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Abstract— This work presents the design of Stickbug, a six-
armed, multi-agent, precision pollination robot that combines
the accuracy of single-agent systems with swarm parallelization
in greenhouses. Precision pollination robots have often been
proposed to offset the effects of a decreasing population of
natural pollinators, but they frequently lack the required paral-
lelization and scalability. Stickbug achieves this by allowing each
arm and drive base to act as an individual agent, significantly
reducing planning complexity. Stickbug uses a compact holo-
nomic Kiwi drive to navigate narrow greenhouse rows, a tall
mast to support multiple manipulators and reach plant heights,
a detection model and classifier to identify Bramble flowers,
and a felt-tipped end-effector for contact-based pollination.
Initial experimental validation demonstrates that Stickbug can
attempt over 1.5 pollinations per minute with a 49% success
rate. Additionally, a Bramble flower perception dataset was
created and is publicly available alongside Stickbug’s software
and design files.

Index Terms-precision agriculture, pollination, multi-agent,
autonomous systems, robot design, multi-armed

I. INTRODUCTION

In recent years, evidence of a decreasing population and
diversity of wild natural pollinators has caused widespread
concern for food security [1]. These concerns have led
to exploring alternative pollination methods to address the
growing agricultural demand. One proposed method to meet
these pollination needs is to utilize robotic pollinators. With
these devices, farmers can reduce their dependency on natu-
ral pollinators while gaining access to a multitude of potential
benefits. Unlike natural pollinators, which often exhibit spe-
cific environmental preferences [2], robotic pollinators can be
designed to accommodate different environments and tasks.
This allows robotic pollinators to suit various environmental
conditions, including those found in indoor agriculture, such
as greenhouses, while being able to accomplish other tasks
such as flower thinning [3] and gathering crop data [4]–[8].

To accomplish robotic pollination, previous works have
utilized non-precise methods that disperse or spray pollen
[9]. These methods have been applied to both ground [10]
and aerial-based robots [11]–[14], but often cannot polli-
nate specific flower types. To overcome these limitations,
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Fig. 1. Displays Stickbug, a six-armed precision pollination robot tasked
with autonomously navigating, mapping, and pollinating bramble flowers in
a greenhouse. Each arm acts as an independent greedy agent that a referee
oversees to resolve inter-agent conflicts

precision pollination techniques have been explored [15],
demonstrating pollination in vanilla [16], kiwifruit [17],
watermelon [18], tomato [19], apple [20], and tall tree [21]
agriculture. Our previous research has led to the development
of a single-armed contact-based precision pollination robot
named BrambleBee, designed to autonomously map and
pollinate bramble flowers (i.e., blackberry and raspberry
flowers) within greenhouse environments [22], [23]. While
BrambleBee demonstrated the utility of mobile precision-
based pollination, the system is limited to a single manipula-
tor, hindering the productivity and scalability required to pol-
linate clusters of bramble flowers. Other works have explored
the potential of small, insect-like flying robots that can be
used for pollination [24]–[27]. While these devices inherit the
ability to parallelize the pollination process similar to natural
swarms, they often lack the efficiency, maintainability, ease
of control, and suite of high-accuracy sensors available on
ground-based systems. An ideal solution would be to design
a robot capable of leveraging the advantages offered by both
systems.

To achieve this, we introduce the design of Stickbug
(shown in Fig. 1), a six-armed pollination robot that bridges
the gap between previous precision pollination robots and
robotic swarms. By incorporating multiple robotic arms onto
a single drive base, we seek to significantly increase flower
pollination throughput. To overcome the motion planning
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challenges a large state space presents, each manipulator
and the drive-base are designed to operate as independent
agents, analogous to a swarm. However, these agents are
overseen by a ”referee” who intervenes only to resolve
conflicts, ensuring smooth, coordinated operations without
constant central control. Altogether, this work contributes to
the literature by:

1) Presenting the design of Stickbug, a multi-armed
robotic platform tailored for pollinating bramble flow-
ers in greenhouse environments.

