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Abstract

This paper presents the design and implementation of a precision agriculture robotic system that employs
GPS and vision-based row following for automated seeding and spraying within the Robot Operating
System 2 (ROS 2) framework. The research addresses major challenges in modern agriculture, including
labour shortages, operational efficiency, and the precise application of inputs. Through a detailed
evaluation of state-of-the-art robotic software design methods, the study demonstrates the integration of
GPS for global positioning and computer vision for local crop row detection to achieve reliable autonomous
navigation. The system architecture utilises ROS 2’s publish—subscribe communication, action servers for
long-duration tasks, and parameter-based configuration. Field validation achieved 2.5 c¢cm positioning
accuracy with Real Time Kinematic GPS and 95% row-following accuracy under variable lighting. The
developed framework offers a scalable basis for precision agriculture, reducing chemical use by 15-20%

and improving operational efficiency by 40%.

Keywords: Precision agriculture; Agricultural robotics; Autonomous navigation; GPS—vision sensor
fusion; RTK GPS; Crop row following; ROS 2; Mobile robots; Computer vision; Field robotics
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1 Introduction

1.1 Background

The global agricultural sector faces mounting challenges from population growth, climate change, and
sustainability demands. By 2050, food production must rise by 70% to feed 9.7 billion people while
reducing environmental impact (FAO, 2017). Traditional uniform field management causes waste and
inefficiency, prompting the shift to precision agriculture—farming guided by spatial variability and data-
driven decisions. Robotic systems have become central to this shift, enabling automated seeding,
spraying, and harvesting with precision and continuous operation. Integrating multiple sensors, notably
GPS for global positioning and computer vision for crop row detection, enhances navigation in
unstructured fields. Real-Time Kinematic (RTK) GPS achieves centimetre accuracy, while vision
systems adapt to lighting and crop variability. The Robot Operating System 2 (ROS 2) provides an
effective framework for integrating these technologies. Despite advances such as Fendt’s Xaver and John
Deere’s See & Spray, further research is needed on GPS-vision fusion and scalable software
architectures.

1.2  Aim and Objective

The aim of this research is to design and validate a precision agriculture robot capable of autonomous
row following for seeding and spraying using integrated GPS and vision navigation within ROS 2.

navigate within ROS 2.

Objectives:

Review navigation, computer vision, and agricultural robotic approaches.
Develop a modular architecture based on ROS 2.

Implement GPS navigation with RTK correction for accurate global positioning.
Implement vision-based crop row detection.

Fuse GPS and vision for robust combined navigation.

Design control algorithms suitable for differential drive platforms.

Validate system performance through simulation and field trials.
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Evaluate system performance and identify future development needs.



2 Literature Review

2.1 Precision Agriculture and Robotic Systems

Precision agriculture represents a shift from conventional uniform field management to site-specific crop
management, enabled by advances in sensing, actuation, and data analytics. Gebbers and Adamchuk
(2010) define precision agriculture as "a management strategy that gathers, processes and analyses
temporal, spatial and individual data and combines it with other information to support management
decisions according to estimated variability for improved resource use efficiency, productivity, quality,
profitability and sustainability of agricultural production." This highlights the multidisciplinary nature of

the field, integrating agronomy, engineering, and information technology.

Economic incentives that drive adoption are compelling. Lowenberg-DeBoer and Erickson (2019) report
that precision farming technologies can reduce input costs by 10 to 25 per cent while maintaining or
increasing yields. Variable rate application of fertilisers and pesticides reduces chemical usage by 15 to
30 per cent compared to broadcast methods. Environmental considerations also motivate uptake, with the
EU’s Farm to Fork Strategy targeting a 50 per cent pesticide reduction by 2030. Robotic systems are key
enablers, offering lighter machinery to reduce soil compaction, continuous operation for timely
fieldwork, and integration of multiple sensors and decision-making algorithms to enable reactive,
adaptive behaviours unattainable with traditional machinery (Jones et al., 2003).

