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Summary

The loss of biodiversity is of great concern to all life on Earth, including
humans, as it threatens food security, increases the spread of zoonotic dis-
eases, diminishes essential ecosystem services, and so on. To this end, na-
ture conservation tasks have been undertaken, with aim to protect and
restore ecosystems around the world. Among these tasks is exploration,
which involves documenting both known and unknown biodiversity, as
a significant portion of Earth’s biodiversity has yet to be described, with
many species potentially facing threats before they are even identified. In-
tervention tasks such as the protection of endangered species are equally
important. Current nature conservation interventions often rely heavily
on human involvement or conventional robotic technologies such as Re-
motely Operated Vehicles (ROVs) and Autonomous Underwater Vehicles
(AUVs), both of which face significant limitations. Human-led efforts are
constrained by accessibility, cost, and the potential to inadvertently harm
ecosystems, while ROVs and AUVs can struggle in complex environments,
may still disturb wildlife, and lack the capabilities for close animal inter-
actions. To address these issues, researchers are increasingly turning to
biomimetic robots, which are designed to imitate the structure, behavior, or
function of animals. Swarms of these bio-inspired robots offer a promising,
sustainable, and minimally invasive approach to conservation, capable of
accessing remote ecosystems, monitoring wildlife without disruption, and
even interacting with animals in ecologically beneficial ways.

This thesis presents a series of algorithms developed for swarms of
biomimetic robots to support animal collectives through exploration and
protection tasks, using fish as a case study. From a research perspective,
fish are among the most commonly studied organisms in animal-robot in-
teractions, with recent years witnessing significant theoretical and practi-
cal advancements in the development of bio-inspired fish robots. From an
ecological perspective, fish play a crucial role in aquatic ecosystems but are
increasingly threatened by anthropogenic pressures such as illegal fishing,
pollution, and invasive species, highlighting the need for conservation ef-
forts. To develop these algorithms, we draw upon the paradigm of swarm
intelligence, in which collective behavior emerges from individuals operat-
ing based on simple behavioral rules derived from local interactions with
their neighbors and their environment. This decentralized approach al-
lows swarm intelligence algorithms to address complex challenges while
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maintaining key properties essential for conservation tasks, including ro-
bustness to individual robot failures or environmental disturbances, scal-
ability, and adaptability to changing environmental conditions or animal
behaviors.

First, we investigate how swarm robots can explore and navigate like
fish within dynamic environments. We identify three essential collective
structures for effective exploration and navigation, characterized by the
swarm’s spatial coverage and the degree of alignment among individu-
als. The ability of traditional collective motion models of fish schooling to
generate these structures is assessed by varying the width of behavioral
zones. Two behavioral zonal models are considered, differing in how in-
fluential neighbors are selected: metric-based and topological-based ap-
proaches. Our results indicate that these models are unable to produce the
full range of required structures. To address this limitation, we propose an
extension of the metric-based zonal model. By varying both the alignment
zone width and converting the alignment zone to a neutral zone, all three
structures can be generated. Furthermore, we show that a robot swarm
following the proposed model can dynamically transition between these
structures in dynamic environments, where different stimuli appear over
time and are perceived by few individuals.

Second, we consider how swarm robots can support fish schools in pro-
tecting them from dynamic dangers. To preemptively detect threats before
they interact with the fish, and without prior knowledge of their pres-
ence, the robots are tasked with constructing a caging formation around
the school. This approach relies on a certain level of school cohesion.
Therefore, we first examine the conditions under which different collec-
tive motion models maintain this cohesion. Since changes in cohesion af-
fect spatial coverage, we also measure the resulting coverage in each case
and computationally determine the minimum number of robots required
to successfully construct a caging formation. The results show that the
proposed algorithm enables robots to effectively cage the school when the
constraints of school cohesion and robot swarm size are met. To guide
fish away from danger, robots adaptively switch between two states based
on their local position relative to the desired direction: one that induces a
repulsive effect on nearby fish and one that remains neutral. The effective-
ness of this approach is tested in dynamic environments across two tasks:
(i) avoiding a stationary danger that appears stochastically, and (ii) staying
within a shrinking circular safe zone. The findings demonstrate that the
robot swarm successfully prevents any fish from being affected by danger.

Third, we consider a more complex guidance problem in which the
robot swarm must navigate the school along a time-varying safe path while
ensuring the fish remain within its boundaries. Although this constraint
imposes stricter movement requirements, it simultaneously eliminates the
need for consensus decision-making among robots, which was essential
in the previous approach focused on avoiding dynamic dangers. Instead,
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each robot derives its guidance from an artificial potential field that en-
codes path information, enabling the swarm to guide the fish without re-
quiring inter-robot communication. To validate the algorithm, paths with
varying turn sharpness and space between boundaries are considered,
with effectiveness measured as the percentage of fish remaining within the
boundaries until reaching the target location. The results show that perfor-
mance tends to decline in sharp turns, particularly when these turns occur
within narrow segments of the path. This decline is influenced by multiple
factors, including the width of the margins around the path, the steepness
of margin narrowing, the number of robots relative to the number of fish,
and the maximum velocity of the fish. At higher speeds, the robots strug-
gle to maintain a coherent caging formation, which makes it more difficult
to contain the group during abrupt directional changes.

Fourth, we transition from model-based assumptions to experimental
validation, investigating how robot behavior influences fish avoidance re-
sponses. The previously developed protection algorithms were based on
theoretical models of fish-robot interactions; however, before these can be
tested in real-world scenarios, it is crucial to first assess the validity of these
underlying assumptions. To this end, a conspecific-like robot repeatedly
approached individual guppies, varying its speed across trials within a
medium to high range. Our findings suggest that as fish experienced re-
peated encounters with the robot, their likelihood of exhibiting avoidance
responses increased, indicating a form of behavioral adaptation. In some
instances, they displayed typical anti-predator reactions, such as freezing
or executing rapid escape maneuvers, suggesting that the robot was per-
ceived as a potential threat. In particular, escape responses were not only
dictated by proximity, but were also influenced by the robot’s approach
speed, challenging conventional models that assume distance alone de-
termines avoidance behavior. Moreover, avoidance speed increased with
higher robot speeds and decreased proximity, highlighting the dynamic
nature of fish responses.

The work presented in this dissertation advances our understanding of
how swarm robotics can support animal collectives through exploration
and protection tasks. By integrating principles of swarm intelligence, we
demonstrate how decentralized robotic systems can navigate dynamic en-
vironments, safeguard fish schools from dangers, and guide them along
safe paths. Furthermore, by experimentally validating fish avoidance re-
sponses to robotic stimuli, we provide empirical insights that refine exist-
ing models of fish-robot interactions. These contributions lay the founda-
tion for future research in animal-robot mixed societies and highlight the
potential of swarm robotics as a non-invasive, scalable tool for conserva-
tion efforts.






Samenvatting
— Summary in Dutch -

Het verlies aan biodiversiteit is een grote zorg voor al het leven op aarde,
inclusief de mens, omdat het de voedselzekerheid bedreigt, de versprei-
ding van zoonosen vergroot, essentiéle ecosysteemdiensten vermindert,
enzovoort. Daarom zijn er natuurbehoudstaken ondernomen om ecosys-
temen over de hele wereld te beschermen en te herstellen. Een van deze
taken is exploratie, waarbij zowel bekende als onbekende biodiversiteit
wordt gedocumenteerd, aangezien een aanzienlijk deel van de biodiver-
siteit op aarde nog moet worden beschreven, waarbij veel soorten moge-
lijk worden bedreigd voordat ze zelfs maar zijn geidentificeerd. Interven-
tietaken zoals de bescherming van bedreigde soorten zijn net zo belang-
rijk. De huidige interventies voor natuurbehoud zijn vaak sterk athankelijk
van menselijke betrokkenheid of conventionele robottechnologieén zoals
ROV’s (Remotely Operated Vehicles) en AUV’s (Autonomous Underwa-
ter Vehicles), die beide aanzienlijke beperkingen hebben. Menselijke in-
spanningen worden beperkt door toegankelijkheid, kosten en de mogelijk-
heid om ecosystemen onbedoeld te beschadigen, terwijl ROV’s en AUV’s
het moeilijk hebben in complexe omgevingen en nog steeds wilde dieren
kunnen verstoren. Om deze problemen aan te pakken, richten onderzoe-
kers zich steeds meer op biomimetische robots, die ontworpen zijn om de
structuur, het gedrag of de functie van dieren te imiteren. Zwermen van
deze bio-geinspireerde robots bieden een veelbelovende, duurzame en mi-
nimaal invasieve benadering van natuurbehoud, die in staat is om toegang
te krijgen tot afgelegen ecosystemen, om wilde dieren te monitoren zonder
ze te verstoren en zelfs om met dieren te communiceren op ecologisch gun-
stige manieren.