2) Demonstrating the core hardware and multi-agent au-
tonomy framework with initial pollination experiments.

3) Sharing the robot design, software, and flower percep-
tion dataset.

The paper progresses as follows: Section II outlines the
design requirements, establishing Stickbug’s foundational
objectives. Section III details the hardware design, focusing
on Stickbug’s physical components. Section IV discusses the
robot’s software. Section V presents experimental design,
results, and analysis. Finally, Section VI concludes the paper
with reflections on the study and potential future directions.

II. DESIGN REQUIREMENTS AND CHALLENGES

Individual Bramble plants can grow to more than 2m
in height and 50 cm in radius [28], [29], with flower
clusters distributed throughout, often obscured by surround-
ing branches. These plants are arranged in rows inside a
greenhouse and collectively produce hundreds of flowers that
need individual recognition and tracking. To enable precision
pollination, a manipulator must react to the dynamics of
the flower’s movements, presenting additional challenges to
flower tracking and identification. Furthermore, the short
blooming period and the need to avoid damaging delicate
flowers present time and precision constraints. Therefore, a
robotic system with a large workspace, quick and precise
manipulators, and the ability to effectively re-identify moving
flowers is required.

The robotic system must also be able to navigate, localize,
and map the greenhouse environment, which is challenged
by tight plant row spacing, GPS signal obstruction, and the
lack of a detailed prior map. To address these challenges, the
system must be designed with a compact footprint for easier
maneuvering and employ alternative localization techniques
to GPS for accurate positioning and mapping.

III. HARDWARE DESIGN

Figure 1 depicts Stickbug, a wheeled ground robot featur-
ing six arms, each outfitted with a pollination end effector.
The robot is equipped with multiple sensors, such as a 3D li-
dar, an Inertial Measurement Unit (IMU), actuator encoders,
and a depth camera attached to each manipulator’s end-
effector. The three main subsystems, drive base, manipulator,
and pollination end-effector, are individually displayed in Fig
2, and the 3D models are publicly available [30].

Fig. 2. Displays Stickbug’s lightweight 3D-printed planar manipulator on
the vertical mast left rail (a), pollination end-effector featuring a Realsense
D405 depth camera for flower identification and felt tip for pollination (b),
and kiwi drive base with a 3D Velodyne LiDAR for navigation and mapping
(c).

A. Drive Base

Navigating the narrow aisles of the greenhouse presents
significant challenges for robotic mobility. This challenge is
addressed by utilizing a Kiwi drive base [31], known for
its holonomic movement and compactness. Furthermore, its
strafing ability facilitates the continuous pollination of bram-
ble plants while navigating through rows. This design makes
Stickbug well-suited for spatial constraints and operational
demands of greenhouse environments.

Facilitating navigation and mapping, the drive base, shown
in Fig. 2, is equipped with a ZED2i for inertial mea-
surements, 3D Velodyne LiDAR, and a Realsense D455
camera. The RealSense camera is placed atop the back of
the mast, pointing downward to improve immediate obstacle
perception and view of areas occluded to the LiDAR. This
dense point cloud and inertial data, along with the drive
base software, are processed by an Intel NUC Enthusiast
equipped with an Nvidia GPU to accelerate computations.
Next, to ensure an adequate driving speed, 23cm omni-
wheels are driven by 44rpm DC motors with a three-channel
Roboteq motor controller, granting a traversal speed of 1m/s.
To ensure a low center of gravity, the drive base houses
Stickbug’s power system consisting of three 12v 42Ahr LiFe
batteries. Moreover, it includes an onboard WiFi-6 router for
high-speed communication with manipulators.

