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Abstract: Maintenance of offshore wind farms requires the transportation of tools and
spare parts in close coordination with the deployment of technicians and the cost-intensive
shutdown of the wind turbines. In addition to ships and helicopters, drones are envisioned
to support the offshore transportation system in the future. For cost-efficient and scalable
offshore drone operations, autonomy is key to minimize the required infrastructure and
personnel. In this work, we present a system architecture that integrates the key onboard
capabilities for autonomous offshore drone operations: onboard mission and contingency
management, en-route trajectory planning, robust flight control, safe landing, communica-
tion management, and runtime monitoring. We also present technical solutions for each
of these capabilities and discuss their integration and interaction within the autonomy
architecture. Furthermore, remaining challenges and the feasibility of autonomous drone
operations for offshore wind farm cargo delivery are addressed, contributing to the real-
ization of this vision in the near future. The work presented here summarizes the results
of autonomous cargo drone operations within the UDW research project, a joint project
between the German Aerospace Center (DLR) and the energy supplier EnBW.

Keywords: safe autonomy; drone delivery; offshore wind farms; trajectory planning; flight
control; mission and contingency management; connectivity; runtime monitoring; safe
operation monitoring

1. Introduction

Cargo drones are envisioned to become a promising supplement to alleviate over-
stressed cargo logistics systems by increasing transport modality and efficiency as well as
decreasing operating costs. The maintenance process of offshore wind farms (OWFs) is a
good example of such a logistics system, as the delivery of servicing items to a large number
of Wind Turbine Generators (WTGs) in the North and Baltic Seas challenges currently avail-
able delivery methods by boat or helicopter. The near future will see an immensely growing
number of WTGs to support Europe’s green transition from fossil fuels to renewable energy
sources. This growth poses exploding costs for WTG maintenance, threatening affordable
energy prices for the consumer.
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The technical feasibility and improvement in the cost-efficiency of maintenance opera-
tions through the use of cargo drones for delivery of servicing items has been researched
in the project Upcoming Drones Windfarm (UDW), funded by the 7th Energy Research
Program of the German Federal Ministry for Economic Affairs and Climate Action (BMWK).
UDW is a research collaboration between the German Aerospace Center (DLR) and the
energy provider Energie Baden-Wiirttemberg (EnBW). Inspired by current delivery and
maintenance procedures, the project evaluated how drones could be integrated into the
maintenance and logistics process in the most efficient manner. A first concept for drone
integration for OWF cargo delivery has been published in [1] and features the definition
of a concrete delivery mission for an existing OWF operated by EnBW. The business case
behind this transport mission is based on saving personal costs, e.g., pilots and operators,
through full automation of all mission parts and the integration of autonomy functions
into one architecture. The autonomy shall holistically provide possible adaptations to
the mission, either changes in boundary conditions, e.g., permission to enter OWFs or
weather, or system failures with subsequent emergency procedures. If full automation and
autonomy cannot be realized, constant and thus costly human supervision of each drone
would be required.

In brief, the UDW cargo mission concept presented in [1] considers a fully automated
delivery of up to 200 kg of maintenance material from the mainland to an OWE. While
the mission design is applicable to any UAV with Vertical Takeoff and Landing (VTOL)
capabilities, we consider a helicopter configuration. The discussion about the most suitable
configuration for this use case is still ongoing, though helicopters seem like a promising
candidate due to their range and payload capacity. The drone shall be able to calculate a
flight route including the takeoff time by itself, given a set of known boundary conditions
such as weather and wind, time-frame for delivery given by the maintenance operation,
and availability of the target WTG for cargo drop-off. The following takeoff and flight from
mainland to an OWF shall stay well clear of other maritime traffic. Upon approach to the
OWE, detailed planning of the route and approach to the WTG must be executed. This
mission phase is depicted in Figure 1. As sketched in the figure, the onboard autonomy of
the drone has to check for permission to enter the OWF boundaries and for clearance to
approach the target WTG. Subsequently, the autonomous drone must react to the outcome
of the checks. This is achieved by either choosing an approach route to the WTG, e.g., based
on wind conditions or the operational state of the OWFE, or by taking on a loitering pattern
in case the WTG is not ready to be approached. The flight and final approach within
the OWF requires safe planning of the route to stay clear of the critical infrastructure.
Additionally, it should be aware of the turbulence induced by either moving rotors of
operating WTGs or just the wake-flow of nacelles and towers of stopped WTGs. Adaptive
planning of flight routes is needed to avoid traffic or recognize the operational status of the
OWE. Therefore, the drone should be integrated into the OWF and traffic data network by
defining communication protocols and systems. Additionally, stakeholder analysis in the
UDW project showed that the OWF operator should have the responsibility to coordinate
and control drone flights within the OWF’s borders. This shall be achieved by a request
from the drone to enter the OWF, which can be granted by the personnel in the OWF’s
control room.

On the one hand, this mission scenario and its environment are of limited complexity
with mostly pre-determined decision points and few uncertainties. On the other hand,
the scenario poses specific challenges for autonomous operations that cannot be met by the
current state of the art in highly automated drones. This is where the main contribution
of this paper lies: we investigate the challenges and the feasibility of fully autonomous
offshore drone logistics. For this purpose, we discuss recent developments of required
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onboard capabilities and propose technological solutions developed in the UDW project.
Furthermore, we present an autonomy architecture that integrates these capabilities into a
modular and extensible autonomy system. The technological cornerstones towards fully
autonomous offshore drone logistics discussed in this work are as follows:

Mission and contingency management: We explore how behavior trees can be integrated
into the autonomy architecture to model the autonomous system’s behavior, sched-
ule the execution of onboard functions, and make discrete decisions throughout
the mission including the execution of contingency procedures in unforeseen or
unpredictable events.

Trajectory planning: Planning and re-planning trajectories for different phases of flight
is a key onboard capability to make autonomous operation more robust against
unpredictable events or changes in environmental conditions. We present a graph-
based planning algorithm for en-route trajectory planning and a motion planning
approach based on Model Predictive Control (MPC) that enables the drone to land
safely and precisely on the WTG despite significant wind gusts.

Flight control: The different flight phases require different types of setpoints provided by
the trajectory planner en-route and the motion planner for the landing maneuver.
We present a flexible controller architecture that is able to accept setpoints from
either one of the planners and design helicopter controllers for robust tracking of the
commanded trajectories.

Connectivity: The integration of the drone into the traffic and OWF data networks requires
the accessibility of the semantic data and also their interpretation and preparation to
support autonomous decision-making. We describe a communication management
component specific to the offshore drone logistics scenario.

Runtime Monitoring: We explore the use of runtime monitoring to detect mission- and
safety-critical events at various levels of the aircraft system to support autonomous
decision-making and maintain the safety of the operation.

Entry
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Figure 1. An example OWF drone delivery mission would have to navigate into the wind farm after
gaining permission from the OWF control room, select the most suitable route, plan a trajectory, and
safely land on the target WTG; adapted from [1].

As different capabilities emerge from different scientific disciplines with a longer or
shorter history of contributions, we achieve different levels of applicability. For example,
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classic flight control methods with a long history of research are closer to the application
than emerging research fields like runtime assurance, which is currently leaving the con-
ceptual stage. We understand that all necessary capabilities must reach a certain level of
applicability to realize an autonomous mission as envisioned in the UDW cargo transport
concept. Finally, we acknowledge that a use case such as the one presented in this work re-
quires a thorough consideration of safety and certification aspects based on the appropriate
regulatory frameworks. Therefore, while the methods we present in this paper are aligned
with the needs of safety-critical applications, we do not claim any additional safety benefits
nor do we pose this as a framework worthy of certification. Rather, it is simply intended to
be a proposal for integrating different capabilities together in a framework to enable highly
automated drone operations.

