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Abstract
Drone formation flights, exemplified by performances such as the Intel Drone Shows, demonstrate the advancements and
capabilities of current technology. This work revisits the concept of self-organization through swarm behavior for this goal,
presenting PROTEASE 2.0 as an advanced approach in this domain. The proposed method facilitates parametrizable swarm
behavior at a high level of abstraction. Building upon its predecessor, PROTEASE, it enables the generation of emergent effects
through a single, generalized implementation, wherein only the parameters governing individual swarm members need
to be adjusted. Leveraging swarm behavior for formation flight offers distinct advantages, including enhanced scalability,
robustness, and flexibility. Unlike centrally coordinated approaches, swarm-based methods support the emergence of complex
and dynamic formations. Notable formations include parallel swarms interacting with one another, single swarms utilizing
multiple reference points to achieve novel flight patterns, and hierarchical swarm structures that further extend the range of
possible configurations of swarm behavior. This paper introduces fundamental swarm behaviors that can be realized within
the PROTEASE 2.0 framework in detail and explores their composition into more complex formations. The primary focus is the
experimental and empirical evaluation of these concepts in simulated environments, including their stabilization properties
when facing disturbances. In combination with previous successful pre-evaluations involving real drones it provides a strong
foundation for future real-world applications of PROTEASE 2.0.

Keywords Swarms · Drones · Formation flight · Multi-robot systems

1 Introduction

Drone formation flights, e.g., demonstrated by the Intel
Drone Shows [1], serve as a compelling demonstration of
the latest advancements in technology. These performances
involve the precise coordination of numerous drones, exe-
cuting complex maneuvers as they navigate the night sky.
Through synchronization, the drones form dynamic patterns
that seamlessly integrate artistics with cutting-edge techno-
logical innovation. Their orchestrated movements offer a fu-
sion of creativity and state-of-the-art engineering.

In this work, we once again explore such application of
multi-robot systems through the lens of self-organization,
specifically employing swarm behavior. Utilizing swarm in-
telligence for formation flight offers significant advantages,
including enhanced scalability, resilience, and adaptability.
Unlike centrally controlled approaches, swarm-based coordi-
nation enables the creation of complex and visually striking
formations while maintaining operational efficiency in dy-
namic environments. With our investigations in this article,
we extend our contributions from [2], where we introduced
PROTEASE 2.0. Our approach builds on a common pattern,
we first identified in [3]: PROTEASE (an Algorithmic Pattern
for Trajectory-Based Swarm Behavior).1 This approach of-
fers the possibility to dynamically adjust the parameters of
a once implemented local behavior each swarm member ex-
ecutes, achieving adaptable swarm behavior on the macro
level. This foundation allows for the creative recombination

1 “. . . proteases are key regulators of a striking variety of biological
processes . . . they regulate different processes in response to develop-
mental and environmental cue” [4].
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of such swarm behavior in PROTEASE 2.0, where we can
achieve fascinating effects like an Olympic Rings formation
and others. To be more precise, PROTEASE 2.0 allows for
formation flight of the next level, e.g., multiple hierarchical
layers of swarm behavior within a single swarm, interacting
swarms, and improved single swarm behavior.

Through that flexibility, our approach differentiates it-
self from others: Following [5], a prevailing challenge in
swarm application development is the tendency to create a
distinct software solution for each different swarm behavior.
Although these tailored approaches effectively fulfill their
intended purposes, such as leveraging collective swarm be-
havior for search tasks [6] or distributed surveillance [7, 8],
they often lack adaptability. As a result, users encounter dif-
ficulties in modifying these solutions for slightly different
scenarios, thereby limiting their ability to build upon previ-
ous advancements. To overcome this challenge, we propose
the adoption of our framework that more broadly captures
the swarm behavior of a specific class. By incorporating
this framework during the design phase, developers of aerial
multi-robot systems can efficiently integrate swarm dynam-
ics and later adjust its parameters at runtime to achieve di-
verse emergent behaviors.

While our primary focus here is on the visual aspects of
the swarm behaviors, we believe that our approach could also
improve the goal-oriented applications of swarm behavior in
future developments. For instance, it may enhance the use
of particle swarm optimization (PSO) in search and rescue
missions, as discussed in [9]. In this work, we concentrate
on the fundamental concepts and algorithm design within
an abstract simulation environment. Our next logical step
for future investigation is to integrate our findings with real-
world drone formation flights. To this end, we already have
an established method [3], which combines the multi-agent
framework Jadex [10] for high-level decision-making with
the Robotics Operating System (ROS) framework [11], along
with the Gazebo physics simulation [12].

We will use that to actually establish the benefits we see
in adopting swarm formation flight for real drones: Utilizing
swarm algorithms for formation flight marks a significant
shift in the control of autonomous aerial systems, offering
advantages in scalability, robustness, and flexibility. By emu-
lating natural phenomena such as bird flocks or fish schools,
swarm algorithms enable autonomous vehicles to collabo-
rate efficiently in the air [13]. This approach achieves coor-
dination without the need for a central controller, promot-
ing decentralized decision-making and ensuring real-time
adaptability in dynamic environments. The fault tolerance
inherent in swarm algorithms boosts reliability, which is es-
sential for applications requiring high operational resilience.
Additionally, the scalability of these algorithms facilitates
the easy integration of additional units into the formation, a

feature that could be valuable in other fields requiring spa-
tial coordination, such as distributed surveillance [8, 14] or
agriculture [15].

The contribution presented in this article, as an exten-
sion of [2], includes the following advancements: (1) A new
schematic and formal description of basic swarm behaviors
applicable to formation flight, such as Lɪɴᴇ-ᴏꜰ-Fʟɪᴇʀꜱ
and Bᴀʟʟ -ᴏꜰ-Fʟɪᴇʀꜱ. (2) An expanded description of the
potential emergent swarm behaviors that result from com-
bining different basic swarm behaviors. (3) A broader range
of experiments that explore the aforementioned basic and
extended swarm behaviors including an empirical study con-
cerning the self-adaptation properties of our approach. (4) A
comprehensive account of our current efforts to implement
the extended swarm behaviors using PROTEASE 2.0, with real
drones in our flight arena.

To provide context, we begin by briefly introducing the
concept of PROTEASE in Sect. 2. Next, we discuss related
work on parametrizable swarm behavior in Sect. 3. In Sect. 4,
we present a set of fundamental swarm algorithms that form
the basis of our work, along with our novel approach to
multi-layered, parametrizable swarm behavior, which we
term PROTEASE 2.0. We evaluate our approach through a
proof-of-concept demonstration in Sect. 5, supported by ref-
erences to our source code and video materials available on
GitHub. Finally, in Sect. 6, we summarize our findings and
provide an outlook on potential future directions.

2 The idea of PROTEASE

PROTEASE is a framework for generalizing swarm behav-
ior through a unified local control mechanism executed by
each agent within a swarm. The underlying concept is to
define a set of fundamental behavioral rules that govern in-
dividual swarm members while allowing external parameter-
ization to achieve various swarm behaviors. This approach
aims to standardize commonly employed functionalities in
aerial robotic swarm systems, facilitating their implementa-
tion across diverse applications.

Despite exhibiting distinct emergent effects, many swarm
algorithms – including Particle Swarm Optimization (PSO)
[6], flocking behavior [16], formation control [17], and dis-
tribution strategies [7, 8] – share a core set of local actions.
These actions primarily involve: measuring relevant param-
eters, exchanging information with neighboring agents, and
adjusting the movement vectors of individual swarm mem-
bers accordingly.

For instance, in the classical flocking behavior described
by Reynolds [16], each “boid” executes specific functions
such as position and velocity measurements, communica-
tion with other agents, and subsequent movement adjust-
ments achieved through the weighted aggregation of so-
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Fig. 1 The locally implemented behavior of PROTEASE each agent in
a swarm executes

called urges. These local interactions collectively lead to
emergent flocking behavior at the swarm level.

2.1 Parameterization of PROTEASE

Building upon these insights, we identified the essential pa-
rameters required to realize a broad spectrum of swarm be-
haviors within the PROTEASE framework [3] (cf. Fig. 1). The
goal there was to integrate PROTEASE into higher-level task
orchestration approaches, such as the one proposed in [18].
To this end, the behavioral model of PROTEASE is controlled
by four key swarm functions:

• Aggregation (A) determines the collective result based on
swarm interactions.

• Termination (T) defines the conditions under which the
swarm considers its objective achieved.

• Grouping (G) establishes the local neighborhood for in-
formation exchange among agents.

• Calculation (C) specifies how information is processed to
movement trajectories.

Each agent within the swarm executes these functions
cyclically in predefined execution rounds. The process fol-
lows the structured sequence presented in Fig. 1:

1. Measure all relevant data required for A and C.
2. Exchange measurements with neighboring agents as de-

fined by G.
3. Compute a new movement trajectory using C.
4. Adjust the movement trajectory accordingly.
5. Terminate execution if the termination criterion T is met,

or otherwise, restart the cycle.

