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Abstract

This paper presents a modular Behavior Tree-based framework for decentralized task assignment in a multi-
UAV system as part of the onboard mission management. This framework is motivated by the central challenge
of robust and efficient coordination needed for autonomous multi-UAV missions. Real-world deployment of a
multi-UAV system involves operation in dynamic environments in which tasks and mission objectives can
change quickly, requiring UAVs to react and adapt their current mission. Decentralized coordination is a key
technology to enable individual UAVs to make mission-related decisions based on their local knowledge and
shared information from other UAVs, even in situations with limited communication. The decentralized
approach allows for robust, scalable and more reactive coordination of the UAVs. However, this also requires
integration of planning and decision-making algorithms into the autonomous onboard mission management.
In this work, we present an onboard mission management for a decentralized multi-UAV system using Behavior
Trees. For task assignment, the Consensus-Based Bundle Algorithm (CBBA), a decentralized auction-based
task assignment algorithm, is integrated into the Behavior Tree for mission management. We demonstrate our
decentralized multi-UAV system in an example surveillance use case in simulation, highlighting the ability to
react to new tasks in dynamic environments. The presented onboard mission management enhances
autonomous multi-UAV missions as it enables decentralized coordination in dynamic environments.

Keywords: decision-making, autonomy, multi-UAV, mission management, Behavior Trees

1. Introduction

There are several use cases for autonomous unmanned aerial vehicles (UAVSs), including
surveillance, inspection, delivery, and search and rescue. Missions with single UAVs have been
researched to large extends, but are limited in flight time, area coverage, robustness and general
mission performance. Increasing the number of UAVs in a flight mission to a multi-UAV mission where
the UAVs intentionally cooperate on a common mission goal, reduces the mission time and increases
mission performance [1]. Distribution of tasks across multiple drones allows for individual drones to
be specialized for a certain type of tasks, e.g., sensors can be distributed onto multiple drones instead
of one complex, sensor-heavy drone, which potentially reduces costs, increase mission performance,
and robustness to single point of failure. Using autonomous multi-UAV systems, in which pilots are
only used for monitoring the operation, reduces human workload, and can be useful in supporting
emergency response missions, or inspections of infrastructure as in [2].

In multi-UAV systems, coordination describes how multiple UAVs work together to achieve a common
mission goal by sharing information, planning tasks and avoiding conflicts. It is one of the major
challenges, as it is subject to communication and computational constraints. The coordination of a
multi-UAV system can be centralized, where UAVs receive mission commands from a single unit with
global knowledge, or decentralized, where UAVs make their own decisions based on their
surroundings and communication with the other members of the swarm. A decentralized approach
offers more robustness, as it eliminates the single point of failure of a centralized approach, while also
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offering more local autonomy, better scalability, and reduced communication requirements to a central
unit. The onboard mission management is a key module for coordination of autonomous missions, as
it is responsible for mission planning, execution, and monitoring. Task allocation, determining which
UAV takes on which task, is an important function of a multi-UAV mission management. Algorithms
for task allocation can be grouped in auction-based, optimization-based, or clustering-based [3].
Auction-based algorithms are widely used in decentralized multi-UAV systems as they provide a good
compromise between applicability in safety-critical missions, communication requirements and the
capability to integrate reactivity. One of those auction algorithms is the Consensus-Based Bundle
Algorithm (CBBA) [4], in which the agents bid on bundles of tasks and then resolve their conflicts. The
result of the task allocation is a task plan for each UAV that can then be executed by the onboard
mission management. An open question addressed in this paper is how such task assignment
algorithms can be integrated into autonomy architectures and scheduled for onboard execution
alongside other autonomy capabilities. In autonomous systems, Behavior Trees are used as a control
structure for task execution instead of Finite State Machines. They provide modularity, reusability,
and the ability to react to dynamic changes [5]. Several works utilize Behavior Trees for UAV mission
management, but mostly for a single UAV, focusing on using Behavior Trees for the execution of
actions. Behavior trees are used coordination in multi-UAV systems in [6], [7], where the authors
include the bid generation for task assignment in the Behavior Trees of each UAV, but they still rely
on a central unit for task assignment. In this work, we explore the integration of auction-based task
allocation algorithms within a skill-based autonomy architecture and Behavior Trees for reactive
autonomous mission execution for a fully decentralized multi-UAV system. A widely-used auction-
based task assignment algorithm, the CBBA, is integrated into the Behavior Tree used for onboard
mission management. The modular design of the Behavior Tree enables switching between different
algorithms for future work, as the task assignment subtree can be exchanged easily. The proposed
solution is implemented and tested in case studies showcasing the effectiveness and general
applicability of the proposed framework, showing the ability to reassign tasks when new tasks arrive.