The remainder of this paper is structured as follows: Section 2 reviews the state
of the art in onboard autonomy capabilities, autonomy architectures, and autonomous
drone operations within the context of operating in offshore use cases. Section 3 presents
a functional architecture for an autonomy system, highlighting the key technologies for
autonomous execution of the offshore wind delivery mission. Sections 3.1-3.5 detail
individual functions and proposed technologies. Then, Section 4 discusses key insights and
open questions. Finally, we conclude and present future work in Section 5.

2. Related Work

Medial and scientific publications on the use and integration of drones within OWFs
document a state of the art in which autonomy does not yet play a major role. Medial
publications by Vattenfall in [2], Energy Denmark in [3], and DSV in [4] are good examples
of OWF operators or logistics companies involved in OWF maintenance, who currently
explore the possible benefits of drones to augment or replace other means of transport. All
mentioned sources refer to implementations of human-supervised drone delivery for either
short flights as a sky crane in [2] or prototypical long-range delivery as in [3,4]. Besides the
economical considerations for the use case, the technological focus in the aforementioned
works is on finding solutions to overcome the challenges of the harsh maritime environment.
In [5], Banaszak et al. demonstrate approaches for proactive mission planning of Unmanned
Aerial Vehicle (UAV) fleets used in offshore wind farm maintenance. However, their focus
is on solving the logistics problem of routing and scheduling the UAV fleet and abstracting
away from the actual technological capabilities of the drone. Their use of the term mission
planning is different from the one in our work—whereas they refer to the logistics planning
problem for the entire UAV fleet, we refer to the mission planning from takeoff to landing of
a single UAV. We also show how such a mission could actually be executed at the software
level on the drone.

To compensate for the lack of literature on autonomous offshore drone operations, we
look to other application domains such as urban drone delivery and military applications
for related work. First, we see that, similar to our work, other literature on Unmanned Air-
craft System (UAS) autonomy tends to address the topic from the perspective of a specific
set of challenges regarding the given use case. A comprehensive overview of urban drone
delivery use cases as well as technical requirements regarding autonomy in this context is
given by Zieher et al. [6]. Among the requirements also applicable to the offshore drone
logistics scenario are the need for suitable and efficient path-planning methods, monitoring
and decision-making with a focus on contingency procedures, precision landings, and re-
liable communication. Other requirements, however, such as environment perception
or multi-UAV coordination, seem less applicable to the use case addressed in this work.
An example of technical capabilities specific to the urban air delivery use case is given
in [7]. Here, Sheik Abdullah et al. present an autonomous drone delivery approach using
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one drone for the delivery and a second drone serving as a monitor. The drone tandem
is equipped with environmental perception sensors in order to explore the environment,
establish a feasible waypoint network, and mitigate potential collisions with moving objects
such as birds.

Autonomy has been addressed extensively by the rotorcraft community as well, par-
ticularly for the battlefield logistics problem. In response to the Autonomous Aerial Cargo
Utility System (AACUS) requirement from the Office of Naval Research (ONR), Lockheed
Martin and Aurora Flight Sciences both demonstrated technologies to automate rotor-
craft for cargo delivery in battlefield environments [8,9]. Lockheed Martin, in cooperation
with the Kaman Aerospace Corporation, deployed an unmanned K-MAX helicopter in
Afghanistan in 2011 and delivered “more than 4.5 million pounds of cargo over thousands
of delivery missions”. Continuing from the success of that program, Sikorsky (a Lockheed
Martin company) has been working with Defense Advanced Research Projects Agency
(DARPA) as part of the Aircrew Labor In-cockpit Automation System (ALIAS) program
since 2015. The project demonstrated resupply and casualty evacuation capabilities with an
optionally piloted UH-60A Black Hawk aircraft retrofitted with Sikorsky’s MATRIX™ au-
tonomy stack in three flights at the United States Yuma Proving Ground [10]. Unfortunately,
the details about technologies used in these projects are, to the best of our knowledge, not
available to the public.

However, details about the Tactical Autonomous Aerial LOgistics System (TALOS)
architecture developed in the AACUS program are accessible and have been published
extensively. In [11], the researchers present an overview of the TALOS unmanned cargo
delivery system developed in the project and demonstrated on the Boeing Unmanned
Little Bird H-6U (see [12]) helicopter. The stated goal of the work was “to create a retrofit
perception/planning /human interface system that enables autonomous take-off, flight and
landing of a full-scale rotary-wing aircraft to and from austere, possibly-hostile landing
zones, in a tactical manner, with minimal human supervision”. As such, the work closely
resembles our own interests and serves as an inspiration to develop an architecture that
can add autonomous flight capabilities to unmanned aircraft. However, there are a few key
differences. While the TALOS framework is meant to be used as a retrofit to existing manned
aircraft and therefore requires aircraft state automation to still be managed by the vehicle
management system, our framework intends to offer a fully integrated solution where
state automation is managed directly by the mission manager. The TALOS framework uses
a route planner to generate waypoints, while our trajectory planner does not need any
intermediate waypoints except the initial and final waypoints. In [13], Choudhury et al.
present their approach in the aforementioned TALOS project to planning safe trajectories
for autonomous helicopters from takeoff to landing. They integrate an ensemble of diverse
trajectory-planning algorithms to cope with different situations or flight phases. This
concept has been applied at a smaller scale in this work, using a dedicated planner for
en-route and landing trajectory generation. While Choudhury et al. demonstrate safe
sensor-based obstacle avoidance, this is not an anticipated requirement for the offshore
drone logistics use case or at least not one that needs to be dynamically planned. The typical
offshore delivery drone does not need to react to unforeseen terrain; the position of most
if not all fixed infrastructure (e.g., wind turbines, oil rigs) is well known and the only
dynamic obstacles are ships and other aircraft, which we assume to have cooperative
sensors for traffic awareness. Finally, due to the nature of the AACUS use case, the TALOS
system is meant to interact with and be managed at a high level by human supervisors
in the so-called roles of “field operators” and “air vehicle operators”. This necessitates
the creation of suitable interfaces and a human—machine interaction concept between the
autonomous drone and the operator, which is not necessary for the offshore delivery drone
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use case. In fact, the need for interaction with human operators can adversely affect the
scalability and commercial viability of our use case and is an important requirement driving
the end-to-end autonomous operation. Any interaction for gaining permissions to enter the
OWEF and land on the Offshore Wind Turbine (OWT) is handled by the OWF operator [1]
through an automated communication system. The reader can find further details on the
initial experimental results of this communication process in [1] and a conceptual outlook
is presented in Section 3.5 of this work.

In general, the above-mentioned works from the rotorcraft community focus on
augmenting flight control systems with a sense—plan-act loop, tightly integrating environ-
mental perception with trajectory planning and execution. As such, capabilities for discrete
decision-making and integration of other tasks such as communication management are
not addressed in detail. The development of more versatile autonomous systems is further
advanced in the robotics community, where autonomy research has been performed for
several decades. A comprehensive review of deliberation techniques for autonomous
systems can be found in [14]. Whereas early works on robotic architectures were driven
by the challenge of creating complex behaviors with limited computational resources [15],
layered architectures with a clear separation of deliberative decision-making, execution
of actions and functional capabilities have been widely adopted later on; see, e.g., [16].
More recently, so-called skill-based architectures have emerged as an effective approach to
handle complexity in robotics systems. For example, Albore et al. present an architecture
that links the system’s low-level functions with its high-level decision-making through
formally defined skills, enabling the application of formal analysis, model-checking, and
code generation [17]. In this work, we adopt the general concept of skill-based architectures
to compose onboard capabilities into an abstract set of skills.

The offshore drone delivery mission addressed in this paper imposes a specific set of
requirements towards autonomy and onboard capabilities. The mission scenario is mostly
pre-determined and static, however, with some dynamic aspects requiring autonomous
decision-making and reactivity, such as weather, other air traffic, and interactions with the
OWF operator. The autonomy framework presented in the next section is a compromise
between generality (e.g., for different use cases and aircraft configurations), modularity (e.g.,
to add new capabilities), and complexity (e.g., of the vehicle dynamics and the operational
environment) that is designed to enable safe and yet cost-efficient autonomous offshore
drone operations.