2.2 Examples of swarm behaviors

By appropriately configuring the (A T G C) parameters, var-
ious swarm behaviors can be realized. For instance, Boid
Flocking [16] allows agents to align their movements based

on the velocity and positional measurements of neighbor-
ing agents. Triangle Formation [8] enables the swarm to
organize into triangular formations, which are particularly
useful for observation and surveillance tasks. Additionally,
PSO-based Search [6] allows the swarm to locate the high-
est concentration of a continuously distributed parameter 𝑃
by evaluating centroids, geometric diameters, and local PSO
rules. Furthermore, additional swarm behaviors can be for-
mulated and executed using the (A T G C) parameter set, as
further explored in [3].

2.3 Constraints and assumptions

To align with the PROTEASE framework, several fundamen-
tal assumptions must be satisfied. First, PROTEASE operates
independently of environmental markings, unlike stigmergy-
based algorithms such as ant-colony optimization [19],
which rely on persistent modifications to the environment.
This design choice is motivated by its intended application
in aerial drone swarms [20], where implementing stigmergy
would require a globally accessible digital representation of
the environment.

Second, the primary focus of PROTEASE is on emergent
swarm behaviors that arise from local trajectory adjustments.
Swarm behaviors that depend on other agent functionalities
are not effectively captured within this framework. Addition-
ally, each agent is assumed to be capable of communicating
with any other swarm member, which is particularly im-
portant for mechanisms such as self-termination, which are
often used in PSO-based behaviors. Despite this, the actual
execution of swarm rules remains localized, depending on
the local environment defined by G.

Another key assumption is that agents may not have access
to precise measurements of the positions and velocities of
other agents in real-world applications, requiring them to rely
on appropriate sensing techniques. Finally, all agents execut-
ing PROTEASE must operate in a three-dimensional space,
which ensures compatibility with aerial robotic swarms.

3 Related work

The body of literature on swarm behavior, swarm algorithms,
and swarm intelligence is both extensive and diverse. In the
context of real-world applications, research in this field gen-
erally follows two primary methodological approaches.

Specific swarm behavior One category of approaches
focuses on the analysis and adaptation of specific swarm
behaviors for implementation in technical systems. While
numerous studies have explored this methodology, only a
selection of relevant research can be discussed here.
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For instance, particle swarm optimization (PSO) has been
widely applied to various search problems, encompassing
both real-world implementations with flying robots [21, 22]
and simulations [23, 24]. Additionally, researchers have
drawn inspiration from the self-coordination mechanisms
observed in swarms of birds and fish, integrating these princi-
ples into technical systems to minimize coordination efforts,
particularly when managing large groups of aerial robots
[13, 21, 22].

Several studies have also explored the development of
software controllers for individual swarm agents using ge-
netic algorithms and other learning techniques. Such meth-
ods have been employed for coordinated motion [25], forag-
ing tasks [26], and combined search-and-action tasks [27].
Moreover, some approaches rely on meticulously engineered,
situation-specific solutions, such as the formation of geomet-
ric patterns on the ground using problem-specific robotic
platforms like Kilobots [17].

In the domain of distributed surveillance, Ma et al. [7]
proposed a deployment algorithm based on potential fields
to achieve a nearly uniform distribution of swarm entities
within a designated area. However, the applicability of this
algorithm is limited to its specific use case. Li et al. [8]
extended their swarm approach for distributed surveillance
to include flocking and obstacle avoidance, yet they did not
further explore its generalization. This extension represents
a promising step toward establishing a generalized pattern
for swarm behavior, aligning with our approach.

Further examples include Garcia et al. [21], who modi-
fied the PSO algorithm for deploying flying robots in disaster
scenarios to facilitate area exploration and victim detection.
Despite the ability to adjust parameters to accommodate dif-
ferent objectives, this approach remains constrained by its
narrowly defined application scope and lacks generalizabil-
ity. Similarly, Vasarhelyi et al. [13] adapted the flocking al-
gorithm described in [16] to enable flying robots to replicate
natural swarm behavior. However, their implementation is
highly specific and does not allow for the realization of other
swarm behaviors beyond the predefined scope.

Lastly, Dedousis et al. [5] introduced swarm primitives de-
signed to manage multi-robot systems through their PaROS
approach. While their work focuses on implementing swarm
behavior for specific tasks using these primitives, it does not
extend to the generalization of swarm behavior as a whole.

Generalizing swarm behavior Another category of ap-
proaches focuses on developing generalized frameworks for
collective behavior rather than tailoring solutions to specific
applications. These frameworks provide adaptable method-
ologies that can be applied to a variety of scenarios and
requirements.

One example is Protelis [28] and its successor
MacroSwarm [29], which conceptualize entities within a col-
lective system as components of vector fields. This approach

enables collective programming by manipulating operations
within these fields, with changes propagating through im-
plicit communication among entities. This abstraction al-
lows for the implementation of complex collective behav-
iors. However, Protelis presents challenges in prototyping
3D swarm behavior due to limited integration with simula-
tion frameworks and drone hardware. Additionally, it lacks
support for all features of PROTEASE 2.0, particularly hierar-
chical swarm structures.

Similarly, Buzz [30] serves as a framework for generaliz-
ing and programming collective behavior. In Buzz, swarms
function as primary abstractions, with tasks dynamically
distributed among individual robots through local interac-
tions. The framework employs virtual stigmergy, utilizing
distributed tuple spaces to achieve swarm-wide consensus,
and allows for extensibility via new primitives. However, it
does not support hierarchical swarm structures, a key feature
of PROTEASE 2.0.

Another approach, Meld, introduced by Rollman et al.
[31], manages swarm behavior through high-level abstrac-
tions. However, its execution model is not well-suited for real-
world aerial swarms, as ensemble behavior computations
require significant processing time. Additionally, the con-
strained computational resources of flying robots present fur-
ther challenges to practical implementation, making Meld’s
execution model more limited compared to our approach.

Lastly, Varughese et al. [32] propose a design paradigm
aimed at generalizing swarm behavior by minimizing com-
munication requirements. Their method emphasizes decen-
tralized and minimalistic functionality, suggesting that com-
plex behaviors, such as collective transport in 2D environ-
ments, can emerge from combinations of simple primitives.
However, their approach relies on cyclic synchronization
messages, leading to extended stabilization times (e.g., 1400
seconds for distributed localization). This characteristic may
limit its effectiveness for flying swarms, where real-time
adaptability is crucial.

Formation flight and robot control When widening the
horizon for the application of PROTEASE 2.0 for real-world
execution, there exists a body of research focused on forma-
tion flight and robot control that intersects with our work.
For instance, Bettini et al. [33] provides a programming
methodology for distributed multi-robot systems integrating
the Robot Operating System (ROS) [11] with X-KLAIM, en-
abling a simplified interface to programming heterogeneous
robots’ behaviors. While the approach could possibly be
adapted to realize hierarchic behavior of multi-robot systems,
it currently lacks proof-of-concept for controlling swarms or
high-scale multi-robot systems, respectively which probably
could be improved by using a more up to date version of
ROS, e.g., ROS2 [34].
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Another approach enabling programming of distributed
multi-robot systems dedicated to formation flight
(DROONA) is presented by Desai et al. [35]. The approach
allows for provably correct planned formation flight trajec-
tories for multi-drone systems, achieved in a decentralized
fashion. However, the approach aims for drones to reach
predefined goal positions for each drone it plans trajecto-
ries for—which we aim to avoid in our approach PROTEASE
2.0 by using the paradigm of self-organization when ap-
plying swarm behavior to drone formation flight. Further,
DROONA in its current state does not yet prove to be highly
scalable, as it is a goal for swarm robotic systems.

A further approach for realizing formation flight is given
by Koord [36], which is able to verify that drone trajectories
for multi-robot systems follow predefined goals. In contrast
to our work focusing on the paradigm of self-organization
(we support up to 384 in this paper), Koord struggles with
higher agent numbers (up to 15 robots) as it aims for verified
correct programs. Swarm Robotics instead inherently takes
into account being sub-optimal or even temporarily faulty but
aims for providing robustness to stabilize again after failures
without the need for replanning or user interaction.

Besides approaches from that literature, we already aimed
for realizing formation flight with drones ourselves. In [37]
we initially realized a first formation flight in a field exper-
iment, which we then extended with an multi-agent based
controlling framework in [38, 39] for geographical measure-
ments. In [40] and [3, 18, 41] we then presented systematic
approaches to generate greater mission context for forma-
tion flight with drones using configurable hardware modules
[20, 42], enabling us also to involve goal-oriented swarm
and formation flight, e.g., in major catastrophe scenarios,
and made approaches for their safe operation [43].