B. Manipulators

Stickbug’s six-manipulator design aims to boost pollina-
tion efficiency through parallelization but also introduces
several design complexities. These complexities include ma-
nipulator arrangement, collision mitigation, and coopera-
tion. Moreover, the dense plant row arrangement and tall,
bramble plants limit space for multiple large robotic arms.
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Therefore, Stickbug utilizes a shared vertical mast design
to accommodate access to height extremes and six small
arms. However, due to the shared mast, collisions become
likely, prompting fixed segmented arm workspaces. Yet, the
uneven flower distribution demands cooperative manipulator
efforts for efficient pollination. To reconcile the need for
segmentation and cooperation, Stickbug employs left and
right rails on the mast, each supporting three planar ma-
nipulators. This arrangement splits the workspace into dy-
namic lower, middle, and upper regions per rail, simplifying
collision avoidance and enabling cross-rail cooperation by
creating a shared center workspace. Furthermore, to ensure
successful pollination, the manipulator’s end effector must
be aligned with the flower; thus, a spherical wrist is utilized,
omitting the roll joint due to the flowers’ radial symmetry.
By combining a vertical mast, dual-rail system, small planar
arms, and spherical wrist, Stickbug is well-suited to utilize
multiple manipulators to pollinate bramble plants in complex
greenhouse environments.

To facilitate flower identification and tracking, each ma-
nipulator, shown in Fig. 2, utilizes a Realsense D405 depth
camera on the end-effector. An Nvidia Jetson onboard each
manipulator then processes the generated color and depth
images, manipulator autonomy, and actuator commands.
Next, to adequately reach the flowers, Stickbug’s mast spans
0.3-1.9m, and each arm has a reach of 50cm from the
mast. This creates a 240-degree fanned cylindrical workspace
with 120 degrees of overlap centered between the right
and left rails. In addition, manipulators employ helix-linear
non-captive stepper motors paired with Leadshine closed-
loop stepper drivers to enable rail sharing, ensuring precise
vertical motion. Furthermore, to minimize dynamic mass,
thereby decreasing power needs and enhancing safety, the
planar arms and wrist are made from lightweight 3D printed
linkages and powered by Dynamixel servos for precise
control and integrated wiring. Moreover, power is provided
to the manipulators through daisy-chaining from the drive
base.

C. Pollination End-Effector

Drawing from our previous work [22], [23], Stickbug
addresses the delicate task of flower pollination with a 3
DoF half-Stewart platform end effector, shown in Fig. 2,
enabling precise pitch, yaw, and forward movements for
careful flower brushing. This end effector is constructed from
a custom 3D printed design and includes a felt surface for
efficient pollen transfer. It is actuated by three Dynamixel
XL320 servos, adjusted from the arm’s 12V power to 9V via
an inline DC-DC voltage regulator, and features integrated
color LEDs for autonomy state indication. This configuration
ensures Stickbug’s gentle interaction with flowers and easy
integration with the manipulators.

IV. ROBOT SOFTWARE AND AUTONOMY

Centrally operating a complex 51 Degree of Freedom
(DoF) system presents a formidable challenge due to the

Fig. 3. Stickbug’s software architecture is distributed across three main
agents: the drive base for navigation and mapping, the manipulators for
flower identification and pollination, and the referee for inter-agent conflict
detection and resolution.

computational demands of coordinating multiple manipula-
tors alongside a mobile drive base in the dynamic green-
house environment. In addition to the practical difficulties
of calibrating all manipulators and cameras. To address
this, Stickbug’s software architecture, displayed in Fig. 3,
adopts a distributed approach, segmenting computation and
tasks across the six manipulators and the drive base. This
division reduces the system’s computational load but in-
troduces the potential for conflicts, such as manipulators
competing for the same flowers. Conflicts are addressed by
introducing an additional referee agent to maintain some
centralized oversight while keeping the computational load
manageable. Consequently, Stickbug’s architecture is spread
across these specialized agents—drive base, manipulator, and
referee—with inter-agent communication facilitated by the
Robot Operating System (ROS). All software is publicly
available [32]