The contributions of this work can be summarized as follows:

o Presenting a modular framework based on Behavior Trees for decentralized coordination in a
multi-UAV system relying only on local autonomy onboard the UAVs

o Demonstrating the applicability of integrating an auction-based task assignment algorithm, the
CBBA, into a behavior-tree based onboard mission management of UAVs in a multi-UAV system
for dynamic mission environments allowing reassignment of tasks

2. Related Work

2.1 Multi-UAV Mission Management

Multi-UAV mission management has been studied from a variety of perspectives, encompassing
mission planning frameworks, task allocation methods, and autonomy architectures for coordinated
swarm operations. Comprehensive surveys of UAV swarm coordination strategies, including task
allocation, formation control, and swarm intelligence, are provided in [8], [9], covering both civilian and
military application domains. These works consolidate a broad range of algorithmic approaches but
largely assume persistent communication or homogeneous autonomy capabilities, leaving adaptive
coordination under degraded communication less explicitly addressed. Mission planning frameworks
for multi-UAV swarm coordination are proposed in [10], [11], demonstrating the benefits of structured
mission-level coordination. A broad review of autonomous mission planning and management
systems for unmanned vehicles is provided in [12] highlighting the need for enhancing onboard
intelligence in multi-UAV systems. Self-organized swarm concepts for autonomous mission planning
are explored in [13], proposing a leader-follower hierarchy for the coordination of a multi-UAV system.
In contrast to these works, our work focuses on the onboard integration of task assignment within a
reactive mission management architecture, enabling decentralized coordination even in the absence
of a central coordination instance. The reactive mission management onboard a single drone is
implemented using Behavior Trees, on which the following section discusses related work and
identifies the gaps to be closed for use in decentralized swarm coordination.
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2.2 Behavior Trees for Multi-UAV Mission Management

For autonomous multi-UAV missions using a decentralized coordination approach, decision-making
needs to be moved onto the individual UAVs. Multiple works have used Behavior Trees as control
structure to model decision-making and action selection in autonomous robotic agents [5], [14]. A
Behavior Tree is a rooted, directed tree that consists of nodes representing actions, conditions or
control nodes. The tree is evaluated (“ticked”) from the root from left to right. When nodes are ticked,
they can return success, failure or running. There are two types of nodes: control flow nodes and leaf
nodes. Control flow nodes describe how the children of that node are executed, while leaf nodes are
either a specific action or a condition node. Control Nodes are for example a Sequence, which returns
success only if all children return success and returns failure after the first child returned failure.
Fallback nodes return success after the first child returned success. If a node within a Fallback returns
failure the next node is ticked. Decorator nodes, e.g. Inverter or ForceSuccess, can manipulate the
outcome of their child. The most commonly used and well-maintained open-source libraries for
Behavior Trees are pytrees! and BehaviorTree.CPP2. The modular structure of Behavior Trees have
promoted their use in robotic applications and projects for autonomous navigation frameworks, such
as Nav2 [15] or Aerostack2 [16].

While Behavior Trees have mostly been utilized in single UAV applications, a few recent works used
them in multi-UAV applications. In work by Dahlquist et al. [6], Behavior Trees have been used in an
autonomy architecture for a multi-UAV system in an underground mining environment performing
routine inspection tasks. The local autonomy capabilities of the individual UAVs include task
execution, risk-aware path planning and reactive navigation. Their framework includes an auction-
based task assignment approach. The individual agents compute the costs for bidding on individual
tasks, but a central coordination unit is used to allocate the tasks based on the bids by the agents.
They use back-chaining, i.e., using a goal condition to generate the required Behavior Tree for
executing the inspection tasks based on available actions in an action library. Modularity and flexibility
to mission-specific autonomy were key drivers for the authors to use Behavior Trees. The authors
highlighted scalability issues in their approach due to using the centralized task allocation approach.
The also stress the need for long-horizon planning, which could be achieved by bidding on bundles
of tasks.