3. Autonomy Architecture and Framework

In the UDW project, a functional architecture for an onboard autonomy system was
developed to achieve safe autonomous mission execution, i.e., the self-reliant automated
transportation of goods to offshore wind farms without the necessity of human interven-
tion. This architecture does not represent a complete functional architecture of a specific
autonomous system, but it shows the interaction of a set of key onboard capabilities and
technologies required for autonomous flight in the offshore wind park delivery mission.
The architecture is depicted in Figure 2. It shows the functions of an onboard autonomy
system (in blue), their interaction with each other and also with an onboard safety system
(red), other aircraft functions (yellow) and the ground segment (green).

The mission and contingency management (MCM) implements mission-specific proce-
dures as well as high-level decision-making functionality. It exchanges information with the
communication system, e.g., requesting and receiving clearances before crossing airspace
boundaries. It receives highly aggregated information from a runtime-monitoring system
to support decision-making regarding the mission and flight phase sequence. Furthermore,
the information is used to trigger contingency procedures in case of certain events such as
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degraded flight performance, loss of link, failed landing attempts, or unexpected weather
conditions. The MCM also triggers trajectory-planning algorithms specific to the current
flight phase and manages the execution of planned trajectories. As a key technology for
designing and implementing the decision-making functionality within the MCM, behavior
trees are used. This is discussed in depth in Section 3.1.

The en-route trajectory planning computes flight routes from the onshore takeoff location
to the wind farm and back. It takes into consideration the aircraft’s cruise airspeed, fuel
reserves, wind forecast data and an offshore traffic network. En-route trajectories consist of
3D path segments with departure and arrival time annotations. Details on the sampling-
based approach to solve this planning problem are given in Section 3.2.1. In contrast to
this, a motion planner computes high-dimensional state space trajectories for the challenging
task of landing and releasing cargo on WTGs. Landing trajectories are updated with high
frequency throughout the landing procedure to guarantee a safe maneuvering in the vicinity
of the WTGs. The approach for landing trajectory generation is detailed in Section 3.2.2.
Algorithms involved in trajectory planning and optimization may not be real-time capable
or may be difficult to prove in terms of reliable functioning, convergence, and runtime
performance. In order to mitigate risks arising from the integration of such algorithms,
information about individual planning procedures is passed to the runtime monitor where
critical situations, e.g., exceeding computation times, are detected and passed on to the
MCM. If required, contingency procedures may be triggered to mitigate any operational
risks, e.g., by transitioning to hover and initiating the re-planning of the trajectory.

The flight control function enables the aircraft to fly along reference trajectories by
calculating and sending actuator commands to the aircraft’s actuation system. It requires
position, velocity, and attitude information from the navigation system at high frequencies.
Also, it reports the current tracking performance, i.e., the error margin within which a
given trajectory is tracked, to the runtime monitor. Details on the proposed design of
the flight control system are given in Section 3.3. In our work, the navigation system is
considered under basic aircraft functions as it is only considered to provide a reliable source
of aircraft state information. If it is determined that additional sensors (e.g., for relative
navigation) beyond the traditional integrated navigation solutions are required for the
autonomy framework to function, one could also envision including the navigation system
within the autonomy architecture.

The runtime monitor aggregates system and component state information into a Boolean
verdict, on which the decision-making within the MCM is based. For example, it may
monitor the tracking performance throughout the landing maneuver and decide whether
the tracking errors are within the intended limits or not, which in turn may trigger the
execution of a contingency maneuver. Additionally, it reports these signals to the safe
operation monitoring system which is located within the safety system separated from
the autonomy system. Like the runtime monitor, the safe operation monitor processes
its input signals based on a specification; however, its output is a single Boolean signal
used to activate a flight termination. Its purpose is to monitor the overall safety of the
operation. If the aircraft is about to leave its specified flight volume or exceed other
operating restrictions, the safe operation monitoring system triggers the safe termination
of the flight to minimize any risks that would arise from continuing the flight outside
the permissible operating limits. In Section 3.4, details on methods for designing and
implementing runtime and safe operation monitoring are described.

The communication system manages the exchange of information via wireless data links
with the Ground Control Station (GCS) but also with other communication partners such
as the wind farm operator, and possibly with ships or other drones. More details on the
communication system are given in Section 3.5.
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Figure 2. Architectural decomposition of key functions and systems involved in the autonomous
offshore wind park delivery mission.

Depending on the specifics of the operation, further functions may have to be in-
tegrated into the autonomy system that are not addressed in this work. For example,
detect-and-avoid functionality may have to be added depending on the applied regulations
and operational concept. Another example is sensor-based relative navigation for precision
landings, which may be required when absolute navigation is not sufficient. Although the
focus of this work is on the above-presented set of functions, the presented architecture
follows a highly modular, layered approach, commonly referred to as a skill-based architec-
ture in the robotics community; see, e.g., ref. [16]. With the MCM as the central entity for
decision-making and execution scheduling, the integration of additional functions as new
skills is straightforward.

3.1. Mission and Contingency Management

Nowadays, drones are usually able to automatically follow pre-planned, waypoint-
based missions from takeoff to landing. They are even able to switch between a fixed set
of alternate plans which are uploaded on the ground before takeoff. However, drones
still lack the ability to react to unforeseen events or challenging situations independently
of the remote pilot. Particularly, they are unable to perform robust strategic decision-
making on when to continue, modify, or abandon a plan in favor of an alternate plan.
Furthermore, this decision-making process has to be continuously performed in the context
of ongoing lower-level actions, e.g., trajectory following or avoidance of obstacles. Consider,
for example, the challenging maneuver of landing on an OWT. Even experienced human
pilots would have to closely monitor the aircraft’s progress towards the landing, keeping in
mind that a go-around may be required at any point during the maneuver if the aircraft
is not stable enough. At the same time, the pilot monitors the fuel level to ensure that
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a go-around can still be safely performed and enough fuel remains for a new landing
attempt. This kind of mission monitoring and decision-making is performed by the pilot
during the plan execution phase, with all contingencies procedurally determined before
the execution of the plan. The plan generation phase of decision-making, which happens
before execution or upon interruption of the execution process due to an infeasible plan, is
part of future work and not discussed in this paper. This work considers that there is no
need for online mission plan generation and any contingencies are procedurally built into
the plan execution framework.

In the context of the UDW project, some mission requirements need to be met by the
onboard MCM. First, the MCM should be capable of following a set of robust procedures
automatically. This ensures the safety of automated decision-making, as procedures can be
specified and validated a priori by the designer. Second, the MCM should be capable of
handling permissions from an external source, e.g., the OWF operator. This ensures safe
operation of the drone within the wind park. Third, the MCM should be capable of handling
denied permissions or system failures while retaining a high level of independence from the
remote pilot for link-loss scenarios. Beyond these mission requirements, some architectural
requirements also need to be considered. The MCM should implement a scalable yet easily
interpretable plan execution framework for the designer and/or operator.

As a suitable formalism to model and implement the system’s behavior including
the various phases of flight, decision points, and required actions, we propose the use of
behavior trees. Originating from artificial intelligence programming in computer games,
behavior trees have been well adopted by the robotics community and have been proposed
in the past as a tool for autonomous unmanned aircraft [18,19]. With behavior trees,
a system’s intended behavior can be decomposed into actions (leaf nodes of the tree),
sequences of actions and alternate actions (so-called fallback nodes). Leaf nodes may
have one of four states: inactive, running, success, and failure. At each time step, the tree is
traversed from top to bottom and from left to right, activating nodes until a leaf node is
found with state running. Additionally, decorator nodes are used to modify the returned
state value of nodes or subtrees underneath. Below, to showcase the applicability of
behavior trees to the scenario, we provide two examples of behavior trees that model
different flight phases of the offshore wind park delivery mission.

