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Lepiinyn

H ovtopotonmoinon g yewpyikng mopoymyns OmoTEAElL [0 ONUOVTIKY TPOKANGYN GTO
oLYYpovo KOGHO. Ot véeg teXvoroYleg Kot QOPUOYES YEWPYIOG UTOPOVV VO, 0OTYICOLV GE
abénon G TopAy®YNG Kol NG amddoons, Kabmdg kot og Peitioon tng moldtnTog TV
npoiévtwv. H avtopatomoinon éxel cuvelGPEPEL GE S1APOPES EPAPUOYES OTY YEWPYia, OTWS
N QUTELGN, M CLYKOUION, M AVOYVOPLoN AGHEVEL®VY, 1 EKTIUNON TOPAYWOYNG, O TOLOTIKOG
EAeYY0G, M dlayeiplomn TV VOAT®V, 1| TOPAKOAOVONOT KAAMEPYEIDV, O EAEYXOC EVIOUOKTOVMV
Kot 1 oldTNTe. £3GPOVE Kot TOPAGITOKTOV®Y. MeTa&) anTdV TOV £QUPUOY®Y, 1| GUYKOMOT|
etvar n dwdikacio wov Eyel dexTel TN HKPATEPT] TEXVOAOYIKT AVATTLEN Y10 IKOVOTOUTIKY
avtopotonoinon. Méypt kot oNUePa, 1 TAELOVOTNTO TG CLYKOUONG PPOVTMV KOl AOYOVIKOV
Baciletar katd KOplo Adyo o€ yepokivntes TEXVIKES. Tol POUTOTIKA GUOTAUOTO, KOVE Yo
ELOVT], CVTOUATOTOUNUEVY KOl EMAEKTIKT) GLUYKOUION UTOPOVV VO GUVEIGOPEPOVY GUAVTIKE
OTOV TPMOTOYEVN TOUEN. XTNV TOPOVGO SUTAMUATIKY EPYOGI0 TEPLYPAPOVTOL 1] KATOCKEVT] Ko
TPOYPOUUATIOHOG €VOG POUTOTIKOD Ppayiovo Yoo xpnon o€ KoAMEPyeleg viopdtog Kot
mnepldg eviog Beppoknmiov. To cuoTN A TOL LAOTOLEITOL YPNGILOTTOLEL VTOAOYIGTIKY OPOOT|
Yo vo avayvopilel ®pYovg Kopmovg pe Paon to ypopo, o péyedog Kot GAAES OMTIKEG
evoeielg, emtpénovtag akpiPeic amoeacelg cuykopons. o v enitevén Tov cvyKekpIEVOL
oKOTOVL yivetal ypnom oiyopiBumv pnyovikng padnong, ot omoiot avoADOLV EKTETOUEVES
TOGOTNTES OEGOUEVOV Y10 VO BEATIOGOVV TNV atOd00T TG TPOPAEYNC, Vo BEATIGTOTOGOVY
TOL XPOVOSLNYPALLOTO GUYKOUIONG KOl VO, LELOCOVV TN 6moTtdAn. Ta empépovg egapthpota
TOV POUTOTIKOV Ppayiove VAOTO0VVTOL HECH TPIGOAGTATNG EKTUTMONG KoL 1| TEAMKY| TOVG
OLVOPUOAGYNOT GLUVOETEL TO GUVOAIKO OMOTEAEGLO TG KOTAOKEVNG. Me autdv Tov Tpdmo, 0
poumoTikdg Ppoyiovag mov vAomoteiton PEATIOTOTOEL T GLYKOMON VIOUATAG Kot TUTEPLAC,
EMUTPENOVTOG TOPOAANAC TNV eEumvotepn AWM amoeAce®y o€ OAO TOV KUKAO TNG
KOAMEPYELOG.
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Abstract

The automation of agricultural production constitutes a significant challenge in the modern
world. Emerging technologies and agricultural applications can lead to increased productivity
and efficiency, as well as improved product quality. Automation has contributed to various
agricultural applications, including planting, harvesting, disease recognition, yield estimation,
quality control, water management, crop monitoring, pesticide control, and soil and pest
quality assessment. Among these applications, harvesting is the process that has seen the least
technological advancement toward satisfactory automation. To this day, the majority of fruit
and vegetable harvesting relies primarily on manual techniques.

Robotic systems capable of intelligent, automated, and selective harvesting can significantly
contribute to the primary agricultural sector. This thesis presents the development and
programming of a robotic arm designed for use in tomato and pepper cultivation within
greenhouses. The implemented system utilizes computer vision to identify ripe fruits based
on color, size, and other visual indicators, enabling precise harvesting decisions.

To achieve this goal, machine learning algorithms are employed to analyze vast amounts of
data, enhancing predictive accuracy, optimizing harvesting schedules, and reducing waste.
The individual components of the robotic arm are fabricated using 3D printing, and their final
assembly results in the complete construction of the system. Through this approach, the
developed robotic arm optimizes the harvesting process for tomatoes and peppers while
simultaneously facilitating smarter decision-making throughout the entire cultivation cycle.
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Evyapioticg

®a Mfela va gvyaplotiow Bepud tov emPAémovia kabnynt) pov, Kadnynm Kovtpovin
Evtoyio g Zyoing Hiektporldywmv Mnyavikadv kot Mnyovikov Yrohloyiotov [ToAvteyveiov
Kpnmg vy v avdBeon g SIMA®UOTIKAG OV €PYOciag OTME EMioNG Kot Yio TN XPNOLUN
Kafodnynomn Tov.

Emumiéov, Ba MBera va gvyapiomom moid tov Kabnynt I[HomagvBopiov Emvpidova g
Yyoc Mnyavikov Tlapoaywyng kot Awoiknong, HEAOG NG TPIUEAOVS EMITPOTNG, Yo TN
onuavtiky Pondeld tov, TNV EMGTNUOVIKY] TOL VTOCTNPEN GAAL KOl Yo TO ¥POVO TOL
APIEPMGE Y10, TNV EMIAVOT] OTOPIOV TPOKEWEVOD VO, OAOKANP®OEL 1 €V AOY® SUTAMUATIKY
gpyacio.

Evyoapiotd moid tov Kabnynt INetdxkn Keovotavtivo, o omoiog 6éyxtnke var eivon HEAOG TG
TPUEAOVS EMTPOTNG AELOAOYNONG TNG OUTAMUATIKNG OV EPYACTOC.

Téhog, Ba NBela va amodmom Wiaitepeg gvuyapiotieg otov kupro Aovkdkn Kwvotavrivo,
VIOYNPLO JOAKTOPA TNG XxoANg Mnyavikov Tapaywyng kot Atoiknong tov IToAvteyveiov
Kpntng, yio v moAdmpn evacydAncn Tov Kot TV TOADTIUN TPOSPOPE TOL GTNV VAOTOINGoN
NG GLYKEKPIUEVIC SUTAMUOTIKNG EPYOCIOGC.
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Chapter 1: Introduction and Research Objectives

1.1 Introduction

This thesis focuses on the development of a robotic arm system designed for automated
harvesting of tomatoes and peppers in controlled greenhouse environments. The robotic arm
must be capable of identifying ripe tomatoes and peppers using computer vision systems and
machine learning algorithms to distinguish between ripe, unripe, or damaged fruits, while
simultaneously minimizing any potential crop damage. This is achieved through the
development of appropriate mechanisms to regulate the force applied by the robotic arm
during harvesting.

By implementing this system, automated and efficient fruit harvesting is achieved,
significantly reducing the time required for collection compared to manual harvesting
methods.

1.2 Objective of the Study

The objective of this thesis is to develop a robotic arm for use in tomato and pepper
cultivation within greenhouses. These crops represent significant agricultural products, and
their cultivation in greenhouses ensures production stability and product quality control.

This study aims to address challenges related to automation in greenhouse harvesting by
designing an autonomous robotic system. The adoption of robotic arms in agriculture can
lead to reduced production costs, increased harvesting efficiency and improved quality
control of the final product. Through the integration of robotics, artificial intelligence, and
machine learning, this research seeks to contribute to the modernization of agricultural
harvesting techniques.

12
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1.3 State of the Art

The use of robotic arms for plant harvesting represents one of the most significant research
fields in agricultural automation, aiming to enhance efficiency and reduce costs. In recent
years, extensive efforts have been made to develop such systems, which can replace
traditional manual harvesting methods. The following sections outline the most important
advancements in this domain, along with the challenges that remain

Historical Development and Research Approaches

The first generation of robotic harvesting arms primarily focused on the mechanical design
and control mechanisms required to perform fundamental movements, such as lifting and
grasping fruits. In the early 21st century, most systems relied on predefined paths and touch
sensors to detect the presence of fruit, without advanced environmental perception. Early
research primarily targeted crops such as tomatoes and strawberries, due to their relatively
simple plant morphology.

With advancements in computer vision technologies, robotic systems began to exhibit
increased flexibility. Studies such as those by Blok et al. [1], introduced vision-based fruit
recognition systems that utilized color and shape detection, allowing robotic arms to identify
fruits autonomously and adjust their movements based on fruit size and position. These
techniques were successfully applied to more complex crops, such as apples and pears, which
posed greater challenges due to the dense structure of trees and the irregular distribution of
fruits.

Figure 1: Agriculture robotic arm for apple harvesting [2].

13



SCHOOL OF ELECTRICAL & COMPUTER ENGINEERING

TECHNICAL DIPLOMA THESIS

UNIVERSITY
OF CRETE

Advanced Computer Vision and Machine Learning Systems

In recent years, the use of machine learning and deep learning techniques has significantly
transformed robotic harvesting. Research by Koirala et al. [3] demonstrated the effectiveness
of neural networks in fruit detection, ripeness estimation, and quality prediction. These
systems can distinguish fruits from the background with high accuracy, even in challenging
environments where lighting and visibility conditions vary. Key features such as texture,
brightness, and shape are analyzed to identify ripe fruits, minimizing the likelihood of
harvesting unripe ones. A significant breakthrough in the field has been the development of
three-dimensional (3D) vision systems. The study by Tang et al. [4] utilized 3D cameras and
deep learning algorithms to guide robotic arms in three-dimensional fruit recognition and
precise positioning for harvesting. This technology allowed robots to interact more efficiently
with plants, reducing damage to both fruits and crops.