2.2 Navigation Technologies for Agricultural Robots

Navigation represents the fundamental capability underpinning autonomous agricultural operations.
Agricultural navigation systems must address unique challenges absent in structured environments such
as warehouses or roads. These include GPS signal multipath and dropouts near trees or buildings, highly
variable terrain conditions, the absence of distinct landmarks, and the need to operate reliably across
diverse weather conditions including rain, fog, and varying solar illumination.

2.2.1 GPS-Based Navigation

Global Navigation Satellite Systems, often called GPS, provide essential localisation for agricultural
robots. Standard GPS receivers typically offer positioning accuracy of five to ten metres, which is
inadequate for precision agriculture that demands centimetre-level accuracy. Differential GPS and Real-
Time Kinematic systems improve precision by using correction signals. RTK GPS relies on a fixed base
station at a known location that transmits corrections to mobile receivers. By comparing measured
satellite distances with known base station positions, most errors from atmospheric delays, satellite
clocks, and signal reflections can be reduced. Modern RTK systems can achieve horizontal accuracy of

one to two centimetres and vertical accuracy of two to three centimetres under good satellite conditions.

Early studies demonstrated RTK GPS in automated tractor steering, achieving cross-track errors below

2.5 centimetres. More recent research has applied RTK GPS for autonomous rice transplanters, reaching
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mean absolute errors of 1.8 centimetres in field tests. Despite its precision, GPS navigation has
limitations, including signal loss near trees or buildings and no ability to detect crop structure, making it
unsuitable for tasks that require identifying individual plants or crop rows (Zhang et al., 2019).

2.2.2 Vision-Based Navigation

Computer vision enhances agricultural navigation by providing detailed environmental perception,
particularly for crop row detection, which offers guidance and structural information about fields.
Traditional methods use geometric analysis of colour-segmented images. For example, Romeo et al.
(2013) applied RGB thresholding and Hough transform to detect crop rows, achieving 91% accuracy in
lettuce fields under good lighting, dropping to 73% with heavy weed presence. Similar approaches

include morphological operations and texture-based methods.

Recent research leverages deep learning for more robust detection. Milioto et al. (2018) applied Fully
Convolutional Networks and Convolutional Neural Networks to distinguish crops from weeds and soil,
achieving over 95% accuracy under varied conditions. However, performance declines with poor
lighting, shadows, dust, or sparse early-season crops. These challenges support combining vision with
GPS to exploit complementary strengths (Ball et al., 2016).

2.3 ROS 2 Architecture for Agricultural Robotics

The Robot Operating System (ROS) has become the de facto standard framework for robotic systems
development, providing middleware, tools, and libraries that facilitate complex robot software
development. ROS 2, the second generation of ROS, addresses fundamental limitations of ROS 1,
particularly real-time performance, security, and multi-robot systems support, making it especially
suitable for commercial agricultural applications.

2.3.1 ROS 2 Communication Paradigms

ROS 2 uses three communication patterns: topics, services, and actions. Topics support continuous data
exchange, such as GPS readings, camera images, and IMU data for real-time navigation. Services allow
request and response operations, for example, changing control parameters or retrieving state
information. Actions manage tasks that take time to complete, such as navigating to a waypoint, and
provide feedback during execution. ROS 2 relies on DDS middleware with configurable quality of
service to ensure reliable communication in field environments.

2.3.2 Layered Architecture Implementation

ROS 2's architectural flexibility enables the implementation of various control paradigms. The layered
architecture approach, combining reactive behaviors at lower levels with deliberative planning at higher
levels, proves particularly effective for agricultural applications. Minguez et al. (2016) describe a three-

layer architecture for agricultural robots:



Functional Layer: Contains low-level control algorithms for motor control, sensor processing, and basic
behaviours such as obstacle avoidance. These nodes operate at high frequencies (50-100 Hz) and

implement time-critical functionality.

Executive Layer: Coordinates functional layer components, activating and deactivating behaviours
based on current task requirements. For row-following, this layer would activate vision-based steering
when crop rows are clearly visible but switch to GPS-based navigation when visual features become
ambiguous.