Deze dissertatie presenteert een reeks algoritmen die zijn ontwikkeld
voor zwermen biomimetische robots om dierencollectieven te ondersteu-
nen bij exploratie- en beschermingstaken, met vissen als casestudy. Van-
uit een onderzoeksperspectief behoren vissen tot de meest bestudeerde
organismen in dier-robot interacties, waarbij de laatste jaren aanzienlijke
theoretische en praktische vooruitgang is geboekt in de ontwikkeling van
bio-geinspireerde visrobots. Vanuit ecologisch perspectief spelen vissen
een cruciale rol in aquatische ecosystemen, maar worden ze steeds meer
bedreigd door antropogene druk zoals illegale visvangst, vervuiling en
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invasieve soorten. Om deze algoritmen te ontwikkelen, maken we ge-
bruik van het paradigma van zwermintelligentie, waarin collectief gedrag
ontstaat uit individuen die werken op basis van eenvoudige gedragsre-
gels die zijn afgeleid van lokale interacties met hun buren en hun om-
geving. Met deze gedecentraliseerde aanpak kunnen zwermintelligentie-
algoritmen complexe uitdagingen aanpakken met behoud van belang-
rijke eigenschappen die essentieel zijn voor natuurbehoudstaken, zoals
robuustheid tegen individuele robotstoringen of omgevingsverstoringen,
schaalbaarheid en aanpassingsvermogen aan veranderende omgevings-
omstandigheden of gedrag van dieren.

Eerst onderzoeken we hoe zwermrobots als vissen kunnen verkennen
en navigeren in dynamische omgevingen. We identificeren drie essentiéle
collectieve structuren voor effectieve exploratie en navigatie, gekarakteri-
seerd door de ruimtelijke dekking van de zwerm en de mate van afstem-
ming tussen individuen. Het vermogen van traditionele collectieve be-
wegingsmodellen van scholende vissen om deze structuren te genereren
wordt beoordeeld door de breedte van gedragszones te variéren. Twee
gedragszonale modellen worden bekeken, die verschillen in hoe invloed-
rijke buren worden geselecteerd: metrisch-gebaseerde en topologisch-
gebaseerde benaderingen. Onze resultaten geven aan dat deze modellen
niet in staat zijn om alle vereiste structuren te produceren. Om deze beper-
king aan te pakken, stellen we een uitbreiding van het metrisch-gebaseerde
zonemodel voor. Door zowel de breedte van de uitlijningszone te variéren
als de uitlijningszone te converteren naar een neutrale zone, kunnen alle
drie de structuren worden gegenereerd. Verder laten we zien dat een robot-
zwerm die het voorgestelde model volgt, dynamisch kan wisselen tussen
deze structuren in dynamische omgevingen, waar verschillende stimuli in
de loop van de tijd verschijnen en door weinig individuen worden waar-
genomen.

Ten tweede onderzoeken we hoe zwermrobots visscholen kunnen be-
schermen tegen dynamische gevaren. Om bedreigingen preventief te de-
tecteren voordat ze interactie hebben met de vissen, en zonder voorkennis
van hun aanwezigheid, worden de robots belast met het bouwen van een
kooiformatie rond de school. Deze aanpak is afhankelijk van een bepaald
niveau van schoolcohesie. Daarom onderzoeken we eerst de voorwaar-
den waaronder verschillende collectieve bewegingsmodellen deze cohe-
sie behouden. Omdat veranderingen in de cohesie van invloed zijn op de
ruimtelijke dekking, meten we ook de resulterende dekking in elk geval en
bepalen we rekenkundig het minimale aantal robots dat nodig is om met
succes een kooiformatie te bouwen. De resultaten laten zien dat het voor-
gestelde algoritme robots in staat stelt om de school effectief in te kooien
wanneer aan de beperkingen van de schoolcohesie en de grootte van de
robotzwerm wordt voldaan. Om de vissen weg te leiden van het gevaar,
schakelen de robots adaptief tussen twee toestanden op basis van hun lo-
kale positie ten opzichte van de gewenste richting: een toestand die een
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afstotend effect heeft op nabijgelegen vissen en een toestand die neutraal
blijft. De effectiviteit van deze aanpak wordt getest in dynamische omge-
vingen voor twee taken: (i) het vermijden van een stationair gevaar dat
stochastisch verschijnt, en (ii) binnen een krimpende cirkelvormige veilige
zone blijven. De bevindingen tonen aan dat de robotzwerm met succes
voorkomt dat een vis getroffen wordt door gevaar.

Ten derde beschouwen we een complexer geleidingsprobleem waarbij
de robotzwerm de school langs een in de tijd variérend veilig pad moet na-
vigeren en er tegelijkertijd voor moet zorgen dat de vissen binnen de gren-
zen blijven. Hoewel deze beperking strengere bewegingsvereisten oplegt,
elimineert het tegelijkertijd de noodzaak voor besluitvorming op basis van
consensus tussen robots, wat essentieel was in de vorige benadering die
gericht was op het vermijden van dynamische gevaren. In plaats daarvan
ontleent elke robot zijn begeleiding aan een kunstmatig potentiaalveld dat
padinformatie codeert, waardoor de zwerm de vis kan leiden zonder dat
communicatie tussen de robots nodig is. Om het algoritme te valideren,
worden paden met variérende bochtscherpte en ruimte tussen de grenzen
bekeken, waarbij de effectiviteit wordt gemeten als het percentage vissen
dat binnen de grenzen blijft tot de doellocatie is bereikt. De resultaten to-
nen aan dat de prestaties afnemen bij scherpe bochten, vooral wanneer
deze bochten voorkomen in smalle segmenten van het pad. Deze achter-
uitgang wordt beinvloed door meerdere factoren, waaronder de breedte
van de marges rond het pad, de steilte van de vernauwing van de mar-
ges, het aantal robots ten opzichte van het aantal vissen en de maximale
snelheid van de vissen. Bij hogere snelheden hebben de robots moeite om
een coherente kooivorming te behouden, wat het moeilijker maakt om de
groep in bedwang te houden tijdens abrupte richtingsveranderingen.

Ten vierde gaan we over van modelgebaseerde aannames naar experi-
mentele validatie, waarbij we onderzoeken hoe het gedrag van de robots
de vermijdingsreacties van de vissen beinvloedt. De eerder ontwikkelde
beschermingsalgoritmen waren gebaseerd op theoretische modellen van
vis-robot interacties; voordat deze echter getest kunnen worden in echte
scenario’s, is het cruciaal om eerst de geldigheid van deze onderliggende
aannames te beoordelen. Daartoe benaderde een robot, die op een soort-
genoot leek, herhaaldelijk individuele guppy’s, waarbij de snelheid tijdens
de proeven varieerde binnen een gemiddeld tot hoog bereik. Onze be-
vindingen suggereren dat naarmate de vissen de robot meer en meer ont-
moetten, de kans toenam dat ze vermijdingsreacties vertoonden, wat wijst
op een vorm van gedragsaanpassing. In sommige gevallen vertoonden ze
typische anti-predator reacties, zoals bevriezen of het uitvoeren van snelle
ontsnappingsmanoeuvres, wat suggereert dat de robot als een potenti€le
bedreiging werd gezien. Vluchtreacties werden niet alleen bepaald door
nabijheid, maar werden ook beinvloed door de naderingssnelheid van de
robot, wat conventionele modellen die ervan uitgaan dat afstand alleen
bepalend is voor vermijdingsgedrag, in twijfel trekt. Bovendien nam de
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vermijdingssnelheid toe met hogere robotsnelheden en verminderde na-
bijheid, wat de dynamische aard van visresponsen benadrukt.

Het werk gepresenteerd in dit proefschrift bevordert ons begrip van
hoe zwerm robotica diercollectieven kan ondersteunen bij exploratie- en
beschermingstaken. Door principes van zwermintelligentie te integreren,
laten we zien hoe gedecentraliseerde robotica dynamische omgevingen
kan navigeren, visscholen kan beschermen tegen gevaren en ze langs vei-
lige paden kan leiden. Door experimenteel de vermijdingsreacties van vis-
sen op robotstimuli te valideren, bieden we bovendien empirische inzich-
ten die bestaande modellen van vis-robot interacties verfijnen. Deze bijdra-
gen leggen de basis voor toekomstig onderzoek naar gemengde dier-robot
samenlevingen en benadrukken het potentieel van zwermrobots als een
niet-invasief, schaalbaar hulpmiddel voor natuurbehoud.



Introduction

”In nature, nothing exists alone. The balance of nature is not a status quo; it is
fluid, ever shifting, in a constant state of adjustment. Humans, too, are part of
this balance, and they are as dependent upon it as any other life form.”

Rachel Carson, Silent Spring (1962)

ATURE is becoming increasingly shaped by human activities. Disrup-
tion of the balance of nature has lead to the extinction of many animal
species, and consequently loss of biodiversity. As technology continues to
advance, and given that nothing in nature exists alone, we should strive to
develop technologies that not only coexist with nature but actively con-
tribute to restoring the balance on which we all depend. The development of
animal-robot mixed societies is not aimed at replacing natural organisms
with machines, but rather fostering a symbiotic relationship between them.
In such societies, robots integrate seamlessly with animal groups, assist-
ing them in tasks like navigation, protection, and adaptation to changing
environments. This thesis focuses on fish schools as a case study, propos-
ing algorithmic solutions for swarm robots to support fish in their daily
lives. The first objective is to explore how robots can explore and navigate
like fish in the dynamic environments that fish inhabit. The second ob-
jective is to investigate how robots can guide fish away from dangers and
along safe trajectories, offering protection in critical situations. Finally, the
third objective is to experimentally examine how robot behavior influences
fish avoidance responses, providing insights into how robots can leverage
these behaviors to steer fish movement.
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1.1 Towards animal-robot mixed societies

Drawing inspiration from biological systems has led to significant ad-
vancements in a wide range of domains, including computer science and
robotics. For instance, state-of-the-art artificial intelligence models, such as
ChatGPT, are based on artificial neural networks, which are computational
models inspired by the structure and function of the neural architecture
of the human brain [1]. In robotics, bioinspired design has facilitated the
development of advanced systems capable of complex autonomous behav-
iors. This approach laid the foundation for the field of “biorobotics”, which
focuses on creating robots that mimic the structure, function, or behavior
of biological organisms. Robots designed in this way are also known as
“biomimetic” or bioinspired robots (see Figure 1.1). A notable example is
SoFi, a soft robotic fish developed by MIT roboticists, designed to resem-
ble and move like a real fish [2]. Its design draws inspiration from the
flexible body structure and swimming dynamics of fish, particularly the
tail propulsion used for efficient aquatic movement. In addition to imi-
tating the anatomy and biomechanics of living organisms, scientists and
engineers have drawn inspiration from the social and collective behaviors
observed in nature. For example, swarms of robots have been developed to
mimic the schooling behavior of fish and the flocking patterns of birds [3].
By designing the intelligence of individual robots based on the simple be-
havioral principles that govern interactions in these animals, the robots
appear to function as a single collective unit, even in the absence of cen-
tralized control. This approach has revolutionized swarm robotics, with
applications ranging from environmental monitoring [4] to autonomous
construction [5].