Applications and Technical Challenges

Despite advancements in robotic harvesting, full automation has not yet been widely adopted
across all crops. One of the major challenges is the uncertainty in fruit positioning, especially
in plants with dense foliage or unpredictable fruit distribution, such as olives and grapes. The
development of robotic arms capable of harvesting fruits without causing surface damage
remains an active research challenge.

Harvesting crops with delicate or fragile surfaces requires the design of robotic arms
equipped with haptic feedback and precise force control. Studies such as those by Lehnert et
al. [5] have explored the integration of flexible materials and soft robotics technologies,
enabling robotic arms to adapt to the shape and fragility of fruits.

Conclusions and Future Directions

Research on robotic arms for plant harvesting has made significant progress; however,
numerous challenges remain at the forefront of scientific inquiry. Future work is expected to
focus on developing more adaptable systems by leveraging artificial intelligence and
advanced vision algorithms. Additionally, future robotic arms should be designed to
dynamically adjust to environmental conditions.

The vision of fully autonomous harvesting systems, capable of operating independently and
efficiently, remains an active area of research and development, promising to revolutionize
modern agriculture.

14



SCHOOL OF ELECTRICAL & COMPUTER ENGINEERING

TECHNICAL DIPLOMA THESIS

UNIVERSITY
OF CRETE

1.4 Structure of the Thesis

Chapter 2 introduces the role of computer vision and deep learning in robotic harvesting,
with a particular focus on Convolutional Neural Networks (CNNs) and their application in
fruit detection. It presents the YOLOVS object detection algorithm, outlines the use of HSV
color space for ripeness detection, and discusses the optimization algorithms—Stochastic
Gradient Descent (SGD) and Adam—that were used during model training. It also describes
the dataset creation process, the training and evaluation of YOLOvS5 models.

Chapter 3 details the design process, components, and hardware used to construct the final
version of the robotic arm.

Chapter 4 provides a comprehensive description of the hardware connections required for
the robotic arm's assembly and operation.

Chapter 5 presents a detailed explanation of the code implementation used to develop the
system.

Chapter 6 presents the final experimental results obtained from deploying the robotic system
in a controlled environment.

Chapter 7 provides conclusions and recommendations for future research in the field of
robotic automation in agricultural harvesting.

15
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Chapter 2: Computer Vision and Deep Learning in
Robotic Harvesting

2.1 Introduction

Computer vision, a key branch of Artificial Intelligence (AI), enables machines to
interpret visual information. In agricultural automation, computer vision forms the
basis of robotic perception, allowing systems to detect crops, assess ripeness, and
operate autonomously within greenhouse environments.

Advancements in deep learning, particularly through Convolutional Neural Networks
(CNNs), have significantly improved the capabilities of visual systems, making
autonomous harvesting increasingly practical in real-world applications.

This chapter presents the visual perception system developed for this thesis, which
includes CNN-based object detection using the YOLOvVS algorithm and HSV color
filtering for ripeness evaluation. It also outlines dataset collection, model training, and
performance analysis across various model configurations, offering a comprehensive
overview of the visual intelligence supporting the robotic harvesting platform.

16
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2.2 CNN-Based Vision Systems

Convolutional Neural Networks (CNNs) have revolutionized the field of computer vision,
especially in object recognition and localization tasks. They form the backbone of modern
visual perception systems, offering a powerful framework for analyzing and interpreting
image data [6]. CNNs consist of multiple layers that progressively extract increasingly
abstract representations of visual input, such as edges, textures, and object shapes [7]. In the
context of robotic harvesting, CNNs enable the system to identify target crops, distinguish
them from background elements like leaves or stems, and evaluate ripeness by analyzing
color or surface patterns [8].

CNNs operate by transforming raw image data through a series of operations that capture
spatial hierarchies and relevant features. These learned features are then used by the network
to identify the type and location of the target object within the frame. Importantly, CNNs are
highly effective at handling variability in lighting, perspective, and occlusion—conditions
that are frequently encountered in greenhouse or outdoor agricultural settings [9].

Training CNNs involves using large annotated datasets and optimizing model parameters
through backpropagation, typically using algorithms like Stochastic Gradient Descent (SGD)
or Adam—both of which are discussed in the following sections [10], [11]. Over multiple
training epochs, the network refines its ability to recognize task-relevant features—such as
the shape and color of ripe produce—Ieading to robust and reliable visual recognition under
real-world conditions [12].

2.3 The YOLOVS Algorithm

YOLOVS5 (You Only Look Once, version 5) represents a state-of-the-art object detection
algorithm widely recognized for its efficiency and accuracy in real-time applications [13]. Its
capacity to process an entire image in a single forward pass renders it particularly suitable for
embedded systems and robotics, where low latency and high responsiveness are essential.
Given these characteristics, YOLOvS5 was selected as the core detection framework for the
vision module in this study’s robotic harvesting platform.

The system was specifically trained to detect two agriculturally significant crops—tomatoes
and peppers—selected for the unique visual characteristics they exhibit, such as color
variation and shape diversity. Tomatoes are typically characterized by their bright red hue and
rounded geometry, whereas peppers exhibit a broader range of shapes and often appear in

17
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green variants. The model was trained to distinguish tomatoes and peppers from unripe
produce.

YOLOVS is available in multiple model configurations, including YOLOv5n (nano),
YOLOvSs (small), YOLOvSm (medium), YOLOvSI] (large), and YOLOvS5x (extra-large)
[14]. These configurations offer scalability in terms of computational complexity and
detection performance. Lightweight variants such as YOLOv5n are optimized for speed and
are suitable for deployment on edge devices with limited processing capacity. In contrast,
larger models like YOLOvS5I and YOLOv5x provide superior detection accuracy and feature
representation, albeit at higher computational cost. The choice of model in this thesis was
guided by the operational constraints and hardware capabilities of the robotic system, with an
emphasis on achieving a reliable balance between real-time processing and detection
precision.

Through its integration into the robotic platform, YOLOVS enabled accurate, real-time
identification of ripe tomatoes and peppers, forming the basis for subsequent manipulation
and harvesting actions. Its deployment in this context underscores its suitability for precision
agriculture applications, where reliable object detection is critical to system effectiveness

[11].

2.4 Optimization Algorithms: Stochastic Gradient Descent and
Adam

Stochastic Gradient Descent (SGD)

In this thesis, the Stochastic Gradient Descent (SGD) algorithm was used to train several
YOLOvVS models. SGD was selected for its reliability and consistency during training,
particularly in larger models where stability and precise gradient updates are essential for
minimizing detection errors [10].

Adam (Adaptive Moment Estimation) Optimizer

The Adam (Adaptive Moment Estimation) optimizer was also employed in this study to train
and compare against SGD-based models. Adam is known for its faster convergence and was
tested on lightweight YOLOVS variants to assess its impact on detection volume and learning
efficiency under different model sizes [11].
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2.5 HSV Color Space for Ripeness Detection

In addition to spatial features, color is a critical parameter in determining ripeness. The HSV
(Hue, Saturation, Value) color model is widely used in computer vision for this purpose, as it
separates chromatic content (hue) from image brightness (value), making it more robust to
varying lighting conditions compared to the traditional RGB color space [10].

The HSV model comprises three components: Hue, which defines the color type (e.g., red,
green), Saturation, which measures the intensity or purity of the color, and Value, which
corresponds to brightness or lightness. By adjusting HSV thresholds, the system can isolate
color ranges associated with ripeness. For instance, ripe tomatoes exhibit strong red hues,
while unripe ones tend to appear green. HSV filtering enables the model to reliably
distinguish between these states, improving both the accuracy and precision of the detection
process [15].

An illustrative representation of the HSV model used in this work is shown in Figure 2 [16],
which demonstrates the circular hue distribution along with the corresponding gradients of
value and saturation.

Figure 2: HSV color model.

anep . >
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2.6 Code Extension and Ripeness Filter

In the implementation of the YOLOv5-based detection system, additional logic was
incorporated to support object identification and selection for harvesting tasks. This includes
assessing the ripeness of each detected item and avoiding duplicates before adding them to
the harvesting list. When a vegetable is detected, the algorithm checks if the total number of
detections remains within a preset limit. It then calculates the bounding box center, crops the
image accordingly, and evaluates its ripeness using HSV color analysis. Tomatoes are
considered ripe if red pixels exceed a defined threshold, while peppers are judged based on
green pixel ratios. If the item is both ripe and not already listed (based on distance from
previous detections), it is added to the harvest queue. These extensions ensure that the system
only collects valid and unique targets, optimizing both accuracy and harvesting efficiency.
Examples of this ripeness evaluation logic are illustrated in Figures 3 through 5 [17], showing
ripe and unripe detections based on color thresholds.
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Figure 3: Example of ripe detection with a red color percentage of 67.45%.

© o] —— S
- §
i -
| P,

&

—

P |

Figure 4: Example of ripe detection with a green color percentage of 62.90%.
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Figure 5: Example of unripe detection with a percentage of 62.90%.
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2.7 Dataset Creation and Processing

To train the object detection model used in the harvesting system, a dedicated image dataset
was created using a Trust Trino HD Webcam. Images were collected under controlled
conditions, with the camera positioned at varying distances—specifically 20 cm, 40 cm, and
60 cm from the target crops—to simulate different working ranges of the robot. Additionally,
the dataset incorporated multiple viewing angles to account for variability in crop orientation
and partial occlusions that may occur in real greenhouse environments.

The dataset was composed of 190 labeled images, including 94 samples of tomatoes and 96
of peppers. This balance allowed the model to develop a robust understanding of both
categories. Each image was manually annotated to define the location of each fruit, enabling
the model to learn object localization alongside classification. To prepare the dataset for
training, the images were divided into three subsets: training, validation, and testing. This
structure allowed for effective model development and evaluation by ensuring that the model
was not only trained on a portion of the data but also validated and tested on unseen
examples. The resulting dataset configuration supported the development of a detection
system capable of operating reliably under varying visual conditions. An example of the
captured training images is shown in Figure 6 [17].

Figure 6: Example of images captured
for training.

