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Abstract

Reliable and fast communication between unmanned aerial vehicles (UAVs) and unmanned
ground vehicles (UGVs) is essential for effective coordination in agricultural settings, partic-
ularly when human involvement is part of the system. This study systematically compares
two communication architectures representing centralized and decentralized communi-
cation frameworks: (a) MAVLink (decentralized) and (b) Farm Management Information
System (FMIS) (centralized). Field experiments were conducted in both empty field and
orchard environments, using a rotary UAV for worker detection and a UGV responding to
intent signaled through color-coded hats. Across 120 trials, the system performance was
assessed in terms of communication reliability, latency, energy consumption, and respon-
siveness. FMIS consistently demonstrated higher message delivery success rates (97% in
both environments) than MAVLink (83% in the empty field and 70% in the orchard). How-
ever, it resulted in higher UGV resource usage. Conversely, MAVLink achieved reduced
UGV power draw and lower latency, but it was more affected by obstructed settings and
also resulted in increased UAV battery consumption. In conclusion, MAVLink is suitable for
time-sensitive operations that require rapid feedback, while FMIS is better suited for tasks
that demand reliable communication in complex agricultural environments. Consequently,
the selection between MAVLink and FMIS should be guided by the specific mission goals
and environmental conditions.

Keywords: digital agriculture; agri-robotics; FMIS; multi-robot collaboration; human-machine
interaction

1. Introduction

Nowadays, agriculture is experiencing a transformation towards Agriculture 5.0,
stemming from the Society 5.0 paradigm [1,2]. The latter is an emerging concept that
incorporates a plethora of information and communications technologies (ICT) [3]. A
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remarkable aspect of this transition is the integration of cyber-physical systems and human
expertise laying the groundwork towards improving not only productivity, but safety
and sustainability as well [4]. Of the most promising technologies are unmanned ground
vehicles (UGVs) and unmanned aerial vehicles (UAVSs) [5,6]. For instance, UGVs are used
on the ground to transport items, conduct inspections, navigate crop rows, or handle short
windows for harvesting [7,8]. In turn, UAVs provide aerial support by indicatively taking
field multispectral and thermal imagery, monitoring crop health, and carrying out targeted
spraying [9,10].

Within this context, coordinated operation of UAV-UGYV teams has also been emerged
by assigning complementary perception-action loops. This synergy can lead to more effec-
tive and time-efficient in-field operations benefitting from each other’s strengths [11,12].
In particular, this cooperation relies on a multi-phase strategy that allocates specific re-
sponsibilities to each autonomous agent, which are dependent on the activities of other
agents to achieve the desired result [13]. In practical field conditions, their coordination,
whether it is about sharing location data, responding to a worker’s request, or navigating
around obstacles, depends a lot on how they are interconnected. In some setups, they can
communicate directly with each other. This helps speed things up when quick decisions
are needed [14]. Alternatively, the system relies on a central controller to coordinate the
required tasks [15]. This approach can offer a broader view of the processes and contribute
to the prioritization of tasks more intelligently. However, as direct communication between
the UAV and UGV tends to be quicker, centralized systems can introduce delays resulting
in possible bottlenecks in cases where network connectivity is unreliable [16].

For example, UAVs can provide wide-area situational awareness, whereas UGVs can
execute localized actions in agricultural scenarios requiring time-sensitive and precise
operations, like route planning. In this scenario, route planning can be (a) deterministic,
where the entire path is precomputed using an offline description of the environment, or
(b) sensor-based, where the path is produced dynamically in real time using data from
onboard sensors [17]. Despite its great potential in the agricultural sector, especially in
open-field settings, research in this area remains relatively limited and underexplored [18].
The main challenges stem from unstructured environment with moving machinery, terrain
variability, and the dynamic nature of human involvement [19]. Some examples of coop-
erating unmanned vehicles, whether of a single type or hybrid, concern spraying [20,21],
autonomous UGV root planning [22], weeding [23], harvesting [24,25], seeding [26], soil
monitoring [27], and disease detection [28].

An indicative study is that of Mammarela et al. [20], where a fixed-wing UAV cap-
tured aerial imagery from a vineyard that was utilized for the purpose of creating a
low-complexity georeferenced three-dimensional (3D) map. Rotary-wing UAVs and a
research-oriented, highly maneuverable UGV designed for agricultural applications au-
tonomously navigated the inter-row paths to precisely spray pesticides on crops. In the
same vein, Katikaridis et al. [22] developed and tested a UAV-supported route planning
approach for UGVs within an orchard environment. In practice, the UAV initially maps
the orchard area, and a commercial UGV, which gets the necessary data from an FMIS,
determines the optimal navigation path while avoiding obstacles in the field. Notably, the
above studies differ mainly, apart from the application, in how UAV-UGYV coordination
is accomplished: direct communication in [20] and a centralized approach via the FMIS
in [22].

Recent advances in human-robot interaction (HRI) in agriculture [29,30] have led to
more adaptable and resilient systems, prompting interest in how human presence can be
effectively integrated into UAV-UGV coordination to maximize overall benefits. To address
this critical gap in agricultural robotics research, this study presents a systematic com-
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parison of centralized versus decentralized communication architectures for UAV-UGV
synergy by also considering the human-in-the-loop element. Through field testing, both in
an empty field and an orchard, we quantitatively evaluate these approaches to determine
their effectiveness and responsiveness. The human-in-the-loop multi-robot system that is
presented in this study integrates the following: (a) a rotary wing UAV equipped with a
red, green, blue (RGB) camera and integrated with a custom tree and worker detection algo-
rithm; (b) a commercial, multi-functional autonomous ground vehicle capable of receiving
task commands via either direct wireless communication or a server-based middleware; and
(c) a human participant equipped with color-coded hats that indicate different UGV re-
sponses. This framework can be applied in real-world harvesting scenarios, such as in an
orchard. For example, human workers can conduct manual harvesting and the UGV assists
by transporting crates to predefined drop-off points, with UAV-supported route planning,
in alignment with recent studies [31,32]. Consequently, the focus of this work was not
on specific task completion, but rather on the quality and responsiveness of coordination
between UAV and UGV systems. The color-coded hats can serve as a signaling mechanism
to trigger different UGV responses based on the situational demands, similar to approaches
using visual markers for task assignment [33].

2. Materials and Methods
2.1. System Overview

The experimental system was designed to assess the effectiveness of centralized (FMIS)
and decentralized (MAVLink) communication architectures for UAV-UGYV collaboration
in agricultural environments. The system incorporates three main elements to assess the
effectiveness of these communication schemes in agricultural settings: (a) an aerial unit
(UAV); (b) a ground unit (UGV); and (c) a human participant. Together, these components
form a semi-autonomous, human-in-the-loop framework that allows real-time monitoring,
decision-making, and task execution under realistic field conditions.

In particular, the UAV is responsible for aerial monitoring, capturing high-resolution
imagery of the participant and surrounding environment. These visual data are either
processed onboard (in the case of MAVLink) or transmitted to an external server (for FMIS)
to detect the participant’s location and identify behavior cues, such as color-coded hat
markers. Based on this information, the UGV executes the corresponding ground tasks,
such as approaching the participant, while avoiding obstacles. The human participant
acts as a dynamic input to the system, providing non-verbal behavioral cues that trigger
UGYV responses, thereby enabling assessment of system responsiveness and coordination
efficiency under realistic field conditions.