1.1.1 Biorobotics: from inspiration to interaction

Initially, the field of biorobotics focused on improving robotic technologies
inspired by principles observed in nature. Over time, this focus has ex-
panded to include the development of technologies that allow robots to in-
teract directly with living animals [6]. This emerging branch of biorobotics
extends beyond traditional bioinspiration, paving the way for the merg-
ing of natural and artificial systems into synergistic ecosystems [7-10]. A
distinction is typically made between animal-robot technologies based on
whether the interaction occurs at the individual (physiological) level or the
group (behavioral) level. When natural and artificial components are inte-
grated at the individual level, the resulting entity is referred to as a “bio-
hybrid organism”, also known as cyborgs, bio-robots, or animal-robots. In
such entities, either an artificial component is incorporated into an animal
or a biological organ is integrated into a robot, enabling direct interaction
between the nervous or muscular system and electronic components. For
instance, Kobayashi et al. [11] artificially induced swimming behavior in a
goldfish (Carassius auratus) by stimulating its brain through an electrode.
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A.

Figure 1.1: Examples of biomimetic fish robots. (A) A soft robotic fish utilizing
oscillatory propulsion and a compliant tail, designed to operate without disturbing
or damaging underwater flora and fauna. Adapted from Van Den Berg et al. [12].
(B) A 3D replica of a guppy, attached to a robot (not shown), interacting with live
guppies, as part of an animal-robot mixed society. Reproduced with permission
from Maxeiner et al. [13].

Bio-hybrid organisms combine the adaptability of animals to dynamic en-
vironments with the possibility of controlling them as robots, offering
unique advantages for various potential applications, such as search-and-
rescue operations [6]. Moreover, bio-hybrid organisms serve as valuable
tools for advancing neuroscience and biological research.

When animal-robot interactive technologies are integrated at the group
level, an “animal-robot mixed socie’fy”1 is established [10] (see Fig-
ure 1.1B). In this context, living animals and robots interact with one an-
other through their behaviors as separate entities. These robots are typi-
cally biomimetic [14], and can be either static or mobile [8]. Depending on
the goal of the interaction, robots can mimic specific features of the ani-
mal they are interacting with to appear as a conspecific (i.e., a member of
the same species) or even replicate the traits of the animal’s natural preda-
tors [15]. Such robots provide numerous advantages for studying animal
behavior and behavioral ecology. They are easier to handle compared to
real animals and allow precise control of their position in the environment,
enabling highly standardized and reproducible experimental designs. Fur-
thermore, the ability to deliver distinct cues through robots interacting
with animals makes it possible to dissect the relative importance of var-
ious stimuli in shaping animal responses. These cues can be programmed
into the robot and delivered in various ways, including visual cues based
on morphophysiological features (e.g., color patterns [16], size [17], and
shape [18]), spatial cues (e.g., position within the environment [19]), lo-
comotory cues (e.g., movement dynamics [20]), as well as auditory [21],
light [22], and olfactory [23] cues. For instance, Marras and Porfiri [24]

n this text, we adopt the terminology and categorization of animal-robot interactive tech-
nologies proposed by Romano et al. [6]. It is worth noting that the term “society” can also
encompass one-to-one animal-robot interactions.
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demonstrated that locomotion serves as a determinant cue for attracting
conspecifics by exposing golden shiners (Notemigonus crysoleucas) to differ-
ent tail-beat frequencies (i.e., the rate at which the tail oscillates over time)
of a robotic replica. Similarly, Landgraf et al. [25] showed that for Trinida-
dian guppies (Poecilia reticulata), the combination of realistic eye dummies
and natural motion patterns significantly increased the robot’s acceptance
as a conspecific.

Even more intriguing is the concept of a closed-loop mixed society,
where robots and living animals interact and mutually influence each other
according to the principles of social behavior [14]. These mixed societies
function as dynamic systems, with the actions of animals and robots be-
ing interdependent. Robots can trigger specific reactions or behaviors in
animals and dynamically adjust their own behavior in response to the an-
imals” actions [26]. In this way, robots are active participants in shaping
the group’s social dynamics. As such, biorobotics serves as a sophisticated
tool for studying social and collective behaviors in animals.

1.1.2 Robots in social and collective animal behaviors

In closed-loop mixed societies, a biomimetic robot can be used to influence
an animal’s social behaviors [27] such as learning in chicks [19], courtship
in lizards [28] and frogs [21], or foraging in birds [29]. Moreover, they can
be used to observe and modify collective animal behaviors [30], such as
decision-making in cockroaches [31], or coordinated movement in fish [32].
While biomimetic robots have been used to study social and collective be-
haviors in a variety of species, most research has focused on fish influenced
by a robotic conspecific [6]. Fish are easier to maintain in laboratory con-
ditions compared to other vertebrates and provide a valuable model for
investigating behavioral interactions, such as the influence of swimming
speed and orientation.

Kim et al. [33] found that zebrafish (Danio rerio) not only followed the
robotic replica but also adjusted their swimming patterns to align with
its movements, displaying both attraction and mimicry. This behavior
was attributed to the interactive nature of the robot, which dynamically
responded to the fish’'s movements in real time. Similarly, Maxeiner et
al. [13] showed that conspecific-like robots that adjust their behavior in re-
sponse to Trinidadian guppies can more effectively elicit following behav-
ior and reduce avoidance responses. At the collective level, zebrafish have
also been shown to exhibit schooling behaviors with a robotic conspecific,
where the speed of the robot serves as a determinant cue for group cohe-
sion [34]. In addition to studies involving many-fish-to-one-robot inter-
actions, research has also examined one-fish-to-many-robots interactions.
For instance, Butail et al. [35] found that zebrafish spent more time in
the proximity of robots when the robots swam farther apart, compared to
when they swam closer together.
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In a study with golden shiners, a robotic conspecific was shown to mod-
ulate the risk-taking behavior of the fish [36]. Risk-taking was quantified
by measuring the time it took for the fish to leave its shelter after a sim-
ulated predator attack. The fish appeared to mimic the robot’s behavior,
exhibiting increased boldness (i.e., higher risk-taking) when the robot was
bold, and decreased boldness when the robot was cautious. Related to this
is the concept of leadership, wherein one or more individuals initiate a new
direction of locomotion and the others follow. Faria et al. [37] developed a
robotic replica to initiate new swimming directions in both individuals and
groups of sticklebacks (Gasterosteus aculeatus). In a similar context, Ward et
al. [38] demonstrated that in a Y-maze, the binary choice of direction for a
solitary stickleback was strongly influenced by a single robotic conspecific.
However, for larger groups (four or more fish), an additional robot was
required to influence the decision.

In addition to robots mimicking conspecifics, researchers have devel-
oped robotic predators to study predator-prey dynamics. These robots
are designed to replicate the characteristics of the natural predators of
the animals. Cord-Cruz et al. [39] found that zebrafish exhibited similar
behavioral responses to both a live predator (red tiger fish; Hydrocynus
goliath) and a mobile 3D-printed predator replica. Anti-predator behav-
iors included freezing (i.e., remaining stationary as a fight-or-flight re-
sponse) [40], and escape movements (i.e., sudden sharp turns and rapid
bursts of acceleration) [41]. These findings were further supported by
Spinello et al. [42] and Ladu et al. [43], who showed that robotic replicas
induced significant fear responses in zebrafish, as evidenced by the fish
distancing itself from the robot.

1.1.3 Applications of animal-robot interaction

Although interactive robots are a relatively novel method for studying an-
imal behavior, they have already proven to be highly effective tools for
gaining valuable insights [27, 44, 45]. These findings can lead to a wide
range of practical applications [46], such as improving animal welfare in
captivity [47], optimizing animal husbandry practices [48], and develop-
ing more effective diagnostic tools and treatments for behavioral disor-
ders [49]. Beyond their use in behavioral research, interactive biomimetic
robots can also have direct practical applications involving animals, such
as managing animal populations in agriculture [50-52], and wildlife con-
servation [53-55].

In agriculture, robots have been developed for tasks such as feeding
and disease control [52]. In addition, mobile robots have been shown to ef-
fectively encourage animal movement in free-range poultry farms through
interactive engagement [56]. Physical activity is crucial for the health
and well-being of birds, as prolonged inactivity or sedentary behavior can
cause significant health problems [57]. More interestingly, robots have also
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been developed to interact socially with chicks in poultry farming [19].
Chicks hatched in incubators are separated from their mother hens, miss-
ing natural stimuli that influence their behavior and social learning [58].
Using robots as social partners to replace the mother hen offers a promising
approach to promote healthy behavior in chicks [50]. Controlling animal
movement is another key task in agriculture [59]. For example, by pre-
cisely managing cattle movement, farmers can optimize pasture land use,
thereby reducing material and labor costs while avoiding human-livestock
conflict [60]. Instead of relying on conventional fencing, a collar-mounted
robotic device controls the animal’s movement using stimuli such as sound
or low electrical currents [61].