4 Approach

The PROTEASE 2.0 approach extends PROTEASE by incorpo-
rating the concepts of multiple reference points. While in
PROTEASE only one reference point could be used to exter-
nally guide a swarm through space, now multiple such refer-
ence points can be used. Moreover, swarm agents themselves
can serve as reference points, leading to even more possibil-
ities of combinable swarm behavior. This extension enables
the creation of a multi-layered, parametrizable swarm be-
havior. Additionally, PROTEASE 2.0 distinguishes between
configurations that utilize a single set of agents and those
that employ multiple sets of agents.

In this study, our primary focus is on the visual effects
of swarm behavior. Consequently, we select the parameters
for PROTEASE 2.0 accordingly. Specifically, for the exten-
sions discussed in this paper, we do not consider the auto-
termination mechanism of PROTEASE, which is typically em-
ployed for mission integration [3, 18]. As a result, both the

aggregation function (A) and the termination function (T) are
omitted from our current analysis. For the grouping function
(G), we define the set of neighboring agents as those within
a predefined radius around a given agent. While the calcu-
lation function (C) remains generally configurable, we limit
our discussion to a specific excerpt of calculation functions
in here: The Ring-of-Fliers, the Line-of-Fliers, and
the Ball-of-Fliers functions that produce a ring, line, or
ball swarm behavior.

4.1 Basic swarm algorithms

Not all possible swarm behavior that can be achieved with
PROTEASE is applicable for the purpose of formation flight.
Flocking behaviour according to [16], Particle Swarm Opti-
mization behavior [21] and similar does not produce visually
stable flight patterns. Thus, in the following we describe dif-
ferent swarm behavior, we can use therefore.

For each of these swarm behaviors, every agent within the
swarm is provided with the necessary input information. This
includes its own position, the six-dimensional transforma-
tion of reference point defining the center of the desired for-
mation, and possible swarm-behavior-specific parameters.
The reference point may be implemented as a virtual el-
ement in simulation environments or as a physical device
manipulated in real-world scenarios, such as an additional
user-controlled drone. Additional information required for
executing the swarm behavior, particularly data concerning
an agent’s neighboring swarm members, is obtained auto-
matically through the multicast-like communication process
occurring among all neighbors within G (cf. Fig. 1). Each
swarm behavior emerges from a combination of local urges,
following the swarm model introduced by [16]. This model
integrates multiple behavioral urges, such as cohesion, sepa-
ration, and alignment, to determine the agent’s next trajectory
in three-dimensional space.

In the following, the expressions 𝑐ᴏᴡɴ and 𝑐ʀᴇꜰ denote
the agents’ capabilities 𝑐 for measuring their ᴏᴡɴ six-
dimensional transformation and that of the reference point
ʀᴇꜰ, respectively. Both functions return a six-dimensional
vector. In the following descriptions and equations, the meth-
ods POS() and ROT() extract the position and rotation (ex-
pressed as a unit vector each) from such a six-dimensional
transformation. Additionally, CLOSE() determines the trans-
formation to the closest agent within G, based on Euclidean
distance. The operator ◦ represents the scalar product of vec-
tors. For the illustrative purposes withing our figures, we
employ a coordinate system in which the z-axis corresponds
to the rotation of the reference point (cf. Figs. 2 to 5). How-
ever, it is possible to freely place a reference point and thus
its associated shape produced by the respective swarm be-
havior in 3-dimensional space, as explained in the following
section.
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Fig. 2 Schematic for calculating urges in Cring, i.e., the Ring-of-
Fliers basic swarm behavior. Dashed arrows represent measured val-
ues for one agent in the red swarm. Solid arrows show calculated urges
𝑢𝑐 , 𝑢𝑠 , and 𝑢 𝑓 . The blue arrow indicates the resulting trajectory 𝑣

4.1.1 The Ring-of-Fliers behavior

To establish a ring formation, we define a computational
function, Cring, which governs the swarm behavior as de-
tailed in Eqs. (1) to (7). The swarm-behavior-specific param-
eter 𝑟 determines the radius of the ring. Each agent within
the swarm is provided with the necessary input data required
for Cring to facilitate formation execution.

The ring formation is achieved through the localized com-
bination of three distinct urges, 𝑢𝑐 , 𝑢𝑠 , and 𝑢 𝑓 for each agent
(see Eqs. (2) to (4)). Within the computation of the Ring-

of-Fliers pattern, each urge is represented as a vector,
indicating the agent’s desired trajectory. The center urge 𝑢𝑐
directs the agent toward the measured position representing
the center of the ring, i.e., the position of the reference point.
The separation urge 𝑢𝑠 repels the agent from the nearest
identified neighbor, as determined by applying the function
ᴄʟᴏꜱᴇ on the agent set returned by the grouping function G.
The flat urge 𝑢 𝑓 guides the agent towards the closest point
on the plane defined by the reference point and its associ-
ated normal vector. The function Cring subsequently com-
putes the resultant trajectory 𝑣ring by applying a weighted
sum of these urges, incorporating the respective weighting
coefficients 𝜔𝑐 , 𝜔𝑠 , and 𝜔 𝑓 , thereby determining the new

movement vector for each agent:

𝑣ring := 𝜔𝑐 · 𝑢𝑐 +𝜔𝑠 · 𝑢𝑠 +𝜔 𝑓 · 𝑢 𝑓 (1)

𝑢𝑐 := POS(𝑐ʀᴇꜰ ) − POS(𝑐ᴏᴡɴ ) (2)

𝑢𝑠 := POS(𝑐ᴏᴡɴ ) − POS(CLOSE(G)) (3)

𝑢 𝑓 := ROT(𝑐ʀᴇꜰ ) (4)

𝜔𝑐 :=
|𝑢𝑐 | − 𝑟ʀɪɴɢ

|𝑢𝑐 |
(5)

𝜔𝑠 :=
1
|𝑢𝑠 |2

(6)

𝜔 𝑓 := (POS(𝑐ʀᴇꜰ ) − POS(𝑐ᴏᴡɴ )) ◦ ROT(𝑐ʀᴇꜰ ) (7)

4.1.2 The Line-of-Fliers behavior

Similar to the Ring-of-Fliers, we can define a calcu-
lation function Cline producing a line-like swarm behav-
ior (cf. Eqs. (8) to (11)). Each agent participating in the
swarm is provided with the required information as an input
for Cline. The swarm-behavior-specific parameter 𝑟line here
determines the length of the line. The line formation then
establishes through the local combination of three different
urges 𝑢𝑐 , 𝑢𝑠 , and 𝑢𝑙 for each agent (cf. Eqs. (2), (3) and (9)
to (11)). In the calculation for the Line-of-Fliers pattern
described here, each urge is represented by a vector indicat-
ing the desired trajectory for an agent. The center urge 𝑢𝑐
as well as the separation urge 𝑢𝑠 are equivalent to the urges
described in Sect. 4.1.1 (cf. Eqs. (2) and (3)). The line urge
𝑢𝑙 points towards the closest point on the line defined by the
orientation of the reference point. The function Cline then
calculates the resulting trajectory 𝑣line using the weighted
sum of the urges with the respective weights 𝜔𝑐 and 𝜔𝑠
for a new agent movement vector 𝑣. The calculation of the
weighting coefficients 𝜔𝑐 and 𝜔𝑠 is identical to the approach
employed for the Ring-of-Fliers (cf. Eqs. (5) and (6)),
while 𝜔𝑐 of course uses 𝑟line here.

𝑣line :=𝜔𝑐 · 𝑢𝑐 +𝜔𝑠 · 𝑢𝑠 + 𝑢𝑙 (8)

𝑢𝑙 := 𝑝𝑟𝑜 𝑗 − POS(𝑐ᴏᴡɴ ) (9)

𝑝𝑟𝑜 𝑗 := POS(𝑐ʀᴇꜰ ) + 𝑐𝑝 · ROT(𝑐ʀᴇꜰ ) (10)

𝑐𝑝 :=
(POS(𝑐ᴏᴡɴ ) − POS(𝑐ʀᴇꜰ )) ◦ ROT(𝑐ʀᴇꜰ )

ROT(𝑐ʀᴇꜰ ) ◦ ROT(𝑐ʀᴇꜰ )
(11)
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Fig. 3 Schematic for calculating urges in Cline, i.e., the Line-of-
Fliers basic swarm behavior. Dashed arrows represent measured val-
ues for one agent in the red swarm. Solid arrows show calculated urges
𝑢𝑐 , 𝑢𝑠 , and 𝑢𝑙 . The blue arrow indicates the resulting trajectory 𝑣