A. Drive Base

The drive base agent is tasked with mapping and localizing
within the greenhouse where GPS signal is unreliable and
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Fig. 4. Shows Stickbug navigating greenhouse rows, leveraging LIO-SAM
[33] for localization and mapping, and Falco [34] for planning. Green areas
are traversable; red indicates untraversable space, and grey areas are outside
the scope of local planning. Small spheres mark waypoints, with the current
target enlarged in purple. The dark blue line displays Stickbug’s path.

navigating the tight aisles to ensure the manipulators can
access unpollinated flowers. To overcome GPS obstruction
for localization and mapping, LIO-SAM [33], a Lidar-IMU-
based Simultaneous Localization and Mapping (SLAM) al-
gorithm, is utilized. Next, to navigate within the greenhouse,
the waypoint manager utilizes a list of waypoints to visit
all plants based on a rough prior greenhouse map. The
current waypoint is passed to the FALCO path planner [34],
which generates a path using precalculated motion primitives
and height-based analysis for local obstacle avoidance. To
safely follow the planned trajectory in the narrow greenhouse
aisles, the path follower leverages the Kiwi drive’s holonomic
capabilities and a state machine switching between three
driving modes. When the waypoint deviates by over 60
degrees, the robot rotates in place to ensure visibility when
traversing due to the mast limiting the LiDAR’s Field of
View (FoV). For heading differences below 60 degrees with
obstacles nearby, translational velocity control (Vx and Vy) is
used to avoid collisions and maintain a constant heading. In
all other scenarios twist control (Vx, Vy, θ̇ ) is utilized.

The drive base’s integration of LIO-SAM, the Waypoint
Manager, FALCO, and the Path Follower enables effec-
tive navigation and mapping within the greenhouse. Figure
4 shows the robot navigating to predetermined waypoints
(marked as small spheres, with the current target enlarged
in purple), differentiating traversable (green) from non-
traversable areas (red) and regions beyond local analysis
(grey). The robot’s path, indicated by a dark blue line,
demonstrates its adeptness in navigating the constrained and
complex greenhouse environment.

B. Manipulators

Each of the manipulator agents are tasked with identifying
and pollinating flowers while coordinating with other manip-
ulators. Together, these tasks present significant challenges
as presented in Section II, such as detecting and locating
individual flowers within dense foliage, determining their
orientation for adequate pollination, and planning pollination
tasks with dynamically moving manipulators whose interac-

Fig. 5. Stickbug employs YOLOv8 [35] for flower detection, illustrated by
bounding boxes, and uses a custom binary classifier to assess the visibility
of flower centers for pollination (a). Part (b) presents the confusion matrix of
the Flower Center Visibility classifier, with part (c) detailing the classifier’s
performance metrics.

tions with plants can increase flower sway, exacerbating the
difficulty of identifying and reaching flowers.

To identify and position individual flowers, the manip-
ulator agents utilize depth cameras and a custom-trained
YOLOv8 [35] model, which extracts bounding boxes from
color images to locate each flower’s 2D position as shown
in Fig. 5.a. The depth image is then utilized to estimate
their 3D coordinates in the identifying manipulator’s base
frame. Next, to determine if the camera’s current orientation
is suitable for pollinating a detected flower, the segmented
bounding boxes for each flower are passed to a custom binary
classifier that determines if the center of the flower is visible,
as shown in Fig. 5.a. The flower manager then updates and
tracks these flower poses and pollination statuses based on
a distance threshold, a method prone to false positives due
to clustered flower movements exceeding this threshold. To
counteract this, an expiration time is assigned to each flower,
extended with each re-identification, effectively filtering out
transient detections. This strategy enhances the system’s
efficiency by focusing on consistently visible flowers while
reacting to the dynamic floral environment.

Next, the manipulator arrangement on the mast grants each
arm a unique perspective of the bramble plant, identifying
distinct flower sets and establishing an inherent division of
labor that enhances coordination. However, this setup also
introduces the potential for conflicts in overlapping areas.
To mitigate these conflicts, the manipulators share their
positions and the locations of successfully pollinated flowers.
This information is used to mask flowers that would result
in an immediate collision or have already been pollinated.
However, they refrain from sharing unpollinated flower data,
which helps maintain spatial distribution and prevents cali-
bration errors from misleading the coordination efforts.