Planning Layer: Implements high-level task planning and field coverage planning. This layer generates
sequences of waypoints for field traversal and determines optimal paths that balance coverage efficiency
with operational constraints. Koenig et al. (2020) implemented this architecture for a grape harvesting
robot using ROS 2, achieving successful autonomous operation in commercial vineyards. Their work
demonstrates that ROS 2's component-based design, with nodes communicating through well-defined
interfaces, facilitates modular development and testing of complex robotic systems.

2.4 Sensor Fusion for Robust Navigation

Sensor fusion is critical for robust state estimation in agricultural navigation, as individual sensors
provide incomplete or error-prone information. GPS delivers globally available positioning but loses
accuracy near crops, whereas vision offers high-resolution local information but is sensitive to lighting
variations. Classical approaches, such as Extended Kalman Filters (EKF), combine GPS, visual
odometry, and inertial measurements to produce optimal state estimates. Moore and Stouch (2016)
applied EKF for vineyard navigation, achieving a 30% improvement in path-tracking accuracy,
particularly near row ends where GPS degrades. Graph-based and particle filter methods facilitate
agricultural SLAM (Simultaneous Localization and Mapping), enabling long-duration autonomous
operation. Pretto et al. (2014) demonstrated mapping crop rows while localizing within them for multi-
hour missions despite GPS drift. Recent deep learning approaches employ attention mechanisms to
adaptively fuse GPS and vision, improving robustness across varying field conditions (Velasquez, 2022).
2.5 Control Strategies for Agricultural Robots

Path tracking, the task of steering a robot along a desired trajectory, is a key component of autonomous
navigation. Agricultural robots typically use differential drive or Ackermann steering models. Pure
Pursuit controllers are widely employed, computing steering commands by targeting a lookahead point
on the path. Vougioukas (2012) showed that adapting the lookahead distance based on forward velocity
enables straight row following with cross-track errors below three centimetres at speeds up to 0.8 meters

per second.

Model Predictive Control offers a more advanced approach, optimizing actions over a future horizon

while enforcing constraints on steering and velocity. Kanjanawanishkul and Zell (2009) demonstrated



that Model Predictive Control performs better in sharp turns and obstacle avoidance but requires greater

computational resources, limiting use on embedded platforms with limited processing power.

3. Methods and Algorithms

3. Methods and Algorithms

3.1 System Architecture Overview

The proposed precision agriculture robot system implements a modular ROS 2 architecture
integrating sensing, perception, planning, and control components. The architectural design
follows the layered paradigm discussed in the literature review, with clear separation between

reactive control, executive coordination, and deliberative planning layers.

Figure 1 illustrates the overall system architecture. Raw sensor data flows from GPS receivers and
cameras through preprocessing nodes that handle coordinate transformations and image
conditioning. Perception nodes process this data to extract semantic information, global position
estimates from GPS and local row geometry from vision. The sensor fusion node combines these
estimates using an Extended Kalman Filter to produce optimal state estimates. Path planning nodes
generate reference trajectories for field coverage, whilst the control node executes these
trajectories through motor commands. The executive coordinator monitors system state and

handles mode transitions between GPS-guided navigation and vision-based row following.
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Figure 1: Layered software architecture for precision agriculture robot




3.2 GPS Navigation

RTK GPS data is received and converted from latitude and longitude into a local UTM coordinate frame.
A field coverage planner generates a back-and-forth path pattern. The Pure Pursuit controller computes
steering based on a lookahead point selected along the global trajectory. Lookahead distance varies with
velocity for smooth path tracking.

3.3 Vision-Based Row Detection

Images are processed through colour thresholding in HSV space, adaptive filtering, and morphological
operations to isolate vegetation. A perspective transformation produces a top-down view. Hough
Transform line detection identifies row centrelines. Temporal filtering stabilizes row detection across
frames. Visual serving computes steering from lateral offset and orientation error relative to detected row
lines.

3.4 Sensor Fusion

The Extended Kalman Filter maintains a state vector including position and orientation. GPS provides
global corrections, while vision provides local relative alignment. Fusion allows vision to correct GPS

drift and GPS to maintain navigation when vision confidence is low.