21



SCHOOL OF ELECTRICAL & COMPUTER ENGINEERING

TECHNICAL DIPLOMA THESIS

UNIVERSITY
OF CRETE

2.8 Model Training and Performance Evaluation

In this thesis, a comprehensive evaluation was conducted using five variants of the YOLOvS
object detection architecture—YOLOv5n (nano), YOLOvSs (small), YOLOv5Sm (medium),
YOLOvS] (large), and YOLOv5x (extra-large)—trained with two widely adopted
optimization algorithms: Stochastic Gradient Descent (SGD) and Adam. All training
sessions were carried out on a high-performance computing setup, equipped with a 12th Gen
Intel Core 19 processor, 16 GB of RAM, and an NVIDIA GeForce RTX 3060 GPU with 6 GB
VRAM, ensuring consistent training performance across architectures.

To assess the performance of the detection system, the following metrics were defined and
analyzed:

Valid tomato detections — Correctly localized and labeled detections of tomatoes.
Valid pepper detections — Correctly localized and labeled detections of peppers.
False detections — Instances where the model incorrectly detected an object or
misclassified the target.

e Invalid detections — Poorly localized detections, such as overlapping boxes or
imprecise boundaries.

e Total detections — The sum of all valid, false, and invalid outputs.

The model used in this thesis was YOLOVSI, trained with the Stochastic Gradient Descent
(SGD) optimizer. This configuration was selected based on its balance between accuracy and
computational efficiency, making it well-suited for real-time robotic harvesting in greenhouse
environments.

The detection system demonstrated robust performance across various testing conditions,
consistently identifying ripe tomatoes and peppers with a high rate of valid detections and a
low occurrence of false or invalid results. The use of SGD contributed to stable training
dynamics and reduced overfitting, resulting in precise and reliable detection outputs that
supported downstream harvesting operations.

Figures 18-21 illustrate the distribution of valid, false, and invalid detections for both tomato
and pepper categories. These results validate the effectiveness of the chosen model and
optimizer and meet the system’s requirements for real-time object detection in controlled
agricultural environments [17].
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Figure 8: Valid pepper detections by model and optimizer.
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Chapter 3: Mechanical Design and Assembly

3.1 Introduction

The robotic harvesting system is built on a carefully engineered mechanical framework that
integrates a mobile platform, an actuator system for precise vertical and horizontal
movement, and a cutting tool for efficient harvesting. The mechanical structure is designed to
enable the robot to navigate agricultural environments with ease while performing accurate
cutting and harvesting operations.

This chapter provides a detailed overview of the robot's mechanical structure, focusing on the
individual components and the final assembly. The key components discussed are:

Mobile platform — Provides mobility and stability.

Vertical axis and motor mount — Ensures controlled movement and structural integrity.
Cutting tool — Executes the harvesting action.

Final assembly — Integration of all components into a functional unit (Figure 11).

Figure 11: Final assembly of the robotic harvester.
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3.2 Mechanical Structure

The mechanical design is based on lightweight yet durable materials to ensure stability and
long-term operational reliability. The system's modular design allows for easy maintenance
and replacement of parts.

Mobile Platform

The base of the robot consists of a custom-designed platform supported by four Mecanum
wheels, providing omnidirectional movement. The Mecanum wheel configuration allows the
robot to maneuver laterally and rotate in place, which is essential for precise alignment with
target vegetables.

Design Features

The robotic platform is equipped with four Mecanum wheels, each mounted at one corner of
the chassis. This configuration provides omnidirectional mobility, enabling the robot to
perform complex movement patterns such as lateral (sideways), diagonal, and rotational
motion without changing its orientation. The unique roller arrangement of Mecanum wheels
allows the robot to maneuver with high precision, which is especially beneficial in confined
environments like greenhouses, where space is limited and accurate positioning is crucial for
tasks such as harvesting. This mobility feature is shown in Figure 12 [18].

Figure 12: Completed platform with mounted Mecanum wheels.
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The chassis of the robotic platform includes strategically placed pre-drilled holes that serve as
mounting points for attaching essential components. These include the vertical axis rail
system, responsible for guiding the cutting mechanism, as well as the control electronics such
as the Arduino Mega 1280 and RAMPS 1.4 shield. Each of the four NEMA17 stepper motors
driving the Mecanum wheels is mounted onto a dedicated 3D-printed motor mount securely
fastened to the chassis.

This modular design not only simplifies assembly and maintenance but also enhances the
overall structural stability of the system. It ensures that all subsystems are securely fixed to
the main body, reducing vibrations during operation and allowing seamless integration of
mechanical and electrical parts. The platform serves as the foundation for the entire robotic
system, providing structural integrity and balanced weight distribution. An example motor
mount used on the mobile platform is depicted in Figure 13 [18].

Figure 13: Motor mount for Mecanum wheel on the mobile platform.
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Vertical Axis

The vertical axis constitutes a vital mechanical subsystem within the robotic harvesting
system. Its primary role is to provide vertical mobility to the cutting tool, enabling it to adjust
its position based on the height of the detected vegetable. Accurate vertical motion is
essential to ensure that the cutting mechanism engages with the vegetable stem at the correct
location, minimizing the risk of crop damage and maximizing harvesting precision. This
subsystem directly contributes to the robot’s adaptability in greenhouse environments, where
the height of crops can vary significantly across the same field.

Design Features

The vertical axis is built around a high-precision linear rail that guides the cutting tool in the
vertical direction. This rail offers stable and smooth motion under varying loads, ensuring the
system remains aligned and vibration-free during movement. Attached to the rail is a
dedicated motor mount, which houses a stepper motor responsible for driving the vertical
movement. To establish a reference position for vertical motion, a limit switch is installed at
the base of the axis. This switch serves as a homing point during system initialization,
allowing the stepper motor to determine its starting position. Although the system does not
employ a fully closed-loop feedback mechanism, the homing procedure ensures repeatable
and consistent positioning for vertical movements throughout each harvesting cycle.
Together, the linear rail, motor mount, and homing switch enable the robotic system to
achieve adequate positional accuracy, operational stability, and adaptability. This ensures that
the cutting process remains consistent across a variety of vegetable heights, making the
vertical axis an essential component for reliable and precise harvesting in controlled
agricultural environments. The vertical motion subsystem is illustrated in Figure 14 [18].
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Figure 14: Vertical axis and motor mount.
Cutting Tool

The cutting tool is designed to provide a clean and precise cut without damaging the
vegetable or the plant. The tool is mounted on the vertical axis and is actuated using a stepper
motor for controlled cutting motion. The assembly is shown in Figure 15 [18].

Figure 15: Cutting tool assembly.
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Design Features

The blade is supported by a 3D-printed plastic structure. This choice of material ensured a
lightweight yet functional design, easily replaceable or modifiable during the prototyping
phase. To improve its cutting performance, the blade was manually sharpened, providing an
effective yet low-cost solution without compromising functionality. A dedicated motor
mount, located at the base of the cutting tool, securely holds the stepper motor responsible for
actuating the blade, ensuring proper alignment and mechanical stability throughout the
cutting operation. To detect contact with the target crop, a limit switch is positioned adjacent
to the blade assembly. When the blade reaches the surface of the crop, the switch is triggered,
signaling that the appropriate cutting depth has been achieved. This straightforward
mechanism eliminates the need for complex sensing systems, offering a reliable and
mechanically robust method for detecting crop contact. Overall, this design enables
consistent and safe harvesting, while offering the adaptability necessary for handling both
tomatoes and peppers within controlled greenhouse environments.

30



SCHOOL OF ELECTRICAL & COMPUTER ENGINEERING

TECHNICAL DIPLOMA THESIS

UNIVERSITY
OF CRETE

3.3 Assembly and Integration

The assembly of the robotic system involves the integration of its modular
subsystems—namely the mobile platform, vertical axis, and cutting tool—into a cohesive
structure capable of autonomous harvesting. The modular design facilitates independent
construction of each subsystem, allowing for simplified maintenance, part replacement, and
future upgrades.

Assembly Process
1) Platform Assembly:

The mobile platform was constructed from a custom-designed 3D-printed chassis. Pre-drilled
mounting points were included to accommodate all key components. Four Mecanum wheels
were mounted at each corner, enabling omnidirectional motion and precise maneuvering
within confined agricultural environments.

2) Vertical Axis Installation:

A high-precision linear rail was vertically mounted onto the platform to guide the cutting
tool. A dedicated stepper motor and its 3D-printed motor mount were installed to drive
vertical motion. At the base of the rail, a limit switch was installed to define the home
position for vertical alignment, providing repeatable reference points at system startup.

3) Cutting Tool Installation:

The cutting tool was fixed to the carriage of the vertical rail. A second stepper motor with a
dedicated mount drives the blade mechanism. An additional limit switch located near the
blade detects contact with the crop, serving as a trigger for harvesting action without the need
for complex sensors. Manual sharpening of the plastic blade provided the necessary cutting
effectiveness for delicate crops such as tomatoes and peppers.

4) Wiring and Calibration:

All stepper motors and limit switches were wired to the control electronics mounted on the
platform. Initial calibration procedures established homing positions and motion limits for
each axis, ensuring consistent operation during repeated harvesting cycles.

The final integration of the system components is displayed in Figure 16 [18].
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Figure 16: Final assembly of the robot.

32



SCHOOL OF ELECTRICAL & COMPUTER ENGINEERING

TECHNICAL DIPLOMA THESIS

UNIVERSITY
OF CRETE

3.4 Structural and Operational Considerations

The design of the robotic harvesting system emphasizes stability, mobility, and precision to
ensure effective operation within greenhouse environments. Particular attention was devoted
to the spatial arrangement of mechanical components and the integration of motion control
systems, with the objective of optimizing performance under dynamic and unpredictable
agricultural conditions.

Weight distribution was a key design priority. The vertical rail and attached cutting
mechanism were centrally positioned on the platform to ensure even weight distribution
across the four Mecanum wheels. Each wheel is mounted on a 3D-printed motor mount,
reducing overall weight and enabling cost-effective customization. This configuration
minimizes the likelihood of instability during locomotion and harvesting operations.

For navigation, Mecanum wheels were selected due to their ability to perform
omnidirectional movements, including lateral, diagonal, and in-place rotations. This
capability is essential in greenhouse environments where the robot must maneuver between
densely planted rows. Directional commands are interpreted by the Arduino controller, which
adjusts wheel speed and direction accordingly, enabling smooth traversal over surfaces.

Vertical positioning is controlled by a stepper motor mounted on the vertical axis. A limit
switch at the base of the rail acts as a homing sensor, establishing a consistent starting point
for each harvesting session. Although the system does not employ a fully closed-loop
feedback system, the use of this switch enables accurate vertical alignment without additional
sensors. Similarly, the cutting depth is regulated by a second limit switch positioned near the
blade, which is activated upon contact with the crop. This mechanical feedback method
ensures reliable crop engagement, avoiding the need for more complex and costly sensing
technologies.