Another framework for autonomous multi-UAV missions using Behavior Trees was presented in work
by Tadewos in [6], and further developed in [8]. They also utilized a market-based auctioning algorithm
to assign tasks and used the approach of having a central auctioneer, which collects all bids and
selects the winning UAV. In contrast to the previous work, they also include the bidding process in the
Behavior Tree. They also use Behavior Tree synthesis to create Behavior Trees for mission-specific
behaviors, like pick and place, during the mission. However, their approach was only tested in simple
simulations not using a full autonomy flight stack.

In recent work by Aznar et al. [18], the authors use Behavior Trees for task assignment and mission
execution and present an event triggered control CBBA for robotic applications. They trigger re-
evaluation of the bundle generation and conflict resolution if an initial plan was generated, a bid
changed significantly, if it can significantly outbid other agents on high-priority tasks, or a certain time
has passed. Their Behavior Tree prioritizes task execution. With their solution, the communication
rounds could be reduced significantly, showing promising results for using CBBA in a Behavior Tree
structure for decentralized multi-robot systems. They test their system in a simulated Search and
Rescue Operation using tuned parameters to get optimal results.

In contrast to the works in [6] and [8], our paper presents an approach to use a fully decentralized
task assignment algorithm in behavior trees used by the mission management of an autonomy flight
stack. Using a decentralized task assignment algorithm enables local decision-making and is more
flexible, scalable and robust to the introduction of new tasks. While the approach of integrating CBBA
in Behavior Trees in [18] is similar to ours, our integration in a full autonomy flight stack provides a
deployable solution and our modular design of the mission Behavior Tree could make integrating new
tasks and behaviors easier.

3
1 Pytrees: https://py-trees.readthedocs.io/en/devel/index.htmi
2 BehaviorTree.CPP: https://www.behaviortree.dev/
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2.3 Task Assignment Problem Statement

There are multiple dimensions to the multi-robot task assignment problem, as task constraints, robot
capabilities and the environment create different requirements for solution methods. A widely used
framework to classify the multi-robot task assignment problem for multi-robot systems was introduced
in [19]. Their classification uses three dimensions: robot task capabilities, task cooperation
requirements, and temporal task assignment. In this paper, we consider the problem, where one UAV
can only execute one task at a time, only one UAV is required for each task, and more tasks than
robots are available resulting in a need to generate an execution order. This is classified as Single
Task, Single Robot, Time-Extended Assignment (ST-SR-TA). The multi-robot task assignment
problem is usually formulated as an optimization problem. Given a set of N, tasks, and a set of N,
agents, the goal is to assign all tasks to the agents while maximizing the global reward for executing
the tasks. The local score function c;; of assigning task j to agent i depends on the tasks (vector of

tasks x;) and the order of the tasks (vector path p;), which summed up makes up the global objective
function (Equation 1) to be maximized.

Ny Ng

maXZ(Z cij (X, P)Xij) (D
i=1 j=1

Where x;; is a binary variable describing whether a task j is assigned to agent i. The score function
needs to return a value greater than zero and usually depends on the path, e.g. time to travel to a
task or path length. There are multiple approaches for solving the task assignment problem for multi-
agent systems, including optimization-based, auction-based or learning-based approaches.
Auction-based approaches are usually used for decentralized systems, due to their scalability,
flexibility and communication efficiency. Their distributed nature allows local decision-making through
iterative bidding and consensus rounds to achieve the task assignment. Auction-based algorithms
include CBBA [4], Pl [20] or CNP [21]. They usually rely on reliable communication between the
agents. Multiple extensions to these algorithms exist, typically to include task-based constraints, such
as time-windows. While most researchers test their algorithms in simple simulation scenarios, testing
is usually focused on the algorithm itself and not on the integration of such an algorithm in an
autonomous multi-UAV system.