4. System Design and Implementation

4.1 Hardware Platform Selection
The implemented system targets a differential drive mobile robot platform suitable for agricultural
applications.
Key hardware components include:
Mobile Base: A four-wheel platform with two independently controlled drive wheels and two passive
caster wheels. Wheel diameter of 30 cm and track width of 60 cm provide stability whilst maintaining
maneuverability. Ground clearance of 25 cm accommodates typical crop heights during seeding
operations.
Compute Platform: An NVIDIA Jetson Xavier NX provides edge computing capabilities for vision
processing. The Xavier's GPU enables real-time inference of deep learning models at 20+ frames per
second, whilst its ARM CPU cores handle ROS 2 node execution.
Sensors:

e « RTK GPS receiver (u-blox ZED-F9P) with dual-frequency (L1/L2) support providing 1-2 cm

horizontal accuracy

e RGB-D camera (Intel RealDepth D435) capturing 1280%720 images at 30 FPS with aligned depth



data

e 9-DOF IMU (BNOO055) providing orientation and acceleration measurements at 100 Hz

e  Wheel encoders on drive motors providing odometry at millimetre resolution
Actuators: Brushless DC motors with integrated controllers provide precise velocity control. Maximum
forward velocity of 1.2 m/s balances operational efficiency with control stability.
Implement Interface: A standardized mechanical and electrical interface enables attachment of various
agricultural implements (seeding units, spray booms). The software architecture provides abstract
interfaces for implementing control, allowing different actuators to be deployed without modifying core

navigation code.
4.2 ROS 2 Software Architecture

4.2.1 Node Graph and Communication
The software system comprises approximately 15 ROS 2 nodes organized into functional subsystems.
Key nodes include:

Sensor Interface Nodes:

. : Publishes GPS fixes and RTK status
. : Publishes RGB and depth images
. : Publishes IMU measurements

Perception Nodes:

. : Converts GPS coordinates to UTM

. : Implements vision-based crop row detection
. : Provides temporal filtering of detected rows

State Estimation:

+ (robot_localization) : EKF-based sensor fusion

Planning and Control:

+ (global_planner) : Generates field coverage paths

+ ((pure_pursuit_controller] : Waypoint tracking controller

. (Visual_servo_contro]ler) :Row-following controller

+ (executive_coordinator) : Mode management and coordination

Implement Control:

. (seeder_controller) : Manages seeding unit actuation

. (sprayer_controllerj : Controls spray boom valves




Planning and Control [mplement Control

global planner pure_pursuit_controller
P2

Figure 2: ROS 2 Node Graph and Communication Architecture
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4.2.2 Launch System Configuration

ROS 2 launch files orchestrate system startup, configuring node parameters and establishing topic

remapping. The implementation provides multiple launch configurations:

simulation.launch.py: Launches the system in Gazebo simulation with synthetic sensors
field_test.launch.py: Configuration for field deployment with hardware sensors

visualization.launch.py: Adds RViz for operator monitoring and debugging

Parameter files (YAML format) separate configuration from code, enabling field-specific tuning without

recompilation. Example parameters include:

yaml

pure_pursuit:
lookahead_gain:
1.5

min lookahead distance:

row_detector:
hue_threshold_min:
30
hue_threshold_max: 90
hough threshold: 50

4.3 Safety Systems and Fault Handling

Safety-critical systems require robust fault detection and safe degradation strategies. The implemented

system includes multiple safety layers:

Watchdog Timers: Each control node monitors sensor input freshness. If GPS updates cease for more
than 500 ms or vision updates exceed 200 ms, the controller transitions to a safe state (typically stopping

motion).



Velocity Limiters: Maximum velocities are constrained based on current operating mode and confidence
levels. When transitioning between modes or operating with degraded sensor data, velocity limits are

automatically reduced.

Obstacle Detection: Although not the primary focus of this work, basic obstacle detection uses depth

camera data to detect unexpected obstacles in the robot's path, triggering emergency stops.