A more specific example of animal movement control is “shepherd-
ing”, which involves guiding a group of animals to a desired location
(e.g., water, pasture, shelter) while maintaining the group’s cohesion [62].
In a broader sense, the shepherding problem can be defined as agents
(“shepherds”) guiding a group of other autonomous agents (“herd”)?.
This concept is applicable beyond agriculture, where agents could repre-
sent animals, humans, or robots. Indeed, robots have been successfully
demonstrated in herding animals such as sheep [63-65], cattle [66], and
ducks [67], as well as in other contexts such as keeping birds away from
aircraft [68, 69], managing human crowds [70, 71], and facilitating the safe
movement of people [72, 73]. In most works, the intelligence of these robots
is inspired by natural shepherds, namely sheepdogs. Sheepdogs are partic-
ularly skilled at herding, with a single dog capable of managing more than
80 sheep [74]. These dogs exploit the sheep’s collective behavior of aggre-
gating and escaping from threats [75], a phenomenon widely recognized
as the selfish herd theory [76]. Similarly, biomimetic robots that trigger an
aversive response in the herd by delivering specific cues can rely on the
same shepherding mechanisms as sheepdogs [77].

At the intersection of agricultural improvement and wildlife conser-
vation, sensor systems have been developed for real-time monitoring of
honey bees (Apis mellifera) [78]. Although these insects are vital to the nat-
ural ecosystem, a widespread decline in bee colonies has been reported in
recent years [79]. Honey bees not only produce honey and other indus-
trial products, but they are also fundamental to plant pollination, playing
a key role in the proliferation of both wild and cultivated flora [80]. Thus,
monitoring the health of bee colonies in real-time is crucial, as it allows
for timely interventions to support their survival. Alongside sensor sys-
tems, interactive robots have been employed to benefit both agriculture
and wildlife. Conflicts arising from wildlife preying on farm animals and
damaging crops result in both agricultural losses and declines in wildlife
populations. Therefore, balancing the protection of livestock and wildlife

%In literature, the term “group,” “herd,” “flock,” or “school” is used depending on the
species under study. Here, “herd” is used, as the shepherding problem is traditionally in-
spired by dogs herding sheep.
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in shared landscapes is essential. Breck et al. [54] demonstrated that adap-
tive mobile robots significantly improved livestock survival rates without
harming wildlife. Their findings highlight how interactive robots can en-
hance agricultural protection and support the development of nonlethal
wildlife management tools. Non-invasive monitoring of animal health and
non-lethal human-animal conflict resolution are among the crucial tools in
wildlife conservation, and robots offer a promising approach to achieving
this [81, 82]. In the following section, we explore in greater detail how
specifically biomimetic robots can contribute to nature conservation.

1.2 Robots inspired by nature, for nature

Humanity has reached a critical point in its relationship with the natural
world. Activities such as unsustainable resource extraction, large-scale de-
velopment, and widespread pollution are severely damaging the health
of the planet and jeopardizing the survival of its ecosystems [83]. Over
the past five decades, we have witnessed a dramatic loss in biodiversity,
with nearly 70% of the planet’s species lost [84]. Biodiversity forms the
foundation for all life on Earth, including humans, and its loss is therefore
of great concern to us [85-90]. For instance, biodiversity loss heightens
the risk of zoonotic diseases (e.g., COVID-19 [91-93]), diminishes access to
critical medicinal resources (many of which are derived from plants and
animals) [94-96], and weakens the human immune system by destabiliz-
ing ecosystems [97-99]. Additionally, it threatens food security by reduc-
ing crop and pollinator diversity, which directly impacts agricultural pro-
ductivity [100-102]. The decline also undermines natural defenses against
environmental disasters, such as floods and droughts [103-105]. Further-
more, biodiversity plays a vital role in climate regulation by capturing and
storing carbon, and its loss accelerates climate change, affecting human
livelihoods globally [106-108]. Given the critical role biodiversity plays in
the sustainability of life on Earth, it is imperative that we take action to
preserve it and repair the damage it has sustained. This reflects the core
principle of nature conservation.

1.2.1 The conservation of nature

Nature conservation efforts are essential to protect and restore ecosystems
around the world and to prevent a sixth mass extinction event [109, 110].
These efforts can be categorized into exploration, data collection, moni-
toring, intervention, and maintenance tasks [55]. Exploration tasks in-
volve documenting both known and unknown biodiversity, including pre-
viously unexplored environments. Data collection focuses on gathering
information to address specific questions concerning the ecosystem. Mon-
itoring includes regular surveillance to assess ecosystem health, such as
population trends, presence of invasive species, and human-wildlife inter-
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actions. Intervention tasks aim to promote ecosystem recovery and im-
prove its health, such as resolving human-wildlife conflicts, protecting en-
dangered species, and removing invasive species. Maintenance tasks focus
on preserving the ecosystem’s natural state and ensuring the sustainabil-
ity of ecosystem services, such as protecting against natural disasters and
mitigating pollution.

Each of these tasks is essential to maintain and restore biodiversity,
and a lot of work is still to be done [111]. For example, studies suggest
that a significant portion of Earth’s biodiversity has yet to be described,
with many species potentially facing threats before they are even identi-
fied [112, 113]. Despite significant progress, substantial knowledge gaps
persist in ecosystem data collection. The IPBES has identified numerous ar-
eas where data is lacking, hindering effective conservation strategies [114].
Intervention tasks such as the protection of endangered species are equally
important, as recent findings suggest that 12.7% of marine fish species are
threatened, as defined by the International Union for the Conservation of
Nature (IUCN) [115]. Given the United Nations Convention on Biologi-
cal Diversity’s target to conserve 30% of both land and marine areas by
2030 [116], there is an urgent need for innovative and efficient approaches
to conservation. As we have long drawn inspiration from nature to en-
hance our technologies, it may now be time to return the favor by using
these innovations to help preserve the natural world. Among these tech-
nologies, biomimetic robots stand out as a promising candidate, with the
potential to become effective, sustainable, and non-invasive tools for na-
ture conservation.

1.2.2 The role of biomimetic robots

Current nature conservation efforts rely heavily on human involvement,
which introduces several limitations, as highlighted by Chellapurath et
al. [55]. Many biodiversity-rich areas are inaccessible to humans and there-
fore remain unexplored, including the deep ocean [117], underground cave
systems [118], polar regions [119], and high-altitude areas [120]. Addition-
ally, traditional monitoring methods, which often use stationary devices
or periodic sampling, can miss critical information [121]. While human-
driven conservation actions aim to protect ecosystems, they can inadver-
tently cause harm, contributing to pollution, disturbing wildlife behavior,
and causing injury or stress to animals [122-127]. Robots, such as UAVs,
AUVs, and ROVs, have addressed some of these challenges by enabling
surveys in previously inaccessible or risky areas [128-130]. However, these
technologies still face limitations, such as difficulty navigating uneven ter-
rain, disturbing wildlife, and lacking the capabilities for close animal inter-
actions or intervention tasks [131-133].

Biomimetic robots offer a promising solution to these challenges. By
mimicking the structure or function of animals, they can access ecosystems
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that were previously difficult or impossible to explore [134]. As previously
discussed, research on the interactions between biomimetic robots and ani-
mals has provided valuable insights into how these robots can engage with
animals up close. This includes influencing their behavior in beneficial
ways, such as guiding them to move in a different direction, or observing
them without causing stress or altering their natural behavior in undesir-
able ways [135]. So far, a number of biomimetic robots have been designed
and demonstrated for a variety of conservation tasks. For instance, drones
mimicking natural predators, such as the peregrine falcon (Falco peregri-
nus), have been developed to reduce bird visits in areas like airports, land-
fills, and farms, without causing harm to the birds [68, 136, 137]. Promising
biomimetic robots have also been developed for aquatic tasks. Undula-
tory fish-inspired robots, such as MIT’s RoboTuna [138], demonstrate su-
perior agility and maneuverability compared to propeller-driven systems
in complex or unstable flows [139, 140]. Their ability to generate stable
propulsion in turbulent conditions and perform tight turns with minimal
environmental disturbance makes them well-suited for navigating com-
plex underwater terrains such as coral reefs [141, 142]. Ocean One, a hu-
manoid robot, is designed for collecting and manipulating objects in deep-
sea environments, ranging from delicate coral pieces to heavy frames and
tools [143-145]. Another underwater robot, inspired by crab locomotion,
is able to walk and run more easily on the seabed while collecting sam-
ples and monitoring marine habitats [146]. Similarly, the LAURON robot,
inspired by the stick insect (Carausius morosus), showcases the potential of
bio-inspired robots to navigate rough and hazardous terrains, such as vol-
canic sites [147, 148].

Beyond these existing applications, Chellapurath et al. [55] highlight
several promising future uses of biomimetic robots in nature conservation.
One such application is the potential for robots to train captive animals
before their reintroduction into the wild, providing a safer and more ef-
fective transition. In addition, mixed animal-robot societies offer a unique
approach to conservation. By influencing the social behavior of animals,
robots can ultimately impact the ecosystems in which these societies are
embedded. Known as “ecosystem hacking”, this approach has the poten-
tial to enhance ecosystem stability or, at least slow the rate of ecosystem
degradation [149-151].