3. Methodology

3.1 System Architecture

For autonomous multi-UAV missions using a decentralized coordination approach, each UAV must
have its own onboard decision-making capability. Therefore, each UAV must be able to communicate
with the other UAVs, plan its own mission and execute the tasks within the mission. These onboard
autonomy capabilities are typically located in the mission management system. In prior work [22], we
developed a mission management system based on Behavior Trees for a single UAV for dynamic
environments and demonstrated its capability of reacting to dynamic events in flight tests. The system
is based on a three-layered skill-based architecture, consisting of a deliberation, executive and
functional layer, which is commonly used in autonomous systems [23]. Flight behaviors such as taking
off or flying to a waypoint are implemented as skills in a skill manager in the executive layer, which
sends commands to the autopilot in the functional layer. These skills are available for execution by
the mission manager in the deliberation layer responsible for decision-making in the autonomous
system. The decision-logic of the mission manager is formally modelled and implemented as a
Behavior Tree using the Open-Source library BehaviorTree.CPP. The developed system is very
modular enabling easy integration of new skills for autonomous flight in the skill manager or new
decisions for planning or mission execution in the mission manager. In this work, we extend this
mission management framework presented for a single UAV to a decentralized multi-UAV system and
integrate an auction-based task assignment to ensure autonomous coordination of tasks. We use
location-based tasks, which provide a foundation for more complex tasks in future work.
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Figure 1 displays an overview of the system architecture. An operator provides the multi-UAV system
with tasks, which all UAVs can access. Each UAV is equipped with an autopilot, currently PX4, and
the autonomy flight stack, consisting of the mission manager and the skill manager. The mission
manager of each UAV is responsible for task allocation, plan generation and plan execution, which
triggers the respective skills included in the skill manager.

_— Tasks

Operator

/ Y \
Mission Manager Mission Manager Mission Manager
A A A
A 4 Y A 4
- (3] c
<>: Skill Manager 3: Skill Manager 5 Skill Manager
=] =] =1
A 4 Y A 4
Autopilot Autopilot Autopilot
UAV Hardware UAV Hardware UAV Hardware

Figure 1: System overview. Each UAV has a mission manager responsible for decision-making, a skill-manager holding the
information about flight skills, and an autopilot for execution of the skills. An operator defines the tasks, which are then
made available to each UAV.

3.2. Behavior Tree for Task Assignment and Execution

The general high-level control structure for the onboard mission management is a Behavior Tree in
the mission manager. In this work, we extend the Behavior Tree in the mission manager developed
for a single UAV in prior work [22] to include decentralized coordination between multiple UAVS.
Auction-based task assignment algorithms are commonly used for decentralized multi-UAV systems,
with CBBA being a popular approach for long-horizon task assignment. CBBA consists of two phases,
bundle generation and conflict resolution, which are repeated until consensus over the assignment is
reached.

A schematic Behavior Tree for task assignment using CBBA and execution of the mission is shown
in Figure 2. The left-hand side of the tree represents the task assignment resulting in an ordered list
of tasks to be performed by the UAV. If new tasks are available, the execution of CBBA is triggered.
To support missions in dynamic environments with new tasks, the developed Behavior Tree structure
for mission management must support re-evaluation of the task assignment. Therefore, the task
assignment algorithm is integrated into a reactive node of the Behavior Tree, which allows continuous
re-evaluation of the task assignment nodes while executing the mission plan. For CBBA, the tree
loops over bundle generation and conflict resolution until consensus is reached and a final task list
for execution is produced. The right-hand side of the Behavior Tree shows the mission execution,
which iterates through the list of tasks. As this work limits the tasks to location-based tasks, a simple
“Waypoint” flight skill is triggered, in which the UAV flies to the commanded waypoint in a direct line.
This could be extended with more complex task execution behaviors as more complex tasks are
introduced in the future. If the last task is completed, checkLastTask returns failure and ends the
mission execution. Before and after this Behavior Tree, takeoff and land nodes must be executed for
a full mission.
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Figure 2: Schematic Behavior Tree for task assignment and mission execution. The left-hand side in the reactive fallback
node represents the task assignment including the CBBA with its two phases Bundle Generation and Conflict Resolution,
whereas the right-hand side represents the mission execution.