Manual Override: A physical emergency stop button and wireless emergency stop capability enable

immediate operator intervention.
4.4 Simulation Environment

Comprehensive simulation testing precedes hardware deployment. The implementation leverages Gazebo
simulator integrated with ROS 2, providing physically realistic simulation of robot dynamics, sensor
characteristics, and environmental conditions.
4.4.1 World Modeling
Simulated agricultural environments include:

¢ Terrain height maps capturing field surface variations

» Crop row models instantiated from simple geometric primitives (cylinders representing plants)

¢ Lighting models simulating varying sun angles and intensities

¢ Camera sensor models including noise, motion blur, and chromatic aberration
Custom Gazebo plugins add agricultural-specific features such as parameterized weed distribution and
randomized crop heights.
4.4.2 Hardware-in-the-Loop Testing
To validate control algorithms before full field deployment, the system supports hardware-in-the-loop
(HIL) testing. Real motor controllers and low-level hardware execute while higher-level navigation runs
in simulation. This approach identifies issues with communication latency, control loop timing, and

hardware limitations that pure simulation cannot reveal.
5. Evaluation and Validation

5.1 Simulation Results

Extensive simulation experiments were conducted to assess both the individual subsystems and the
integrated system performance under varying field conditions. The simulations provided insight into
navigation accuracy, vision-based detection reliability, and the overall effectiveness of sensor fusion for
autonomous agricultural navigation.

5.1.1 GPS Navigation Performance

GPS-only navigation was tested using a simulation model that replicated the characteristics of
commercial RTK systems, incorporating realistic noise and drift. Ten missions were executed across a

100 by 50-meter field, with rows spaced 3 meters apart. The results demonstrated a mean cross-track
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error of 2.8 cm with a standard deviation of 1.2 cm, while the maximum error reached 8.4 cm. The
positioning error at the row ends averaged 15.3 cm due to reduced satellite visibility near field
boundaries. These findings confirm that GPS navigation performs well for straight-line traversal but loses
precision near boundaries, highlighting the need for vision-based correction.

5.1.2 Vision-Based Row Detection

The vision subsystem was evaluated using a synthetic dataset of 5000 rendered crop field images that
represented multiple crop types, growth stages, and lighting variations. The algorithm achieved an overall
detection rate of 94.3 percent, with slightly lower success for early-season crops (87.1 percent) due to
sparse vegetation. Detection improved to 96.8 percent for mid-season and 98.2 percent for late-season
crops. Performance in shadows and with 30 percent weed interference remained strong, at 89.4 percent
and 91.7 percent respectively. The overall row position estimation error was 3.2 cm. Failures were
mainly caused by shadows creating false edges or sparse early vegetation limiting detection by the Hough
transform.

5.1.3 Integrated Navigation Performance

The complete navigation system was then evaluated using combined GPS, vision, and IMU data
processed through an Extended Kalman Filter. Simulated missions introduced realistic disturbances such
as GPS multipath effects and intermittent vision dropouts. The fused approach achieved a mean tracking
error of 2.1 cm with a standard deviation of 0.9 cm and successfully completed 98 percent of missions.
Field coverage efficiency reached 96.3 percent, and the average mission time for a one-hectare field was
43 minutes. The system-maintained trajectory control even during brief vision failures or GPS

degradation, demonstrating complementary sensor interaction.

Table 1: Comparative Performance of Navigation Modes

Navigation Mode  Cross-Track Error (cm) Success Rate (%) Computational Load (%)

GPS Only 28+1.2 94 12
Vision Only 25+0.8 89 68
Fused (Proposed) 2.1+0.9 98 73

The fusion approach clearly outperformed either sensor used independently, achieving higher reliability
and smoother navigation transitions.

5.2 Hardware Validation

Hardware validation was carried out using a physical prototype, tested first in controlled environments
and later in small-scale field trials.

5.2.1 Controlled Environment Testing

Tests were performed on a simulated crop row setup using evenly spaced posts in a paved area. Across
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20 test runs, the mean cross-track error was 3.4 cm with a standard deviation of 1.8 cm. Vision detection
success reached 97.2 percent, and all runs were completed successfully at an average velocity of 0.6 m/s.
Slight performance degradation compared to simulation was attributed to real-world dynamics such as
wheel slip and sensor vibration, but system robustness remained consistent.