Figure 3 shows a behavior tree to model the drone’s behavior during en-route flight.
The behavior is simplified to illustrate the decision-making and action-scheduling capabili-
ties. The root node is a reactive fallback node that restarts activating child nodes from left to
right at each time step. This way, whenever there is a feasible trajectory (i.e., the condition
<trajectory ok?> returns true), then the two parallel actions <update tracking command> and
<analyze trajectory> are executed repeatedly unless one of them fails. Note that these actions
may run asynchronously to the traversal of the behavior tree and the activation of nodes.
If the current trajectory is judged to be <not ok>, e.g., there is a traffic conflict or a change
in arrival time is expected due to the current wind conditions, then the en-route flight
behavior will fall back to the <trajectory transition> behavior, which will make the drone
follow along the current trajectory for a few seconds before entering into a loitering pattern.
In parallel, the trajectory is re-planned until a new valid trajectory is available.

Figure 4 shows another example behavior tree for the landing maneuver. The drone
is given a finite number of landing attempts. During each attempt, the reactive sequence
<nominal landing> is executed first, which performs the landing while continuously mon-
itoring the maneuver performance and checking whether the landing clearance is still
ok. If any of these conditions fail, the <landing attempt> behavior falls back to execute a
go-around, which will guide the drone back to a safe state from which the next landing
attempt can be initiated.
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en-route flight
(react. fallback)

fly trajectory
(react. seq.)

parallel
continue trajectory re-plan trajectory
parallel (seq.)
update tracking update trajectory | |continue N sec.
command

loiter

trajectory ok?

Figure 3. Behavior tree for the en-route flight phase.

landing attempt
(fallback)

nominal landing
(react. seq.)

P —

[maneuver ok?] [clearance ok?] perform landing go-around
(seq.)

Figure 4. Behavior tree for the landing maneuver.

The offshore wind farm delivery mission is characterized by its flight phases, decision
points that are known a priori, e.g., entering the wind farm, during landing attempts,
and the need to possibly re-plan the trajectory within certain operational constraints.
The examples shown above demonstrate the expressiveness and composability of behavior
trees and give an indication of the applicability of behavior trees as a tool for modeling
and implementing autonomous behavior in this scenario. To make the modeled behavior
executable, implementations for the leaf nodes of the behavior tree must be provided that
interface with onboard capabilities, also referred to as skills in a skill-based architecture [20].
The following sections provide details on trajectory planning, flight control, and communi-
cation management, which form the functional layer on which an essential set of skills for
the addressed scenario can be implemented.
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3.2. Trajectory Planning

In the following, we present algorithmic solutions for two distinct trajectory-planning
tasks in the context of the offshore drone logistics scenario: planning trajectories for the
en-route flight phase and for the autonomous landing maneuver.

3.2.1. En-Route Trajectory Planning

Flight path-planning algorithms enable autonomous drones to anticipate and control
their flight movements in the future. For en-route flight to and from the OWF, coarsely
planned 3D flight corridors are sufficient to estimate time-of-arrival and to check whether
the flight path is clear of traffic obstacles. The en-route planning scenario, depicted in
Figure 5, is characterized by a set of specific requirements:

* Flying over the North Sea to and from the OWF, the drone should follow traffic
patterns and existing routes used by manned helicopter operations to simplify the
airspace management and avoid potential conflicts.

*  Arrival time windows must be planned ahead to coincide with deployment of person-
nel in order to minimize shutdown times of individual WTGs. Consequently, flight
time and arrival time estimates should be accurate to the minute considering wind
forecast data.

* Asservicing and refueling the drone at the OWF should not be part of the nominal
operation, sufficient fuel reserves for the return flight must be accounted for.

¢ Re-planning should be possible within a few seconds with onboard computers, en-
abling the drone to react autonomously to incoming traffic information, changes in
wind, or other unexpected events.

An algorithmic framework aiming to satisfy these constraints was developed in the
UDW project [21]. It is based on the authors’ line of work regarding the application of
the Probabilistic Roadmap Method (PRM) and its derivatives [22,23] for runtime-efficient
onboard path and trajectory planning for autonomous drones. The key concept of PRM is a
heavily pre-processed cyclic search graph, which allows the inclusion of all prior knowledge
about the scenario in a form accessible to runtime-efficient graph search algorithms. Hence,
it is well suited for online planning in mostly static and pre-determined scenarios where
runtime is critical and sufficient a priori knowledge is available. Given the offshore logistics
scenario with its above-mentioned requirements, PRM is a suitable approach for planning
en-route trajectories. In previous work, it has been shown that PRM is a suitable approach
for online re-planning of the flight path of unmanned helicopters [24], and for planning
trajectories that account for the prevailing wind [25]. More recently, the approach has been
modified to account for time-varying cost functions [26]. This represents a key ingredient
to account for wind forecast data, i.e., wind fields varying over space and time. Below is a
brief summary of the approach for the en-route trajectory planning proposed in [21].

Whereas with PRM, the search graph is typically constructed via quasi-random sam-
pling, the offshore traffic network is used as the basis for the search graph here. It is,
however, extended by quasi-randomly sampled regions to extend the search graph towards
the onshore service station and into the offshore wind farm. Flight time is used as the cost
function to be minimized which—assuming that the en-route segment is flown at constant
cruise airspeed—also serves as an indicator for fuel consumption.

Given a wind field from a weather forecast model, the flight time along each edge
of the search graph is computed throughout the time window targeted for the flight at a
limited resolution, e.g., every 10 min. The resulting search graph can be queried for optimal
trajectories with a slightly modified A* search graph algorithm that accounts for the flight
time when querying edge cost as described in [26].
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In order to adhere to pre-planned arrival time windows and to consider the return
flight as well, each planning procedure consists of two graph search runs: the trajectory
to the OWF is planned backwards from the OWF and from the fixed arrival time to the
takeoff location, whereas the return flight is planned forward from the OWF and from a
point in time shortly after the scheduled arrival time.

Benchmark results, as presented in [21], indicate good runtime efficiency with typical
runtimes of approximately ten seconds. Considering the coarse nature of the planned
trajectories, this runtime is sufficient to react to changes in weather forecast data, target
WTGs or allowed traffic network paths. To further decrease runtimes, the search graph
size could be limited by reducing the size and sampling resolution within the quasi-
randomly sampled regions. Hence, this algorithmic approach provides a suitable solution
for the planning and online re-planning of en-route trajectories in the offshore logistics
scenario. For the en-route flight phase, coarsely planned 3D flight corridors with airspeed,
ground speed, and flight time estimations suffice. To perform precision landings on WTGs,
more fine-grained motion planning is required, taking into account the aircraft dynamics,
as described in the next section.

Traffic
Network

-
-~

p.
°
\

WindFarm

5§ kg

Service - N
Station

Figure 5. En-route trajectory-planning scenario from the onshore service station to the OWF with the
search graph (green) and planned trajectory (yellow) [21].

3.2.2. Motion Planning for Safe Landing

The ability to safely land is a vital skill when operating in remote offshore environ-
ments. Apart from enabling the drone to unload cargo on wind turbines or other offshore
infrastructure, the ability to land also opens the possibility to refuel and to perform emer-
gency landings on unprepared sites or ships, thus avoiding the loss of the drone and cargo.
In contrast to en-route trajectory planning, a landing maneuver requires a trajectory which
considers the system dynamics in order to control the flight motion precisely. In order
to ensure that the drone safely reaches the landing pad, constraints on position, velocity,
and attitude must be enforced during the whole maneuver. We therefore need a method
for trajectory planning that optimizes over full-state trajectories. Furthermore, high wind
speeds and turbulence induce uncertainty into the system, making robustness a key re-
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quirement of the landing algorithm. To tackle these problems, we employ a particular kind
of MPC with robustness guarantees in the face of external disturbances.