3.3. Task Assignment Algorithm

This section will describe the underlying task assignment algorithm in more detail. The implemented
task assignment algorithm chosen for this is the Consensus-Based Bundle Algorithm (CBBA)
algorithm, as proposed by Choi et al in [4]. This algorithm was chosen due to its ability to handle
decentralized task assignment, scalability and communication efficiency. Many researchers have
extended the CBBA tailoring it to the requirements of specific mission and task constraints. Therefore,
the basic version of the CBBA also builds a good foundation for future work in decentralized task
assignment. Due to the modular nature of Behavior Trees, the task assignment subtree of the mission
Behavior Tree can be exchanged easily to implement a more advanced task assignment algorithm.
The purpose of this work is to show the general implementation of a completely decentralized
coordination approach in Behavior Trees used for UAV mission management.

CBBA consists of two phases: the bundle construction phase and the conflict resolution phase. In the
bundle generation, each agent generates a bundle of tasks and updates this bundle later on. Each
agent has a bundle, which is a list of tasks ordered based on when they were added and the path list,
which is ordered based on when the tasks should be executed. Tasks are inserted into the path list
where they generate the best score improvement. The score is calculated based on the scoring
function, which is a time-discounted reward function describing the arrival time to a task along the
path, as used in the original CBBA. A different scoring function can be used, as long as it satisfies the
condition of diminishing marginal gain, meaning the value of a task does not increase as other
elements are added to the set before. As this work also deals with tasks in the form of waypoints, the
original score function can also be used as follows:

T,
Sipi — ){;i(pl)q (2)

rl.j (p;) describes the time it takes agent i to arrive at task j after following the path specified in its path
list. In this work, we estimate this value assuming a constant speed of the UAVs and the length of the
path. 4; < 1is the discounting factor for task j, and ¢; is a static score for performing task j. ¢, can be

used to introduce task priorities. In this work, 4; = 0.95 and ¢, = 1 are used for all tasks, as in the
original publication of CBBA. According to the score function in Equation 2, the longer an agent needs
to move on a path, the lower the score value will be.
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In the bundle generation phase, the agents update their path list and their bundle list based on their
bundle, as well as two other lists: a winning agent list and a winning bid list. The winning bids list
contains the bids for each task, while the winning agent list contains the information on which agent
currently hold the highest bid for that task. The bundle generation terminates when all available tasks
have been tried to include in the current path. A task is only included in the bundle and path list if it
generates a higher score than the current score of that task in the winning bid list. If new tasks were
included in the bundle and path, the winning agent list and winning bid list need to be updated.

In the conflict resolution phase, every agent needs to communicate three lists: the winning bids list,
the winning agent list and a list containing the last timestamp for the last information from the other
agents. When receiving a message from the other agents, the UAV iterates through the tasks and
decides if it needs to update the winning bid and agent list upon receiving a higher bid, leave the task
in the winning bid and agent list when winning a bid, or reset the task if mixed signals are received. If
a task is released from the bundle and path, all following tasks are released. They also need to be
released from the winning bid and winning agent lists. If consensus about the task allocation was not
reached, the bundle generation needs to run again.

If consensus is reached, the fallback of the Behavior Tree in Figure 2 returns success and the right
side of the Behavior Tree can begin executing the resulting mission in the path list. The nature of this
particular Behavior Tree ensures that new incoming tasks will trigger the CBBA again resulting in a
new bundle and a new path. It also ensures that the CBBA is only executed again when necessary.
For the design of this particular Behavior Tree for mission management, modularity, adaptability and
interpretability were of high importance. The left side of the Behavior Tree can be exchanged with
different task assignment algorithms as long as the output of the task assignment is also a list of tasks
to be executed. Breaking down the task assignment algorithm in the nodes according to the phases
of the CBBA helps understand what each UAV does during the task assignment process.