4.1.3 The Ball-of-Fliers behavior

To establish a ball formation, we define the computational
function Cball, which generates the desired swarm behavior.
The swarm-behavior-specific parameter 𝑟ball determines the
radius of the ball. The Ball-of-Fliers algorithm closely
resembles the Ring-of-Fliers algorithm, with the primary
distinction being the omission of the flat urge. The ball forma-
tion emerges from the localized combination of two distinct
urges for each agent, 𝑢𝑐 and 𝑢𝑠 (cf. Eqs. (2) and (3)). The
function Cball determines the resulting trajectory 𝑣𝑏𝑎𝑙𝑙 by
computing a weighted sum of these urges, incorporating the
respective weighting coefficients 𝜔𝑐 and 𝜔𝑠 (cf. Eqs. (5) and
(6)), where 𝜔𝑐 uses 𝑟ball here. The new agent movement
vector is thus given by

𝑣𝑏𝑎𝑙𝑙 := 𝜔𝑐 · 𝑢𝑐 +𝜔𝑠 · 𝑢𝑠 (12)

4.2 Multiple reference points

While the cyclic ‘default’ computation model for PROTEASE,
as established in our previous findings [3, 9] is detailed in
Sect. 2 and applied to formation flight swarm behavior in
Sect. 4.1, this section extends the PROTEASE framework to
incorporate multiple reference points simultaneously. This

Algorithm 1 execution of 𝑐∗ʀᴇꜰ in C∗ integrated with the
CLOSE selection strategy

1: ʀᴇꜰ = CLOSE(REF)
2: ʀᴇᴛᴜʀɴ 𝑐ʀᴇꜰ

extension enables the formation of novel ring-, line-, and
ball-based flight patterns, which we schematically illustrate
in Fig. 4. Despite this extension, all agents continue to ex-
ecute their calculations in discrete execution rounds asyn-
chronously, which persist until an independent termination
signal is received.

1) Single agent set approach By generalizing the results
of 𝑐ʀᴇꜰ , which determines the 6-D transformation of the ref-
erence point, from a single measured value ʀᴇꜰ to a set of
measurements REF, each agent must now select one of these
values when computing urges associated with the reference
point, such as 𝑢𝑐 and 𝑢 𝑓 . While alternative selection strate-
gies exist, we adopt an approach that prioritizes the reference
point closest to the agent’s current position when executing
𝑐ʀᴇꜰ , thereby extending 𝑐ʀᴇꜰ to 𝑐∗ʀᴇꜰ and thus C to C∗ (cf.
Algorithm 1). Since the selection process in Algorithm 1 is
updated during each execution cycle of PROTEASE 2.0 (cf.
the execution model in Sect. 2), agents may dynamically
adjust their reference point selection in every iteration. To
implement this, we utilize CLOSE(REF) within each agent’s
C∗ to determine the transformation of the nearest reference
point in terms of Euclidean distance. Consequently, the ref-
erence point deemed relevant by each agent may shift over
the course of PROTEASE 2.0 execution, particularly in re-
sponse to user or environmental modifications. To maintain
the intended behavior and minimize collision risks within
the swarm, the separation urge 𝑢𝑠 remains unchanged, en-
suring that agents continue to move away from their closest
neighbor within G independent of the neighbors associated
reference point. Figure 4a illustrates the updated calcula-
tion of C∗ for the Ring-of-Fliers base swarm behavior in
scenarios involving two distinct reference points.

2) Multi agent set approach As a second adaptation of
the computational function C incorporating multiple refer-
ence points, denoted as C+, we explicitly assign each agent to
a specific (randomly chosen) reference point when initializ-
ing the swarm, thereby restricting its local view to this des-
ignated reference point ʀᴇꜰ throughout the entire execution
of PROTEASE 2.0 (cf. Algorithm 2). Thus, instead of allow-
ing each agent to select a reference point dynamically from
REF, we enforce a fixed assignment that remains consistent
when computing reference-related urges using 𝑐+ʀᴇꜰ , such as
𝑢𝑐 , 𝑢 𝑓 or 𝑢𝑙 , across all execution rounds of PROTEASE 2.0
(cf. Algorithm 3). Even in cases where reference points shift
positions over time, each agent continues to consider only its
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Algorithm 2 random reference point selection strategy in C+
when initializing the swarm

1: ʀᴇꜰ = oneof REF

Algorithm 3 execution of 𝑐+ʀᴇꜰ in C+

1: ʀᴇᴛᴜʀɴ 𝑐ʀᴇꜰ

Fig. 4 Extensions to the Ring-of-Fliers behavior that involve mul-
tiple reference points, showing the center urge 𝑢𝑐 and the separation
urge 𝑢𝑠 in black for two agents each to illustrate the difference between
C+ring and C∗ring. In Fig. 4b, green agents are assigned to the green ref-
erence point, while red agents are assigned to the red one. In Fig. 4a,
all agents belong to the same agent set

assigned reference point, disregarding potentially closer al-
ternatives. Analogous to C∗ in the Single Set Approach, the
separation urge 𝑢𝑠 remains unchanged to maintain proper
swarm dynamics. Figure 4b illustrates the modified compu-
tation of C+ for the Ring-of-Fliers base swarm behavior
when two distinct reference points exist, and agents are ex-
plicitly assigned to reference points.

4.3 Hierarchies

Beyond the extension with multiple reference points, we in-
troduce a hierarchical structure within swarms by incorporat-
ing an adapted calculation function, denoted as CH . In con-
trast to C, C∗, and C+, where reference points are externally
controlled, CH extends the set of reference points to include
all swarm agents themselves. Consequently, agents may be

assigned to reference points that correspond not only to user-
controlled devices but also to other agents within the swarm.
This hierarchical organization facilitates the formation of
structured sub-swarms by appropriately allocating agents to
reference points. To maintain system stability and prevent
unintended behaviors, reflexive allocations must be strictly
avoided, and cyclic dependencies must be carefully regu-
lated, as improper assignments may lead to chaotic swarm
dynamics. Within this hierarchical framework, each layer
comprises a set of agents that collectively contribute to the
emergent swarm behavior. At the first hierarchical level, des-
ignated as layer 0, a user-controlled reference point governs
the entire system. In subsequent hierarchical levels, denoted
as layer 𝑖, where 𝑖 ∈ {1..𝑛}, agents are assigned reference
points from the preceding layer, layer (𝑖 − 1). Thus, each
agent 𝛼𝑥 ∈ 𝒜𝑖 in layer 𝑖 (where 𝑖 > 0) utilizes an agent
𝛼𝑦 ∈ 𝒜𝑖−1 as its reference point, where 𝒜𝑖 represents the
set of agents at hierarchical level 𝑖 and 𝒜𝑖−1 those of layer
𝑖 − 1 respectively. This structured approach enables scalable
and adaptive swarm behaviors while preserving coherence
across hierarchical levels.

The assignment of reference points to agents can be imple-
mented in a fixed manner, analogous to C+, which we denote
as C𝐻+. This approach results in stable hierarchical structures
by enforcing predefined reference point allocations. Alterna-
tively, similar to C∗, the selection of a reference point can be
delegated to the agents themselves, represented as CH* . In
this case, only the assignment of agents to hierarchical layers
is predefined, allowing for increased system autonomy while
reducing the extent of direct control over emergent visual
patterns at the collective level.

An additional feature of hierarchical swarm structures is
the capability of reference points to provide distinct computa-
tional functions C. Examples include Cring, Cline, and Cball
as described in Sect. 4.1 among others, thereby expanding the
range of possible collective behaviors. Consequently, various
swarm formations can be combined hierarchically, and indi-
vidual agents may dynamically adjust their behavior based
on their currently assigned reference point. This assignment
can also change over time, depending on the computational
function associated with the reference point. The hierarchical
execution illustrated in Fig. 5a demonstrates a two-layered
structure where Cring is applied uniformly across both hier-
archical layers, layer 0 and layer 1 which we ascribe as
CH+ring,ring. In Fig. 5b, we showcase the possibility of mix-
ing different behaviors on different layer of the swarm, i.e.,
CH+line,ring. The depicted formation establishes when we as-
sume a line swarm behavior on layer 0 and a ring behavior
on layer 1.

4.4 Adaptation to changes

One of the main features we want to make profit of when
using a swarm of agents is its adaptivity to changes in
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Fig. 5 Agents with crosses can serve as reference points in CH . Green
agents (layer 0 use the user controlled reference point, whereas red
agents (layer 1 use green agents as their reference points. Only the
resulting trajectory 𝑣 (𝑣ring or 𝑣line respectively) is shown

the environment or the user interaction. Thus, we want to
briefly discuss how all parametrizations of PROTEASE and
thus PROTEASE 2.0 can handle different changes during exe-
cution.

Obstacle avoidance To avoid collisions with obstacles in
the environment, we can add an additional urge 𝑢𝑜 to each of
the calculation functions C described above that acts similar
to the seperation urge 𝑢𝑠 . Instead of ‘away from the closest
neighbor’, the urge points ‘away from the closest obstacle’
within a certain perception-range. The resulting trajectory
𝑣 then is calculated by adding this urge to the respective
equations, e.g., for the Ring-of-Fliers in Eq. (13) or for
the Line-of-Fliers in Eq. (14), where 𝜔𝑜 is the weight of
the obstacle avoidance urge.