MPC is a versatile tool that is predominantly used to control systems with state and
input constraints. By predicting the trajectory of the system over a given finite time horizon,
an input trajectory is optimized online such that the constraints of the system are met
during this prediction horizon. This is carried out at every time step, i.e., an input trajectory
with a given prediction horizon is computed from the currently measured state and only
the first input is applied to the system. Usually, the performance and stability of the MPC
depend on the length of the prediction horizon and are difficult to prove in many cases.
However, specialized formulations exist [27] that ensure the stability of the controller by
enforcing the last state in the prediction horizon to lie in a given region called the terminal
set. The main drawback of this method is that this terminal set must contain an equilibrium
of the system, e.g., a hover for VTOL UAVs. However, we must be at a specific region
with a certain downward velocity at the end of the landing maneuver to ensure a safe
touchdown, which is unfortunately not an equilibrium.

In this work, we therefore integrate the MPC formulation proposed in [28] which
utilizes shrinking prediction horizons, i.e., the horizon length is decreased at every time
step. This approach guarantees the safe completion of the maneuver in finite time without
any equilibria in the target set, which is not the case for constant horizon formulations such
as [29]. In other words, planned trajectories must not necessarily end in a hover, but can
instead include non-stationary states like a descent with a specified velocity. This allows
for more dynamic landing maneuvers, reducing time-to-land and thus fuel consumption
while also providing constraint satisfaction guarantees until touchdown. While this is
also possible using polynomial trajectory generation methods [30], they lack robustness
guarantees and require iterative refinement of segment times and intermediate waypoints
to satisfy dynamic constraints. The proposed approach in [28] however utilizes a tube-based
MPC formulation that can provide these guarantees even in the presence of uncertain-but-
bounded disturbances acting on the UAV [29], thus mitigating the influence of turbulent
winds. This is achieved by employing an auxiliary controller that keeps the true system
in the vicinity of a nominal trajectory generated by the MPC. In this work, the outer-loop
controller in Section 3.3 doubles as the auxiliary controller. In contrast to the robust variable
horizon strategy proposed in [31], the shrinking horizon MPC problem can be cast as a
quadratic program, thus lending itself to efficient off-the-shelf solvers which also support
embedded application. In our desktop experiments, we achieved average computation
times of approximately five milliseconds for a horizon of 300 steps and ten decision inputs
without any code optimization (see [28] for details). Considering a sampling time of 20 ms
for the outer-loop controller, this runtime would suffice for real-time usage.

The model used for trajectory planning consists of three separate 3rd-order integrator
chains representing the position, velocity, and acceleration in the heading-fixed x, y, and z
directions, which are defined to align with the North-East-Down frame for a yaw angle of
zero. Several UAV configurations may be translated into such a model structure, such as
multicopters [32], helicopters [33], and other VTOL UAVs [34]. In this work, we consider a
helicopter which is transformed into integrator form by pre-stabilizing the attitude states
and feedback-linearizing the translational dynamics as in [33].

The MPC algorithm requires certain conditions to be met before it can be properly
executed. In the following, we describe its integration into the autonomy architecture as
well as its interaction with the MCM and the runtime-monitoring system.

For the successful execution of the algorithm, the landing target must be reachable
within the prediction horizon of the MPC. It follows that the allowable distance from the
landing target in which the MPC can be activated depends on the prediction horizon length.
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Although the approach in [28] is designed to deal with very long prediction horizons,
planning trajectories with more than ten seconds of prediction time are likely not realizable
on current onboard hardware setups. Therefore, there exists a region around the landing
target within which the MPC can be engaged. Using optimization, it is possible to obtain a
target waypoint within this region to which the en-route planner may connect as its last
node. Thus, the en-route planner leads the UAV towards a suitable starting point for the
MPC to take over, ensuring a seamless switch between the trajectory-planning modules.
Additionally, before engaging the landing, the heading of the UAV must point in the general
direction of the landing target. Therefore, the generated waypoint also defines the target
heading. If all conditions for the execution of the landing algorithm are met, a flag is
sent to the runtime monitor to signal its availability. After the maneuver is then initiated
by the MCM, the landing trajectory is continuously re-planned at a given frequency in
order to better compensate for deviations from the planned trajectory and to obtain better
optimization results the closer the target gets. For more details, we refer to the section on
move blocking in [28].

Even though the MPC algorithm provides theoretical guarantees, it requires assump-
tions about the disturbance bounds during operation. To monitor if these assumptions
hold, a disturbance observer can additionally be deployed to report estimated disturbances
during operation to the runtime-monitoring system. Another indicator that the true system
violates assumptions made during the design is trajectory-tracking performance. Therefore,
the UAV’s deviation from the nominal trajectory is also monitored. If the monitor detects
one of these violations, the theoretical guarantees of the MPC will no longer hold. However,
this does not necessarily mean that the optimization fails and a safe landing is impossible.
Thus, in this case, a warning flag is sent to the runtime monitor as it might be possible to
recover from a temporary violation. When the execution of the MPC is resumed despite
the warning and the optimization becomes infeasible, an error flag is sent to the runtime
monitor. The MCM must then decide whether to force the landing via the previously
planned trajectory or abort the landing attempt by initiating a go-round.

With this approach to planning landing maneuvers and the en-route trajectory plan-
ning from Section 3.2.1, suitable motion-planning methods are available to meet the require-
ments of all flight phases in the offshore logistics scenario. To actually execute the en-route
trajectories and landing maneuvers, a flight control system is required, as described in the
next section.

3.3. Flight Control

The role of the flight controller is to enable the UAV to fly along reference trajectories
that have been planned for specific flight phases, rejecting any external disturbances and
handling the vehicle’s inherent flight dynamics. For this study, we consider a helicopter
configuration. The controller architecture which resembles an inner—outer-loop structure
is shown in Figure 6. The outer-loop controller is responsible for tracking a desired
trajectory characterized by a local North-East-Down (NED) reference position p, and
velocity v, as well as a feedforward acceleration a,. Depending on the currently active
trajectory-planning mode, these references are either provided by the landing planner
(see Section 3.2.2) or generated by a command filter from velocity and yaw rate setpoints
provided by the en-route planner (see Section 3.2.1). The inner-loop controller tracks
the pitch 6,, roll ¢,, and yaw rate r, commands generated by the outer-loop controller.
Additionally, the outer controller provides a feedforward acceleration a%, to control the
heave motion of the helicopter. The inner-loop controller sends longitudinal and lateral
cyclic, pedal, and collective inputs (dy, dy, dp, and dp) to the servo motors. In the following,
each part of the controller architecture is described in more detail.
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Figure 6. Helicopter control architecture, composed of an inner-loop controller for attitude tracking,
an outer-loop controller, and a command filter to smooth out setpoint changes.