Each component is described in technical detail in the subsections below. Moreover,
Tables Al and A2 in Appendix A summarize the main hardware and software configura-
tions of the UAV and UGYV, respectively, for quick reference.

2.1.1. Aerial Unit: Unmanned Aerial Vehicle Platform

The UAV platform utilized in this study is a custom quadcopter designed specifically
for high-resolution monitoring and autonomous operation in agricultural environments.
The complete UAV platform, along with the necessary sensors, is depicted in Figure la—e.
Atits core is the Pixhawk 4 autopilot system (Holybro, Shenzhen, China), which is equipped
with a 32-bit ARM Cortex-M7 processor running at 216 MHz. This ensures stable and
reliable flight control, with support for both ArduPilot and PX4 firmware to enable precise
autonomous navigation. High-accuracy localization is achieved via an H-RTK F9P Global
Navigation Satellite System (GNSS) receiver (Holybro, Shenzhen, China). This uses multi-
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band signals and Real-Time Kinematic (RTK) corrections to deliver positional accuracy
within 1-2 cm that is crucial for georeferenced imaging.

Raspberry.Pi*  SeagullMap-X2/ *
board _trigger

l:"e‘ Pixhawk 4

(d) (e)

Figure 1. The custom quadcopter designed for the present study equipped with the necessary
components: (a) complete unmanned aerial vehicle platform; (b) integrated onboard sensor assembly
mounted on a carbon fiber plate; (c) RGB camera mounted at the lower part of the platform; (d) red
enclosure housing drone’s battery along with a circular ON/OFF switch; and (e) illuminated motor,
with a bright green LED strip, for enhanced visibility during flight operations.

As far as the visual data acquisition is concerned, the UAV carries a Sony Alpha
6100 RGB camera featuring a 24.2 MP APS-C Exmor CMOS sensor (Sony Corporation,
Tokyo, Japan), capable of capturing detailed imagery at up to 11 fps. This camera is tightly
integrated with the navigation system through a Seagull Map-X2 trigger (Seagull UAV,
Copenhagen, Denmark), which ensures precise shutter activation based on predefined
waypoints or distance intervals. A Raspberry Pi 4 Model B (quad-core Cortex-A72, 4 GB
RAM) (Raspberry Pi Foundation, Cambridge, UK) serves as the onboard processing unit,
managing real-time image aggregation and communication through a 4G LTE module
supporting downlink speeds up to 150 Mbps. The system also includes a SiK Telemetry
Radio (433 MHz) (Holybro, Shenzhen, China) for Micro Air Vehicle Link (MAVLink)
communication and an R9SX receiver (900 MHz) (FrSky Electronic Co., Ltd., Wuxi, China)
for manual remote control via an FrSky Taranis X9D Plus transmitter (FrSky Electronic
Co., Ltd., Wuxi, China). The choice of 433/900 MHz radios for MAVLink and 4G LTE
for FMIS reflects the differing communication demands of each architecture. MAVLink,
focused on lightweight command and control, operates efficiently within the limited
throughput of sub-GHz radios (57.6-115.2 kbps) while benefiting from robust non-line-
of-sight performance. In contrast, FMIS requires higher bandwidth to support larger
JavaScript Object Notation (JSON) payloads and data-rich exchanges, which are effectively
handled by 4G LTE links providing tens of Mbps. Mission planning and monitoring
are performed using QGroundControl (QGroundControl Development Team, Zurich,
Switzerland). Finally, the UAV is powered by a 12,000 mAh LiPo battery (22.2 V, 6 S),
providing an effective flight endurance of 30—40 min under typical field conditions.

2.1.2. Ground Unit: Unmanned Ground Vehicle Platform

Concerning the ground unit of the present system, a UGV (Thorvald, SAGA Robotics
SA, Oslo, Norway), commonly used in the relative literature for autonomous agricultural
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operations [34], was implemented. The present robotic platform integrates a comprehen-
sive sensor suite, including a Velodyne VLP-16 Puck laser scanner (Velodyne Lidar Inc.,
San Jose, CA, USA). This facilitates detailed 3D environmental mapping and obstacle
detection critical for precision farming tasks. Coupled with an Intel NUC (Intel, Santa
Clara, CA, USA) featuring an i5 6200U processor, 16 GB of RAM, and 128 GB of onboard
storage running on Ubuntu Linux 18.04.6 LTS (Canonical Ltd., London, UK), this UGV
efficiently manages complex computational tasks. These tasks are required for real-time
data processing and autonomous navigation. Thorvald operates on the ROS Melodic (Open
Source Robotics Foundation, Mountain View, CA, USA), enabling standardized software
modularity, ease of integration, and enhanced interoperability across various robotic com-
ponents, enhanced by Carrot Planner. The planner takes a goal point from an external user
and checks if the user-specified goal is in an obstacle, and if it is, it goes back along the
vector between the user-specified goal and the robot until a goal point that is not in an
obstacle is found. It then passes this goal point on as a plan to a local planner or controller.
In this way, the Carrot Planner allows the robot to get as close to a user-specified goal
point as possible. Communication with Robotec’s motors is facilitated through a PEAK
CANbus system (PEAK-System Technik GmbH, Darmstadt, Germany), ensuring reliable
and efficient motor control. Navigation accuracy is further enhanced by incorporating an
Inertial Measurement Unit (IMU), Xsens MTi 630R SK (Xsens Technologies B.V., Enschede,
The Netherlands), and an RTK GPS receiver (5850 GNSS Receiver, Stonex Inc., Concord,
NH, USA). This allows precise localization essential for task execution like navigation [31].
In addition, MAVProxy (ArduPilot Development Team, Canberra, Australia) is utilized to
forward MAVLink messages to the Robot Operating System (ROS) (Open Source Robotics
Foundation, Mountain View, CA, USA) for integrated system control [35]. Figure 2a—c
illustrates the implemented autonomous ground unit and the essential onboard sensors.

4G LTE
module

Intel NUC
(0)

Figure 2. (a) The unmanned ground vehicle navigating an orchard inter-row and a close-up of its
sensor suite including (b) GPS and LiDAR and (c) an Intel NUC with a 4G LTE module.

2.1.3. Human Participant

In this system, a human participant was integrated as an essential element of the
human-in-the-loop framework to replicate real-world agricultural operations. The par-
ticipant’s interactions with the robotic platforms were structured to evaluate the respon-
siveness and efficiency of the semi-autonomous coordination mechanism under realistic
operational conditions. Towards enabling non-verbal HRI, participants were equipped
with color-coded hats that served as visual markers for behavior-triggering algorithms.
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The UAV identifies the color of the worker’s hat through onboard visual recognition. Then,
it transmits this information to the UGV, enabling it to respond accordingly based on the
predefined operational directive. The previous process takes place when MAVLink protocol
is used. When FMIS is utilized, the image process is conducted in an external server. The
image, shown in Figure 3, was captured by the UAV approximately 10 m above ground
level while navigating an orchard and detecting a participant wearing a white hat. The
visual data were processed to identify the hat color, enabling the system to initiate the
corresponding action from the UGV. This action can be programmed depending on the
application at hand.