1.2.3 Operational considerations

When developing conservation robots, researchers must consider several
operational factors, including durability, energy efficiency, and biodegrad-
ability [55]. Given that these robots are often deployed in hazardous en-
vironments, they need to be highly durable to withstand challenging con-
ditions. The limited capacity of current energy storage systems can pose
a challenge for conservation tasks. However, harvesting energy from re-
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newable sources or receiving power wirelessly are promising solutions
that also help reduce electronic waste [152, 153]. For example, Mohamed
et al. [154] demonstrated the use of phase change materials to convert
temperature differences in the ocean into usable energy, highlighting the
potential for long-endurance underwater robots. In addition, the robot
can become damaged, causing parts to fall off or rendering it inoperable,
which would make retrieval difficult. To minimize environmental impact,
it would be ideal for these robots to have a high degree of biodegradabil-
ity, as they will primarily operate in fragile ecosystems. Encouragingly,
sustainable materials are gaining traction in robotics, with efforts targeting
all subsystems, from actuators and energy storage to electronics [155, 156].
For instance, Donatelli et al. [157] constructed a fish-like robot body using
silk hydrogel embedded with fibers to mimic the structure of natural fish
skin.

Environmental constraints, particularly in underwater contexts, im-
pose additional design challenges that must be addressed alongside
conservation-related objectives. In underwater contexts, sensing, actu-
ation, and communication each present unique challenges that require
specialized approaches. Fortunately, substantial progress has been made
in the theoretical and practical development of underwater robotic sys-
tems [158]. Underwater sensing is complicated by poor light penetra-
tion, turbidity, signal attenuation, and limited communication bandwidth.
Despite these challenges, advances in sensing technologies are enabling
robots to navigate complex terrains, localize themselves, detect objects,
and monitor environmental parameters. These capabilities are supported
by the integration of sonar, stereo and monocular cameras, inertial mea-
surement units (IMUs), and environmental sensors measuring tempera-
ture, pressure, and salinity [159]. To improve close-range sensing (typically
less than one meter), researchers are increasingly exploring biomimetic
designs, such as artificial lateral lines [160-162] and whisker-like sen-
sors [163, 164], inspired by the sensory systems of aquatic animals.

In terms of locomotion, a particularly promising class of underwater
robots are soft robots. Constructed from materials such as polymers, hy-
drogels, or liquid metals, these robots can bend, stretch, and adapt their
shape for safe and flexible movement [165, 166]. Their soft and deformable
materials allow them to squeeze through narrow spaces, avoid obstacles,
and adapt to complex underwater terrains, which is more difficult for tra-
ditional rigid robots [167]. In addition, their compliant structures allow
for more accurate imitation of aquatic animal movements [168]. Various
actuation mechanisms have been developed to support different modes
of underwater locomotion in bioinspired soft robots [169]. Examples in-
clude a fish-inspired robot using oscillatory tail motion [170], a stingray-
like robot that uses undulatory swimming [171], a jellyfish-inspired robot
with silent and untethered propulsion [172], and a starfish-like robot that
uses crawling movements [173]. While soft robots excel in adaptability
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and safe interaction, they often lack the structural rigidity, actuation pre-
cision, and force output of their rigid counterparts. These limitations can
restrict their effectiveness in tasks that require high force or precise ma-
nipulation [169]. To address this, hybrid designs combining soft and rigid
components are emerging, offering a promising balance between flexibility
and control [174]. Ultimately, the optimal design depends on the specific
requirements of the intended conservation task.

Beyond the previously mentioned considerations, researchers should
also evaluate the use of multiple robots versus a single robot. Multi-robot
systems offer significant advantages for many conservation tasks and can
be classified into two types based on their control structure: centralized
and decentralized. In a centralized system, a central unit manages com-
munication with all robots, directing their actions. In contrast, decentral-
ized systems rely on local observations and communication, enabling each
robot to make independent decisions. Each architecture presents distinct
strengths and limitations. Centralized systems are well-suited for achiev-
ing global coordination and task optimization but can become vulnera-
ble to single points of failure unless additional fault-tolerant mechanisms
are implemented. In comparison, decentralized systems inherently offer
greater robustness, scalability, adaptability, and fault tolerance, as their dis-
tributed nature allows them to more easily adapt to changes in the number
of robots. Robustness refers to the system’s ability to maintain core func-
tions despite challenges or environmental changes, while fault tolerance
ensures that the system can continue operating even if individual robots
fail. These qualities are crucial for many conservation tasks, where robots
must function in hazardous or dynamic environments [55, 175]. Moreover,
depending on the task, robots must be capable of exhibiting collective be-
havior to perform actions beyond the capability of a single robot. For ex-
ample, we can enable robots to explore in a coordinated manner, similar
to how fish move in a school as a cohesive unit, by designing intelligence
inspired by the collective behavior of these animals [176, 177]. This type
of intelligence is also known as swarm intelligence. In the next section, we
discuss the principles of swarm intelligence and explore how these princi-
ples can be applied to robotics.

1.3 Swarm intelligence

Many animal species exhibit remarkable collective behavior, where sim-
ple individuals are capable of producing highly organized and complex
group dynamics [178]. Examples of such behaviors include ant colonies
efficiently foraging for food [179], flocks of birds synchronizing their flight
patterns [180], and schools of fish evading predators with coordinated
motion [181]. These complex group behaviors are not the result of a
centralized control structure or global knowledge. Instead, they emerge
from local interactions between individuals and their environment, guided
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by simple behavioral rules. Through these interactions, large-scale pat-
terns and coordinated behaviors arise without external control, a process
known as self-organization [182-184]. Inspired by these biological phe-
nomena, “swarm intelligence” has emerged as an artificial intelligence
paradigm that models such collective behaviors [185-187]. By leverag-
ing distributed and cooperative strategies, swarm intelligence algorithms
tackle complex tasks while exhibiting robustness, scalability, and flexibil-
ity. As a result, swarm intelligence has been applied to challenges in op-
timization [188], network systems [189], robotics [190], and various other
fields [191]. “Robot swarms” are designed under swarm intelligence prin-
ciples and excel in certain scenarios where traditional Al methods may face
limitations [192-196]. For instance, many teams of underwater robots rely
on centralized control through explicit communication above water, which
limits coordination complexity. However, recent advancements, such as
the fish-inspired robot swarm developed by Berlinger et al. [197], demon-
strate how implicit communication (e.g., blue light) can achieve complex
and adaptive coordination without any centralized control.

1.3.1 Collective motion

A prevalent form of collective behavior is collective motion, where in-
dividuals synchronize their movements to produce large-scale coordina-
tion [198]. In nature, this coordination is observed in various contexts, as
animals move together to forage, migrate, and avoid predators. Engaging
in collective motion provides several advantages, such as enhanced dis-
covery of food [199], energy efficiency [200], and improved protection from
predators [201]. As a result, collective motion is widespread across biologi-
cal systems, from bacterial colonies and swarming locusts to schools of fish,
flocks of birds, and even groups of mammals, including humans [202-204].

Over the past decades, numerous models of collective motion have
been proposed in both theoretical and empirical studies [205-207]. A com-
mon characteristic in these models is that individual behavior follows a
set of simple rules, influenced by the movement of a relatively small num-
ber of neighboring individuals. Three fundamental interaction forces have
been suggested as the foundation for collective motion in biological sys-
tems:

(i) Repulsion, which prevents collisions by maintaining a minimum dis-
tance from nearby individuals.

(ii) Alignment, also referred to as orientation, where individuals adjust
their movement to match the direction and speed of their neighbors.

(iif) Attraction, which encourages individuals to stay close to others in
the group to maintain cohesion.

These interaction forces shape the movement dynamics of individuals
within a group. Mathematically, let p; denote the position of an individual
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Figure 1.2: Behavioral zones of the three interaction forces in collective motion;
repulsion, orientation and attraction with respective widths of zg, zo and z 4.

i. Furthermore, the interaction sets giR, Ql-o ,and g{‘ represent the groups of
interaction partners associated with repulsion, orientation, and attraction,
respectively. The preferred motion vector g; is then determined based on
the motion vector ¢; and the relative position u;; = p; — p; of an interaction
partner j, as follows:
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where ag > 0, 2o > 0,and a4 > 0 are weight coefficients corresponding to
repulsion, orientation, and attraction, respectively. In some models, these
weight factors are not constant but instead vary as a function of the dis-
tance to an interaction partner, i.e., a = f({|u;;||). For example, a power law
decay function has been employed to model repulsion interactions in sim-
ulations of sheep herds [208]. Distance-dependent functional forms have
also been proposed for all weight factors to simulate fish schools [209],
where each interaction partner simultaneously elicits all three types of be-
havioral responses, albeit with varying degrees of influence. Traditionally,
an additional term #; is added to Equation 1.1 as a stochastic component,
such as Gaussian white noise [210], or incorporated into the simulated mo-
tion kinematics to account for the intrinsic stochasticity and complexity of
animal behavior [211].