Collectively, these structural and operational design choices contribute to a robust and
efficient robotic platform capable of performing precise and delicate harvesting operations
with consistency and reliability.
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3.5 Safety and Error Handling

To ensure safe and reliable operation, the robotic harvesting system incorporates several
safety and error-handling mechanisms. These features are critical for protecting both the
robot and its surrounding environment, particularly in greenhouse conditions where space is
limited and crops are delicate.

A limit switch mounted at the base of the vertical axis serves as a reference point for homing,
enabling the establishment of a known starting position. During system initialization, the
vertical stepper motor moves downward until it contacts the switch, which defines the zero
position. This procedure ensures that each harvesting cycle begins from a known, repeatable
location, supporting consistent motion control without requiring complex sensor feedback.

A second limit switch is installed near the blade within the cutting tool assembly, serving as a
crop-contact sensor. Upon reaching the crop surface, the switch is activated, confirming that
the appropriate cutting depth has been achieved. This simple mechanical feedback
mechanism provides reliable contact detection without the need for complex distance sensors,
ensuring accurate positioning prior to blade actuation.

In terms of manual intervention, a hardware emergency stop button is included to allow
human operators to instantly halt the entire system. When pressed, it overrides all software
commands and disables all motors, preventing further movement. This safety layer is
particularly important during testing and calibration.

At this stage, the system does not include active proximity sensors or dynamic collision
detection algorithms. Instead, it relies on pre-mapped trajectories and controlled movements
within known environments. The modular structure and predictable stepper motor motion
reduce the risk of collisions under typical operating conditions.

Collectively, these safety measures—including homing switches, mechanical feedback and
emergency stop functionality—contribute to the operational stability of the robot, enabling it
to perform delicate agricultural tasks with reduced risk of mechanical failure or
environmental disruption.
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Chapter 4: Electronics and Motor Control System

4.1 Introduction

This chapter presents the core electronic and electromechanical subsystems powering the
robotic harvesting arm. The architecture integrates NEMA17 stepper motors, A4988 motor
drivers, a RAMPS 1.4 shield, and an Arduino Mega 1280 board. The system was carefully
designed to achieve precise, repeatable, and robust movements essential for delicate
agricultural tasks, while minimizing wiring complexity and improving reliability via modular
hardware integration.

The use of the RAMPS 1.4 shield significantly simplified the physical wiring, centralized
control routing, and enabled faster maintenance during development. Furthermore, special
attention was given to current regulation, microstepping configuration, and motion
synchronization using dedicated libraries to ensure smooth, accurate, and safe actuation
across the entire robotic arm structure.

The control system is centered around the Arduino Mega 1280, which interfaces with the host
PC via USB for both power (logic-level VDD) and serial communication. A second USB port
on the host PC powers the HD webcam used for real-time image acquisition and object
detection. The stepper motors are powered independently by a 12V external Power Supply
Unit (PSU), connected via the RAMPS 1.4 shield to ensure clean and isolated power delivery
to the A4988 motor drivers. An overview of the complete electronic architecture of the
robotic system is illustrated in Figure 17, highlighting the key hardware components and their
interconnections.
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Figure 17: Hardware architecture of the robotic harvesting system, illustrating power distribution,
motion control, and communication components.
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4.2 Stepper Motors and Motion Control

Stepper Motors Overview

Stepper motors are electromechanical devices that translate discrete electrical pulses into
defined incremental mechanical movements. Unlike conventional DC motors, which produce
continuous rotation, stepper motors operate based on open-loop control, moving in discrete
angular steps without requiring feedback mechanisms such as encoders. This inherently
predictable stepping behavior eliminates the complexity of closed-loop systems, significantly
simplifying the control architecture while maintaining high positional accuracy [19]. An
external view of a typical NEMA17 bipolar stepper motor used in this system is shown in
Figure 18 [20].

The design of stepper motors makes them particularly suitable for applications requiring
precise positioning, where any missed or inaccurate step could result in operational failure.
They also excel in systems requiring highly repeatable movements, a critical attribute in
fields such as CNC machining, 3D printing, and agricultural robotic harvesting, where
operational consistency over repeated cycles is mandatory. Stepper motors are commonly
classified as either bipolar or unipolar, with bipolar motors offering higher torque density at
lower speeds. This feature is especially valuable for systems requiring firm holding force and
precise actuation under variable loading conditions, as encountered in agricultural
environments [21]. The internal configuration of such motors, including the rotor and stator
arrangement, is illustrated in Figure 19 [22], while the working principle based on sequential
coil activation is demonstrated in Figure 20 [22].

Permanent magnet

STATOR
Coils or
Electromagnets

Figure 18: External view of a NEMA17 Figure 19: Internal structure of a stepper
bipolar stepper motor. motor showing rotor and stator components.

37



SCHOOL OF ELECTRICAL & COMPUTER ENGINEERING

TECHNICAL DIPLOMA THESIS
UNIVERSITY

OF CRETE

Current flow

Figure 20: stepper motor working principle illustrated by sequential coil activation.

Principle of Operation

The mechanical design of a stepper motor revolves around two essential components: the
stator and the rotor. The stator is the stationary section of the motor, housing multiple
electromagnetic coils arranged into several phases. The rotor, on the other hand, can either be
a permanent magnet (in permanent magnet stepper motors) or a toothed iron core (in hybrid
stepper motors) designed to interact with the magnetic fields generated by the stator.

The motor operates by sequentially energizing the stator coils. As each set of coils is
activated, a rotating magnetic field is established, causing the rotor to align with the field’s
orientation. Each change in the energization sequence leads to a discrete mechanical step of
the rotor. Consequently, the motor achieves predictable, incremental movement, where each
electrical pulse sent to the motor corresponds directly to a mechanical advancement.

In the context of this thesis, NEMA17 bipolar stepper motors were employed due to their
optimal balance between torque output, compact size, and control simplicity. These motors
offer a native mechanical resolution of 200 full steps per revolution. Structurally, the rotor
contains 50 magnetic teeth, while the stator provides four distinct magnetic field orientations
per electrical cycle. As a result, multiplying the 50 rotor teeth by the four stator step positions
yields 200 discrete steps for a full 360-degree rotation. This configuration results in a step
angle of 1.8 degrees per step, as calculated by the equation:

360°

Step Angle = 2005teps. =

1. 8° per step (1)

This intrinsic precision makes the NEMAI17 particularly well-suited for applications
requiring accurate, repeatable motion control, such as aligning harvesting tools with delicate
produce stems.

The motor’s two-phase winding configuration can be easily observed by examining the
wiring: a typical bipolar stepper motor has four wires, corresponding to two coils.
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By controlling current direction through each phase, four unique magnetic field states are
achieved, enabling the precise stepping action. Some stepper motors offer additional wiring
(5, 6, or even 8 wires), providing flexibility for alternative drive configurations like unipolar
mode, which can simplify control circuits but typically at the expense of available torque
[22]. An illustration of the internal rotor-stator configuration and the two-phase winding
system (Phase 1 and Phase 2) is provided in Figure 21 [22]. Energizing these windings in
sequence creates a rotating magnetic field that drives the rotor in discrete steps.

~-aGND
he—s Phase 1
b Phase 2

Figure 21: Internal structure and phase configuration of a bipolar stepper motor.

Microstepping and Precision Enhancement

To achieve even finer control, microstepping was implemented using the A4988 driver
modules. Microstepping involves partially energizing two adjacent motor phases
simultaneously with controlled current ratios, allowing the rotor to achieve intermediate
positions between full steps. This technique provides several benefits, including smoother
motion profiles, reduced resonance and vibration, and higher positional resolution.

For this project, 1/16 microstepping was configured, meaning that each full step of 1.8
degrees was subdivided into sixteen smaller microsteps. Thus, the effective movement per
microstep is reduced to approximately 0.1125 degrees. This configuration dramatically
enhances the system’s movement precision, yielding 3200 microsteps per full rotation. Such
high granularity is critical for tasks requiring delicate, precise movements, like the
positioning of a harvesting blade around fragile fruits without causing damage. Additionally,
microstepping improves the mechanical behavior of the motors, reducing wear on
components and minimizing audible noise during operation. These attributes directly
contribute to the long-term operational reliability and mechanical robustness of the robotic
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harvesting system, especially important in agricultural field conditions where environmental
factors can vary unpredictably.

4.3 Arduino Mega 1280 and RAMPS 1.4 Integration

Arduino Mega 1280 Overview
Arduino is an open-source electronics platform widely recognized for enabling rapid

development and prototyping of embedded systems. Designed for ease of integration and
modular expansion in mind, Arduino boards are commonly utilized in research, industrial,
and educational environments for automating physical systems. Among the various available
models, the Arduino Mega 1280 was selected for this study due to its high input/output (I/O)
capacity, robust memory resources, and broad compatibility with third-party expansion
shields.

The Arduino Mega 1280 features a total of 54 digital I/O pins and 16 analog inputs, enabling
simultaneous interfacing with multiple sensors, actuators, and peripheral modules.
Furthermore, it is equipped with 128 kilobytes of flash memory for code storage and 8
kilobytes of SRAM, providing ample space for complex firmware operations that manage
motion control, sensor fusion, and communication tasks [23]. These hardware capabilities are
critical for autonomous robotic systems that must execute real-time operations without
compromising responsiveness or reliability. A visual overview of the board’s pin
configuration and functional layout is shown in Figure 22 [25].

In the robotic harvesting platform developed in this project, the Arduino Mega 1280
functions as the core processing unit. It interprets high-level motion commands, manages
precise timing for stepper motor control, handles feedback from limit switches and other
sensors, and coordinates decision-making processes. By executing a custom firmware stack
based on libraries such as AccelStepper, the Arduino facilitates synchronized multi-axis
control essential for delicate harvesting operations. Its proven reliability, ease of
programming, and extensive documentation made it an ideal choice for this agricultural
automation application.
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RAMPS 1.4 Shield

To interface the Arduino Mega 1280 with the electromechanical components of the robotic
system in a structured and scalable way, the RAMPS 1.4 (RepRap Arduino Mega Pololu
Shield) was employed. RAMPS 1.4 is a hardware expansion board that layers directly onto
the Arduino Mega, providing an organized and modular platform for connecting stepper
motor drivers, endstop switches, power supplies, and other peripherals critical to robotic
control.