𝑣ring := 𝜔𝑐 · 𝑢𝑐 +𝜔𝑠 · 𝑢𝑠 +𝜔 𝑓 · 𝑢 𝑓 +𝜔𝑜 · 𝑢𝑜 (13)

𝑣line :=𝜔𝑐 · 𝑢𝑐 +𝜔𝑠 · 𝑢𝑠 + 𝑢𝑙 +𝜔𝑜 · 𝑢𝑜 (14)

Agent removal When an agent is removed from the
swarm, the swarm as a whole adapts to this change. Because

each agent only uses local information, the remaining agents
either do not need to adapt as their neighborhood is und-
touched by the removal or they automatically adapt wihtin
the next execution round of their local rules. For example,
in the Ring-of-Fliers behavior, the separation urge 𝑢𝑠
changes for the agents that had the removed agent as their
closest neighbor. Thus, the agents automatically move closer
together beacuse the seperation urge is no more influenced by
the now removed agent that previously pushed those agents
away from its positon. This, as an emergent effect, automati-
cally fills the gap left by the removed agent in a self-organized
way.

Agent integration When a new agent is added to the
swarm, it integrates smoothly into existing, probably com-
plex, formations. Therefore, it first discovers its respective
reference point according to the current reference point selec-
tion strategy (Multi- or Single Set Approach), i.e., a random
or a predefined reference point. Then, the new agent starts
measuring the position of that reference point as well as those
of the closest neighbors in its perception range. It then cal-
culates its urges based on these measurements, bringing the
agent closer to the formation and eventually into formation.
As soon as the new agent comes into the perception range
of other agents, these agents also adapt their urges based on
the position of the new agent. For example, in the Ring-
of-Fliers behavior, the new agent calculates its separation
urge 𝑢𝑠 based on the positions of its closest neighbors, while
these agents also update their separation urge 𝑢𝑠 based on the
position of the new agent. Thus, the new agent automatically
moves to a position within the desired formation (enforced
by the flat urge 𝑢 𝑓 and the center urge 𝑢𝑐) while the other
agents get pushed away slightly to make space for the new
agent (enforced by the seperation urge).

Conditional behavior and transitions Because we al-
low agents in PROTEASE 2.0 to change not only single pa-
rameters of their calculation function but to also exchange the
whole set of parameters with respect to the reference point
they are the closest to (cf., e.g., in C∗), agents can also change
their respectively executed behavior in other conditions in a
self-adaptive manner. For example, agents can switch be-
tween the Ring-of-Fliers and the Line-of-Fliers be-
havior based on their distance to other designated positions.
It is evident that we can also modify the agents’ behavior in
C+ and CH when we change the parameters of the reference
points or the assignment of agents to reference points exter-
nally. For every situation we change one or more parameters,
the agents’ receiving the update instantly adjust the calcula-
tion of their urges and thus their resulting trajectory for the
next execution round of PROTEASE 2.0 (i.e., their local rules).
Because all calulation functions are linear combinations of
separate urges, the transition between different behaviors is
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smooth and continuous. This effect is even intesified because
of the fact that the separation urge 𝑢𝑠 is represented in all
calculation functions (as well as the obstacle avoidance urge
𝑢𝑜, if active). That way, we can obviously also move the
whole swarm from one position to another by changing the
position of the reference point smoothly, because all agents
will follow the reference point while still maintaining their
formation.

5 Evaluation

The general applicability of PROTEASE in its original form
was previously validated in [3]. In that study, PROTEASE was
analyzed by employing comparable parameters A, T, G, and
C to generate a diverse range of emergent behaviors, thereby
inducing corresponding modifications in swarm dynamics.
In the present evaluation, we extend this analysis to assess the
enhanced concepts introduced in PROTEASE 2.0, specifically
its ability to incorporate multiple reference points and facil-
itate hierarchical swarm structuring, as proposed in [2]. To
conduct these assessments, we primarily utilize the NetLogo
multi-agent programmable modeling environment.2 On the
one hand, our experimental setting covers multiple proof-
of-concept experiments where we showcase the result of
executing PROTEASE 2.0 with variable sets of parameters,
each producing different visual effects (cf. Sects. 4.1 to 4.3)
and analyze in which situation which parametrization should
be used for achieving the desired goal. On the other hand,
we also provide an empirical evaluation of the adaptivity
properties PROTEASE 2.0 provides (cf. Sect. 4.4). Therefore,
we quantitatively analyze the behaviuor of representative pa-
rameter sets for PROTEASE 2.0, i.e., basic swarm behavior,
multi-swarm beahavior, as well as hierarchic swarm behav-
ior. We stress each configuration with system-internal dis-
turbances in the form of integrating new agents (scalability),
removing agents (robustness), modifying goals (flexibility),
and disturbances introduced by the environment in the form
of spontanuous occuring obstacles (general adaptivity). Ad-
ditionally, we provide initial video materials demonstrating
the application of these concepts to real-world drone systems.

5.1 Evaluation environment

NetLogo [44] is a dedicated programming environment de-
signed to facilitate the simulation and modeling of multi-
agent systems. It abstracts many of the complexities associ-
ated with agent-based simulations by employing appropriate
discretization techniques, thereby lowering the barriers to

2 NetLogo download available at https://ccl.northwestern.edu/
netlogo/download.shtml.

prototyping collective and swarm behaviors. NetLogo en-
ables the simulation of agents within both two- and three-
dimensional environments while incorporating a logical time
model to govern state transitions. Within this environment,
agents are spatially positioned and oriented, allowing them
to perceive environmental data and utilize it for internal com-
putations. Furthermore, agents are capable of bidirectional
communication, enabling the unrestricted exchange of infor-
mation. The simulation employs a cyclic execution mech-
anism, ensuring that agents perform their computations in
a round-based manner. In our visual representations, agents
are depicted as arrows, illustrating both their position and
orientation in the three-dimensional environment. The color
of these arrows conveys additional information, such as the
agent subset or the hierarchical layer to which they belong.

To evaluate the concepts introduced in Sect. 4, we utilize
two distinct NetLogo models, which we have made available
on GitHub.3 The first model, MultiInput, is designed to as-
sess the extension incorporating multiple reference points,
while the second model, Hierarchic, facilitates the evalua-
tion of hierarchical swarm execution. The MultiInput inter-
face allows users to specify the initial number of agents and
reference points. Although our conceptual approach imposes
no intrinsic limitations on the number of reference points, the
current implementation supports a maximum of five. These
reference points can be manipulated individually or through
predefined movement presets. Additionally, the model allows
for the modification of agent-specific parameters, including
maximum velocity (max-velocity) and communication ra-
dius (com-radius). Users can further refine swarm behavior
by adjusting parameters such as the radius of the Rɪɴɢ-ᴏꜰ-
Fʟʏᴇʀꜱ formation. Furthermore, they can choose between
a homogeneous agent distribution or an initial assignment of
agents to reference points. The Hierarchic model offers simi-
lar functionality while introducing additional capabilities for
specifying distinct swarm behaviors at different hierarchical
layers. Users can define swarm types, allocate agents to hier-
archy levels, and configure communication radii. While our
theoretical framework supports an arbitrary number of hier-
archical layers, the implemented model imposes a practical
limit to ensure computational feasibility.

5.2 Experimental proof-of-concepts

We provide several example configurations for the NetLogo
implementation of PROTEASE 2.0. While these configura-
tions already demonstrate intriguing complex swarm behav-
iors, we encourage readers to run their own experiments
using the code available on GitHub in order to explore ad-
ditional emergent effects resulting from the interaction of

3 PROTEASE 2.0 on GitHub at https://github.com/OliverISSE/
Protease2.0.
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Table 1 Comprehensive set of parameters for the first (Flower Pattern), the second (Olympic Rings Pattern), and the third (Letters 𝐴 and 𝑉
Pattern) experiments

Experiment # agent com-radius max-velocity function 𝑟ring, resp. 𝑟line

flower-multi/-single 45 16 0.2 C∗ring/C+ring 6
olympic-multi/-single 50 16 0.2 C∗ring /C+ring 5
letter-V-multi/-single 50 6 0.2 C∗line/C+line 18
letter-A-multi/-single 75 6 0.2 C∗line/C+line 18

various swarm behaviors. Our experiments in this paper do
not specifically investigate the typical swarm properties of
robustness and scalability. However, these properties are in-
herent to PROTEASE 2.0, unless their excessive application
diminishes the visual effects emphasized in this study. To fur-
ther validate the general functionality of the model, we have
extended our GitHub implementation to include the relevant
features. Although the figures presented here primarily offer
a 2-dimensional view of the swarm behavior (with the excep-
tion of Fig. 10), all experiments were conducted within the
provided 3-dimensional environment. We observed signifi-
cant qualitative differences in the swarm effects produced,
and to explore these differences, we compare the emergent
behaviors of the basic swarm calculation functions, Cring,
Cline, and Cball (cf. Sect. 4.1). These are then combined for
more complex executions using the Single Set Approach C∗

and the Multi Set Approach C+ (cf. Sect. 4.2), as well as their
integration with the Hierarchic Approaches CH* and CH+ (cf.
Sect. 4.3).