Figure 3. Image captured by the UAV at an altitude of approximately 10 m above ground level while
navigating an orchard and detecting a participant wearing a white hat.

Data collection was conducted across two distinct agricultural environments, with a
single participant assigned to each site. Before participating in any experimental procedures,
all individuals were required to sign an informed consent form, which had received prior
approval from the Institutional Ethical Committee.

2.2. Inter-Robot Communication Protocol

Two distinct cases are developed and tested in the field, namely UAV-UGYV coordina-
tion via (a) a commercial FMIS (farmB Digital Agriculture P.C., version 3.28.0, Thessaloniki,
Greece) and (b) MAVLink protocol [36,37]. Both the centralized and decentralized ap-
proaches are briefly described below.

2.2.1. Coordination via a Farm-Management Information System

In the first case, communication between the UAV and the UGV was coordinated
through a Hypertext Transfer Protocol (HTTP)-based FMIS middleware, which facilitated
data exchange via well-defined application programming interface (API) protocols. The
UGV employed a dedicated 4G LTE communication module (shown in Figure 2c) to
ensure persistent connectivity with cloud-based servers. This provided real-time telemetry
transmission, remote supervision, and continuous integration with the external FMIS
infrastructure. It enhanced operational scalability, data-driven decision-making, and the
potential for long-range deployments across variable agricultural terrains. In short, the
FMIS receives a geotagged image and transmits the worker’s GPS location and color
indication to the UGV.

2.2.2. Coordination via MAVLink Protocol

In the second case, the system employed a MAVLink-based decentralized communica-
tion framework to facilitate direct interoperability between the UAV and UGV. MAVLink
messages are structured units of data. Each unit includes a starting section with sender,
receiver and type information, the actual data being sent, and a code to verify the data’s
accuracy [38]. This protocol enables real-time machine-to-machine data exchange between
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the aerial and ground robotic units, eliminating reliance on centralized servers [39]. The
MAVLink messages were transmitted over a low-overhead protocol, ideal for bandwidth-
constrained agricultural environments. Integration with the ROS was achieved through the
MAVROS interface. This allowed MAVLink telemetry and command data to be seamlessly
processed within ROS nodes [40]. This architecture ensured modularity, interoperability,
and real-time behavior orchestration between agents. Furthermore, by adopting a server-
independent design, the system maintained full operational capability even in remote or
low-connectivity field conditions.

2.3. System Operational Workflow
2.3.1. Centralized Approach

Figure 4 shows the operational workflow between the UAV and the UGV, with the
FMIS system acting as an intermediary for communication and coordination. Both the
aerial and ground vehicles are equipped with 4G communication modules that enable
real-time data exchange with the FMIS regardless of physical separation. The UAV begins
by executing a survey flight plan, capturing geotagged imagery by using an onboard
Raspberry Pi, which transmits both image and GPS data to the FMIS. The FMIS performs
tree recognition using a machine learning (ML) model developed in [22]. This model is
necessary for planning UGV paths as well as color-based worker recognition relying on
simple visual markers (e.g., hats in this study). These markers trigger UAV decisions and
message dispatches to the UGV. The FMIS analyzes these data to generate navigation plans
that are then communicated to the UGV. As the UGV navigates towards each worker, it
logs its GPS data and stores task-specific buckets of coordinates. Notably, while the UAV
provides macro-level mapping, the UGV uses onboard LiDAR for local obstacle avoidance
in dynamic field conditions, handling unmapped hazards like moving machinery, using
the methodology of [41]. When the UGV reaches the participant, it notifies FMIS, which,
in turn, informs the UAV to update its situational awareness. Once the field has been
fully surveyed, the UAV returns to the predefined location. Finally, all mission-related
GPS data from both platforms are stored centrally in the FMIS for post-mission analysis
and traceability.

Init /\
R, uGv
[ vavrig < ueing
L ) mission

= farmB
» UA\( Scope .
. Initial connection e R\
‘ Repop lakgoff ® < s o Matches Coordinates UGVScape
D ot with images based on Ve N

! UAV logs UGV navigates

. : 4 to respective

Survey flight plan On Board : worker using
Raspberry GPS navigation

N

e
UGV saves GPS
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and their coord

Collects Images

L ‘ :

i ] Tree recognition ]
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Figure 4. Illustration of the unified UAV-UGV-FMIS operational framework, emphasizing the
centralized coordination architecture.
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2.3.2. Decentralized Approach

The integration between the aerial and ground unit in this approach is achieved
through a structured communication protocol leveraging MAVLink-ROS messaging over
universal asynchronous receiver/transmitter (UART) telemetry and ground control infras-
tructure. As can be seen in Figure 5, the UAV, equipped with a Raspberry Pi acting as a
ROS node within the UGV’s roscore [42], performs aerial surveying using a pre-defined
flight plan. During flight, the UAV’s onboard RGB camera captures real-time imagery and
transmits these data to the Raspberry, where the color-detection algorithm takes place and
returns a color code to the UAV via a trigger port. The UAV forwards that color code to the
UGV via a MAVLink message. Each hat color corresponds to a unique operational state.
Detected states and associated GPS coordinates are processed onboard and transmitted to
the UGV via MAVLink messages, which are converted to C++-readable ROS topics by a
primary node responsible for managing inter-vehicle communication. The system supports
tree detection and classification through embedded ML algorithms, which enhance the
UGV’s in-field navigation capabilities, as detailed in [22].

uGv
waiting
UAV's
aw data

| UAV pr—
flight/takeoff :

UAV Scope

A4

Establishing real-time

Color recognition
(OpenCV on raspberry)

creation

connection with UGV On Board Raspberry j )
§ UGV Scope
Survey flight plan | 8 é ‘
Trees images and -] U‘GV naVIgtE_ites
Seagull hotshoe= | = g 0 respective
On board processes georeferenced trees ; 3 worker using
138 GPS navigation
1< 8 and map
i x
S
2
3

Waiting
UGV's

4 N\

UGV reports to
command D

UAV that it
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rker via the
Send worker WOrse
4 N state/coords and trees pavinicReS

UAV deletes the \_ connection )

coords to UGV
worker record from
Raspberry (Lands if

e
MavLink-ROS ! UGV saves data
/ Callback-Structured code triggering L for post-process

no worker/battery left)

Figure 5. Schematic representation of the integrated UAV-UGV workflow, highlighting the decentral-
ized architecture of the system.