3.3.1. Outer-Loop Control

During landing, the outer-loop controller must be able to track trajectories generated
by the MPC. The reference passed to the outer controller is thus given by the state vector of
the MPC model, i.e., references for NED position p;, velocity v,, and acceleration a,, which
is also going to be passed as a reference to the outer-loop controller. Additionally, a yaw
reference 1, is provided. In order to track these references, we consider the outer-loop
model proposed by [33]:

0
0

B
z

0
a=—R(¢,0,¢) + 10|, r=uy, 1
a 8
where R(¢,6, 1) is the rotation matrix, g is the gravitational acceleration, and a? is the
body-fixed acceleration reference which is controlled using the collective input éy. Finally,
uy is the desired yaw rate. This outer-loop model is a common starting point for most
helicopter control approaches found in the literature. In [35], Isidori et al. designed nested
saturated outer feedback laws the synchronization with the sinusoidal heaving motion of a
ship. Fixed-time sliding mode laws are employed in [36] to achieve fast convergence while
guaranteeing robustness to external disturbances. In [37], robustness is achieved using
Incremental Nonlinear Dynamic Inversion, a sensor-based approach where acceleration
measurements from an inertial measurement unit are used to compensate uncertainties
and disturbances. In this work, however, we employ a rather simple control scheme
where a nonlinear flatness-based transformation is used to relate a desired acceleration
a; to the reference commands ¢, 6,, and af. The yaw angle i can then be controlled
independently to track a reference yaw angle 1, as the desired acceleration a; does not
specify the orientation of the UAV. For more details, we refer to [33]. This approach allows
us to design linear controllers acting on the acceleration and yaw rate, which are easy to
implement and lend themselves to optimization-based tuning (see Section 3.3.3). This is in
contrast to the previously mentioned approaches where proper tuning is non-trivial and
can be fairly risky when conducting flight tests. Furthermore, a simple controller structure
greatly simplifies the construction of the tubes [38] needed for the proposed robust MPC
approach. Thus, we employ linear controllers for a; and uy. We design a Proportional-
Integral-Derivative controller for a; and a Proportional controller acting on the polar error
e(y,p,) for uy, both with feedforward terms a, and r;, respectively. Specifically, we choose
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where K, Ky, and K; represent the gain matrices for position error, velocity error, and ve-
locity error integral, respectively, and Ky is the yaw error gain.

3.3.2. Command Filter

For the outer-loop controller design, we assume that a full-state reference with feedfor-
ward commands is available. In the case of no disturbances, the feedforward acceleration
would ensure that the helicopter follows the desired position and velocity exactly. Thus,
the feedback terms are only active if there are deviations from the assumed model. There-
fore, the corresponding gains are mainly tuned for disturbance rejection performance,
as only small deviations from the reference position and velocity are expected. The en-route
planner however provides velocity and yaw rate setpoints to the controller, which are
not dynamically consistent with the outer-loop model in Equation (1). This may lead
to much higher velocity errors than in the trajectory control case, causing an aggressive
response from the controller. In order to decouple the response to setpoint jumps from the
disturbance rejection response, a command filter is employed to smooth out the desired
velocity given to the controller and provide it with the necessary feedforward acceleration,
ensuring dynamically feasible references. Furthermore, the command filters ensure that
given acceleration and yaw rate bounds are satisfied.

This approach offers helpful advantages: First, the controller structure remains the
same for both path following and trajectory tracking, so only one set of controller gains
is required. Second, we assure dynamically accurate and therefore seamless transitions
between path-following and trajectory-tracking mode by seeding the command filters or
trajectory planners with the current reference position and velocity.

3.3.3. Inner-Loop Control

Autonomous aircraft must operate with precision, reliability, and safety. Therefore,
clear, measurable, and verifiable requirements on the flight control system have to be
formulated. Aerospace specifications such as MIL-STD-1797, ARP94900, and ARP94910
define recommended practices and industrial standards that are considered safe and
suitable for the design, installation, and test of flight control systems [39-41]. In this
context, a general overview of the most important criteria within a requirement-based
flight controller design is given by Table Al in Appendix A. Among these criteria, it is most
important to guarantee that the required stability margins are achieved while still providing
a sufficient tracking performance and decoupling of the different control channels. This
typically leads to a trade-off between robustness and performance in the controller design.

To meet the desired requirements, different kinds of control design methods can be
applied. Most widely used in the context of flight control are for example eigenstruc-
ture assignment [42], model reference adaptive control (MRAC) [43], loop shaping [44],
Heo control [45], and p synthesis [46]. Eigenstructure assignment allows us to shape the
response behavior as well as coupling effects in the time domain by a suitable choice of
eigenvalues and eigenvectors. However, this method requires full-state feedback, which
is problematic for helicopter UAVs since flapping angle measurements are usually not
available. For systems with uncertain parameters, adaptive control such as MRAC can
be applied to achieve desired closed-loop behavior. However, the method’s robustness
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highly depends on the tuning of the adaptation gains and full-state feedback is required
as well. Frequency-based methods such as loop shaping and He control allow us to di-
rectly consider important characteristics like gain and phase margins as well as controller
bandwidth. While loop shaping is hard to tune, the Hc control problem can be formu-
lated as an optimization problem, making it very attractive to achieve multiple design
criteria. Within the H.-based optimization, disturbance signals and wind can be defined,
enhancing the performance of the controller under uncertain conditions. In addition, loop
shaping and He can be applied to tune given controller structures such as simple Pro-
portional-Integral-Derivative (PID) controllers, enabling output feedback and therefore
avoiding the design of additional observers. As an extension of H methods, y synthesis
allows us to explicitly model uncertainties and to design controllers that are especially
robust with guaranteed robust performance and robust stability.

The inner-loop controller design for the helicopter used in this work is illustrated in
Figure 7. A He approach with multiple design goals is applied to achieve the desired
performance and robustness criteria. We apply single-axis control for the channels of pitch
6, roll ¢, yaw rate r, and heave velocity w. This reduces the number of optimization param-
eters and simplifies the manual adjustment of controller parameters in flight experiments.
For each axis, a PID feedback controller with a feedforward term is applied. To avoid
oscillations in the pitch and roll channel, we apply additional damping by feedback of the
roll and pitch rates. Finally, we apply phase-lead and phase-lag elements to achieve the
desired robustness. Depending on the specific dynamics of the helicopter UAV, it might
also be necessary to add notch filters [47] to avoid feedback loop excitation of rotor-induced
vibrations. Details on the controller design can also be found in [48].
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Figure 7. Helicopter controller tuning based on multi-objective optimization.
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3.4. Runtime Monitoring

Technical solutions to realize onboard capabilities for autonomy always rely on a set
of assumptions about the system itself or its operating environment. Consider, for example,
the intensity of wind disturbances and resulting flight control performance when landing
on a WTG. Also, there may be performance requirements of individual functions that
cannot be verified a priori, such as runtimes of complex planning algorithms. Finally,
hardware or software failures can cause individual components to malfunction and af-
fect the overall behavior of the system. Runtime monitoring involves building monitors
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that detect misbehavior of individual functions or at the system level during operation,
ie., in flight. The concept of runtime monitoring is relevant in the context of runtime
assurance architectures, where a complex function which may not be developed to the
required assurance standards is secured by a safety net of runtime monitors and recov-
ery functions. The runtime assurance architecture paradigm has been formalized by the
American Society for Testing and Materials (ASTM) International in the standard practice
ASTM F3269-21 [49]. A more detailed discussion of the standard practice, its impact on
certification aspects, and application to assure the safety of operations for highly automated
cargo delivery drones is available in [50]. Hence, runtime monitoring is a key technology to
make autonomous systems more robust and resilient against technical failures and adverse
operating conditions.

In [51], we introduced a hierarchy of monitoring properties for autonomous systems.
This hierarchy includes five levels, listed in ascending order of abstraction: item level,
system level, aircraft level, mission level, and operation level. The requirements of the flight
controller are examples of item-level and system-level requirements. Another example is
the monitoring of disturbance assumptions introduced by the landing MPC approach in
Section 3.2.2. An example of an aircraft-level requirement is that when an altitude increase is
commanded, it must be observed within three seconds. While these levels are widely applicable
to many cyber-physical systems, the mission level and operation level are particularly
important for autonomous systems. The mission-level requirements ensure that the planned
mission is executed as expected. At the operation level, requirements ensure that the
executed mission remains within its defined operational limits. For instance, these include
flight rules and the temporal progress and deviation of the planned trajectory. In this
context, the European Union Aviation Safety Agency (EASA) recently introduced the
concept of the Operational Design Domain (ODD) and Out-of-Distribution (OOD). The
idea of the ODD is to define “Operating conditions under which a given Machine Learning
(ML) constituent is specifically designed to function as intended” [52]. These concepts were
introduced in the context of ML; however, they can be utilized in the same way in the context
of autonomy to define “Operating conditions under which a given autonomy function
is specifically designed to function as intended”. The definition and characterization of
the ODD is still an ongoing research process; a data-centric approach and data design for
ODD were recently shown [53,54]. By monitoring such conditions, it can be assured that
the ML constituent or the autonomous functions are correctly operated in the assumed
conditions [55]. In the context of the UDW mission, additional requirements at this level
include wind, weather, time of day, and spatial operational constraints known as geofences.
These concepts are aggregated under the umbrella term of Safe Operation Monitoring,
as characterized initially by Torens et al. in [56] for a geofencing monitor and later from an
algorithmic perspective by Schirmer et al. in [57].