In most models of fish schools and bird flocks, each interaction force is
associated with a distinct zone surrounding the focal individual. The zone
in which a neighbor is located determines the type of interaction that oc-
curs (see Figure 1.2) [212]. Specifically, individuals repel neighbors within
the repulsion zone (a disk of radius zg), align their orientation with those
in the alignment zone (an annulus of width zp), and move toward indi-
viduals in the attraction zone (an annulus of width z4). As a result, the
interaction sets are mutually exclusive (GR NGO N G# = @), meaning each
neighbor belongs to only one set at a time. The 1nﬂuence of these zones
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has been extensively studied. Couzin et al. [213] demonstrated through
simulations that varying the width of the alignment zone (zp) caused sud-
den transitions in collective behavior, leading to distinct schooling patterns
such as swarming, milling, and schooling, each characterized by differ-
ent levels of polarization and structure. Hoare et al. [214] experimentally
showed that the widths of the alignment and attraction zones are not fixed
but vary in response to changes in the grouping motivation of banded kil-
lifish (Fundulus diaphanus). For group-living animals, individual fitness de-
pends on the size of the group. As a result, the decision to participate in a
group reflects a dynamic trade-off between the costs and benefits of mem-
bership [215]. This trade-off is regulated by adjustments in the widths of zp
and z 4, which influence the degree of group cohesion. Beyond contextual
influences, physiological traits such as body size have also been linked to
behavioral zone widths. Kunz and Hemelrijk [209] proposed that both re-
pulsion (zg) and alignment (zp) zone widths scale with body size, as larger
fish maintain greater inter-individual distances [216].

The presence of alignment forces, however, has been a subject of de-
bate in several studies. Tien et al. [217] analyzed a mixed group of creek
chubs (Semotilus atromaculatus) and blacknose dace (Rhinichthys atratulus),
finding no clear behavioral response to others within the typical alignment
zone. Instead, they labeled this region as a neutral zone, implying #p = 0.
Analyses of schooling golden shiners (Notemigonus crysoleucas) [218] and
mosquitofish (Gambusia holbrooki) [219] found only weak evidence that
these fish align with the orientation of their interaction partners. Rather,
these studies suggest that apparent alignment emerges as a byproduct of
short-range repulsion and longer-range attraction. However, Lukeman et
al. [220] analyzed flocks of hundreds of surf scoters (Melanitta perspicillata)
and found that incorporating an explicit alignment zone into the behav-
ioral model provided a better fit than models without it.

The circular modeling of behavioral zones has also been contested, as
interaction behaviors in schooling fish have been shown to exhibit non-
isotropic characteristics. These differences have been attributed to the vari-
ous sensory systems that fish employ, such as the lateral line and visual sys-
tem [221]. Attraction appears to be primarily mediated by vision, whereas
alignment is believed to rely predominantly on the lateral line, suggesting
that alignment is most effective with interaction partners positioned later-
ally. Repulsion, on the other hand, is thought to be influenced by both the
lateral line and vision [209]. Similar non-isotropic and non-central features
have been observed in speed and turning forces, indicating that attraction-
repulsion interactions are not only radial. In the study by Katz et al. [218],
the speeding force depended on the front-back distance of interaction part-
ners, while the turning force was influenced by those positioned to the side.
This finding also challenges the common assumption in most models that
individuals move at similar speeds. Further research has demonstrated
that variability in individual speed can significantly impact emergent col-
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Figure 1.3: The set of influential neighbors (red) is illustrated in regards to a focal
fish (blue) for the different models. (A) Metric: all individuals within a certain
radius. (B) Topological: only the k nearest neighbors (k = 5 in this example). (c)
Visual: all individuals that are visually observable, i.e. not obstructed by any other
neighbor.

lective dynamics. For instance, differences in individual speed variability
among guppies (Poecilia reticulata) have been shown to affect polarization,
i.e., the degree to which a school moves in the same direction [222].
Another key distinction between models is the selection of an individ-
ual’s interaction partners (G;), also known as influential neighbors. These
can be categorized into three main types: (i) metric, (ii) topological, and (iii)
visual reconstruction (see Figure 1.3). First, in metric models, an individual
interacts with all neighbors located within a fixed interaction radius that
encompasses the combined range of all behavioral zones [213, 223, 224].
Secondly, in topological models, the set of influential neighbors remains
invariant under changes in group density, unlike metric models. As a re-
sult, 3D simulations have shown that topological models produce groups
that are significantly more stable in maintaining cohesion against noise and
external perturbations [225]. This approach was first proposed by Ballerini
et al. [226] in an analysis of flocks of starlings (Sturnus vulgaris), where
each bird appears to interact with a fixed number of nearby neighbors,
commonly referred to as the k-nearest neighbors [180, 227]. Similar in-
teraction patterns have also been observed in shoaling sticklebacks (Gas-
terosteus aculeatus), where the influential neighborhood has been estimated
at approximately three to five individuals [228]. Thirdly, in visual-based
models, the influential neighborhood is derived from an individual’s field
of view [229]. Analysis of golden shiners (Notemigonus crysoleucas) sug-
gests that the structure of visual interaction networks differs markedly
from those in metric and topological models, implying that previous as-
sumptions may not accurately capture how information flows within a
group [230]. Unlike models that assign specific sensory modalities to dif-
ferent interaction forces, visual-based approaches provide a more general
way to incorporate sensory limitations. A simple version of this model
only assumes a blind area behind the individual, meaning that neigh-
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bors positioned directly behind exert no influence on its movement. This
constraint is often combined with metric- or topological-based interaction
models [184, 213].

As discussed, numerous model variants based on Equation 1.1 exist,
influenced by various individual characteristics (e.g., species, body size)
and group-level factors (e.g., group size, context). Despite these varia-
tions, Equation 1.1 maintains a balance between simplicity and the ability
to capture fundamental properties of collective motion by identifying the
minimal general components required for fish schooling [205].

1.3.2 External control of collective motion: from hunting to
shepherding

Animals do not exist in isolation within their environment. In many cases,
external agents influence and, to some extent, control their collective mo-
tion in both competitive (e.g., hunting®) and cooperative (e.g., shepherd-
ing) contexts. In the competitive context, the collective motion of prey is
shaped by hunting predators. As previously discussed, individuals benefit
in multiple ways from participating in collective motion when facing pre-
dation. For instance, larger prey groups can induce a confusion effect on
the predator, reducing its attack success as group size increases [231, 232].
This effect is believed to arise because tracking a single prey among many
becomes increasingly difficult, effectively overloading the predator’s sen-
sory system [233, 234]. Additionally, prey benefit from information trans-
fer, where the detection of a predator by a few individuals is rapidly prop-
agated throughout the group, enhancing collective awareness and respon-
siveness [235, 236]. Furthermore, in accordance with the selfish herd the-
ory, prey individuals gain protection by positioning themselves within the
group, thereby reducing their exposure to predation [76, 237].

What is believed to be an evolved response to the schooling defenses
of prey, some predators also engage in collective motion as part of their
hunting strategies [239-242]. For instance, groups of seven yellowtail am-
berjacks (Seriola lalandi) cooperate by forming specific spatial structures to
systematically hunt large schools of prey. In one observation, they success-
fully captured approximately three hundred individuals out of a school of
more than two thousand [238]. The predators initially approach prey that
are swimming parallel to the coastline and align themselves in a line for-
mation to isolate a smaller group from the main school. Once separation is
achieved, they swiftly transition into an arc formation—also referred to as
crescent, semicircular, or half-moon shaped—to steer the prey toward the
nearby subtidal wall (see Figure 1.4A). The predators remain on one side,
with the prey positioned between them and the wall. As the predators

3In literature, the term “foraging” is sometimes used. Here, we use “hunting” to specif-
ically refer to predator-prey interactions, whereas foraging encompasses more general rela-
tionships between foragers and resources, such as plants.
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Figure 1.4: Illustrative example of the hunting strategies of yellowtail amberjacks,
inspired by Schmitt and Strand [238]. (A) Predators position themselves in an arc
formation to steer prey toward a nearby subtidal wall. (B) As the prey become
confined near the wall, the predators evenly spread out along the arc, extending
their formation to connect with the wall.

advance, the prey instinctively repel away from them, moving toward the
wall. Eventually, the prey become confined near the wall, at which point
the predators evenly spread out along the arc, connecting their formation
to the wall and preventing escape (see Figure 1.4B).

This final spatial configuration is also observed in the group hunting
strategies of other animals, where prey, instead of being driven against a
wall, become entirely surrounded by predators. For example, in the pack-
hunting strategies of wolves (Canis lupus), individuals arrange themselves
in a stable regular polygon formation, encircling a single stationary prey in
open space [243]. We refer to this spatial arrangement as a “caging forma-
tion”, in which the prey is effectively trapped with no viable escape routes
that do not bring it dangerously close to a predator. As a result, the prey
remains confined within the interior of this formation. The emergence of
a caging formation by wolves has been modeled using two simple decen-
tralized rules [243]: (i) each wolf moves toward the prey until it reaches
a certain distance threshold, and (ii) once near the prey, the wolf moves
away from other wolves that are also close to the prey.

In the cooperative context, the collective motion of a herd is influenced
by shepherds. Shepherding is typically mutually beneficial for both the
herd and the shepherds. For instance, shepherds guide the herd toward
new pastureland, providing food for the herd while optimizing pasture ef-
ficiency for themselves. Shepherds, such as sheepdogs, rely on the same
interactive force as predators to guide their herd. When a shepherd ap-
proaches too closely, it triggers an avoidance response, causing the indi-
vidual to move in the opposite direction. This shepherd-induced repulsive
force is commonly incorporated into the general model of collective motion
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presented in Equation 1.1, extending it as follows:
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where xg > 0 is the weight coefficient for shepherd influence, and &; de-
notes the the subset of shepherds S that affects individual i. Some studies
have proposed distance-dependent functional forms for the weight factor
ug, such as a power-law decay function [208], where the repulsive effect
varies with the relative distance between the shepherd and the herd indi-
vidual. In the shepherding literature, S; is defined by a behavioral zone
with a fixed radius;
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where zg represents the shepherd avoidance-initiation distance. In other
words, only shepherds within a radius of zg induce an avoidance response
in the herd individual.