We provide the comprehensive set of parameters for each
of the following experiments in Tables 1 and 2, allowing for
the reproduction of the experiment using our implementation
provided on GitHub.

5.2.1 The flower pattern

In the first experiment using multiple reference points, we
first utilize the Single Agent Set Approach C∗ring. We align
five reference points in a cross-like formation. For each ref-
erence point, we decide on the Ring-of-Fliers swarm
behavior using the Single Agent Set Approach and assure,
that the distance between the reference point located in the
middle of the structure to each other reference point is lower
than 𝑟ring. Due to the agents’ behavior of always choosing
the closest reference point, the rings don’t close like assumed
for basic swarm behavior. Instead, the result is a flower-like
shape, where agents evenly distribute on the edge line of the
shape (cf. Fig. 6a).

Switching to the Multi Agent Set Approach using 𝐶+ring
while leaving all other parameters untouched, forces the
agents to create one ring for each reference point. Then, all
rings close – also within the shape. Thus, we can observe their
interference, which obfuscates the clear flower-like shape (cf.
Fig. 6b). For experiment parameters see Table 1.

Fig. 6 Flower Pattern experiment producing a flower-like visual effect

5.2.2 The olympic rings pattern

In a second experiment using multiple reference points, we
first utilize the Single Agent Set Approach. We align five ref-
erence points in a W-like formation where all reference points
use the Ring-of-Fliers swarm behavior, i.e., C∗ring. If we
also keep the distance between the reference points greater
than 2𝑟ring, we can observe the swarm creating a pattern
similar to the famous Olympic Rings (cf. Fig. 7a). Agents do
not evenly distribute across the different possible reference
points, but join and rejoin those in a self-organized man-
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Fig. 7 Olympic Rings Pattern experiment

ner. Nevertheless, from a macro perspective, the described
Olympic Ring formation becomes visible.

When switching to the Multi Agent Set Approach with
C+ring, we can identify a qualitative difference to C∗ring. Be-
cause C+ring forces agents to permanently assign one reference
point, agents now are distributed randomly but thus evenly
on the five rings, stabilizing the visual effect (cf. Fig. 7b).
For experiment parameters see Table 1.

5.2.3 The letter patterns

In the third experiment using multiple reference points, we
use the Line-of-Fliers swarm behavior to create shapes
resembling the letters A and V. This experiment demonstrates
the varying effects that the Single Agent Set Approach can
generate in comparison to the Multi Agent Set Approach.
The letter V is formed through the alignment of two reference
points, whose rotation is chosen such that their correspond-
ing lines intersect at an apex point. To achieve symmetry,
the two reference points and the apex point should form an
isosceles triangle. Utilizing this reference point setup with
the Single Agent Set Approach C∗line, we can observe the
swarm creating a pattern that closely resembles the letter
V (cf. Fig. 8a). The transition to the Multi Agent Set Ap-
proach, denoted by C+line, results in a transformation of the
pattern, wherein the lines now intersect to form a cross-like
configuration (cf. Fig. 8c).

Forming the letter A requires extending the previously
described alignment of two reference points that form the

Fig. 8 Letter Pattern experiment, aiming to create the Letters V and A
as its visual effect on macro level

letter V by a third reference point. This third reference point is
placed equidistant between the two other reference points and
aligned such that its line intersects both of them. Employing
the reference point setup with the Single Agent Set Approach,
denoted by C∗line, we see that the swarm is incapable of
generating the complete arch and the horizontal bar of the
letter in a sufficient way (cf. Fig. 8b). Compared to that,
the effect on macro level produced by the Multi Agent Set
Approach C+line comes quite closer to forming a readable
letter A (cf. Fig. 8d). For experiment parameters see Table 1.

5.2.4 Ring-of-Rings

In a fourth experiment using hierarchies, we demonstrate the
visual effects of the hierarchic swarm concept (cf. Sect. 4.3).
For the sake of clarity, we restrict the amount of different
hierarchic layers to three in this experiment. Nevertheless,
our example implementation supports up to five hierarchic
layers, coming closer to the in-general unrestricted amount
of hierarchic layers but still keeping required computational
resources limited. To illustrate the effects, we again use the
Ring-of-Fliers swarm behavior on all hierarchic layers
and for all relevant reference points, i.e., CH*ring,ring,ring. Like
in the other experiments, switching from the Single Agent
Set Approach to the Multi Agent Set Approach produces
different effects on the macro level. As within the second
experiment (cf. Sect. 5.2.2), the use of the Single Agent Set
Approach can result in unbalanced rings (cf. Fig. 9a). While
the ring to the left of the figure appears to be very crowded
and agents on layer 2 in that part form a ‘filled-flower’-like
structure around their transitive reference point on layer 0,
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Table 2 Parameters of the Ring-of-Rings (RoR) and Ring-of-Line-of-Rings (RoLoR) experiment. # agent indicates the total amount of agents and
the count of agents per reference point in parentheses

Hierarchic layer # agents com-radius max-velocity calc-function 𝑟ring

RoR layer 0 4 (4) 25 0.2 C+ring \C∗ring 20
RoR layer 1 16 (4) 20 0.2 C+ring \C∗ring 15
RoR layer 2 128 (8) 10 0.2 C+ring \C∗ring 10

RoLoR layer 0 8 (8) 20 0.3 C+ring \C∗ring 20
RoLoR layer 1 64 (8) 5 0.3 C+line \C∗line 10
RoLoR layer 2 384 (6) 5 0.3 C+ring \C∗ring 7

i.e., the agent of layer 0 in the middle-left, other agents of
layer 0 stay isolated (cf. the agent placed at the bottom of
the figure). The Multi Agent Set Approach creates balanced
rings as expected (cf. Fig. 9b). On each layer of the swarm
the exact number of commanded agents participate in the
respective structure. For experiment parameters see Table 2.

5.2.5 Ring-of-Line-of-Rings

This experiment illustrates the effects of the hierarchical
swarm concept with different swarm behaviors on differ-
ent layers. The swarm in this experiment has three layers. A
Ring-of-Fliers behavior is used on layer 0 and layer

2, while a Line-of-Fliers is used on layer 1. This con-
figuration yields towers of rings arranged in a ring-shaped
configuration (cf. Fig. 10). Switching from the Multi Agent
Set Approach to the Single Agent Set Approach results in
similar effects as described in Sect. 5.2.2 and Sect. 5.2.4:
The visual components we can observe on macro layer are
unbalanced in terms of the number of agents forming the
respective part of the overall shape which results in smaller
towers and unbalanced rings. For experiment parameters see
Table 2.

5.2.6 Adaptation to disturbances

In a further experiment, we demonstrate the adaptivity of our
approach in a dynamic environment. Therefore, we allow for
stressing the system with external disturbances for all dif-
ferent swarm behaviors we discussed before. To make this
disturbance clearly visible and also allow for further studying
the adaptivity of our approach, we integrate the possibility
to place static obstacles in the environment which influence
the agents’ behavior. Agents are able to detect these obsta-
cles in their neighborhood and avoid them while executing
their swarm behavior by taking them into account within
their separation urge. In Fig. 11, we can observe a multi-
reference-point swarm executing the Ring-of-Fliers be-
havior each while avoiding an obstacle placed in the middle
of the structure.

Fig. 9 Rɪɴɢ-ᴏꜰ-Rɪɴɢꜱ experiment producing a solar system-like
visual effect using the hierarchic swarm concept

5.3 Empirical study on adaptivity

To empirically evaluate the adaptivity of PROTEASE 2.0, we
conducted a series of experiments AE1—AE5, covering the
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Fig. 10 3D visualization of the Ring-of-Line-of-Rings experiment

base swarm behaviors (Ring-of-Fliers in AE1, Line-of-
Fliers in AE2, Ball-of-Fliers in AE3), multiple refer-
ence points with Single Agent Set (Flower Pattern in AE4)
and Multi Agent Set (Olympic Rings Pattern in AE5), and
hierarchical swarm structures (ring of line of rings AE6). To
give evidence of the adaptivity of our approach, we stress
each of the different setups with system-internal and ex-
ternal disturbances (D1—D5). For a systematic analysis, we
structured each experiment with the same series of events to
stress the adaptability properties of our approach during an
execution of 2500 simulation ticks.

• Initial Stabilization (D1): The swarm is allowed to sta-
bilize and reach a steady state starting from a randomly
initialized agent distribution. Thus, we can determine the
base-line measures (see below) for the respective swarm’s
properties in a steady-state.

