows show, respectively,
the rotation matrices and translation vectors for the tip of each blackberry. These

data correspond to the ground-truth picking point and pose of the blackberries.

the inherently three-dimensional nature of this task, such procedures are both time-
consuming and prone to inaccuracies, especially when precise pose estimation is
required. This lack of accurate and standardised data ultimately limits the possibil-
ity of performing systematic benchmarking and comparative studies across different

robotic harvesting approaches.

Building upon the methodology introduced in Section 6.6.3, the proposed ap-
proach aims to generate annotated RGB images and corresponding point clouds in
which ground-truth information is obtained autonomously. A synthetic replica of a
blackberry is mounted on the end-effector of a robotic manipulator and randomly
moved throughout the robot workspace. By leveraging the inverse kinematics of the
manipulator, it becomes possible to accurately record the ground-truth position and

orientation of the blackberry in each acquired frame without manual intervention.

The dataset currently includes approximately 2000 annotated instances and is
intended to support the future training and evaluation of detection, keypoint extrac-
tion, and pose estimation algorithms. As illustrated in Fig. 9.1, artificial foliage has
been introduced in the background to increase scene complexity and simulate par-
tial occlusions, which represent one of the main challenges in in-field detection tasks.
This setup allows for the controlled reproduction of realistic harvesting conditions

while preserving accurate ground-truth pose and picking-point information.
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Figure 9.2: Example of the automatically generated ground-truth annotations. The
red bounding box represents the projected 2D bounding box of the blackberry, the
yellow points indicate the keypoints, and the red, green, and blue segments depict
the pose vector describing the orientation of the fruit with respect to the camera

reference frame.

Preliminary visual examples of the results are shown in Fig. 9.2. In particular,
the red bounding box associated with each blackberry is obtained by projecting
the corresponding three-dimensional bounding box onto the two-dimensional image
plane. Since the physical dimensions of the blackberry, along with the orientation
and position of its tip, are known, it is possible to obtain both 3D and 2D bounding
box annotations. This is expected to be beneficial not only for standard 2D detection
tasks based on computer vision techniques, but also for 3D detection within the
point cloud space. Moreover, the yellow dots represent the keypoints assigned to
the blackberry, while the red, green, and blue segments indicate the pose vector

describing the orientation of the fruit with respect to the camera reference frame.

Once completed, the proposed dataset is expected to facilitate the development
and systematic evaluation of perception modules for robotic harvesting applications.
More importantly, it may provide a standardised resource for benchmarking and
comparative analysis of different detection and pose estimation pipelines. In this
way, it is intended to contribute to improving consistency and reproducibility across
future robotic picking systems, and may be further extended to include additional

crop types.
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9.5.3 Multi-Modal Perception

A second promising direction lies in the integration of multi-modal sensing tech-
nologies. Relying solely on RGB vision, while effective in controlled conditions, is
insufficient for tasks that demand richer context. Hyperspectral imaging could en-
able accurate ripeness assessment and early disease detection; thermal sensing could
provide insights into plant stress; and depth cameras could improve the handling of

occlusions and overlapping structures.

The fusion of these modalities with Al-based perception would allow robotic
systems to move from simple visual recognition toward a more holistic understanding
of crop state and environment. Such advances would not only improve harvesting
accuracy but also open pathways to new applications such as selective harvesting,

yield estimation, and crop health monitoring.

9.5.4 Field Deployment and Real-World Testing

Perhaps the most critical step forward is the transition from controlled laboratory
experiments to field deployment. While controlled settings allow for systematic
evaluation and repeatability, they do not capture the full complexity of real-world
farming environments. Future research should therefore focus on validating robotic
pipelines under actual agricultural conditions, where uncontrolled lighting, weather

variability, soil unevenness, and frequent occlusions pose major challenges.

Three priorities stand out for successful deployment: first, the development of
robust perception pipelines that can withstand varying illumination and partial
occlusions; second, the design of efficient models capable of real-time inference and
actuation without excessive computational overhead; and third, the demonstration
of long-term reliability, ensuring that robotic systems can operate consistently over
extended periods. Achieving these goals will be essential to bridging the gap between

proof-of-concept prototypes and commercially viable robotic harvesters.
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