The RAMPS 1.4 shield streamlines the otherwise complex process of wiring multiple
high-current and logic-level signals. It includes pre-soldered sockets for four A4988 stepper
motor driver modules, corresponding to the X, Y, Z, and E axes, along with dedicated headers
for limit switches used in homing and safety mechanisms. In addition, RAMPS separates the
power supply architecture into distinct rails: a higher voltage bus (typically 12V to 36V) for
motor actuation and a lower-voltage logic bus (5V) powered directly from the Arduino
Mega’s onboard regulator [24].

The adoption of RAMPS 1.4 significantly reduced the number of manual point-to-point wire
connections required, leading to improved system robustness and minimized the risk of
miswiring during assembly. Moreover, by consolidating all power and signal distribution onto
a single printed circuit board (PCB), electromagnetic interference (EMI) effects were
mitigated, and overall system reliability was enhanced. The modular design of the RAMPS
shield further facilitated maintenance and future upgrades, such as the addition of extra
sensors, actuator channels, or even secondary processing units. A diagram of the RAMPS 1.4
pin mapping and integration with the Arduino Mega is provided in Figure 23 [26].

In practice, the integration of RAMPS 1.4 not only accelerated the prototyping phase but also
contributed to better mechanical organization within the enclosure, simplifying debugging
and troubleshooting processes. This methodical system design approach, leveraging the
Arduino Mega 1280 and RAMPS 1.4 combination, ensured that the robotic harvesting
platform achieved the necessary precision, scalability, and operational stability required for
field deployment in dynamic agricultural environments.
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Figure 22: Arduino Mega 1280: pinout and functional overview.
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Figure 23: RAMPS 1.4 shield pinout diagram for Arduino Mega integration.
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4.4 A4988 Stepper Motor Driver Configuration

Overview

The A4988 stepper motor driver plays a central role in the electromechanical control
architecture of the robotic harvesting system, providing precise control of bipolar stepper
motors through microstepping and adjustable current regulation [27]. Its compact form factor
and built-in safety mechanisms make it an ideal solution for embedded automation systems
requiring accurate, smooth, and efficient motion. The physical layout and pin functionality of
the A4988 driver are depicted in Figure 24 [29].

This driver supports multiple stepping resolutions—ranging from full-step to sixteenth-step
modes—making it adaptable to tasks with varying precision and torque demands [28]. The
ability to microstep allows the rotor to move in fractions of its native step angle by
modulating the current between motor windings. This results in significantly smoother
motion and improved control accuracy, which is particularly crucial in applications such as
fruit harvesting where mechanical vibrations could damage delicate produce.

To ensure safe and efficient operation, the A4988 includes integrated current limiting,
thermal shutdown, and short-circuit protection. The current limit can be manually configured
using an onboard potentiometer, allowing the driver to match the rated current of the
connected NEMA17 stepper motors, thereby preventing overheating and extending motor
lifespan [27].

N MS1,MS2,MS3 N STEP N DIR N VDD, VMOT
BN GND BN RST SLP N 1A,1B,2A,2B
T P VMOT |
[ “ms1 | KT
L] O
0 O
[ “Ms3 A _—
RST N j © AT
s o
BN —. p ©
o o~
el O

Figure 24: Pinout diagram of the A4988 stepper motor driver module.
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Driver Configuration

Each A4988 module is interfaced with the Arduino Mega 1280 via the RAMPS 1.4 shield,
which routes all essential control signals—namely STEP, DIR, and EN—from the
microcontroller to the driver and ultimately to the motor [24]. This setup allows consistent
hardware abstraction and simplifies firmware configuration. A schematic representation of
the A4988 stepper motor driver is shown in Figure 25 [32].

The STEP pin acts as the pulse generator. Each rising edge signal causes the motor to
advance by one increment, which could be a full step or a microstep depending on the
selected resolution [30]. The DIR pin sets the rotational direction—clockwise or
counterclockwise—depending on the logic level applied. The EN pin enables or disables the
motor output stage, where a LOW logic level activates the driver and a HIGH disables it,
allowing for controlled power savings or safe shutdowns.

To achieve high-resolution motion, the system was configured for 1/16 microstepping by
setting the MS1, MS2, and MS3 pins to HIGH. This setting divides the motor’s native 1.8°
step into 16 smaller increments of 0.1125°, achieving finer motion and smoother acceleration
profiles. As a result, a full 360° rotation of a NEMA17 stepper motor, which would normally
require 200 full steps, now involves 3200 microsteps:

360" 0.0125° per microstep (2)

Step Angle = 200 Steps =

This finer granularity in movement allows the robotic arm to align more precisely with the
fruit stem, reducing the likelihood of harvesting errors or crop damage.

The A4988's microstepping configuration is summarized in the table below:

MS1 Ms2 MS3 Stepping Mode

Low Low Low Full step (1.8° per step)

High Low Low Half step (0.9° per step)

Low High Low Quarter step (0.45° per step)
High High Low Eighth step (0.225° per step)
High High High Sixteenth step (0.1125° per step)

Table 1: Microstepping modes of the A4988 driver.
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In this implementation, all microstepping pins were tied HIGH to utilize the maximum
resolution offered by the driver. This not only improved the motion fidelity but also reduced
mechanical resonance and audible noise from the motors [31].

The RAMPS 1.4 board standardized the pin mapping for each axis as follows:

Motor Axis STEP Pin DIR Pin EN Pin
X Axis D34 D55 D3a
Y Axis D60 D&l D56
Z Axis Dds D43 De2

Table 2: Pin mapping between RAMPS 1.4 and A4988 motor drivers.
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Figure 25: Schematic diagram of the A4988 stepper motor driver.
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4.5 Power Architecture and Current Limiting

A robust and carefully designed power architecture is critical to ensure reliable and safe
operation of stepper motor-driven robotic systems, especially in applications such as
autonomous agricultural harvesting where continuous load cycles and variable mechanical
stresses are common.

In the implemented system, two distinct voltage rails were established. The first rail,
designated VMOT, supplied the motor voltage at 12V DC through an external regulated
Power Supply Unit (PSU). This line was dedicated exclusively to powering the high-current
phases of the NEMAT17 stepper motors via the A4988 drivers. The second rail, designated
VDD, provided a stable 5V logic voltage, sourced directly from the Arduino Mega 1280
board. The separation of motor power and logic power was critical to prevent electrical noise
and transient disturbances generated by motor actuation from interfering with the sensitive
microcontroller logic circuits [33]. This dual-rail configuration is illustrated in Figure 26,
which depicts the overall power and communication layout of the system.

Each A4988 driver incorporated an onboard current-limiting potentiometer (often referred to
as a trimpot) to prevent excessive current draw through the motor windings. Proper current
limiting was essential not only to protect the stepper motors from thermal degradation but
also to prevent driver overheating, which could otherwise lead to thermal shutdowns or
irreversible damage.

The current limit for each motor phase was carefully calibrated based on the reference
voltage (Vref) measured at the driver’s test point. The relationship between Vref, the sense
resistor value (Rcs), and the maximum phase current (Imax) is given by the following
equation:

v
| =—"L 3)

max 8XR
cs
where:
e Jref is the reference voltage set via the potentiometer,

e Res is the value of the current sense resistor on the driver PCB, typically 0.1Q for
standard A4988 modules.

By setting the Vrefto 0.8V, and assuming Res = 0.1 Q, the resulting maximum current per
phase was calculated as:

max 8x0.1
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The implemented power architecture effectively separated motor and logic voltages, enabling
stable operation under varying load conditions. The combination of a dedicated PSU for
motor power, USB-based logic supply, and carefully configured current limits ensured safe,
reliable performance of the robotic harvesting platform throughout extended harvesting
sessions.

VMOT
12V DC (to A4988 drivers via RAMPS)

ARDUINO MEGA

POWER SUPPLY UNIT

1280

USB SERIAL
CONNECTION
(5V VDD)

Figure 26: Power and communication architecture of the robotic system.
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4.6 System Wiring and RAMPS Advantages

The integration of the RAMPS 1.4 shield into the robotic harvesting platform provided a
significant simplification of the overall system wiring and offered substantial operational
advantages. All limit switches, including the endstop switches for the X, Y, and Z axes, were
connected directly to the clearly labeled headers available on the RAMPS board. This
standardized connection approach eliminated the need for custom wiring adaptations, thus
reducing the likelihood of wiring errors and facilitating straightforward system diagnostics
and maintenance.

The necessity for breadboards or point-to-point hand-soldered interconnections was entirely
removed. Instead, all motor driver modules, stepper motors, and peripheral sensors interfaced
through dedicated sockets and terminal blocks on the RAMPS shield. This not only
streamlined the physical assembly process but also provided a more robust and
vibration-resistant electrical architecture, an important consideration for mobile or
field-deployed agricultural robots.

Electromagnetic Interference (EMI), often exacerbated by long unshielded wire runs and
floating connections, was minimized. The compact and organized wiring layout achieved by
utilizing RAMPS' dedicated paths ensured shorter wire lengths and better shielding practices.
As a result, signal integrity was improved, and the system demonstrated higher resilience
against noise-induced malfunctions during real-world operations inside a greenhouse
environment.

An additional benefit of using the RAMPS shield was the dramatic reduction in assembly
time. It is estimated that the total wiring and system integration time was reduced by
approximately 50% compared to conventional point-to-point wiring methods. This efficiency
gain not only expedited the initial prototyping phase but also simplified future maintenance
tasks, allowing faulty motor drivers or limit switches to be replaced modularly without
invasive rewiring or soldering.

Finally, the modularity provided by the RAMPS 1.4 design offers an excellent foundation for
system scalability. Future expansions, such as the addition of extra robotic arms, gripper
modules, or advanced sensor suites, can be accommodated with minimal changes to the
existing hardware framework. This level of flexibility is crucial for ensuring that the robotic
harvesting platform can evolve alongside emerging agricultural automation needs.
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Chapter 5: Software Implementation: Integration of
Machine Vision and Robotic Control

5.1 Introduction

The implementation of robotic automation in agricultural harvesting relies on the seamless
integration of software and hardware components. This chapter presents the development and
implementation of the software system used in this thesis, detailing both the machine vision
algorithms responsible for fruit detection and classification and the hardware control system
that governs the robotic arm’s movements. The software was developed using Python for
object detection and Arduino for low-level motor control and communication with the robotic
system.