After receiving positional and color information, the UGV autonomously navigates to
the corresponding worker using RTK-GPS and confirms arrival back to the UAV via the
same MAVLink-ROS channel. During operations, the UGV maintains a dynamic record
of each worker, including coordinates and state, and stores these data for post-processing.
LiDAR-based obstacle detection ensures real-time avoidance of unforeseen obstructions
not captured by the UAV, such as incoming machinery or an untracked tree that the tree
detection algorithm failed to detect. Once the UAV completes its survey or reaches battery
limits, it sends a specific termination message to the UGV. Then, it terminates all active
MAVLink-ROS connections, clears the onboard Raspberry Pi storage, and returns to the
desired location.
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2.4. Experimental Setup and Execution

As a means of evaluating the effectiveness of the proposed collaborative framework
under varying conditions and communication protocols, a structured experimental method-
ology was carefully designed and implemented. Two distinct neighboring fields were
chosen to evaluate system performance under varying levels of complexity: (a) an empty
field, a flat, obstacle-free area of 5.5 hectares with a roughly rectangular shape simulating
basic operational conditions, and (b) an almond orchard, a trapezoid-shaped field with an
area of 6.4 hectares. In this field, the 995 almond trees have been planted in a grid pattern
of 8 x 8 with consistent spacing, which facilitates efficient management. In Figure 6, a
satellite view of the two distinct agricultural fields, located in the Thessaly region of central
Greece, is presented.

Figure 6. Satellite view of the two distinct agricultural environments used for the experimental
evaluation: an empty field (rectangular) and a structured almond orchard (trapezoid), both located in
Thessaly, a region in central Greece.

As mentioned above, the UAV was equipped with an RGB camera and onboard
processing capabilities that enabled detection of both orchard trees and hat color. Each
hat color could indicate a specific worker intent, for example, (a) blue for no assistance,
(b) white for logistical support, and (c) red for emergency situations. In this context, the
aerial unit also acted as a communication node, transmitting the relevant commands to
the UGV via two protocols. These included the MAVLink protocol and the FMIS, which
provided direct and indirect communication pathways, respectively.

The aforementioned procedure was repeated for all combinations of experimental
variables: two distinct environments (open field, orchard), with one participant involved in
each, two communication protocols (MAVLink, FMIS), and three types of worker intent
signaled through hat color (blue, white, red). Each configuration was tested in 10 separate
trials, resulting in 120 unique cases.

2.5. Critical Performance and System Behavior Metrics

Two distinct phases were examined in this analysis as a means of evaluating how
effectively UAVs and UGVs communicate and respond:

e  Phase 1: The UAV successfully transfers a photo to the Raspberry Pi for processing,
where it analyzes the image to extract important details regarding color information.
Once the UGV receives the color result, it exploits these data to make decisions based
on the detected colors or objects in the image. At the same time, the UGV receives
the worker’s latitude and longitude coordinates, enabling it to determine its position
relative to the worker.
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e  Phase 2: In this phase, the ground vehicle reaches the worker, marking a key point in
its task of collaboration. Once the UGV has arrived at the worker, it informs the UAV
of its position, allowing the UAV to update its situational awareness.

A data collection template (in a Google Sheet format) was used during all experimental
sessions to systematically record important data. Table 1 summarizes the variables along
with a short description and the corresponding phase. These metrics were selected for
the purpose of assessing the performance of the system, energy efficiency, communica-
tion reliability, and computational load during key moments of UAV-UGYV collaboration.
Specifically, timing and latency values show how effectively relevant data are exchanged.
Moreover, battery usage signifies the energy demands related to each task, while CPU load
corresponds to the processing burden regarding each unit.

Table 1. Variables of the data collection template utilized during the experiments to record critical
performance metrics and system behaviors across multiple experimental trials.

Column Name/Metric Description Phase
Trial Unique sequential identifier for each run 1,2
Protocol Communication protocol used (“MAVLink” or “FMIS”) 1,2
Environment Test setting (“Empty Field” or “Orchard”) 1,2
Hat color Color that indicates worker intent (“blue”, “white”, or “red”) 1,2

Total duration

UAV battery use (%)
Handshake latency
UGV battery use (%)
UAV CPU load (%)
UGV-to-UAV position
report latency
UGV battery use (%)
UGV CPU load (%)
Notes

Time elapsed from camera image transferred to Raspberry to UGV receiving 1
color result and worker GPS coordinates
Energy cost associated with the flight and any onboard processing of UAV 1
Time from UAV sending color info to UGV response confirming reception 1
Energy consumption of the UGV while receiving data and preparing for action 1
Mean CPU usage of the UAV during messages broadcasting/receiving 1
The time delay between the UGV initiating the message (“I reached the 2
worker”) and the UAV successfully receiving and processing that information
Energy cost during final navigation to worker and informing UAV 2
Average processing load on the UGV during communication with the UAV 2
Observations, anomalies, or context-specific info 1,2

CPU: Central Processing Unit; FMIS: Farm Management Information System; UAV: unmanned aerial vehicle;
UGV: unmanned ground vehicle.

3. Results

Across 120 field trials, which were conducted in two environments (open field, or-
chard) involving three types of worker intent signaled through hat color (blue, white,
red), we compared MAVLink telemetry with an FMIS-based middleware. Overall, FMIS
demonstrated a high success rate of 97% in both environments, outperforming MAVLink,
which achieved 83% success in the empty field and 70% in the orchard. The flowchart in
Figure 7 depicts the trial breakdown along with the success or failure outcomes for each
subcase. In brief, the two failures associated with FMIS occurred during trials conducted in
the orchard environment, where dense foliage and intermittent signal interference occasion-
ally caused temporary communication dropouts. In contrast, MAVLink exhibited a lower
overall success rate, with five failures in the empty field and nine failures in the orchard
environment. The majority of MAVLink failures were attributed to packet loss and intermit-
tent link dropouts, especially in the orchard, as in the FMIS-based trials. These conditions
caused frequent communication disruptions, impacting the reliability of the MAVLink
protocol. The success or failure of all trials was not influenced by the specific hat color used,
indicating that the color-coded signaling mechanism was reliable across conditions. In
particular, we performed a chi-square test of independence comparing success and failure
counts across all hat colors (Appendix B). The results showed no significant association
between hat color and trial outcome (x? = 1.01, p = 0.60), confirming our original statement
that hat color did not influence system performance.
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Blue hat
(n=10)
Empty Field White hat
(n=30) (n=10)
Red hat
FMIS (n=10)
(n=60) Blue hat
(n=10)
Orchard White hat
(n=30) (n=10)
e - -
Total Trials (n=10)
(n=120) Blue hat
(n=10)
Empty Field White hat
(n=30) (n=10)
Red hat
MAVLink (n=10)
(n=60) Blue hat
(n=10)
Orchard White hat
(n=30) (n=10)
Red hat
(n=10)

Figure 7. Experimental design flowchart illustrating how the 120 trials were divided between the
different protocols, environments, and worker intent signaled through hat color along with the
success or failure counts for each subcase.

Towards examining various aspects of UAV-UGV coordination, we focused on
two distinct phases of the process: Phase 1 (color detection and worker localization ini-
tialization) and Phase 2 (ground vehicle reaches worker and updates aerial vehicle with
position). As described in Section 2.5, different metrics were employed to evaluate each
phase targeting the efficiency of the communication between the aerial and ground units.
Subsequently, the comparative performance of the MAVLink-based and FMIS-based sys-
tems for the two environments is illustrated using bar charts.