Originally, the shepherding problem was defined as the task of guiding
a group of animals to a desired location, where robots have been demon-
strated to serve as effective shepherds [77]. Robotic shepherding has a
wide range of applications, as previously discussed in Subsection 1.1.3.
One of the first developments in robotic shepherding was carried out
in The Robot Sheepdog Project, where a single robot successfully shep-
herded a flock of ducks (Anas platyrhynchos) within a constrained envi-
ronment [244]. However, various studies have shown that as herd size
increases, multiple cooperative shepherds outperform single shepherds in
execution time and efficiency. In unconstrained environments, multiple
shepherds are more effective at maintaining group cohesion, leading to
improved control over the herd [245-247].

When using multiple shepherds, researchers have generally relied on
spatial formations to guide the herd. For instance, line formations help
distribute the applied force along the herd while pushing it toward the
goal location [62]. Arc formations, inspired by predator hunting strate-
gies, are effective in maintaining herd cohesion while controlling move-
ment. To achieve arc formations, sliding mode controllers and single
continuous control laws have been proposed for coordinating multiple
robots [246, 248]. A caging formation has also been introduced, defined
as follows:

Definition 1.1. Robots are in a caging formation around animals if the convex
hull of their spatial positions forms a polygon where each side is shorter than 2zg
and and all animals are positioned within its interior.

When two robots are positioned less than 2zg apart, they exert a com-
bined repulsive force on the herd, preventing animals from passing be-
tween them. Varava et al. [249] proposed a centralized RRT-based (rapidly-
exploring random tree) algorithm to position multiple shepherds in a
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caging formation around the herd. However, their approach assumes an
initially well-formed cage, and their simulated herd remains stationary un-
less repelled by the robots. Additionally, their simulations suggest that
even a small increase in the number of shepherds significantly reduces
the algorithm’s performance. Other Al-based techniques, such as machine
learning [250, 251] and genetic algorithms [252, 253], have also been ex-
plored. However, the learning problem is non-trivial due to the large
search space required for training a model capable of effective general-
ization [59]. As a result, these techniques have mainly been applied to
single-shepherd scenarios.

The shepherding approaches discussed so far, along with the major-
ity of existing literature, rely on centralized coordination or global infor-
mation, such as knowledge of the herd’s center of mass [254]. In their
comprehensive review of robotic shepherding, Long et al. [77] emphasize
that such approaches lack flexibility, as they are not easily adaptable to
the dynamic environments in which animals naturally move. This limita-
tion poses a significant challenge for real-world applications, where robotic
shepherds must rely solely on local information gathered by sensors with
limited range [255]. Furthermore, Long et al. [77] argue that practical ap-
plications of robotic shepherding require robust and scalable systems that
can withstand robot failures and adapt to varying herd sizes. Additionally,
they highlight the necessity for shepherds to learn the behavioral profiles
of the animals and adjust their decision-making models accordingly. In-
deed, shepherds may encounter a wide range of animal behaviors. For
instance, in predator-prey fish interactions, the avoidance-initiation dis-
tance zg has been suggested to depend on individual factors such as body
size and prior exposure to threats [256]. Given these challenges, swarm
robotic systems offer a promising alternative for shepherding, as they pro-
vide flexibility, robustness, and scalability [77]. Designed based on swarm
intelligence principles, these robots operate under simple local rules, al-
lowing them to explicitly model and adapt to animal behavior in real-time.

1.3.3 Behavior-based design methods

In swarm intelligence, the desired behavior is defined at the collective
(macroscopic) level, while the control design occurs at the individual
(microscopic) level. Directly translating collective requirements into in-
dividual behaviors is inherently complex in most swarm robotics prob-
lems [189, 257, 258]. Behavior-based design methods are one of the key ap-
proaches, which draws inspiration from nature and relies on an intuitive
understanding of collective behavior [190]. In this design process, devel-
opers iteratively refine individual behavior models based on how closely
the emergent collective behavior aligns with the desired outcome.

A common method is to divide the full individual behavior by model-
ing different behavioral states. Each behavioral state causes the individual
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to act in a different way, and individuals transition between states based on
set of rules (e.g., probabilistic finite state machines [259, 260]). For instance,
the herding of sheep by dogs has been modeled by adaptively switching
between two different states of collecting the herd when they are too dis-
persed, and driving them once they are aggregated [261].

Another widely used method is inspired by physics, where each indi-
vidual is considered as a virtual particle that is influenced by virtual forces.
The models of collective motion previously described (see Equations 1.1
and 1.2) are designed in this matter*. Not only intelligent agents are de-
signed to exert virtual forces, but also relevant environmental character-
istics (e.g. obstacles, light, temperature) can be expressed through virtual
forces, creating what is referred to as an artificial potential field [263, 264].

1.4 Research scope: fish as a case study

Animals are increasingly being faced with new challenges caused by hu-
man activity. The loss of biodiversity is detrimental not only to animals,
but also us humans. Nature conservation tasks aim to restore and pre-
serve ecosystems to counteract this biodiversity loss. Bioinspired robots
form a promising tool to fulfill these tasks, overcoming the challenges that
current human-led and conventional robot approaches face. More specifi-
cally, swarms of bioinspired robots provide the scalability, robustness, and
flexibility required for dealing with the challenges of interacting with ani-
mal collectives in particular, and the dynamic environments they inhabit.
While research is advancing the robotic technology for such robots to be
used in real applications, there is an increasing need for the development
of the intelligence of these robot systems.

This thesis therefore focuses an overarching aim: Developing the intelli-
gence of swarm robot systems to offer support and protection for animal collectives.
To explore this overarching aim, this research uses fish as a case study of an-
imal collectives, motivated by the current literature and the potential envi-
ronmental impact. As shown in this chapter, the majority of the literature
on animal-robot interactions uses fish as study organisms. In recent years,
there has also been significant progress both theoretically and practically
in developing bio-inspired fish robots [141]. Additionally, fish behavior
(e.g. schooling) has been extensively studied and modeled over the years
by biologists [265]. Although fish are an important part of our natural en-
vironment, they are increasingly faced with anthropogenic threats such as
illegal fishing [266], pollution [267], and invasive species [268]. As Rachel
Carson famously noted in “The Sea Around Us” [269];

"It is a curious situation that the sea, from which life first arose,
should now be threatened by the activities of one form of that life.”

41t should therefore come to no surprise that collective motion has also been extensively
studied in the context of self-propelled particles [262].
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Instead of threatening aquatic life, this thesis envisions a future in which
human activities support these ecosystems through the deployment of in-
telligent bioinspired robotic systems.

1.5 Research questions

In order to address the overarching aim of this thesis, the work is divided
into four research questions that include accompanying hypotheses. Be-
low, these research questions are listed, including motivations for their se-
lection.

For swarm robotic systems to contribute to fish conservation, the ability
to explore and navigate in a manner similar to fish collectives is essential
(see Section 1.2). Robot capable of traversing the dynamic environments
that fish inhabit, such as coral reefs, could map their structure and identify
potential threats. More interestingly, when biomimetic robots are accepted
as conspecifics, they can move collectively with fish, enabling the moni-
toring of their health and potentially supporting them (e.g. signaling the
presence of a threat that fish cannot detect through adaptive behavior).
Hence, we pose the following research question:

Research question 1 (Chapter 2). How can robot teams explore and navigate
like fish in dynamic environments?

Exploration is a critical aspect of fish behavior, particularly during for-
aging when fish search for food [270]. For many species, this involves con-
tinuous swimming and maneuvering, often occupying a significant por-
tion of their active hours [270]. Fish foraging strategies are flexible, influ-
enced primarily by prior knowledge of resource distribution [271]. In cer-
tain scenarios, fish prefer to search for food independently, spreading out
as a group while maintaining proximity to some conspecifics. This prox-
imity facilitates the exchange of information regarding food locations or
nearby predators. Such loosely aggregated behavior is referred to as shoal-
ing, where individuals swim in various directions but remain socially con-
nected for mutual benefits like increased foraging efficiency and predator
protection [272]. This collective structure can be described as high cover-
age (occupying a considerable area or volume in space) and low order (low
alignment in movement direction).

Alternatively, fish may forage in a highly coordinated manner, col-
lectively moving in the same direction, a behavior known as schooling.
Schooling is not limited to foraging, but also occurs in other contexts, such
as migration. An ordered group structure (high order) may provide ad-
ditional anti-predatory advantages, such as facilitating the detection of
abrupt changes in the behavior of conspecifics, which could signal poten-
tial danger [273]. Schooling can also be essential for maintaining group
cohesion, particularly in fast-moving species, and can enhance the flow
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of information within the group [235, 274]. During schooling, the spa-
tial coverage of the group may fluctuate [275], with high coverage being
advantageous for foraging by maximizing the exploration of the environ-
ment, while low coverage is preferable for predator avoidance [276]. Ad-
ditional factors, such as local population density, can further influence the
collective structure [277]. For instance, the volume of fish schools has been
shown to depend on the density of the local population, and a similar re-
lationship is presumed for the area of fish living in shallow waters, where
movement occurs primarily in two-dimensional space.