3.4. Experimental Setup

We demonstrate our system in simulation, using multi-rotor UAVs equipped with the PX4 autopilot
software in the Gazebo simulator, in an exemplary surveillance use case. The general mission is to
visit multiple points of interest (POIs), which represent the tasks. The POls are detected by an external
sensor and communicated to the multi-UAV system. To fulfill the mission, the UAVs must distribute
the tasks and then execute the mission. While visiting the POls, several new POls can become
available, requiring new tasks to be integrated into the existing distribution. This will be solved by the
task assignment which is integrated in the mission management system onboard each UAV. For that
we use the Behavior Tree from Figure 2, but add a takeoff node before and a land node after the
subtree for a realistic mission. We assume that all UAVs can communicate with all other UAVs. We
use ROS2 for communication between the UAVs. In ROS2, the UAVs are separated using different
namespaces. The communication between the skill manager and the autopilot is handled via
MAVROS. Mission and skill manager use ROS2 action interfaces for executing flight skills and ROS2
topics for data updates. ROS2 communication is also used for exchanging the necessary messages
during the bidding of the CBBA. In the consensus phase of the CBBA each agent publishes the three
lists needed for consensus on their respective topic. For this, a custom ROS2 message WinningList
was created, which contains the winning bid list, winning agent list and timestamp. Each mission
manager has listeners on the other UAVs WinningList topic. Figure 3 visualizes the communication
setup. For evaluating our setup we chose two example scenarios, one containing two UAVs and ten
tasks, and one containing three additional dynamic tasks where tasks are introduced after a certain
period of time.
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Figure 3: Communication Setup for CBBA in multi-UAV system using a ROS2 topic WinningList with a custom namespace
for each UAV.

3.4.1. Static Scenario: Two UAVs, Ten Static Tasks

The static scenario consists of ten tasks and two UAVs. The starting positions for the UAVs are (100,0)
and (300,0). The flight speed of the UAVs is 2 m/s. The area in which the tasks are distributed is
500 m x 500 m. The task locations are known and displayed in Table 1. This simple scenario is chosen
to highlight the task assignment process and visualize the resulting task assignment.

Table 1: Location of tasks for the static scenario

Task No Position x[m] Position y [m]
0 50 70
1 150 100
2 250 150
3 350 70
4 450 150
5 200 350
6 100 250
7 300 480
8 400 310
9 50 340

3.4.2. Reactive Scenario: Two UAVS, Ten Static Tasks, Three Dynamic Tasks

In the reactive scenario, we add incoming tasks to the static mission, which the UAVs then need to
distribute. The original tasks from the scenario remain, but we add three new tasks after the mission
was started. Table 2 shows the locations of the new tasks to be added, and the timestamps of when
tasks are introduced after starting the mission.

Table 2: Location of additional tasks and the respective times of introduction after mission start for the reactive scenario

Time when task

Task No Position x [m] Position y [m] becomes available [s]
10 420 420 120
11 100 450 180
12 350 200 240



ONBOARD MISSION MANAGEMENT FOR A DECENTRALIZED MULTI-UAV SYSTEM USING BEHAVIOR TREES

4. Results

In this section, we show the results of the flight simulations for both the static and reactive scenario
highlighting the reaction to changes in the task distribution due to new tasks. The static scenario is
used to analyze the task assignment process in more detail.

4.1. Static Scenario: Two UAVSs, Ten Static Tasks

The resulting flight paths of the mission are shown in Figure 4. The blue flight path represents UAV-1,
while orange represents UAV-2. The task locations are marked in green and with their respective
number based on Table 1. The flight path shows that UAV-1 finishes Tasks 0,1,5,6,7,9 while UAV-2
finishes Tasks 2,3,4,8 as assigned in the task assignment process. UAV-1 had a total flight time of
388 seconds from start to Task 7. UAV-2 had a total flight time of 305 seconds from start to final task.

The assignment rounds are displayed in Table 3 with the path list and winning agent list of each UAV
after each phase (bundle generation and conflict resolution) of each round of the CBBA. Note that the
path contains the numbers of the tasks in planned execution order, while the winning agent list
contains the agent that this UAV thinks is best suited for the task. This table explains the task
assignment process in this specific scenario. After the first bundle generation, both UAVs have ten
tasks in their bundle and path, which is also reflected by their winning agent list. For conflict resolution,
they exchange their winning agent and winning bid list. As Tasks 0 and 1 are closer to UAV-1 than
UAV-2, UAV-1 wins those tasks for its bundle. As Task 3 is the closest task for UAV-2, UAV-2 wins
the task along with Task 2. All tasks after Task 2 for UAV-2 and Task 1 for UAV-1 were released from
the respective bundles of the UAVs. In the following bundle generation of round 2, both UAVs create
a bundle of eight tasks, as two are already won by each of them. In the conflict resolution phase, UAV-
1 wins most of the bids, while UAV-2 has to release most new tasks from its bundle. In the next bundle
generation in the third round, UAV-2 can add two more tasks, resulting in a bundle size of four, while
UAV-1 has six tasks in its bundle. No tasks were added in the following bundle generation phase,
resulting in consensus being reached after four rounds.