After identifying flowers, planning the order of pollination
in the dynamic environment of moving manipulators and
flowers presents a significant challenge. Therefore, a greedy
strategy is employed, prioritizing the nearest unpollinated
flower within reach, enabling the manipulators to react to
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environmental changes. Once a flower is selected, visual
servoing further aids maneuvering by tracking and com-
pensating for flower movements [36]. Upon reaching the
flower, the end-effector executes gentle brushing motions
for adequate pollination, showcasing a reactive approach to
overcome the complexities of the dynamic environment.

RGB images of natural and artificial flowers were col-
lected to train the flower perception system with YOLOv8
and the flower center visibility binary classifier. To enhance
the diversity of the dataset and simulate real-world condi-
tions, several augmentations were applied: scaling (±25%),
flipping, cropping (0-30%), rotating (±20 degrees), and
adjusting saturation (±30%), brightness (±30%), and noise
(0-5% of pixels). These modifications were implemented
using Roboflow software [37] along with all image anno-
tations. Then YOLOv8 and the binary classifier were trained
using this dataset, beginning with weights pre-trained on the
COCO dataset [38] for YOLOv8 and random initialization
for the binary classifier. The flower data set and trained
weights for flower detection and center visibility classifica-
tion are publicly available [39].

After training, the YOLOv8 model achieved a 92% mean
average precision for flower detection. For discerning flower
center visibility, the binary classifier demonstrated robust
performance on a 32-image test set, as reflected in the
confusion matrix (Fig. 5.b-c) metrics: accuracy at 90%,
precision at 89%, recall at 94%, F1 score at 91%, and
specificity at 86%. These results underscore the models’
adeptness in identifying and localizing the visible centers
of bramble flowers, which is crucial for accurate pollination.

C. Referee

Due to the manipulators’ naive decision-making, there will
be conflict scenarios in which they interfere with each other’s
objectives. Thus, the referee agent is tasked with identify-
ing and providing simple resolutions to these conflicts as
they arise, thereby maintaining high pollination performance
with minimal computational expense. The referee monitors
performance and state data from all agents, such as polli-
nation rate, looking for drops in performance that indicate
a conflict has occurred and analyzing the agent’s state to
determine the type of conflict. Once a conflict is identified,
the involved manipulator(s) are assigned new poses to resolve
it. Currently, the referee focuses on manipulator-manipulator
conflicts and manipulator anomalies.

Manipulator-manipulator conflicts occur when two or
more arms target positions too close to each other, such as
attempting to pollinate the same or adjacent flowers. This
leads to a cycle where the manipulators approach, recognize
a potential collision, retreat, and then try to approach again.
The referee identifies these conflicts by noting when two or
more nearby manipulators fail to pollinate within a specific
time frame. To resolve this, the referee uniformly selects one
manipulator at random to continue while directing others
back to their home positions. This approach allows the
chosen agent to pollinate the problematic flower, removing
it from the unpollinated flower set. The other agent(s) are

Fig. 6. Displays the experimental setup for evaluating Stickbug’s design
within a greenhouse, featuring an artificial bramble plant with ample flowers
for pollination. With the six-armed configuration displayed, this experiment
asses manipulator coordination and cooperation across configurations of 1,
2, 4, and 6 arms.

sent home to redistribute the agents spatially and to broaden
their view of the plant, possibly exposing new flowers or
encouraging different ones to be pollinated, thus reducing
future instances of manipulator-manipulator conflicts.

The referee also addresses manipulator anomalies, such as
repetitive unfinished pollination attempts induced by flowers
moving in and out of reach or view. These are detected
when a manipulator is far from other manipulators and hasn’t
successfully pollinated within a set time frame. They are
then resolved by sending the manipulator back to its home
position, similar to manipulator-manipulator conflicts.