Summary tables pertaining to Phase 1 (Table A4) and Phase 2 (Table A5) across all met-
rics are presented in Appendix C for the sake of completeness. Moreover, paired-samples
t-tests were conducted for each performance metric to assess statistical significance, with
results summarized in Tables A6 and A7 for Phase 1 and Phase 2, respectively. For each
metric, the mean difference (MAVLink minus FMIS), the t-statistic, and the corresponding
p-value were calculated to assess significance. In addition, Cohen’s 4 was computed to
quantify effect size, providing insight into the practical relevance of the observed differ-
ences. Cohen’s d for a paired-samples ¢-test was calculated viad = t/ \/n (where t is the
test statistic from the paired t-test and 7 is the number of paired observations). Statis-
tical significance was set at a threshold of p < 0.05. All analyses were performed using
Microsoft Excel.

3.1. Phase 1: Color Detection and Worker Localization Initialization

For the purpose of evaluating the communication performance between the aerial and
ground vehicles during the initial localization and detection phase, we first measured the
total duration of the associated process. In particular, we measured the time taken from
when the camera image was transferred to the Raspberry Pi to when the UGV received
the color classification and the worker’s GPS coordinates. As can be depicted in Figure 8a,
FMIS steadily outperformed MAVLink in terms of speed in this case. In the empty field
environment, the FMIS-based system achieved an average time of 2.93 s (SD = 0.55), while
MAVLink required 4.74 s (SD = 0.53). Similarly, in the orchard setting, FMIS completed the
phase in 3.16 s (SD = 0.56), while MAVLink completed it in 4.81 s (SD = 0.47).
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Figure 8. Phase 1: Comparison of MAVLink-based versus FMIS-based system performance in terms
of (a) total duration and (b) handshake latency in both empty and orchard environments.

A paired-samples t-test was conducted to compare total duration between the
MAVLink and FMIS protocols across all trials. MAVLink trials (M = 4.78 s, SD = 0.51)
were significantly longer than FMIS trials (M = 3.04 s, SD = 0.60). The mean difference of
1.74 s was statistically significant, ¢ = 18.34, p < 0.001. Furthermore, it was associated with
a very large effect size (Cohen’s d = 2.37). This indicates that the observed difference is
both statistically significant and substantial in magnitude. Consequently, during the early
stages of UAV-UGYV coordination, the FMIS facilitates faster integration and processing.
The reason why FMIS outperforms MAVLink in this metric is associated with differences in
protocol design. MAVLink is a general-purpose communication protocol that may present
higher overhead in this context. In contrast, FMIS, especially its particular module designed
for this purpose, appears to be optimized for quicker data handling and latency. In addition,
the FMIS middleware may be better integrated with the onboard hardware (Raspberry Pi,
etc.), allowing faster processing compared to MAVLink’s communication stack.

Subsequently, we focused on the communication latency during the handshake pro-
cess, defined as the total time elapsed from the UAV sending the detected color information
to the UGV and the UGV successfully replying back. This metric reflects the responsiveness
of the communication link. The results shown in Figure 8b point out that for the MAVLink
protocol in an empty environment, the average latency was 276.74 ms (SD = 19.52). Under
the same conditions, FMIS exhibited a slight increase of approximately 13%. In the orchard
environment, MAVLink and FMIS demonstrated almost equal values of latency values.
A paired-samples t-test was also conducted to compare handshake latency between the
MAVLink and FMIS protocols across trials. MAVLink trials (M =293 ms, SD = 52.76) and
FMIS trials (M =309 ms, SD = 34.73) did not differ significantly, t = —0.04, p = 0.97. The
mean difference of —16 ms corresponds to a negligible effect size (Cohen’s d = —0.005),
indicating that handshake performance was statistically and practically equivalent between
the two protocols.

As far as the results on energy consumption are concerned, battery consumption data
for the UAV were obtained via internal system reports provided by the MAVLink protocol.
This includes battery status updates at a default sampling interval of 1 Hz. The accuracy of
these internal reports corresponds to the specifications of the UAV’s flight controller and
battery management system. For the UGV, battery status was monitored using an onboard
Battery Management System (BMS) board, which continuously tracks voltage, current, and
state of charge. Focusing in the present analysis, FMIS consistently consumed less UAV
battery in both environments compared to MAVLink (Figure 9a). This was mainly owing
to its architectural design, which offloads significant communication handling and data
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processing tasks to the UGV. FMIS minimizes onboard UAV computation by delegating
responsibilities such as message aggregation, error correction, and link maintenance to
the ground system. This design allows the aerial unit to focus on flight control and sensor
acquisition with minimal communication overhead. Overall, MAVLink trials (M = 4.30%,
SD = 0.50) consumed significantly more battery than FMIS trials (M = 1.06%, SD = 0.53),
t=41.91, p < 0.001. The mean difference of 3.24% represents an extremely large effect
size (Cohen’s d = 5.41), indicating a consistent battery advantage for the FMIS protocol in
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Figure 9. Phase 1: Comparison of MAVLink-based versus FMIS-based system performance in
terms of (a) UAV battery use; (b) UGV battery use; and (c) UAV CPU load in both empty and
orchard environments.

However, this shift in processing burden results in increased UGV battery usage for
the FMIS, as shown in Figure 9b. In contrast, MAVLink’s lightweight communication
structure imposes less strain on the UGV. Overall, MAVLink trials (M = 0.55%, SD = 0.11)
consumed remarkably less battery than FMIS trials (M = 1.60%, SD = 0.60), t = —12.27,
p < 0.001. The mean difference of —1.05% represents a large effect size (Cohen’s d = —1.77),
showing that the MAVLink protocol is substantially more energy-efficient for UGV battery
consumption in this phase.
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Regarding the UAV CPU load measurements for both environments, it can be inferred
that FMIS and MAVLink impose almost similar processing demands on the aerial platform,
as can be seen in Figure 9c. This occurs because the CPU of the aerial unit is only used for
messages delivery to the UGV and vice versa. Specifically, MAVLink trials (M = 49.14%,
SD = 5.88) and FMIS trials (M = 50.23%, SD = 5.07) did not differ significantly (t = —1.46,
p =0.15). The mean difference of —1.09% corresponds to a small effect size (Cohen’s
d = —0.21), indicating similar CPU load for both protocols.

3.2. Phase 2: Ground Vehicle Reaches Worker and Updates Aerial Vehicle with Position

In Phase 2, where the UGV reaches the worker and informs the UAV of the worker’s
position, the UGV-to-UAV position report latency becomes a useful metric, with respect
to demonstrating the responsiveness of inter-robot coordination. The results provided
in Figure 10a illustrate that MAVLink exhibits significantly lower latency in both envi-
ronments, with approximately 102.65 ms (5D = 8.86) in the empty field and 104.40 ms
(SD =7.29) in the orchard, compared to the FMIS’s 308.20 ms (SD = 20.02) and 340.20 ms
(SD = 21.06), respectively. This stresses that MAVLink, because of the low-overhead mes-
saging structure it has, offers faster transmission and processing of status updates. In
contrast, FMIS introduces greater communication delay in this phase likely due to addi-
tional message handling layers, like reliability checks or buffering mechanisms. Similar
to Phase 1, a paired-samples t-test was conducted to compare UGV-to-UAV position re-
port latency between the MAVLink and FMIS protocols. MAVLink trials (M = 103.53 ms,
SD = 8.03) showed significantly lower latency than FMIS trials (M = 324.20 ms, SD = 54.44),
t = —25.26, p < 0.001. The mean difference of —220.67 ms corresponds to a very large ef-
fect size (Cohen’s d = —4.10), indicating substantially faster position reporting with the
MAVLink protocol.