Table 3: Task Assignment Process for the static scenario. The path and winning agent list are shown after each phase
(BG = Bundle Generation, CR = Conflict Resolution) of the CBBA in the respective rounds that are needed to reach
consensus. If the winning agent list is not updated in a round, consensus is reached.

UAV-1 UAV-2

Round 1

BG - path 0;1;2;3;4;8;7;5;6;9 3;2;1;0;6;9;5;7:;8;4
BG — winning agent list 1;1;1;1;1;1;1;1;1;1 2:2:2:2:2:2:2:2:2:2
CR - path 0:1 3:2
CR — winning agent list 1;1;2:;2:0:;2:;2:0:;0:2 1:;1;2:;2:;1:0:;0:;1:1:0
Round 2

BG - path 0:1;6:;9:5;7:8:4 3:2:6:9:5:7
BG — winning agent list 1;:1;2;2;1:;1;1:;1:1;1 1;:1;2:2:1;2:;2;2:1;2
CR - path 0;1;6;9;5;7;8;4 3;2
CR — winning agent list 1:;1;2:;2:;1:;1:;1;1:;1:;1 1:1;2;2:1:;1:;1;1:1;1
Round 3

BG - path 0:1;6:;9:5;7:8:4 3:4:8:;2
BG — wining agent list 1:;1;2:;2:;1:1:;1:;1:;1:;1 1:1;2:2:2:1:1:;1:2:1
CR - path 0:1:6:9:;5:;7 3:4:8:2
CR — winning agent 1;1;2:;2:;2:1:;1:;1:;2;1 1:;1;2:;2:2:1:1:1:;2:;1
Round 4

BG - path 0;1;6;9;5;7 3:4:8;2
BG — winning agent list 1;1;2:;2:;2:1:;1:;1;2;1 1:;1;2:;2:;2:1:1:1:;2:;1
CR - path 0:1:6:9:5:;7 3:4:8:2
CR — winning agent list 1:1;2:2:2:1:;1:;1:2:1 1:;1;2:2:2:1:1:1:2:1
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Figure 4: Resulting flight path of both UAVs for the static scenario. The blue line represents the flight path of UAV-1,
whereas the orange flight path shows the flight path of UAV-2. The green points represent the task locations, numbered
according to Table 1.

4.2 Reactive Scenario: Two UAVSs, Ten Static Tasks, Three Dynamic Tasks

The flight path of the two UAVs in the reactive scenario are shown in Figure 5, where the blue flight
path represents UAV-1 and the orange flight path UAV-2. The green points show the task locations.
The dynamic tasks are introduced after a certain period of time according to Table 2. Their locations
are marked in red, while the time when the tasks were introduced is marked on each flight path with
a grey square. Each new task arrival retriggers the task assignment process in the left-hand side of
the Behavior Tree. The CBBA rounds are conducted using the current position of the UAV, only
including the tasks that still need to be performed. For Task 10 it took three rounds to reach
consensus, for Task 11 it took two rounds and for Task 12 it took five rounds. The resulting flight paths
shows that UAV-1 takes over Task 11 while UAV-2 takes over Task 10 and 12. In comparison to the
static assignment of the ten original tasks, UAV-1 takes over Task 2, while UAV-2 takes over Task 7,
as these fit better in the updated path with the new tasks. Table 4 shows the resulting path order for
both UAVs after task assignment was triggered by the new task arrivals. The table shows that due to
the introduction of Task 10, UAV-2 now takes over Task 10 and 7, while UAV-1 takes Task 2, which
was initially in the bundle of UAV-2. The simulation with dynamically appearing new tasks demonstrate
that the UAVs are able to negotiate on who is best suited for a newly introduced task and agree on a
good solution, as the flight paths don’t show any obvious detours. UAV-1 had a flight time of 469
seconds from start to final task, while UAV-2 had a flight time of 465 seconds.