• Scalability (D2:) We integrate 20 new agents from random
initial positions at tick 500.

• Robustness (D3): We remove a subset of 20 agents ran-
domly from the swarm at tick 1000.

Fig. 11 Obstacle disturbance placed in the middle of a Multi Reference
Point Flower (C∗ring)

• Flexibility (D4): We move reference points to a new posi-
tion at tick 1500.

• Environment (D5): We place a static obstacle in the envi-
ronment at tick 2000.

For quantifying the self-adaptation property of PROTEASE
2.0, we determine different measures: (1) the standard
deviation of euclidean distances between closest agents
(Neigborhood-Stabilization), (2) the standard deviation
of agents’ euclidean distances to their reference point
(Reference-Stabilization), and (3) the velocity of the cen-
ter of gravity (Swarm-Movement) at every execution round
measured over a sliding window of 10 NetLogo simula-
tion ticks. For all three measures (1)—(3), we can deduce a
stabilized system, i.e., one that successfully adapted to the
disturbance, when the respective measure (𝑚) stabilizes af-
ter the disturbance. We define stabilization in tick 𝑡𝑛 with
𝑛 ∈ [1..2500], if the measure𝑚 does not change significantly
within the next 50 ticks, i.e.,

∀𝑥 ∈ [1..50] : abs(𝑚(𝑡𝑛) −𝑚(𝑡𝑛+𝑥)) ≤ 𝛿 (15)

with abs beeing the absolute value and 𝛿 = 0.05. For each
experiment, we also recorded the amount of ticks the swarm
requires to recover from the respective disturbance. We allow
the reader to reproduce our experiments using our implemen-
tation provided on GitHub, where all experiments are pre-
configured and thus can be easily re-executed and modified
and interpreted.

5.3.1 Results

We present the results of our experiments in Figs. 12a to 12c,
where we plot the different measures (1)—(3), each for an
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Fig. 12 Empirical evaluation of adaptivity. Measured for all agents in
experiments AE1— AE6 (Standard Deviation as SD, Average as AVG).
Scaling of y-axis is different for each figure

exemplary run and during the whole execution of the exper-
iment. This enables us to observe the swarm’s behavior after
each disturbance D1—D5. We systematically provide stabi-
lization times for AE1—AE6 and the values after the first
stabilization for the different disturbances and measures in
Table 3.

(1) Neighborhood-stabilization In Fig. 12a, we can ob-
serve very similar trends for each experiment AE1—AE6.
After disturbances D1—D4 (not D5), each swarms takes a
different amount of ticks to stabilize (cf. Table 3) but even-
tually reaches a steady state for our stability metric defined

above. Despite this similarity in trends, we see different val-
ues for measure (1) in AE1— AE5 after the events D1— D4
with AE6 showing the most prominent changes (cf. Table 3).
While the introduction of new agents initially in D1 or in
D2 increases the scattering within all swarms (i.e., a maxi-
mum value > 6 for AE2 after D2) producing long stabilization
times (306 ticks for AE6 after D1), the removal of agents in D3
and the movement of reference point(s) in D4 has low (i.e.,
a maximum value of 55 ticks for AE5 after D4) to no such
effect (cf. AE6 after D4). Introducing obstacles in D5, instead,
shows different effects. AE2, AE5, and AE6 stabilize quickly
again (i.e., with a maximum value of 27 ticks for AE5) while
AE1, AE3 and AE4 show a more prolonged disturbance effect
(cf. 136 ticks for AE4).

(2) Reference-stabilization Overall, observable trends
in AE1— AE6 are similar to that of (1) Neighborhood-
Stabilization. Stabilization times after disturbances vary be-
tween most experiments but stay in a similar range. We iden-
tify an outlier with AE2, wich showcases a different general
behavior (cf. Fig. 12b and Table 3). Especially after D2, AE2
does not recover from the disturbance while all other exper-
iment settings achieve such stabilization. Also after D5, AE2
takes a long time for stabilization (245), while all others sta-
bilize very quickly (AE5 shows the longest stabilization time
of 29 ticks). Similar to Neigborhood-Stabilization, we see
different stabilzation levels. While swarm behavior (com-
plex or not), that is based only on “ring” or “ball” behavior
(AE1, AE3, AE4, AE5) tends to stabilize close to 0 (cf. Table 3),
such swarm behavior that also involves “line” behavior (AE2,
AE6) stabilizes at higher values (e.g., around 2.75 for AE6 for
D1—D5, cf. Table 3). Concerning the level of disturbance
and the respective time taken to recover, we can observe that
D1 and D2 have a high impact, disturbances D3 and D5 have
low (i.e., 29 ticks in AE3, cf. Table 3) to no impact (i.e., AE1,
AE3, AE4, AE5, cf. Table 3). Disturbance D4 seems to have a
medium impact on AE1, AE3, AE4, AE5, and AE2 (maximum
of 71 ticks for AE2) but close to no impact on AE6 (2 ticks).

(3) Swarm-movement Regarding the overall movement
of the swarm’s center of gravity, we can observe that all
swarms stabilize very quickly after each disturbance with a
maximum time of 34 ticks after D4 for AE3 (cf. Fig. 12c and
Table 3). Overall, despite initialization in D1, all disturbances
do not have a great impact on the overall movement of the
swarm’s center of gravity. Especially for D5, we can not
observe any disturbance effect at all.

5.3.2 Interpretation

The results of our experiments reveal several insights into
the stabilization behavior of PROTEASE 2.0 under different
disturbances which we can analyze in accordance with ter-
minology from system dynamics theory [45].
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Table 3 Stabilization time in ticks T, values M for measure
Neighborhood-Stabilization (1), Reference-Stabilization (2), and
Swarm-Movement (3) after disturbances D1—D5 for experiments
AE1—AE6 as T/M

Exp. D1 D2 D3 D4 D5

(1)
AE 1 186/0.12 200/0.11 20/0.11 34/0.11 59/0.18
AE 2 247/0.09 190/0.12 19/0.08 17/0.24 8/0.16
AE 3 174/0.12 164/0.13 24/0.15 46/0.12 33/0.27
AE 4 188/0.16 210/0.10 14/0.13 49/0.18 136/0.58
AE 5 272/0.13 198/0.34 53/1.04 55/1.04 27/1.20
AE 6 306/0.23 148/0.35 8/0.39 0/0.44 2/0.44

(2)
AE 1 166/0.11 187/0.12 0/0.08 19/0.12 0/0.07
AE 2 216/4.57 -/- 22/4.63 71/4.61 245/3.91
AE 3 177/9.95 160/0.03 0/0.00 20/0.01 29/0.31
AE 4 180/0.05 202/0.07 0/0.52 39/0.06 0/0.08
AE 5 223/0.11 214/0.09 0/0.50 19/0.10 0/0.12
AE 6 290/2.82 119/2.77 0/2.75 2/2.81 0/2.78

(3)
AE 1 10/0.01 10/0.03 10/0.02 24/0.07 0/0.03
AE 2 10/0.02 10/0.02 0/0.02 22/0.08 0/0.03
AE 3 10/0.02 10/0.02 10/0.03 34/0.07 0/0.03
AE 4 10/0.04 10/0.03 10/0.03 5/0.07 0/0.03
AE 5 10/0.04 10/0.02 10/0.03 32/0.07 0/0.03
AE 6 10/0.02 0/0.05 0/0.03 23/0.07 0/0.02

(1) Neighborhood stabilization The stabilization times
observed in experiments AE1—AE6 after disturbances
D1—D4 are influenced by the varying number of agents in
each experiment. Changes in the standard deviation (SD) val-
ues for stabilization can be attributed to the random nature
of disturbances. For instance, removing different numbers
of agents from various reference points leads to non-equal
distribution among neighbors assigned to different reference
points (a ring with radius r shows different distances between
evenly distributed agents, if agent numbers vary). Initializa-
tion (D1) and the introdu ction of new agents (D2) have a
significant impact on scattering due to the large distances
between newly added agents and the rest of the swarm that
is already in formation. In contrast, disturbances D3 and D4

exhibit only minimal impact, as the remaining agents in the
swarm quickly adapt collectively as described in Sect. 4.4.
The rapid stabilization observed in AE2, AE5, and AE6 can
be explained by the fact that their formations are not inter-
connected (i.e., neighbors are not influenced at all), or, in
the case of AE2, the obstacle directly only affects two neigh-
bors (the effect on other agents is lower beacause their local
neighborhood is influenced only on a minimal level). Con-
versely, AE1, AE3, and AE4 are more significantly influenced,

as the obstacle disrupts a previously connected formation,
impacting a larger number of agents.