Our monitors serve two functions: first, providing feedback to the MCM and second,
initiating flight termination when necessary. Both monitors are depicted in Figure 2,
where runtime monitoring implements the first function, while safe operation monitoring is
responsible for the second. The safe operation monitor is critical to ensuring overall safety
and, as such, represents the key safety-critical function. To maintain independence from
the autonomic system, the safe operation monitor and the flight termination system run
on dedicated hardware. It should be noted here that the actual safety criticality and
independence/redundancy requirements of the runtime monitor and the safe operation
monitor would need to be determined for each use case separately considering the actual
risk of the operation and the corresponding regulatory framework. With respect to their
software implementation, we investigate the use of monitoring specification languages.
These languages offer dedicated operators that simplify specifying more complex properties
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that arise from autonomous systems compared to handwritten code. After the specification
is written, a corresponding monitor is automatically generated that checks for violations.
For example, the requirement—after receiving a command (cmd) for takeoff, the aircraft must
reach an altitude of 600 feet within 40 s—is expressed concisely by

O((cmd = takeoff) — Qo 40] (altitude > 600 ft)). 4)

Here, the operator [] denotes that a property must always hold, while ¢ states that a
property must eventually hold. In this example, ¢ is bounded to eventually hold within
40 s, while J is unbounded and must therefore hold during the whole flight. In [51], various
specification languages are compared, while [58] introduces the specification language
Temporal Behavior Trees. This language retrofits specifications to behavior trees, such as those
shown in Figures 3 and 4. An introduction to this field of research is given in [59].

3.5. Connectivity and Communication Management

Connectivity is a key ability for autonomous offshore drone operations as information
must be exchanged between multiple stakeholders: the drone itself, the Ground Control
Station, the wind farm operator, and other sea and air traffic participants. Hence, onboard
communication management provides an interface to multiple communication channels
and manages the corresponding information flows. The need for information exchange
and possible technical solutions are discussed in detail below.

The procedure for an autonomous drone to enter the airspace of an offshore wind
farm and prepare to land on a WTG, as shown in Figure 1, is a prime example of the
connectivity requirements. Specifically, the autonomous drone, as an asset for which the
drone operator is responsible, must exchange information with the offshore wind farm
operator and the wind turbine. The wind farm is a restricted air space, as it is an energy
production infrastructure. Entering this air space requires approval from the wind farm
operator (Art 3 3. §21h LuftVO [60] in conjunction with EU regulation 2019/947 [61]). Since
the wind farm operator has an overview of other ongoing and planned activities within the
wind farm, the operator can determine if shutting the wind turbine down for delivery is
possible and reasonable. By approving entry, the wind farm operator also communicates
their intention to stop the anticipated wind turbine in our example. On the other hand,
the wind turbine provides valuable, up-to-date information required for a safe landing,
such as the status of the wind turbine, including a ready-to-land signal to the drone and
the orientation of its nacelle, as well as the current measured wind speed.

We distinguish two abilities that an autonomous drone needs in our context. First,
the drone needs connectivity as a technical ability to communicate with the offshore wind
farm operator, wind turbine, and the GCS. Second, the drone needs the ability to process
incoming and outgoing information as an interface to other autonomous functions. These
abilities are implemented by the communication management (CoM) system. Information
processing tasks vary in complexity. Converting an external to an internal data format
is a simple task if the formats are easily processable like variables encoded in JavaScript
Object Notation (JSON). However, converting, processing, and interpreting received data to
abstract information like a “flight approval” are of higher complexity. External to internal is
a translation between data formats and their encoding established by different participant
groups. The communication medium and data producer can strongly influence external
data formats. In contrast, developers of autonomous abilities, and hence data consumers,
influence internal data formats. Both groups can differ in their interests. Furthermore, CoM
creates information by processing and interpreting numerous received data pieces. Hereby,
it allows other system capabilities to function on a more abstract level of data. In our
context, CoM handles “flight approval” and “landing clearance” as essential information,
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which are primarily used by the MCM. Flight approval includes the permission to enter the
wind farm and the wind farm operator’s promise to stop the target wind turbine. Landing
clearance indicates that the wind turbine is prepared for a safe landing.

Figure 8 outlines the delivery process and the CoM’s tasks. Before entering the wind
farm as depicted in Figure 8a, the autonomous drone must obtain approval. CoM receives
information on the target wind turbine from the MCM. Now, CoM formulates and sends a
specific approval request to the wind farm operator. Once it receives the approval, CoM
delegates it to the MCM, and the delivery mission can progress to Figure 8b. Meanwhile,
CoM holds the approval information active and constantly checks for a change. Further-
more, it automatically aggregates data pieces to essential information on landing clearance.
The landing clearance indicates a landing is safely possible based on communicated data
from the wind turbine, i.e., the wind turbine is ready and prepared for the landing. For that,
the turbine’s rotor speed must be below a threshold to indicate a positive landing clearance
to the MCM, as depicted in Figure 8c. Depending on the landing procedure, the nacelle’s
position may have to be perpendicular to the current wind direction. This is considered a
safe position also used for manned helicopter landings as it allows for landing attempts
to be aborted by flying into the wind, quickly gaining altitude. This is also referred to as
the hoist mode of the turbine. The turbine’s status, including rotor speed, the nacelle’s
orientation, and hoist mode status, is received and processed by the CoM. Additionally,
CoM collects data such as the current wind speed, which serve as inputs to other auton-
omy functions. Once the drone has finished its delivery and exits the wind farm, CoM
formulates another request to the wind farm operator to end the approval, signaling that
the turbine can start again, cf. Figure 8d.
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Figure 8. Delivery process towards the wind turbine with essential information provided to the MCM
by CoM in four stages (a-d). On approach in (a), no approval exists, and a distance of more than
100 m has to be maintained. In (b), approval exists, which results in communication with the turbine
and the stopping of the rotors. A positive landing clearance in (c) indicates that the turbine has
stopped and is ready for the approach. Communication is maintained until the delivery is finished,
and CoM ends the flight approval once it leaves the authorization area in (d).

We implemented an instantiation of our described communication management in an
experimental setup and validated it in an onshore flight test. All data were shared in a JSON
text format over a Message Queuing Telemetry Transport (MQTT) broker. For example,
the approval request was formulated as a textual status field and could be accepted or
denied with a dialog button press on the wind farm operator side. Donkels et al. [1] provide
experimental details of an onshore flight test with the unmanned helicopter superARTIS,
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which is operated by DLR as a research testbed and has an approximate maximum takeoff
mass of 90 kg.

4. Discussion

In this section, we discuss our choice of technologies, architecture pattern, the de-
velopment and integration status of the different functions in the autonomy framework,
the use of this architecture in a safety-critical context, and finally the scope of the planned
future work.