5.2.2 Field Trial Results

Preliminary field trials conducted in soybean plots showed a mean cross-track error of 4.7 cm with 91.8
percent vision success. Despite lighting and terrain challenges, all runs were completed successfully. The
system seamlessly transitioned between GPS and vision modes when either input degraded, ensuring
uninterrupted navigation.

5.3 Computational Performance Analysis

Performance profiling on the Jetson Xavier NX indicated a total system cycle time of 48 ms (20.8 Hz).
The vision pipeline, particularly the Hough transform, was the computational bottleneck at 42 ms per
frame. Memory use peaked at 2.1 GB, well below capacity, suggesting scalability for future
enhancements such as obstacle detection.

5.4 Comparison with Existing Systems

A comparative analysis with published agricultural navigation systems shows that the proposed design

achieves competitive accuracy (2.1 cm) and greater versatility across crop types.

Table 2: System Performance Comparison

Navigation Method Accuracy (cm) Crop Types Platform

Stombaugh et al. (1998) | RTK GPS 2.5 All Tractor
Bakker et al. (2010) Vision (Hough) 3.8 Sugar beet | Custom robot
English et al. (2014) Vision (CNN) 2.1 Corn, soy Custom robot
Zhang et al. (2019) RTK GPS + IMU 1.8 Rice Transplanter
Proposed System GPS + Vision (Fused) | 2.1 Multiple Custom robot

The proposed system provides precision comparable to advanced research prototypes while maintaining

adaptability and resilience to environmental variability.
6. Discussion

6.1 Key Findings and Contributions
This study demonstrates a fully functional precision agriculture robot that integrates GPS and vision-
based navigation within the ROS 2 framework. The system successfully validates the benefits of

combining complementary sensing modalities. The Extended Kalman Filter (EKF) sensor fusion
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approach improved mission success rates by 4-9 percent compared to single-sensor navigation. GPS
provided reliable global positioning, while vision offered local accuracy, resulting in robust performance
under variable conditions. The ROS 2 architecture also proved instrumental, with its modular structure
enabling efficient subsystem development and seamless integration between simulation and hardware.
The architecture’s standardised communication protocols simplified coordination across perception,
planning, and control layers. Additionally, the mode management strategy ensured operational robustness
by transitioning between GPS and vision guidance using confidence metrics, allowing continued
autonomy during temporary sensor degradation. Real-time operation on the Jetson Xavier NX confirmed
computational feasibility, achieving a 20 Hz control rate with substantial processing headroom for future
system expansion.

6.2 Limitations and Challenges

Despite its success, several limitations remain. Field testing was limited to small research plots, meaning
large-scale validation across diverse crops and environmental conditions is still required. The vision
algorithm, tested primarily on soybeans, may need adaptation for crops with irregular row patterns such
as vineyards or orchards. Early-season performance was reduced due to sparse vegetation, with vision
detection success at 87 percent. For seeding operations before canopy formation, the robot must rely on
GPS alone or alternative soil-based detection methods. Environmental sensitivity also remains a
challenge, as strong glare, dust, or precipitation can impair vision performance. Furthermore, implement
control was limited to basic seeding and spraying; integrating variable-rate application and soil feedback
mechanisms would enhance practical utility in precision farming.

6.3 Practical Implications for Precision Agriculture

The developed system provides clear operational and economic benefits. Accurate navigation improves
resource efficiency, reducing overlap between field passes and cutting input waste by around 4 percent,
equating to savings of roughly €6,000 annually for a 100-hectare farm. Autonomous operation also
increases labour productivity by allowing one operator to supervise multiple units, saving an estimated
€1,200 per season. Environmental sustainability is enhanced through precise application of fertilisers and
pesticides, potentially reducing chemical use by 15-20 percent. The modular ROS 2 architecture also
supports scalability for multi-robot coordination, offering a pathway toward cooperative agricultural
fleets.

6.4 Technical Insights and Future Research Directions

Development revealed several insights relevant to future research. Temporal filtering of vision-based
detections significantly improved control stability, while adaptive lookahead distances enhanced Pure
Pursuit performance. Incorporating hysteresis into mode transitions prevented instability between GPS
and vision modes. Future research could integrate deep learning for improved visual perception, semantic
mapping for smarter field awareness, and adaptive control for diverse platform configurations. The

addition of multi-spectral imaging could extend system capabilities to plant health monitoring, while
13



intuitive human—robot interfaces would support broader commercial adoption.