The software architecture consists of:

e Python-based detection and decision-making system using YOLOVS5, responsible for
image processing and object identification.

e Arduino-based motion control system, managing the stepper motors and executing
movement commands based on the detected fruit locations.

e Serial communication between the two systems, allowing real-time interaction
between image recognition and robotic actuation.

An overview of this architecture and its communication flow is illustrated in Figure 27,
which shows how data moves between the software layers and the robotic hardware. The
following sections present a detailed breakdown of the Python implementation for vision
processing and the Arduino implementation for robotic control.
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Figure 27: Block diagram of the interaction between the machine vision module, motion control system,
and robotic hardware via serial communication.

52



SCHOOL OF ELECTRICAL & COMPUTER ENGINEERING

TECHNICAL DIPLOMA THESIS

UNIVERSITY
OF CRETE

5.2 Arduino Implementation for Robotic Control

This chapter presents the Arduino software responsible for controlling the robotic system’s
navigation, vertical movement, and scissor mechanism. The system is designed to operate
through serial commands while incorporating safety mechanisms, such as limit switches, to
prevent excessive movement and ensure safe operation. The Arduino microcontroller serves
as the central control unit, interpreting movement commands, translating them into motor
control signals, and executing precise movements required for the automation of the
harvesting process.

The Arduino code facilitates the following core functionalities:

Control of stepper motors for the robotic arm's movement.
Execution of movement commands received from the Python script.
Ensuring safety through limit switches and emergency stop mechanisms.

Enabling smooth, real-time interaction between the robotic hardware and software
system.

The Arduino Mega 1280 microcontroller is selected due to its large number of I/O pins,
which are required for stepper motor control via step, direction, and enable signals.

The structure of the code follows a logical and modular approach to ensure smooth and
efficient operation of the robotic system. Through real-time command execution, the system
optimizes precision in harvesting actions while minimizing potential errors. This section
provides a comprehensive overview of the Arduino code flow, detailing how it governs the
robotic system's motion, safety mechanisms, and overall performance.

System Overview
The robotic system consists of:

Four-wheel stepper motors for movement.

Axis motor for vertical motion.

Scissor mechanism motor for expansion and contraction.
Limit switches for homing and movement restriction.

Serial communication for command-based operation.
The hardware setup includes:

e Arduino Mega 1280 as the central microcontroller.
o A4988 motor drivers to control NEMA 17 stepper motors.
e Serial communication via USB to receive commands from the Python script.
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Each stepper motor is driven by an A4988 motor driver, which requires three control signals:

e Step (STEP pin) — Triggers the motor to move one step.
e Direction (DIR pin) — Determines the direction of rotation.
e Enable (EN pin) — Activates or deactivates the motor.

Additionally, limit switches are employed to ensure safety, preventing the robotic arm from
exceeding its designated movement range.

Motion Control Logic

To enable precise and smooth multi-axis control, the AccelStepper library was employed.
Unlike traditional blocking motor control methods, AccelStepper supports non-blocking,
asynchronous operation, allowing motors to move independently while the microcontroller
handles serial communication and sensor input. This approach is essential in robotic
harvesting applications, where the robot must react to external triggers in real time and
maintain smooth motion to avoid damaging crops or destabilizing the platform. By
combining modular hardware control through the RAMPS 1.4 shield and software abstraction
via AccelStepper, the robotic platform achieves reliable, smooth, and coordinated motion
[34].

Arduino Code Overview

The Arduino firmware is programmed to continuously listen for incoming commands sent by
the Python script and to execute corresponding movement actions based on those
instructions. Its key functionalities include the reception of movement instructions via serial
communication, ensuring that external commands are reliably processed in real-time. Upon
receiving these instructions, the firmware controls the A4988 stepper motor drivers to
coordinate the movements of the robotic arm with high precision, translating abstract
commands into exact mechanical actions. Additionally, the Arduino reads sensor data from
limit switches installed throughout the system to monitor positional boundaries and guarantee
operational safety, ensuring that all movements are executed within defined mechanical limits
to prevent damage or unintended behavior. A flowchart summarizing the structure of the
Arduino code is presented in Figure 28, illustrating the major stages from initialization to
motion control and safety monitoring. Table 3 summarizes the recognized commands and
their corresponding motion instructions used throughout the control system.
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Code flow

1) Initialization

Upon startup, the Arduino initializes serial communication and configures all motor

and limit switch pins. All motors are set to an inactive state to prevent unintended movement.

2) Serial Communication Handling

The Arduino continuously monitors the serial interface for incoming commands.

Commands are parsed and processed, determining the type of movement requested. The
system expects commands in the format: COMMAND:DISTANCE (table 5.1)

3) Motor Movement Execution

Once a command is received and parsed, the appropriate motor control signals are activated:

Forward, backward, left, and right movement is executed by setting the direction pins
accordingly and triggering motor steps.

Upward and downward movement of the vertical axis is performed while
continuously checking the limit switch state to prevent exceeding travel limits.

Scissor opening and closing is executed based on command parameters, ensuring the
mechanism does not overextend or fully collapse.

4) Limit Switch Monitoring

Throughout execution, the Arduino continuously monitors the state of the limit switches.

If a limit switch is triggered, the corresponding motion is immediately halted to
prevent hardware damage.

If the vertical axis reaches its lowest or highest point, any further movement in that
direction is disabled.

If the scissor mechanism reaches its limits, further actuation is prevented to maintain
system integrity.
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5) Emergency Stop Mechanism

If a STOP (S) command is received, all motor activity is immediately halted, and the robot
remains idle until a new command is processed.

Command Function Example

F:mm Move forward by sm millimeters F:122 (Move forward 100 mm)
B:mm Move backward by mm millimeters B:52 (Move backward 50 mm)
L:mm shift left by mm millimeters L:3e (Shift left 30 mm)

R:mm Shift right by sm millimeters R:2@ (Shift ight 30 mm)
TR:mm Rotate nght by sm millimeters TR:3@ (Turn right 30 mm)

TL :mm Rotate left by mm millimeters TL:3@ (Turn left 30 mm)

UP : mm Move vertical axis up by mm millimeters Ur:228 (Move up 200 mm)

D mm Move vertical axis down by mm millimeters pu:ise (Move down 150 mm)
OP :mm Expand scissor mechanism by mm millimeters or:se (Expand by 50 mm)
CL:mm Contract scissor mechanism by mm millimeters cL:se (Contract by 50 mm)

H Home the vertical axis to its default position H (Homing procedure)

s Stop all movements immediately s (Emergency stop)

Table 3: Command summary table.
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Figure 28: Arduino code flowchart for command-based robotic control.
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5.3 Python Implementation for Machine Vision and
Decision-Making

The Python code is responsible for fruit detection, classification, and decision-making
regarding the robot’s movement. The implementation utilizes YOLOvS, a deep
learning-based object detection algorithm, to identify ripe tomatoes and peppers based on
color, size, and spatial positioning.

The Python code is structured into two main modules:

1. detect.py — The primary script for object detection and decision-making.
2. utilities.py — A utility module containing helper functions for image processing, fruit
classification, and robotic movement coordination.

Figure 29 illustrates the functional relationship between detect.py and utilities.py, showing
how the main script relies on utility functions for tasks such as ripeness evaluation, duplicate
filtering, and position calculation.
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Figure 29: Functional interaction between detect.py and utilities.py in the vision system.
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5.3.1 Object Detection and Classification

The detect.py script is responsible for real-time object detection and classification, guiding
the autonomous harvesting robot in recognizing and processing tomatoes and peppers. This
module is a fundamental component of the system, as it enables precise identification of
harvestable vegetables, ensuring that only ripe produce is collected. The script utilizes
YOLOVS, a state-of-the-art deep learning model for object detection, to perform inference on
image or video streams.

The detection module performs multiple functions:

Capturing image or video data from an external camera.

Processing and analyzing frames using a trained neural network.

Determining the location and ripeness of the detected vegetables.

Sending real-time commands to the robotic system for movement and harvesting.

Implementing safety mechanisms to prevent mechanical errors.

This chapter details the implementation of the object detection pipeline, its integration with
the robotic system, and the decision-making process for harvesting.

System Architecture and Workflow

The object detection module follows a structured pipeline consisting of several key stages.
Each stage plays a crucial role in ensuring accurate and efficient vegetable recognition and
robotic control.

1) Input Data Acquisition
The system supports multiple data sources, including:

e Live Camera Feed: Real-time image frames from a connected camera.
e Pre-recorded Video Files: Processing of stored video footage.
e [Image Datasets: Analysis of static images for testing and validation.

The input data is continuously streamed and preprocessed before being fed into the detection
model.
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2) Loading the YOLOVS Model

The detection system employs the YOLOvVS deep learning model, which is pre-trained to
recognize tomatoes and peppers. This model is selected due to its high inference speed and
accuracy in object detection tasks. The neural network is optimized to detect multiple
vegetables within a single frame while filtering out unnecessary background information.

3) Image Preprocessing and Feature Extraction
Before running the inference, the input images undergo several preprocessing steps:

Resizing: Adjusting the image dimensions to match the model's expected input size.
Normalization: Scaling pixel values for improved neural network performance.

Color Space Conversion: Converting images to the appropriate format for feature
extraction.

These preprocessing techniques ensure that the model receives clean and standardized input
data for accurate predictions.

4) Object Detection and Non-Maximum Suppression (NMS)

Once the image is processed, the YOLOvS model performs inference to detect objects of
interest. The model generates bounding boxes, confidence scores, and class labels for each
detected object.

To refine the detection results, Non-Maximum Suppression (NMS) is applied. This algorithm
eliminates redundant overlapping detections and retains only the most relevant bounding
boxes, ensuring that each vegetable is counted only once.

5) Decision-Making Process

The harvesting robot must decide whether to harvest a detected vegetable based on several
key factors. After detecting a vegetable, the system evaluates its ripeness using an image
classification technique known as ripeness classification. This classification is based
primarily on two features:

e (olor analysis: Identifying shades of red for tomatoes or yellow/orange for peppers,
which are indicative of maturity.

e Texture recognition: Differentiating between mature and unripe produce based on
surface texture patterns visible in the captured image.
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If the detected vegetable meets the ripeness threshold according to these criteria, it is added to
the harvesting list. Otherwise, it is ignored, ensuring selective harvesting and preventing
premature or unripe vegetables from being picked.