Concerning the UGV battery usage related to this phase, it illustrates the energy cost
associated with the navigation to the worker and the subsequent communication with
the UAV. The results in Figure 10b illustrate that FMIS consistently causes higher UGV
battery consumption across both environments. This increased consumption under FMIS
aligns with its communication model, which offloads more processing and communication
responsibilities to the UGV. Specifically, FMIS processes tasks that require additional
calculations and continuous transmission activity, hence increasing energy consumption.
This trend is consistent with the higher UGV-to-UAV position report latency observed under
FMIS, where the extended communication time likely contribute to additional battery drain.
A paired-samples t-test was conducted to compare UGV battery use between MAVLink and
FMIS protocols during Phase 2. MAVLink trials (M = 1.71%, SD = 0.45) used significantly
less battery than FMIS trials (M = 2.28%, SD = 0.44), t = —5.62, p < 0.001. The mean
difference of —0.57% corresponds to a large effect size (Cohen’s d = —0.91), indicating a
meaningful battery efficiency advantage for MAVLink in Phase 2.

The UGV CPU usage results during Phase 2 (Figure 10c) further support the differ-
ences observed in energy consumption and communication behavior between FMIS and
MAVLink. In short, FMIS leads to approximately 30% and 60% increases in the cases of
the empty field and orchard, respectively, as compared to MAVLink’s findings. A paired-
samples t-test was conducted to compare the UGV CPU load between the MAVLink and
FMIS protocols. MAVLInk trials (M = 18.90%, SD = 3.85) showed significantly lower CPU
load than FMIS trials (M = 27.36%, SD = 3.46), t = —10.76, p < 0.001. The mean difference of
—8.46% corresponds to a very large effect size (Cohen’s d = —1.74), indicating substantially
reduced CPU load with the MAVLink protocol in this phase.
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Figure 10. Phase 1: Comparison of MAVLink- versus FMIS-based system performance in terms of
(a) UGV-to-UAV position report latency; (b) UGV battery use; and (c¢) UGV CPU load in both empty
and orchard environments.

3.3. Summary of Observed Patterns and Trends

Overall, the main difference between the two studied systems lies in their commu-
nication approach. MAVLink is a peer-to-peer protocol that facilitates direct messaging
between UAV and UGV with remarkable low latency, below 105 ms for UGV-to-UAV
updates in both open field and orchard environments. This real-time capability stresses
that MAVLink is best for tasks demanding rapid feedback loops, such as emergency stops.
Nevertheless, this speed comes at the expense of reliability. In more obstructed environ-
ments, like the almond orchards examined in this study, the system suffers from significant
packet loss, which reaches up to 30%. As a consequence, the MAVLink’s performance
is influenced significantly by environmental conditions, making it a less reliable choice
when consistent message delivery is necessary. On the other hand, FMIS operates as an
HTTP-based middleware backed by a solid server architecture. Although it introduces a
higher communication delay, it consistently delivered 97% of messages, even under chal-
lenging conditions. Its Transmission Control Protocol (TCP) foundation supports reliable
message delivery and complex JSON payloads, making it more appropriate for applications
requiring rich metadata and centralized coordination.
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From a computational and energy perspective, both systems place similar demands
on the CPU of the UAV, since CPU usage on the aerial unit is limited to handling message
transmission. However, the UGV experiences some differences. In particular, FMIS requires
more onboard processing to handle HTTP requests, error checking, and queuing logic. This
results in an increase in UGV CPU load and more battery consumption. Although this
increases the load on the system, FMIS improves data transmission rates and ensures more
reliable communication. MAVLink minimizes UGV resource usage but requires more UAV
processing power and fails to maintain reliability in signal-constrained environments [43].
In turn, FMIS, by leveraging cellular connectivity and a dependable server infrastructure,
maintained stable communication in both environments, although its performance remains
dependent on network coverage.

4. Discussion

The present study compares two UAV-UGV communication architectures, namely
FMIS and MAVLink, in agricultural environments. The motivation for this investigation
comes from the practical need to consider communication strategies that can reliably
support UAV-UGV coordination in these complex and unpredictable environments. These
strategies must balance trade-offs between speed, reliability, and power consumption to
inform mission-based protocol selection. Based on the observed trade-off, a fundamental
architectural difference between FMIS and MAVLink can be seen. FMIS assigns complex
tasks to more powerful systems to ensure that messages are reliable and can carry a lot
of detailed information. It can be seen as “quality and detail over speed”. In contrast,
MAVLink is designed for quick communication and to allow devices to make decisions on
their own with minimal delay. It uses a simple binary format that keeps messages small
and efficient. Unlike more complex data formats, this lightweight design adds very little
extra data, simplifying the process of sending messages, even over slower connections [44].
The MAVLink-based communication can be seen as “speed over ultimate reliability and
detail”. As a consequence, the choice between MAVLink and FMIS should be driven by
specific goals and conditions of the mission. Hence, if fast, real-time responses are of
major importance, MAVLink is the better option, because of its low communication delay,
provided that the environment allows stable signal transmission. Conversely, if the mission
requires rich data exchange, reliable message delivery, or coordination across multiple
robots or a server, FMIS is more suitable, even if it introduces some delay.

4.1. Study Limitations and Considerations

Although this study offers a valuable comparison of FMIS and MAVLink for UAV-
UGYV coordination in agricultural settings, it presents some limitations that should be
mentioned. Firstly, the present assessment considered specific open field agricultural envi-
ronments. However, the communication performance of both architectures, particularly
MAVLIink’s reliability, is known to be highly dependent on the surrounding environment,
especially the presence of obstructions and radio interference [45]. For instance, the ob-
served packet loss percentages and latency values for MAVLink might vary considerably
in different farming settings with different levels of complexity or electromagnetic noise.
Moreover, the study supposed a certain level of technical expertise for implementing and
maintaining both communication architectures, without exploring the practical challenges
and skill requirements for end users [46]. In fact, the study did not consider how easy or
difficult it would be for typical agricultural workers, who may not have the same techni-
cal background, to install, use, or resolve problems in these communication systems in
their daily work. The potential for data loss or corruption in addition to simple packet



Robotics 2025, 14, 119

17 of 24

loss metrics, as well as the fault recovery mechanisms in each system, also justify further
investigation in real-world deployment scenarios.

Interestingly, the additional operational notes recorded during the present data col-
lection indicate that shadows cast by trees did not significantly impact image processing
accuracy. Windy conditions were observed to cause slight UAV instability, which may have
contributed to variability in communication latency and energy consumption. However,
other environmental factors such as temperature, humidity, solar radiation, and ground
unevenness were not systematically monitored or controlled during the trials. While the
aforementioned conditions can potentially influence both communication reliability and
image processing, they were not the primary focus of this study.