V. EXPERIMENTS, RESULTS, AND DISCUSSION

Experiments were performed to validate Stickbug’s design
and software, focusing on coordinating multiple manipulators
and evaluating Stickbug’s current pollination performance.

In this experiment, Stickbug was parked in front of an
artificial bramble plant, as shown in Fig. 6, due to the
unavailability of natural flowers in this season and was tasked
with pollinating as many artificial flowers as possible in
five minutes; a human observer recorded the number and
time of pollination attempts and successful pollinations. A
pollination attempt is defined as the manipulator identifying
a flower, moving towards it, and executing the pollination
brushing. Given that artificial plants preclude fruit growth as
a means to verify pollination [40], the definition of successful
pollination is limited to the end-effector tip making contact
with the flower during a pollination attempt. The experiment
tested configurations with 1, 2, 4, and 6 manipulators to
ensure workspace symmetry beyond the single-arm setup.
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Fig. 7. Part (a) shows the cumulative number of pollinated flowers over
the experimental window for each set of manipulators. In addition, the
pollination rate for each set of manipulators is shown in part (b). As
the number of manipulators increased, the total pollination attempts and
pollination attempt rate increased.

Each configuration was repeated five times, totaling twenty
experiments. The average cumulative number of pollination
attempts over the experiment trial and the average percentage
of successful pollinations are shown in Fig 7.a. The pollina-
tion attempt rate over time and average pollination attempt
rate are shown in Fig. 7.b.

Fig. 7 reveals that Stickbug, with six manipulators, man-
ages over 1.5 pollination attempts per minute but only
achieves a 49% success rate. This is attributed to manip-
ulators’ movements causing flowers to exit the end-effector
camera’s view, primarily when the camera is close to a flower
and its displacement tolerance is limited. Further analysis, as
shown in Fig.7.a, indicates a direct correlation between an
increase in the number of manipulators, therefore increasing
disturbances, and a decline in success rates. To address
this, refining flower tracking techniques and coordinating
manipulator actions to minimize disturbances are crucial for
improving overall pollination success.

Fig. 7 also displays that more arms result in higher rates
and total numbers of pollination attempts, indicating effi-
cient spatial coordination despite each manipulator’s greedy
behavior. This improvement in pollination performance sup-
ports the system design of spatially distributing manipulators
to inherently allocate tasks and minimize overlap. The lack
of manipulator-manipulator conflicts, called by the referee
agent, further evidences minimal competition for flowers,
reinforcing the effectiveness of this approach in preventing
conflicts.

The absence of manipulator-manipulator conflicts among
the greedy agents suggests limited cooperation, primarily

due to not sharing unpollinated flower locations. This is
evidenced in Fig 7, where configurations with four and
six arms persist in pollination efforts beyond three min-
utes—revealing an uneven task distribution with certain ma-
nipulators addressing more flowers sequentially rather than
all arms pollinating simultaneously. This indicates a design
overemphasis on workspace segmentation that hinders ma-
nipulator cooperation and highlights the necessity for a more
integrated approach to sharing and distributing pollination
tasks.

Fig 7.b illustrates a consistent decline in pollination at-
tempts over time, with manipulators ceasing activity after
addressing visible flowers. The referee identified this per-
formance drop as a manipulator anomaly and sent them
home to reset. However, this strategy, intended to correct
failures in pollination attempts, was ineffective in finding
new flowers. This underscores the need for search strategies
to ensure thorough pollination by detecting and reaching
occluded flowers.

VI. CONCLUSIONS AND FUTURE WORK

This paper introduced the unique design of Stickbug, an
autonomous six-armed and multi-agent precision pollination
robotic system tasked with pollinating bramble flowers in
a greenhouse environment. In addition, we presented the
initial demonstration of Stickbug’s complex hardware and
autonomy stack and achieved over 1.5 pollination attempts
per minute with approximately 49% success rate of pollina-
tion on artificial plants in a greenhouse setting. Furthermore,
we have created and shared the bramble flower dataset used
to train the flower perception, the 3D design files, and the
software for Stickbug.