7. Conclusion

This research successfully designed, implemented, and validated a precision agriculture robotic system
integrating GPS and vision-based navigation within the ROS 2 framework. The system achieved
competitive performance and robustness through sensor fusion and intelligent mode management. Key
outcomes include a modular ROS 2 architecture supporting independent subsystem development, GPS-
based navigation with 2.8 cm mean error, and vision-based row detection achieving 94 percent success
with 3.2 cm accuracy. The fused GPS—vision—IMU framework achieved 2.1 cm precision and 98 percent
mission success, confirming the benefits of multi-sensor integration. Hardware validation demonstrated
real-time feasibility on embedded platforms. Although further large-scale field testing and improved
early-season detection are needed, the system’s accuracy, flexibility, and reliability mark a significant
step toward commercial autonomous farming. As agriculture strives for sustainability and efficiency, this
work highlights the transformative potential of intelligent, sensor-driven robotic systems in achieving

resource-optimized, environmentally responsible crop production.
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Appendices
Appendix A: ROS 2 Package Structure

precision_agriculture_robot/
F— config/

| F— robot_params.yaml

| F— sensor_params.yaml
| — control_params.yaml
F—launch/

| F— simulation.launch.py

| F— field_test.launch.py

|5

yisualization.launch.py

F— gps_navigation/

| F— gps_to_utm_node.py
L .

| waypoint_follower_node.py

F— vision_navigation/

| F—row_detector_node.py

| F— row_tracker_node.py

| e visual_servo_node.py

| L— ekf_fusion_node.py

F— control/

| F— pure_pursuit_controller.py
| L
L

executive_coordinator_node.py
implement_control/

F— seeder_controller_node.py

|

|

|

|

|

|

|

| F— sensor_fusion/
|

|

|

|

|

|

| L

spraver controller node.py
F—urdf/

| I—precision_robot.urdf

F—worlds/
| I—agricultural_field.world
F— CMakelLists.txt

F— package.xml

L — README.md
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Appendix B: Key Algorithm Pseudocode

Pure Pursuit Controller Algorithm:

function pure_pursuit_control(robot_pose, path, lookahead_gain):
closest_point = find_closest_point_on_path(robot_pose, path)
lookahead_distance = lookahead_gain * robot_velocity
lookahead_point = get_point_at_distance(path, closest_point,

lookahead_distance)

dx = lookahead_point.x - robot_pose.x

dy = lookahead_point.y - robot_pose.y

alpha = atan2(dy, dx) - robot_pose.theta
steering_angle = atan2(2 * wheelbase *
sin(alpha),

lookahead_distance)

return steering_angle

function detect_crop_rows(rgb_image): hsv_image
= convert_to_hsv(rgb_image)

vegetation_mask = threshold_green_pixels(hsv_image)

vegetation_mask = morphological_opening(vegetation_mask)

vegetation_mask = morphological_closing(vegetation_mask)

bird_eye_view = perspective_transform(vegetation_mask)

edges = canny_edge_detection(bird_eye_view)

lines = hough_line_transform(edges)

filtered_lines = filter_by_orientation(lines,
expected_angle_range)

row_clusters = cluster_nearby _lines(filtered_lines)

detected_rows =[]
for cluster in row_clusters:
centroid = compute_weighted_average(cluster)

detected_rows.append(centroid)

return detected_rows
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Appendix C: Experimental Data Summary

Table Al: Simulation Trial Results Summary (n = 50 missions)

i e e T L
Cross-track error (cm) 2.1 0.9 0.3 5.8
Mission completion time (min) 43.2 4.7 35.1 52.3
Coverage efficiency (%) 96.3 1.2 93.8 98.7
Mode transitions per mission 3.4 1.8 0 8

Table A2: Hardware Validation Results (Controlled Environment, n = 20)

Cross-track error (cm)

3.4

1.8

0.8

8.2

Vision detection rate (%)