4.2. Prospective Research Directions

Based on the above discussion, future research should examine the performance of
MAVLink and FMIS in a wider range of agricultural environments. These include those
environments with varying levels of foliage density and electromagnetic interference, to-
wards understanding their limitations and adaptability. Exploring the potential of hybrid
communication models, where the system can dynamically switch between MAVLink and
FMIS based on mission phase, real-time environmental conditions, and signal quality, could
provide a more efficient communication strategy. For instance, in an agricultural scenario
where a UAV and UGV are collaboratively monitoring an orchard with human workers
present, a hybrid communication model could enhance both safety and efficiency [4,47].
During routine operations in open areas, MAVLink can be used for its low-latency commu-
nication to quickly relay worker positions and immediate movement commands between
the UAV and the UGV, ensuring real-time coordination and avoiding collisions. As the
robots enter denser parts of the orchard with weaker telemetry signals, the system could
automatically switch to FMIS to maintain reliable communication. By combining both pro-
tocols, the system could ensure urgent safety-related commands reach their target quickly
via MAVLink. Meanwhile, FMIS guarantees data integrity and coordination in complex
or signal-degraded environments, thereby supporting safe and intelligent human-robot
collaboration in real-world agricultural tasks [29,48].

Another research direction is to jointly consider communication, planning, and state-
estimation design rather than treating them as independent modules, especially in complex
agricultural environments where several factors can affect control accuracy and operation
efficiency [49]. Our results show that communication method directly impacts the robust-
ness and responsiveness of planning and control. In turn, the distribution of planning tasks
(centralized vs. decentralized) also influences communication demand and efficiency. This
interdependence is consistent with broader research in agricultural robotics, such as the
hybrid dual-extended Kalman filter-adaptive radial basis function neural network (DEKF-
ARBEFNN) estimation method for unmanned tractors [50]. That work demonstrated that
improving estimation robustness enhances control stability in uncertain conditions. Future
studies could extend our framework by integrating robust state-estimation approaches with
communication-aware planning, allowing UAV-UGYV teams to dynamically adapt their
coordination strategy to account for both network conditions and control requirements.

While our current study focuses on a single UAV, UGV, and human participant per
site to establish a controlled baseline for communication performance, we recognize the
critical need to consider scalability for practical deployments involving multiple agents.
Both MAVLink and FMIS architectures have inherent characteristics that impact their
scalability. MAVLink, being a decentralized protocol, can efficiently handle multiple UAVs
and UGVs by enabling peer-to-peer communication. Nevertheless, it may experience
increased network congestion and coordination challenges as the number of agents grows.
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On the other hand, FMIS can potentially face performance degradation under heavier
communication loads due to bottlenecks at the central server or communication hub,
particularly if the network bandwidth or computational resources are limited. However,
FMIS platforms can be scaled through distributed server architectures or cloud-based
infrastructures that manage communication loads dynamically. Future work could extend
our experimental framework to evaluate these architectures in multi-robot and multi-
human scenarios, exploring the trade-offs between similar performance metrics. A more
detailed analysis separating image-processing latency from communication transmission
delays will also be pursued in future work. Disaggregating these components will help
identify whether delays are due to perception algorithms or communication overhead,
enabling more targeted system improvements. Finally, future research should incorporate
more detailed monitoring and control of environmental variables. This will help better
understand their effects on aerial-ground robotic team performance in agricultural settings
and ensure more rigorous comparisons between communication architectures.

5. Conclusions

The study compares two communication approaches for coordinating UAV and UGV
teams in agricultural settings:

e  Centralized approach (FMIS-based): The UAV and UGV communicate via a cloud-
based FMIS. The UAV performs aerial surveying and sends geotagged images and GPS
data to the FMIS, which processes tree and worker recognition, plans UGV navigation,
and coordinates task execution. The UGV uses onboard LiDAR for local obstacle
avoidance and continuously logs mission data, all centrally stored for post-mission
analysis. This approach favors reliable data handling and centralized decision-making.

e  Decentralized approach (MAVLink-based): The UAV and UGV directly exchange
real-time data via a low-latency MAVLink protocol integrated with ROS over UART
telemetry. The UAV runs onboard image processing to detect worker hat colors and
sends operational commands and GPS coordinates directly to the UGV. The UGV
autonomously navigates using RTK-GPS and local LiDAR for obstacle avoidance. This
setup ensures modular, real-time communication without reliance on external servers,
supporting operations in remote or low-connectivity environments.

The results from 120 field trials comparing MAVLink and FMIS across empty field
and orchard environments indicate that FMIS consistently achieved higher communication
success rates (97% in both environments) than MAVLink (83% and 70% in the empty field
and orchard, respectively). This can be attributed to FMIS’s server-based architecture and
use of reliable TCP communication, which ensures consistent message delivery even in
obstructed, foliage-dense conditions. In contrast, MAVLink’s peer-to-peer protocol is more
vulnerable to packet loss and signal degradation in complex environments.

In Phase 1 (worker detection and localization), FMIS completed tasks faster than
MAVLink, mainly because of better hardware integration and optimized data handling.
This faster performance is attributed to FMIS’s optimization in managing data and better
integration with onboard hardware, unlike MAVLink’s more generic protocol design, which
introduces additional delays. Besides, FMIS consistently resulted in lower UAV battery
usage (but higher UGV battery usage) than MAVLink across both environments.

In Phase 2, where UGV reaches the worker and updates the UAV with the position,
MAVLink demonstrated significantly lower latency for UGV-to-UAV position updates
compared to FMIS. FMIS also caused higher UGV battery and CPU usage in both envi-
ronments, whereas MAVLink maintained lower energy and processing demands. Paired-
samples t-tests were conducted for all quantitative metrics of both Phases 1 and 2 to assess
statistical significance.
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The main limitation of this study is that experiments were conducted in specific open-
field agricultural environments with controlled conditions. These conditions may not fully
capture the variability of communication performance, environmental influences, as well as
user expertise in real-world farming scenarios. Future research should evaluate MAVLink
and FMIS across diverse and complex agricultural environments and consider scalability
to multi-robot and multi-human teams. Moreover, hybrid communication strategies that
switch dynamically between protocols, combined with communication-aware planning
and robust state estimation, could improve coordination. They can also enhance reliability
and operational efficiency in real-world deployments.
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Appendix A

The system architecture comprises two primary robotic platforms: an aerial unit
(UAV) and a ground unit (UGV). Each of them is equipped with specialized hardware
and software components. Tables A1 and A2 summarize the key hardware elements and
software functionalities of the UAV and UGV platforms, respectively.

Table Al. Detailed summary of the main hardware and software components of the unmanned
aerial vehicle.