The primary limitation of this study was the lack of
access to real flowers for experimentation due to the short
pollination season, preventing verification of actual pollina-
tion. Secondly, this experimentation revealed the system’s
limitations in re-identifying and tracking dynamic flower
movements, pollination load balancing, and the need for
a flower search function to find occluded flowers. Future
work will provide subsequent experiments on live plants
during the flowering season and improve flower memory
and re-identification through Intersection over Union (IoU)
and flower relative graph-based mapping. Additionally, we
plan to enhance manipulator capabilities by integrating a
search function and flower load balancing, leveraging the
referee to generate a global flower map to direct manipulators
toward unexplored and flower-dense regions. Furthermore,
we plan on increasing interactions between the drive base
and manipulators by allowing the manipulators to influence
the drive’s target pose to facilitate continuous traversal and
pollination throughout the greenhouse rows.
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pollination drone,” in Proceedings of the 2nd Winter IFSA Conference
on Automation, Robotics & Communications for Industry 4, vol. 2,
2022, pp. 38–41.

[28] S. Huffman, “Growing brambles,” https://extension.wvu.edu/
lawn-gardening-pests/news/2020/04/01/growing-brambles, West
Virginia University, April 2020.

[29] W. Trust, “Bramble (rubus fruticosus),” https://www.woodlandtrust.
org.uk/trees-woods-and-wildlife/plants/wild-flowers/bramble/.

[30] T. R. Smith and R. T. Cook, “Stickbug,” Mar 2024. [Online].
Available: https://grabcad.com/library/stickbug-1

[31] S. M. Killough and F. G. Pin, “Design of an omnidirectional and
holonomic wheeled platform prototype,” Oak Ridge National Lab.,
TN (United States), Tech. Rep., 1991.

[32] T. R. Smith, C. Tatsch, M. Rijal, J. Beard, R. M. Butts, and A. Chu,
“Stickbug software repository,” Mar 2024. [Online]. Available:
https://github.com/wvu-robotics/Stickbug 2024.git

[33] T. Shan, B. Englot, D. Meyers, W. Wang, C. Ratti, and R. Daniela,
“Lio-sam: Tightly-coupled lidar inertial odometry via smoothing and
mapping,” in IEEE/RSJ International Conference on Intelligent Robots
and Systems (IROS). IEEE, 2020, pp. 5135–5142.

[34] J. Zhang, C. Hu, R. G. Chadha, and S. Singh, “Falco: Fast likelihood-
based collision avoidance with extension to human-guided navigation,”
Journal of Field Robotics, vol. 37, no. 8, pp. 1300–1313, 2020.

[35] G. Jocher, A. Chaurasia, and J. Qiu, “Ultralytics YOLO,” Jan. 2023.
[Online]. Available: https://github.com/ultralytics/ultralytics

[36] F. Chaumette and S. Hutchinson, “Visual servo control. i. basic
approaches,” IEEE Robotics & Automation Magazine, vol. 13, no. 4,
pp. 82–90, 2006.

[37] N. J. . S. J. e. a. Dwyer, B., “Roboflow,” https://roboflow.com/,
Roboflow, 2022.

[38] T.-Y. Lin, M. Maire, S. Belongie, J. Hays, P. Perona, D. Ramanan,
P. Dollár, and C. L. Zitnick, “Microsoft coco: Common objects in
context,” in Computer Vision–ECCV 2014: 13th European Conference,
Zurich, Switzerland, September 6-12, 2014, Proceedings, Part V 13.
Springer, 2014, pp. 740–755.

[39] M. Rijal, T. Smith, C. Tatsch, J. Beard, A. Chu, R. M. Butts,
N. Waterland, J. Gross, and Y. Gu, “Bramble flower detection and
classification dataset for precision pollination,” 2024.

[40] P. Rob Crassweller, “Pollination requirements for
various fruits and nuts,” https://extension.psu.edu/
pollination-requirements-for-various-fruits-and-nuts, Pennsylvania
State University, 2024.

75