6) Robot Navigation and Position Adjustment

For efficient harvesting, the robotic system must move into the correct position relative to the
detected vegetable. The system follows a structured movement approach:

Determine the vegetable’s coordinates within the camera frame.
Calculate the robot’s movement trajectory to align with the target.
Adjust the robot’s position by moving forward, left, or right based on detection data.

Verify position accuracy before proceeding with harvesting.

The robot continuously refines its position until it is correctly aligned with the target
vegetable.

7) Harvesting Execution

Once the robot reaches the optimal harvesting position, the cutting mechanism is activated.
The robotic arm extends towards the detected vegetable and performs a precise cutting
motion using a scissor-like mechanism. The system updates the status of harvested vegetables
and removes them from the detection list, preventing duplicate processing.

8) Safety Mechanisms and Error Handling

To ensure safe and reliable operation, the detection system incorporates multiple safety
checks.

A limit switch is installed on the robotic arm to detect obstructions. If the switch is triggered,
the system:

e [mmediately halts all robotic movement.
e Prevents further cutting actions.
e Logs an error message and waits for manual intervention or re-adjustment.

If an emergency stop command is issued, the detection system:

e Stops all motors and robotic actions.
e Saves the current operational state.
e Awaits user confirmation before resuming operations.
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These measures ensure that the system does not cause unintended damage to plants or
mechanical components.

The flowchart illustrated in Figure 30 outlines the step-by-step operation of the object
detection and harvesting system implemented in the detect.py script. The process begins with
the system initialization, where image frame processing is prepared. The YOLOvS model is
then loaded into memory to enable neural network inference. Following this, the system
continuously captures input frames from the camera. Each frame undergoes object detection
using the YOLOVS model to identify target crops such as tomatoes and peppers. To refine
these detections, Non-Maximum Suppression (NMS) is applied to eliminate redundant or
overlapping bounding boxes.

Detected vegetables are subsequently processed to evaluate their ripeness. If a vegetable is
determined to be ripe, the robot calculates and adjusts its position accordingly to align itself
with the target. Once correctly aligned, the harvesting mechanism is activated to perform the
cutting operation. The system then logs the harvested item and updates the internal dataset.
Finally, the cycle concludes with the system returning to a standby state, ready to process the
next detection frame. This structured workflow ensures that the robot performs reliable,
accurate, and safe harvesting actions during each operational loop.

Load YOLOvS model

Read imagefvideo frame

Run inference on frame

Apply Non-Maximum
Figure 30: Flowchart of the object detection Suppression (NMS)

process.
Process deiected objecis

Not Ripe

Mowve robot to harvesting
p
Activate harvesting
mechanism

Save processed images & data
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State-Based Decision-Making for Harvesting

This section explains the decision-making mechanism in the object detection script, where
the robot determines its next action based on the detected vegetables. The state machine
approach is used to transition between different operational phases, including detection,
adjustment, and harvesting. This method ensures efficient and structured control over the
harvesting process. The overall logic is summarized in the state transition diagram shown in
Figure 30, which illustrates how the system moves between key states based on detection
results and sensor feedback.

Overview of the State-Based System

The decision-making logic operates through a state machine, where the system transitions
between different modes based on the detection results and real-time sensor feedback. The
system follows these primary states:

DETECT: Identifies vegetables and evaluates ripeness.

ADJUST_APPROACH: Aligns the robot for optimal harvesting.

HARVESTING: Activates the cutting mechanism to harvest the detected vegetable.
IDLE: A fallback state when no detections or actions are required.

The robot starts in the DETECT state and transitions based on detection results and limit
switch triggers.

1) Detecting and Evaluating Vegetables

The DETECT state is the initial phase where the system processes image frames, detects
objects, and evaluates their ripeness.

A. Vegetable Detection

e The YOLOvVS model identifies objects in the frame and provides bounding box
coordinates.
e The center position of each detected vegetable is calculated for further processing.

B. Ripeness Evaluation

e A classification function determines whether the detected vegetable is ripe.
e Only ripe vegetables are considered for harvesting.
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C. Duplicate Check

e The system verifies if the detected vegetable was already processed.
e If the vegetable is new, its coordinates are added to the harvesting list.

D. State Transition

e Ifanew, ripe vegetable is detected, the system transitions to ADJUST APPROACH.
e Ifno valid detections are found, the robot moves forward and continues scanning.

2) Adjusting the Robot's Position

The ADJUST APPROACH state ensures the robot is correctly aligned with the vegetable
before harvesting.

A. Position Correction

e The robot calculates the necessary adjustments based on the vegetable’s coordinates.
e [t moves left or right to precisely position the cutting mechanism.

B. State Transition

e Once the robot is aligned, it transitions to the HARVESTING state.

3) Executing the Harvesting Process
The HARVESTING state activates the robotic arm to perform the cutting operation.

A. Cutting Mechanism Activation

e The cutting mechanism is moved to the vegetable’s height.

e The system initiates the cutting process to detach the vegetable from the plant.
B. Completion and Reset

After harvesting, the system removes the vegetable from the harvesting list. The system
resets to the DETECT state for the next cycle.
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4) Handling the Idle State
The IDLE state acts as a default or fallback condition.

e If no vegetables are detected or all harvesting tasks are completed, the system enters
to the IDLE mode.
e The robot remains stationary until new detections prompt further action.

DETECT

Identify and evaluate vegeiables

Ripe vegetable found

ADJUST_APPROACH

Harvesti
Align robot with the target lrer

completed

Position adjusted

Not Ripe vegetable found

HARVESTING
Activate cuiting mechanism

Limit switch triggered

ERROR
Safety Mechanism Triggered

Reset required

Figure 31: State transition diagram for the harvesting process.
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5.3.2 Implementation of Image Processing and Robotic Control
Functions

The second Python module, contains a suite of specialized utility functions that underpin the
core operational logic of the robotic harvesting system. This script plays a pivotal role in the
post-detection processing pipeline by managing key tasks such as ripeness evaluation,
duplicate coordinate filtering, positional correction, and movement orchestration of the
robotic arm. The functionality encapsulated in this module is divided into the following
categories:

1) Ripeness Detection and Classification

One of the key functionalities of the harvesting robot is the ability to classify vegetables
based on their ripeness. This is achieved using color-based segmentation applied to images of
detected vegetables.

Ripeness Evaluation Methodology

For each detected vegetable, the system:

Extracts the vegetable image from the captured frame.

Converts the image to the HSV color space for better color segmentation.
Applies a color filter to identify specific ripeness conditions.

Calculates the percentage of relevant color pixels in the image.

Determines whether the vegetable is ripe based on the percentage threshold.

M.

Ripeness Criteria

The system applies different color thresholds depending on the vegetable type:
e Tomatoes: The system checks for red pigmentation, ensuring that the detected tomato
has reached the required maturity level.
® Peppers: The system evaluates the presence of green pixels to distinguish between
ripe and unripe peppers.

After calculating the percentage of relevant color pixels, the system applies the following
rules:

e Tomatoes: If red color coverage is greater than 25%, the tomato is considered ripe.
e Peppers: If green color coverage is greater than 50%, the pepper is considered ripe.
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If the vegetable meets these conditions, it is added to the harvesting list. Otherwise, it is
ignored.

2) Duplicate Coordinate Detection

To prevent redundant harvesting, the system checks whether the detected vegetable is a new
candidate or a duplicate detection.

Distance-Based Filtering

Each detected vegetable's center coordinates are stored in a harvesting list.
When a new vegetable is detected, the system calculates the Euclidean distance
between the new detection and previously stored vegetables.

e If the distance is greater than a predefined threshold, it is considered a new vegetable
and added to the list.

e [fthe vegetable is too close to an existing detection, it is discarded as a duplicate.

This process ensures that the robot does not attempt to harvest the same vegetable multiple
times.
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3) Robotic Position Adjustment

Once a ripe vegetable has been identified, the robot must align itself precisely before
harvesting. The adjustment process consists of two key movements:

e Horizontal (X-axis) Adjustment: The robot moves left or right to center itself.
e Vertical (Y-axis) Adjustment: The robotic arm moves up or down to align the cutting
mechanism.

Position Adjustment Process
To achieve accurate alignment, the system performs the following steps:

Calculates the vegetable’s center coordinates.

Compares them with the camera’s center position.
Determines the necessary movement distance in centimeters.
Sends movement commands to the robot to align it properly.
Verifies alignment and transition to the harvesting phase.

M e

This structured adjustment sequence ensures that the robotic cutter is precisely positioned
before initiating the harvesting operation, minimizing the risk of damaging the vegetable or
surrounding plant structures.

4) Robotic Movement Control

The system includes low-level motor control functions that allow the robot to move in
various directions. The robot operates with serial communication to receive movement
commands.

Motion Control Commands
The following movement commands are sent to the Arduino-based motor control system:

Move Forward: The robot moves towards the detected vegetable.
Move Backward: The robot retreats after a harvesting attempt.
Move Left/Right: The robot aligns itself laterally.

Turn Left/Right: The robot rotates in place to adjust its orientation.

Move Up/Down: The robotic arm adjusts its height to align with the vegetable.

Each movement is executed using predefined distances, ensuring precision in navigation and
harvesting.
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Movement Execution Process

The system calculates the required movement distance.

The appropriate movement function is triggered, sending a serial command to the
Arduino.

The robot executes the movement and confirms completion.

If necessary, the movement is repeated until proper alignment is achieved.

5) Harvesting Execution

After the robot is aligned with the vegetable, the cutting mechanism is activated.
Cutting Mechanism Process

The robot moves slightly backward to position itself for cutting.

The robotic arm moves upwards to the vegetable’s height.

The scissor mechanism opens to prepare for cutting.

The robot maneuvers into the cutting position

The scissor mechanism closes, detaching the vegetable.

The harvested vegetable is collected, and the system resets for the next detection.

AR S

Safety Measures in Cutting

e A limit switch sensor prevents excessive movement.
e The system verifies the vegetable’s removal before proceeding to the next cycle.