4.1. Assessment of Technological Choices

It is to be noted that the complete functional chain of the proposed autonomy frame-
work is yet to be demonstrated. However, individual technologies presented in this work
seem suitable as tools to solve the respective tasks. Behavior trees provide a rich and
composable formalism to model autonomous behavior and decision-making. Given that
the overall course of the offshore cargo mission is pre-determined with fixed decision
points and strict procedures, we believe the onboard mission and contingency management
could be modeled within a single behavior tree without the need for further task-level
planning and decision-making algorithms. This approach may have to be revisited for
more complex mission scenarios. Regarding trajectory planning, the need to use different
algorithmic approaches for different phases of the flight has become evident. In this work,
we propose a graph-based algorithm for the en-route flight phase and an MPC-based
approach for the landing maneuver. We show that flight control design can be realized with
well-established and understood methods. However, it is important to note that a robust
controller performance is the foundation for safe autonomous flight and therefore must be
thoroughly designed according to state-of-the-art principles. Connectivity is more of an in-
frastructural challenge than a technical one to solve from an onboard perspective. However,
a good integration of the cargo drone with the offshore logistics system requires clearly
defined procedures and a tight integration with the onboard decision-making. Finally,
runtime monitoring can enhance the robustness and safety of the autonomous operation,
and potentially reduce the effort required for the verification of complex onboard functions.

4.2. Discussion of the Autonomy System Architecture

The use of behavior trees for mission management allows us to move away from
traditional hierarchical finite-state machines. Also, the use of behavior trees lends itself
to integration in skill-based architectures as commonly used in robotics to aggregate and
separate functional capabilities in a hierarchical manner across different layers. The use
of a skill-based tiered architecture allows us to separate the different functions at a layer
level, e.g., a deliberative layer for mission management (see Section 3.1), executive layer
for skill management, and functional layer for basic autopilot. Skill management, in the
context of this work, refers to the management of advanced skills such as en-route trajectory
planning (see Section 3.2.1), safe landing planning (see Section 3.2.2), and advanced flight
control functions (see Section 3.3). The interfaces between these functions can be managed
in a modular manner across the layers and within the layer, allowing for independent
development and testing while being capable of integration in the autonomy framework.
The capabilities of runtime monitoring (see Section 3.4) and communication management
(see Section 3.5) are currently not strictly allocated to a specific layer within the architectural
framework. Communication management has a significant influence on the decision-
making capabilities and therefore is likely to be allocated to the deliberation layer, as a
primary input to MCM. As described briefly in Section 3.4, the capability consists of multiple
hierarchically ordered monitors at the item, system, aircraft, mission, and operation levels.
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Therefore, the allocation of these monitors will be made in accordance with the appropriate
abstraction level in the three architectural layers. For example, the operation-level monitor
could be allocated to the deliberation layer due to its impact on mission management,
while the system-level monitor could be allocated to the executive (skill) layer as part of a
modular system reconfiguration capability.

4.3. Discussion of Safety and Assurance Aspects

The use case presented in this work is safety-critical in the sense of the expected high
operational risk. This risk arises from the criticality of the infrastructure around which
the drone needs to operate, the ecological impact of a potential crash in the sea, as well
as ground and air risk to other participants in the maritime environment (e.g., manned
helicopters, shipping operations). These risks require the drone to be robust against system
or sensor failures as well as the harsh environmental conditions (e.g., salt spray, humidity
and precipitation, strong winds). This work partially addresses one of these aspects, i.e., the
robustness of the flight controller to disturbances (see Sections 3.2.2 and 3.3). The runtime-
monitoring approach described in Section 3.4 also indicates how system or sensor failures
as well as anomalies in flight behavior could be detected in a timely manner. However,
a discussion on the robustness of the airframe and avionics against the other environmental
conditions is not in the scope of our work. Moreover, while we showcase the suitability
of behavior trees for mission and contingency management, we do not show how the
actual planning algorithms behind it work or how the system deals with system failures
or other unforeseen circumstances during the operation. This will be published in future
work on the mission and contingency management system, with this work merely posing
behavior trees as a suitable tool for housing this functionality. The en-route trajectory
planner described in Section 3.2 can consider ground risk constraints as well as temporal
and spatial air risk constraints, which addresses further aspects of safe operations. However,
while our autonomy framework and architecture consider safety through the provision of
certain capabilities to deal with the operational environment, our work does not address
architectural or system safety concerns. To do so would exceed the scope of this paper by
a wide margin. Furthermore, the regulatory guidance in this regard is still evolving and
means of compliance to applicable regulation [61] are still being developed by industry
and the certification authorities. We therefore do not make any claims of safety on behalf
of the architecture itself. We discuss certification aspects specific to the topic of runtime
monitoring in Section 3.4. However, here, we refer to prior work [50] as well as an industry
consensus standard [49] for a more detailed review of these aspects and, in particular, on the
architectural allocation of safety and development assurance targets for the constituent
systems in such an architecture.

4.4. Current State of Integration and Future Work

In this work, we showcased the overall framework and the constituent modules at
varying levels of detail. At the time of this publication, we are working towards the inte-
grated testing of all the modules together. Preliminary interfaces have been defined for the
en-route trajectory planner and the safe landing planner. An integrated testing of the two
modules has also been carried out in simulation for a nominal case, i.e., en-route trajectory
planning, flight along the planned trajectory, transition to the safe landing planner, and a
safe autonomous landing on the simulated WTG. The next step is to refine the interfaces
between the mission management module and the trajectory planners. Preliminary in-
terfaces for the mission management module to request a constraint-satisfying trajectory
between two waypoints from the en-route trajectory planner are well understood and a
fast-time simulation is being developed to test this interface. In future work, we plan to test
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in simulation and flight testing, with the integration of all the modules for a representative
use case such as the one depicted in Figure 1. A typical validation process would include
the definition of a benchmarking scenario with distinct test cases.

5. Conclusions

In this paper, we have presented an autonomy architecture and framework for au-
tomating the delivery of goods in offshore wind parks using UAVs. We detailed its key
components: a mission and contingency management that coordinates the mission and
follows contingency procedures in response to safety risks; the en-route and landing trajec-
tory planners that generate trajectories executed by the flight controller for the respective
task; runtime monitors that check the correct and safe conduct of flight; and a dedicated
communication management system that ensures the seamless coordination with the OWF
operator and the offshore cargo logistics services. Finally, we discussed the steps toward
integration and flight tests as well as future work towards the deployment of autonomous
unmanned aircraft in offshore wind farms.
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Abbreviations

The following abbreviations are used in this manuscript:

AACUS  Autonomous Aerial Cargo Utility System
ALIAS  Aircrew Labor In-cockpit Automation System
ASTM American Society for Testing and Materials
CoM Communication management

DARPA  Defense Advanced Research Projects Agency
EASA European Union Aviation Safety Agency

EEZ Exclusive Economic Zone

GCs Ground Control Station

GNSS Global Navigation Satellite System
ICAO International Civil Aviation Organization
JSON JavaScript Object Notation

MCM Mission and contingency management
ML Machine learning

MPC Model Predictive Control

MQTT  Message Queuing Telemetry Transport
ONR Office of Naval Research

OWF Offshore wind farm

OWT Offshore Wind Turbine

PRM Probabilistic Roadmap Method
TALOS  Tactical Autonomous Aerial LOgistics System
UAS Unmanned Aircraft System

UAV Unmanned Aerial Vehicle

UDW Upcoming Drones Windfarm

VTOL Vertical Takeoff and Landing

WTG Wind Turbine Generator

Appendix A

The following table specifies the most important criteria within a requirement-based
flight controller design. For further details see also [39-41].

Table Al. Requirements in flight control design.

Response behavior

Response characteristic defined by rise time, settling time, and damping.

Tracking performance

Limited stationary control errors under calm and turbulent air as well as under model
uncertainty.

Decoupling

Sufficient mitigation of cross-coupling effects.

Stability and robustness

Robustness analysis using e.g., structured singular value, gain and phase margins,
and/or disk margins.

Sensitivity

Sulfficient but limited control bandwidth to limit sensitivity wrt. system parameters
and disturbances.

Input constraints

Handling of actuator limitations and limited accelerations.

Signal limitations

Handling of noise and input time delay.

Atmospheric disturbances

Wind turbulence, wind shear, and gust rejection capabilities.

Structural integrity

Flutter prevention and mitigation of rotor-induced vibrations.

Energy efficiency

Minimized and smoothed control surface movement and reduced actuator workload.
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