(2) Reference-stabilization The stabilization times for
the distance to reference points also vary across experiments
due to differences in agent numbers (the higher the agent
number, the higher the time consumed for stabilization).
Peaks in SD values after D1 and D2 result from the random
placement of new agents, which initially have large distances
to their reference points. The relatively long and unequal sta-
bilization times observed in some cases (cf. AE1—AE6 in
D1 and D2) can be attributed to this random initialization
and the varying agent numbers. The reason for the fact that
formations involving “line” swarm behavior exhibit greater
changes in SD values compared to “ring” and “ball” behav-
iors can be explained by the intended, non-uniform distances
between agents and reference points within “line”-based for-
mations (some agents are placed close to the reference point,
others with greater distances along the line). The prolonged
stabilization time for AE2 after D5 can be explained by the
center urge 𝑢𝑐 and separation urge 𝑢𝑠 inherent working
against each other in the Line-of-Fliers, which is fur-
ther intensified by the obstacle’s influence on flight direction
(𝑢𝑜).

(3) Swarm-movement The overall movement of the
swarm’s center of gravity exhibits relatively low levels of
disturbance across all experiments. This can be attributed
to several factors. During initialization (D1), the random
placement of agents already has a stabilizing effect on the
measure because a fair random generator for positions results
in a centric center of gravity. Also, their immediate position
adaptation towards their reference points result in quick sta-
bilization as all agents in the swarm instantly head for the
reference point’s position, enforced by the center urge’s in-
fluence dominating the others in the calculation functions
(a positive feedback). A similar effect is observed after D2,
where all new agents adapt rapidly while other agents do only
adapt their positions marginally (negative feedback). Distur-
bance D3 has a comparable attenuating effect, as the removal
of agents is quickly compensated for by the remaining swarm
(negative feedback). In D4, the swarm adapts instantly to the
new positions of the reference points as all center urges
are influenced similarily for all agents and seperation urges
are reduced as soon as the system as a whole starts movin
(positive feedback, as soon as “front” agents free space for
others when moving). Finally, D5 has no significant effect
on the overall movement, as the obstacle is placed in the
center of the formation and does not substantially influence
the swarm’s center of gravity (cf. Fig. 11).
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5.4 Discussion

The proof-of-concepts experiments demonstrate the various
use cases and the advantages and disadvantages of the Single
Agent Set and Multi Agent Set approaches. Depending on
the desired visual effect on macro level, each of the possible
approaches of selecting the relevant reference point locally
can be the one fitting better to that needs. For instance, the
Single Agent Set Approach C+ is better suited to create con-
tinuous shapes than the Multi Agent Set Approach, e.g.,
when using the Line-of-Fliers algorithm for the letter V
(cf. Sect. 5.2.3) and the Ring-of-Fliers algorithm for the
Flower Pattern (cf. Sect. 5.2.1). The disadvantage of this ap-
proach is that the distribution of the agents in not-connected
forms is less controllable, which frequently results in im-
balanced shapes, e.g., the imbalanced Olympic Rings (cf.
Sect. 5.2.2) and the different sized towers in the Ring-of-
Line-of-Rings experiment (cf. Sect. 5.2.5). In contrast, the
Multi Agent Set Approach C∗ is more appropriate for the
creation of distinct intersections, e.g., when using the Line-
of-Fliers algorithm for the letter A (cf. Sect. 5.2.3). It is
also best used for the creation of multiple separate shapes,
e.g., for creating balanced Olympic rings (cf. Sect. 5.2.2) or
multiple towers of rings (cf. Sect. 5.2.5). The experiments
also show how the hierarchic approach can create complex
and visually interesting effects with both the Single Agent
Set and Multi Agent Set Approaches (cf. Fig. 5a). Note that
to capture the effects of this approach on static images, we
used a single rotation for the algorithms on each layer, de-
fined by the user-controlled reference point. Therefore we
encourage the reader to use our implementation on GitHub
to explore the dynamic effects without rotation synchroniza-
tion. Our empirical evaluation of adaptivity (cf. Sect. 5.3)
demonstrates that PROTEASE 2.0 effectively adapts to both
internal and external disturbances across all tested scenarios.
Agents were able to reconfigure themselves and maintain the
desired swarm behavior, showcasing the robustness and flex-
ibility of our approach. These findings validate the adaptivity
of PROTEASE 2.0 and its suitability for dynamic and unpre-
dictable environments.

While we have successfully implemented fundamental
swarm behaviors for real drones – such as single reference
point control and flat-layered swarm formations4 – our ob-
jective is to extend the concepts presented in this paper to
real-world drone applications. Bridging the gap between sim-
ulation and reality necessitates imposing certain constraints
on swarm behavior, as well as on the resulting individual
and collective movements, to mitigate physical limitations
that typically hinder the unrestricted execution of swarm
dynamics in real-world environments. Unlike in simulated

4 https://youtu.be/YTd9pCpeYuU?si=6iz-Wq5ibbsAjj8s.

swarm environments, where rotor-induced downwash ef-
fects are negligible, real-world deployments must account for
such aerodynamic interactions. Although appropriate colli-
sion hulls in our collision avoidance mechanisms can help
address potential issues during real-world experiments, these
measures may also impose limitations on the visual effects
observed in simulated experiments (cf. Sect. 5.2). To pre-
cisely replicate simulated swarm behaviors, a significantly
larger operational space would be required to facilitate ‘one-
over-the-other’ flight formations. In more constrained envi-
ronments, such as our designated flight arena [46], it may be
necessary to limit the degrees of freedom available to users
when positioning reference points or adjusting the parame-
ters of PROTEASE 2.0.

To come by this issue, we have already developed a mixed
version of simulated and real drones that can be combined
in swarms for flying in our arena. That way, we can sim-
ulate parts of the swarm, e.g., all agents despite those on
the highest layer, so that the desired macro level effect be-
comes visible in the real world while unnecessary parts are
only displayed in simulation, e.g., the Olympic Rings es-
tablish with real drones but their respective middle points
stay simulated. Because flight-time limitations and frequent
drone exchanges in normally stable formations can obscure
the desired macro-level effect, we also initiated hardware
development to increase drone uptime and improve battery
charging strategies, e.g., by improving traffic management
in drone loading areas or increasing the number of battery
charging zones.

One measure, we did not take into account in our evalua-
tions in Sect. 5.3 is that of disturbances concerning position
measurements. While failures concerning position measure-
ments for single drones frequently occur when using real-
hardware, we found that this kind of disturbance does not af-
fect the collective effect but only harms the individual drone
where the failure occurs: If the failures are not permanent,
the position controller and the Kalman filtering onboard the
flight controller compensate for the failure. Otherwise, the
effect is that the affected drone accelerates uncontrollably
in a random direction and crashes, while the other drones
adapt their neighborhood and compensate for the dropout in
a self-organized manner (cf. agent removal in Sect. 4.4).

6 Conclusion

In this paper, we revisit our swarm concept, PROTEASE 2.0,
with the aim of extending the range of decentralized forma-
tion flight patterns for drones, first introduced in [2]. Ini-
tially, we refine our understanding of parametrizable swarm
behavior, where different emergent effects can arise from
a single generalized implementation by merely altering the
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parameters utilized by each swarm member. We then for-
malize basic swarm behaviors that realize ring, line, and ball
formations around a reference point in a 3-dimensional en-
vironment. We demonstrate how PROTEASE 2.0 can generate
new formations in three distinct ways: (1) by increasing the
number of parallel swarms that interact, (2) by expanding
the single reference point into a set of reference points, and
(3) by introducing hierarchical swarms that integrate basic
swarm behaviors with (1) and (2), thereby producing more
complex phenomena observable at the macro level. While
the primary focus of this paper is the experimental evalua-
tion of these new swarm concepts, which enable novel flight
patterns for drones in simulation, we also empirically eval-
uate on the adaptivity features of our approach giving proof
for its self-stabilization properties and present initial proof-
of-concept experiments using real drones to form simpler
swarm patterns based on our concepts.

In future work, we will address the physical challenges as-
sociated with using real drones, such as battery constraints,
rotor downwash, and collision avoidance. While we have
already discussed these issues separately in previous re-
search [3], our future efforts will integrate these challenges
with PROTEASE 2.0. There, we aim for evaluating the same
measures for self-stabilization and adaptivity as presented
in Sect. 5.3 but now using real drones. Additionally, future
work could shift the focus from formation flight to enhancing
the discovery capabilities of our swarm behavior, for exam-
ple, by applying hierarchical Particle Swarm Optimization
to search for specific parameters. In this case, each particle
would form its own swarm, aggregating and communicating
local results to better survey larger regions. In addition, we
plan to overcome the “bottom-up” paradigm of inventing new
basic swarm behavior or combinations of them and rather
aim for a “top-down” approach, where we define the desired
swarm behavior on the macro level and then let the swarm
members figure out how to achieve this behavior by them-
selves, which we think is possible by using AI techniques
like reinforcement learning or genetic algorithms [47].
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