Table 4: Task assignment for both UAVs as found in the path list before and after new tasks were introduced in the reactive
scenario

UAV-1 UAV-2
Initial path 0;1;6;9;5;7 3:;4;8;2
Task 10 —final path 6:9:5:2 8:10:;7
Task 11 —final path 6:;9;11:5;2 8:10:;7
Task 12 —final path 11:5:;2 10:;7:12
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Figure 5: Resulting flight paths of both UAVs in the reactive scenario. The blue line shows the flight path of UAV-1, whereas

the orange line displays the flight path of UAV-2. The green points represent the locations of the static tasks (Table 1), while

the red points show the dynamic tasks (Table 2). The grey squares show the locations on the flight paths of each UAV when
a new task became available. The squares are labeled with their associated task number.

4.3. Evaluation

The experimental results show that the proposed onboard mission management system which
included the CBBA for task assignment in a Behavior Tree structure is capable of assigning tasks to
the participating UAVs in static and dynamic mission conditions in a decentralized approach without
relying on a central controlling unit. Integration of the task assignment in the Behavior Tree enables
dynamic reassignment of tasks when new tasks arrived, while maintaining continuous task execution.
Reassignment, and the necessary steps to perform CBBA again, was triggered when new tasks
arrived to include the new tasks into the paths of the UAVs. Due to the reassignment of all tasks that
still needed to be performed, tasks were released from one UAV and taken over by the other to
generate a better distribution. This is expected as the CBBA considers the best assignment due to
the current positions of the UAVs. As the cost function from the original CBBA optimizes for travel
times, those were similar for both UAVs. This still resulted in a similar distribution of travel distances.

Using the Px4-Gazebo simulation framework enhanced the real-world deployment capabilities of our
onboard mission management system. Our simulation is a closed-loop software-in-the-loop simulation
with a realistic physics simulation, flight controller integration and sensor emulation allowing fast
deployment of our system in a flight test.

The current state of the implementation was only tested with two UAVs and requires synchronous
communication of the winning bid lists. Therefore, scalability and robustness to large-scale scenarios
could not be evaluated. After showcasing the general applicability of CBBA in a Behavior Tree-based
mission management in this work, more UAVs and larger numbers of tasks should be tested. As the
focus of this work was to demonstrate how integrating the task assignment into the behavior-tree
based onboard mission management system can enable task assignment in dynamic environments,
different task assignment algorithms and their suitability for different scenarios and applications have
not been compared yet.
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5. Conclusion and Future Work

In this work, we showed an implementation of a decentralized Behavior Tree-based mission
management system for use in multi-UAV missions. We integrated the consensus-based bundle
algorithm for decentralized task assignment in the Behavior Tree structure of the mission
management system onboard each UAV. The usage of Behavior Trees allows for reactive task
reassignment in dynamic environments, while also providing a modular structure for development.
We tested our proposed implementation in simulations using multiple multi-rotor UAVs using the PX4
autopilot in the Gazebo simulator. We demonstrated the applicability of our proposed Behavior Tree
structure with integrated task assignment and mission execution in two scenarios. The general task
assignment process is visualized using a simple scenario with two UAVs and ten tasks, while a second
scenario is introduced which uses the simple scenarios as a starting point but adds three tasks
dynamically during mission execution. The proposed system was able to integrate these dynamic
events into the generated bundles for mission execution demonstrating adaptability to dynamic
environments while maintaining continuous mission execution.

The presented decentralized onboard mission management for multi-UAV missions enhances
autonomous multi-UAV missions as it enables decentralized coordination in dynamic environments.
It serves as a foundation for future work in this field, including testing and improving decentralized
task assignment algorithms especially in dynamic environments. The developed system can also be
used to improve benchmarking for decentralized task assignment algorithms in realistic simulation
environments as modularity supports integrating other task assignment algorithms more easily. With
this, bigger scenarios or edge cases can be analyzed in order to find the limitations of this system.
This also includes extending the system to deal with more constraints or different tasks, which need
to be developed for different scenarios.
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