This entire harvesting workflow is visually summarized in Figure 32, which presents a
structured flowchart beginning with ripeness detection and ending with the final cutting
action. The chart below illustrates the structured workflow of the harvesting process, starting
from ripeness detection to the final cutting action. The system begins by detecting the
ripeness of the vegetable using color-based segmentation. If the vegetable is classified as ripe,
the system checks for duplicate detections to avoid redundant harvesting. Once confirmed as
a new detection, the robot aligns itself with the vegetable by adjusting its horizontal and
vertical position. The cutting mechanism is then activated, and the robot performs the cutting
action. After verifying the success of the harvest, the system resets for the next detection.
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Start harvesiing process

Check for duplicate detection Skip and confinue to the next
detection

Duplicate

Skip and confinue to the next

Position adjustment
(X and Y axis alignment)

detection

Execute harvesting action

-Open scissor
-Position for cutting
-Close scissor

Reset system for next crop

Figure 32: Flowchart of the harvesting process.
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Chapter 6: Final Results

6.1 Introduction

This chapter presents the final results of the implemented robotic harvesting system,
emphasizing its performance and validating its functionality through experimental testing.
The primary objective is to demonstrate that the integrated hardware—software platform can
autonomously detect and harvest ripe tomatoes and peppers using a combination of computer
vision and precise motion control. These results confirm that the robotic prototype operates
according to design specifications and achieves the intended functional requirements outlined
during the initial design phase.

The final prototype exhibited high accuracy in identifying and harvesting ripe crops,
significantly reducing the need for human intervention and improving operational efficiency.
Experimental evaluations were carried out in both a laboratory table setup and a greenhouse
environment, verifying that the robot could correctly detect target crops, adjust its position,
and execute harvesting actions without damaging nearby structures or unripe produce. The
use of a stepper motor—driven scissor mechanism enabled reliable and precise cutting,
ensuring consistent performance during repeated trials.
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6.2 System Overview and Integration Summary

The developed system successfully integrates mechanical components, electronic control
units, and artificial intelligence algorithms into a cohesive prototype capable of real-time
operation. The robot is powered by NEMA17 stepper motors controlled via an Arduino Mega
1280, interfaced with A4988 motor drivers, which enable microstepping and current
regulation for smooth and efficient actuation.

The vision component is based on a YOLOVS deep learning architecture trained to detect ripe
tomatoes and peppers. Communication between the Python-based detection logic and the
Arduino motor control system is established via a serial interface, allowing synchronized
execution of detection, alignment, and cutting commands. A labeled image showing the final
assembly of the robot and its main components is presented in Figure 33.

Vertical Axis
(Linear Rail)
Cutting Tool
Endstep Switch HD Webcam
Nema 17 Limit Switch
Stepper Motor (for Homing)

Main Control Unit

Nema 17 : . .
Stepper Motor (Arduino Mega + RAMPS 1.4 + A4988 Drivers)
Robot Base
Nema 17
Stepper Motor Mecanum Wheel

Figure 33: Final assembly of the robotic harvester with labeled components.
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6.3 Visual Qutput from the Detection Pipeline

Before transitioning to lab-based integration, early testing of the detection algorithm was
conducted outdoors in a greenhouse environment to evaluate its effectiveness under natural
lighting and real agricultural conditions. These preliminary tests focused on confirming the
system's ability to identify ripe vegetables, determine their position, and assess ripeness using
HSV color filtering.

Figure 34 demonstrates the detection of a ripe tomato, where the YOLOvS model has
accurately drawn a bounding box and assigned a high confidence score, confirming
successful classification. Similarly, Figure 35 highlights the detection of a ripe pepper. The
center of the bounding box is visualized, showing the coordinate used for robot alignment
during harvesting.

These visual outputs provide direct insight into the internal processing pipeline, from object
recognition to spatial localization, and affirm that the vision system performs reliably across
different crops and environments.

Figure 34: Tomato detection with bounding box.
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Figure 35: Detected pepper and center point localization.
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6.4 Real-Time Functionality of the Harvesting System

To validate the real-time functionality of the robotic harvesting system, both software outputs
and physical responses were monitored during controlled test sessions conducted on a
laboratory table setup. These outputs demonstrate that the robot was successfully executing
its intended operations—detecting target vegetables, classifying ripeness, issuing motion
commands, and actuating the cutting mechanism accordingly.

The screenshot presented in Figure 34 captures real-time log output from the Python terminal
during a functional test using a tomato placed on the laboratory table. The log displays key
events such as successful object detection, ripeness classification, and the issuance of
corresponding serial commands (e.g., movement and cutting instructions) to the Arduino
controller. This output demonstrates the system’s real-time decision-making capability and
confirms the effective integration between the machine vision module and the robotic control
hardware.

bs =1
if webcam:
view_img = check_imshow(warn=True)
datacat = InadQtreamcficniirra  imo cizve=imocy ctride=ctride antn=nt wvid ctrida=vid ctrida)

OUTPUT DEBUG CO E TERMINAL

Tnitializing robotic harvesting system...
Camera stream started.

Status: DETECT

No vegetables detected.

foving forward...

Status: DETECT

Image captured.

egetable detected: tomato

Bounding box: Top-Left (249, 188), Bottom-Right (318, 250)
Center calculated at (275, 215)

Red color percentage: 36.7%

omato is classified as ripe.

Checking for duplicates in harvest list...
No duplicates found.

egetable added to the list.

Switching status to: ADJUST APPROACH
Status: ADIUST APPROACH

Adjusting alignment with detected tomato...
foving LEFT by 4.2 cm to align with X-axis.
istance too close. Re-adjusting...

Moving RIGHT by 1.5 cm for safe offset.
Switching status to: HARVESTING

Status: HARVESTING

Starting cutting process...

Raising scissor to 7.2 cm based on top boundary of detection.
Checking contact limit switch...

Limit switch triggered

Dpening scissor...

Cutting in progress...

Cutting process finished successfully.

Figure 36: Real-time console output demonstrating system integration.
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Chapter 7: Conclusions, and Recommendations for
Future Research

7.1 Conclusions

The research and development of this robotic harvesting system demonstrated the feasibility
and effectiveness of robotic automation in agricultural harvesting. One of the main outcomes
of this thesis was the successful integration of computer vision and robotic motion. The
combination of a deep learning-based detection model with real-time robotic control enabled
efficient and selective harvesting. The YOLOVS5 algorithm provided accurate fruit detection,
while the robotic arm responded to visual inputs with precise movements. This confirms that
computer vision technologies can be reliably applied to agricultural automation.

Another significant achievement was the optimized motion control system, which utilized
NEMA17 stepper motors and A4988 drivers. With proper tuning of current limits and
microstepping configurations, the robotic arm achieved smooth, high-precision movements
with minimal vibration—critical for interacting with delicate produce. Additionally, the
implementation of serial communication between the Arduino and the Python-based
detection system ensured seamless, real-time coordination between software decisions and
hardware actuation, underlining the importance of robust communication protocols in
autonomous robotic platforms.

The project also confirmed the benefits of data preprocessing and augmentation in improving
detection accuracy. Techniques such as rotation and noise addition contributed to the
robustness of the YOLOvV5 model when exposed to different visual scenarios, reinforcing the
value of a diverse and well-prepared dataset.

However, several challenges were encountered when evaluating the system in more complex
environments. While the robot performed reliably during indoor tests and showed promising
results in outdoor greenhouse conditions—accurately detecting and localizing both tomatoes
and peppers—its performance could still be improved. Factors such as dense foliage, partial
occlusions, and varying lighting introduced occasional detection inconsistencies. These
observations suggest that while the current system provides a solid foundation, future
enhancements such as the integration of 3D vision systems or additional sensors could further
increase robustness and reliability in unstructured agricultural settings.
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7.2 Recommendations for Future Research

While the developed system represents a significant step towards autonomous robotic

harvesting, further improvements and research directions can enhance its capabilities and

practical implementation. The following areas are recommended for future exploration:

1. Advanced 3D Vision and Multi-Sensor Fusion

The integration of LiDAR or stereo vision cameras could provide depth perception,
allowing the robot to navigate more effectively in complex environments.
Multi-sensor fusion, combining RGB, infrared, and depth cameras, could improve
fruit detection under low-light conditions and dense foliage.

2. Enhanced Deep Learning Models for Detection

The current YOLOVS model could be upgraded to YOLOVS or other state-of-the-art
architectures with improved accuracy and efficiency.

Implementing self-learning Al models that adapt to different agricultural
environments could increase robustness in varied conditions.

3. Precision Control Mechanisms for Robotic Manipulation

The incorporation of force sensors and haptic feedback systems could refine the
cutting and grasping mechanisms, reducing potential fruit damage.

Implementing adaptive control algorithms could enable the robot to adjust its grip and
cutting force based on fruit size and stem thickness.

4. Autonomous Navigation and Path Planning

Currently, the system follows basic movement commands based on object detection.
Integrating autonomous navigation using SLAM (Simultaneous Localization and
Mapping) would allow the robot to move independently within a greenhouse or field.
The development of Al-driven motion planning algorithms could optimize harvesting
efficiency and minimize unnecessary movements.
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5. Improved Hardware Design for Scalability

A more lightweight and modular robotic arm could be designed to increase flexibility
in handling different crop types.

The addition of battery-powered operation with energy-efficient components could
enable deployment in larger agricultural fields without constant external power
sources.

6. Internet of Things (IoT) and Cloud-Based Monitoring

The integration of IoT-based sensors could allow real-time monitoring of
environmental conditions, such as temperature, humidity, and crop growth patterns.
Cloud-based data collection and Al-driven analytics could optimize harvesting
schedules based on real-time crop status.

7. Testing and Deployment in Real-World Agricultural Fields

Expanding the testing environment beyond greenhouses to open-field conditions
would validate the system’s robustness against weather variations and unpredictable
terrain.

Collaboration with agricultural industries and research institutions could facilitate
large-scale deployment and continuous improvement.
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The implementation of robotic automation in agricultural harvesting presents a promising
solution to labor shortages, increased demand for food production, and the need for precision
agriculture. This study successfully demonstrated that a vision-based robotic system can
efficiently detect and harvest crops, reducing manual labor and improving efficiency.

However, agricultural robotics remains a rapidly evolving field, and continuous research is
required to overcome technical challenges, scalability issues, and real-world deployment
constraints. Future advancements in computer vision, Al, robotics, and [oT technologies will
play a crucial role in shaping the next generation of autonomous farming systems.

By further developing intelligent, adaptive, and cost-effective robotic solutions, the
agricultural industry can move toward fully automated and sustainable farming practices,
ensuring higher productivity, reduced waste, and improved food security worldwide.
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