Category Component Description
Hardware Platform Custom quadcopter designed for autonomous agricultural monitoring
Autopilot Pixhawk 4 with 32-bit ARM Cortex-M7 processor @ 216 MHz
L. H-RTK FOP GNSS receiver with multi-band RTK corrections; positional
Localization
accuracy 1-2 cm
Camera Sony Alpha 6100 RGB camera, 24.2 MP APS-C Exmor CMOS sensor, up to 11 fps

Camera trigger
Onboard processing

Communication Modules

Remote control
Power supply
Software Flight control
Image processing
Communication protocol
ROS integration
Mission planning

Seagull Map-X2 hardware trigger
Raspberry Pi 4 Model B (quad-core Cortex-A72, 4 GB RAM)
4G LTE module (downlink up to 150 Mbps), SiK Telemetry Radio (433 MHz), R9SX receiver
(900 MHz)
FrSky Taranis X9D Plus transmitter
12,000 mAh LiPo battery (22.2'V, 6 S); flight time 30—40 min
ArduPilot and PX4 firmware on Pixhawk 4 autopilot
Custom real-time image aggregation on Raspberry Pi 4
MAVLink for UAV telemetry and control
MAVROS interface for MAVLink-ROS messaging
QGroundControl
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Table A2. Detailed summary of the main hardware and software components of the unmanned
ground vehicle.

Category Component Description
Hardware Platform Thorvald UGV (SAGA Robptics SA), comrponly used for
autonomous agricultural operations
LiDAR sensor Velodyne VLP-16 Puck laser scanner for 3D mapping and obstacle detection
Processing unit Intel NUC with i5 6200U processor, 16 GB RAM, 128 GB storage, running Ubuntu
Linux 18.04.6 LTS
Motor control PEAK CANbus system for reliable motor communication
- Xsens MTi 630R SK IMU and Stonex S850 RTK GNSS receiver
Localization . .
for precise navigation
Software Operating system Ubuntu Linux 18.04.6 LTS
Robotics middleware ROS Melodic
Navigation planner Carrot Planner for goal-point adjustment around obstacles

MAVProxy forwarding MAVLink messages to ROS; MAVLink protocol for

Communication protocols . ..
decentralized communication

Appendix B

For the purpose of testing whether the hat color influenced trial success, a chi-square
test of independence was conducted in Microsoft Excel (“CHISQ.TEST” function) using the
aggregated success and failure counts across all experimental conditions. The observed
counts of successes and failures for each hat color are summarized in Table A3.

Table A3. Observed and expected trial outcomes by hat color.

Hat Color Success Failure Row Total Expected Success Expected Failure
Blue 35 5 40 34.67 5.33
White 33 7 40 34.67 5.33
Red 36 4 40 34.67 5.33

Expected counts were calculated using the following:

_ Row total x Column total, (A1)

E. .
Y Total trials

while the chi-square statistic was computed as follows:

(A2)

5 y (Observed count — Expected count)?
Expected count

Finally, the degrees of freedom (df) for the chi-square test were equal to 2, calculated
through the following;:

df = (number of rows — 1) x (number of columns — 1), (A3)

where the number of rows and columns are 3 (Blue, White, Red) and 2 (Success, Failure),
respectively.

Consequently, the total test statistic was x?(2, N = 120) ~ 1.01 and p ~ 0.60. Since
p > 0.05, there is no statistically significant association between hat color and trial outcome.

Appendix C

In this appendix, an overview of the experimental results regarding Phases 1 and
2 are presented in Tables A4 and A5, respectively. In particular, these tables include the
comparative performance of the MAVLink-based and FMIS-based systems for two different
environments, namely empty and orchard. The assessment covers several operational
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metrics, ranging from total duration and handshake latency to battery consumption and
CPU loads for both UAV and UGV platforms. Each environment—protocol combination
was tested through 30 trials, corresponding to three different hat colors (white, red, blue)
worn by the participant, with 10 repetitions per color, totaling 120 trials. All results are
reported as mean values accompanied by their standard deviations.

Table A4. Summary of Phase 1 results comparing the performance of MAVLink-based and FMIS-
based systems across various operational metrics in different environments; values are presented as
mean =+ standard deviation.

Environment  Protocol Total Handshake =,y B ytery Use UGV Battery Use UAV CPU Load
Duration (s) Latency (ms)
Empt MAVLink 474 + 0.53 276.74 + 19.52 4.27 + 0.53 0.53 +0.12 49.60 4+ 6.62
Pty EMIS 2.93 + 0.55 313.10 £ 18.27 1.12 £ 0.56 1.59 +0.20 51.07 & 5.44
Orchard MAVLink 4.81 +£0.47 309.32 £ 34.90 4.33 + 0.46 0.56 +0.11 48.67 + 5.01
rehar FMIS 3.16 + 0.56 305.07 + 44.90 1.00 £ 0.51 1.60 + 0.22 49.38 + 5.06
Table A5. Summary of Phase 2 results comparing the performance of MAVLink-based and FMIS-
based systems across various operational metrics in different environments. Values are presented as
mean =+ standard deviation.
Environment Protocol UGV-to-UAV Position UGYV Battery Use (%) UGV CPU Load (%)
Report Latency (ms)
Emot MAVLink 102.65 + 8.86 1.58 4+ 0.34 19.51 £+ 4.40
Pty FMIS 308.20 £ 20.02 2.34 +0.27 25.62 +3.27
Orchard MAVLink 104.40 + 7.29 1.84 +£0.27 18.29 + 4.28
rehar FMIS 340.20 + 21.06 2.21 4 0.40 29.10 + 3.37

For the purpose of assessing the differences between the MAVLink and FMIS protocols,
paired-samples ¢-tests were conducted for each performance metric mentioned above. This
test is appropriate because measurements were collected from the same trials under both
protocols, ensuring dependent samples. For each metric, we calculated the mean difference
(MAVLink minus FMIS), the t-statistic, and the associated p-value to determine statistical
significance. Additionally, Cohen’s d was computed to quantify the effect size and provide
insight into the practical significance of the observed differences. Statistical significance was
set at p < 0.05. All analyses were performed using Microsoft Excel. Table A6 summarizes
key metrics from Phase 1, while Table A7 summarizes those from Phase 2.

Table A6. Phase 1 comparison of MAVLink and FMIS protocols. Paired t-test results with mean
differences, t, p-values, and Cohen’s d.

Metric Mean Difference ! t p-Value Cohen’s d
Total duration (s) 1.74 18.34 <0.001 2.37
Handshake latency (ms) —16.00 —0.04 0.97 —0.005
UAV battery use (%) 3.24 4191 <0.001 5.41
UGV battery use (%) —1.05 —12.27 <0.001 —-1.77
UAV CPU load (%) —-1.09 —1.46 0.15 —0.21

1 Mean differences correspond to MAVLink minus FMIS.
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Table A7. Phase 2 comparison of MAVLink and FMIS protocols. Paired t-test results with mean
differences, t, p-values, and Cohen’s d.

Metric Mean Difference ! t p-Value Cohen’s d
UGV-to-UAV position

—220.67 —25.26 <0.001 —4.10

report latency (ms)
UGV battery use (%) —0.57 —5.62 <0.001 —-0.91
UGV CPU load (%) —8.46 —10.76 <0.001 —1.74

1 Mean differences correspond to MAVLink minus FMIS.
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