The tendency to alternate between shoaling and schooling varies both
between species and within species, depending on their ecological niche
and motivational state [278]. Some species opportunistically shift between
these behaviors to maximize their chances of survival in response to en-
vironmental conditions. To enable effective interaction between robots
and fish in such dynamic environments, robot teams must be capable of
adopting and adapting to the distinct collective structures outlined above:
(i) high coverage with low order, (ii) high coverage with high order, and
(iii) low coverage with high order. In addition, these collective structures
are also crucial robot teams when performing exploration tasks indepen-
dently of fish. For instance, (i) enables robots to maximize their field
of observation by maintaining broad spatial coverage and maximizing
inter-individual distance; (ii) facilitates simultaneous navigation and ex-
ploration; and (iii) allows for efficient movement through confined spaces,
such as underwater cave systems, or coordinated transport of objects.

As previously discussed in Subsection 1.3.1, various models of col-
lective motion have been proposed, incorporating short-range repulsion,
long-range attraction, and alignment of orientation with certain neighbors.
These models have been shown to generate varying degrees of group or-
der depending on parameter settings. However, there is limited research
on how these parameters influence group coverage, which is another key
factor in defining the necessary collective structures for effective explo-
ration. It remains unclear whether current models can produce the full
range of required structures, combining both order and coverage appro-
priately. Additionally, it is uncertain whether such models can dynami-
cally adjust the emergent collective structures in response to environmen-
tal changes. Therefore, we test the following hypothesis:

Hypothesis 1.1. Collective motion models of fish are limited in their ability to
generate the full range of collective structures relevant to exploration.

Studies testing the assumptions underlying models of collective motion
of fish have identified key similarities with several model assumptions (see
Subsection 1.3.1 for a detailed overview). Specifically, they confirmed that
fish respond to the position of their neighbors by following short-range
repulsion and longer-range attraction rules. However, some studies only
found weak evidence to support the alignment of fish with their neighbors’
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orientation [218, 219]. Instead, the findings suggest that group alignment
is achieved through alternative mechanisms, potentially via attraction and
repulsion dynamics and by fish following individuals directly in front of
them [279, 280].

Importantly, the researchers emphasize that this does not imply that
alignment rules are never used by fish. For instance, during predation
threats, alignment with neighbors has been shown to facilitate the rapid
transmission of information throughout the group [281]. They hypothesize
that fish may adapt their alignment behaviors in response to environmen-
tal stimuli or transmitted information. We adopt this hypothesis, posit-
ing that the full range of collective structures required for exploration can
emerge through adaptations in alignment rules in response to local infor-
mation, particularly by adjusting whether or not alignment is used and by
altering which neighbors influence alignment:

Hypothesis 1.2. Adaptations in alignment rules, in response to local informa-
tion, facilitate the emergence of the full range of collective structures.

To test this hypothesis, we examine the effects of adjusting the align-
ment weight factor (i.e. xp = 0 or ap > 0), and altering the widths of the
behavioral zones which directly influence the set of influential neighbors in
Equation 1.1. Under this hypothesis, in a mixed society of fish and robots,
the robots could adapt their alignment rules, prompting a similar response
in nearby fish. This behavior would then propagate through the group, dy-
namically altering the collective structure as needed. This approach could
be particularly beneficial in situations where fish are unaware of potential
feeding grounds or environmental threats, such as areas occupied by ille-
gal fishers. Conversely, the robots should also adapt to the behavior of the
fish when they modify their structure to optimize foraging strategies or
detect threats. This establishes a reciprocal relationship, where both robots
and fish influence each other’s collective behavior, enhancing the adaptive
capacity of the group.

Beyond exploring and navigating fish habitats for biodiversity documen-
tation, habitat mapping, and threat identification, this dissertation also ad-
dresses fish protection. While exploration helps detect potential threats,
and robots in mixed societies may influence the collective structure of fish
schools, these factors alone do not guarantee that fish successfully avoid
dangers. Therefore, this dissertation seeks to address the following ques-
tion:

Research question 2 (Chapter 3). How can robot teams effectively protect fish
schools from dynamic dangers?

In our rapidly changing world, fish populations increasingly face an-
thropogenic threats for which they are not evolutionarily adapted, such as
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pollution and illegal fishing. In many instances, fish fail to recognize these
threats as dangers until they have already been negatively impacted [282].
This research question seeks to explore the development of artificial intel-
ligence for swarm robotic systems capable of proactively protecting fish
groups and mitigating these types of risk by guiding them away from po-
tential dangers.

As introduced in Subsection 1.3.2, the classic shepherding problem in-
volves robots guiding animals to a specific target location, which is as-
sumed to be known to the robots as prior information. However, in the
context of dynamic environments, prior information may be unreliable or
entirely unavailable due to constant environmental changes. Addressing
this challenge requires adaptive strategies that account for two possible
scenarios. First, in the absence of immediate danger, the robots should be
positioned to detect potential threats while minimizing unnecessary dis-
ruption, allowing fish to carry out their natural activities. Second, when a
threat is detected, the robots should steer the fish away from danger while
continuing to monitor the surroundings for emerging risks.

To most optimally detect dangers approaching the fish from any di-
rection, the robots should be evenly spread out surrounding the fish. This
spatial configuration corresponds to the caging formation described in Def-
inition 1.1. Since swarm robotic systems exclusively rely on local obser-
vation and communication, this formation also ensures that information
about potential dangers can be effectively transmitted across the entire
robot team. A key factor influencing this formation is the nearest distance r
between fish and robots. To construct a caging formation, robots can lever-
age the cohesive properties of fish schools, particularly when the school is
connected by radius r. Geometrically, this occurs when the union of circles,
where the center points are the fish positions and the radii are r, forms a
single connected set. This union naturally defines a simple closed contour,
meaning a boundary that does not intersect itself except at its starting and
ending points, which coincide.

When the group is connected by r and a sufficient number of robots
are deployed to form an equilateral polygon with side lengths shorter than
2zg (see Definition 1.1), we hypothesize that robots can establish a caging
formation by following two simple decentralized rules inspired by animal
hunting strategies (see Subsection 1.3.2). First, each robot moves along the
contour defined by r. Second, each robot maintains an equal distance from
its two adjacent neighbors along this contour.

Hypothesis 2.1. Robots can construct a caging formation around a collectively
moving fish school with a nearest fish-robot distance r, provided the school is con-
nected by r and a sufficient number of robots are deployed.

The connectivity of the school for a given r depends on its cohesion,
which is influenced by various parameters in collective motion models. To
test this hypothesis, a behavioral zonal model is used, where connectivity
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is influenced by the widths of these zones (see Subsection 1.3.1). Addition-
ally, different approaches for selecting influential neighbors are considered
to assess their impact on school cohesion.

Once the robots have established a caging formation, they are posi-
tioned to detect surrounding dangers and preemptively steer the group
away. Since threats can emerge dynamically, varying in form, location, and
timing, the robots must continuously adapt without prior knowledge of
their occurrence. Each robot locally observes potential dangers and shares
this information with neighboring robots to ensure an informed response.
When multiple threats arise, the team integrates observations from differ-
ent individuals to collectively determine the most suitable direction for
steering the fish. By continuously exchanging and updating this informa-
tion, the robots reach a consensus on the optimal escape route.

As previously stated, the robots should maintain a caging formation
while steering the fish. According to Equation 1.3, fish only respond to
robots when they are within a given distance (r < zg), otherwise continu-
ing their natural behaviors. Therefore, we hypothesize that robots can steer
the school while maintaining the caging formation by adaptively switching
between two configurations: one that exerts a repulsive influence on the
fish and one that does not. When a robot is positioned behind all nearby
fish relative to the direction of movement, it follows the caging algorithm
for r < zg, inducing a repulsive effect. Conversely, when positioned in
front of nearby fish, it applies the caging algorithm for r > zg, allowing the
school to move freely. This adaptive behavior essentially results in a com-
bined caging structure consisting of two arc formations. One arc formation
actively influences the collective motion of the fish by exerting a repulsive
effect, similar to the hunting strategy of yellowtail amberjacks as described
in Subsection 1.3.2. The other arc remains passive to the fish, creating a
semi-open space that allows the fish move within the caging formation.
When no threats are present, all robots maintain a distance between the
nearest fish of r > z;, ensuring that the fish can continue their natural
behavior without unnecessary interference. Thus, we test the following
hypothesis:

Hypothesis 2.2. Robot teams can guide fish away from dangers while maintain-
ing a caging formation by adjusting their nearest fish-robot distance.

While steering fish away from dangers is crucial for their protection, ef-
fective conservation also requires guiding them toward safe breeding and
feeding grounds. In many scenarios, simply avoiding threats is not suf-
ficient, as fish must reach specific destinations to sustain their popula-
tions. A key challenge is ensuring that fish remain within a designated
area while being directed toward a target location. This guidance follows
a controlled trajectory that avoids dangers, obstacles, or unsuitable terrain,
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similar to how robots establish migration corridors in disrupted environ-
ments. For example, robots can facilitate fish migration while simultane-
ously shielding them from hazards. This approach is particularly valuable
for endangered species facing threats from invasive predators or human
disturbances. Conversely, robotic guidance can also be used to manage in-
vasive predatory species by confining them within a caging formation and
directing them toward controlled capture zones. Therefore, this thesis aims
to seek an answer to the following question:

Research question 3 (Chapter 4). How can robot teams effectively guide fish
along a dynamic path?

To follow a path, the robots require only local directional information at
their current position rather than global knowledge of the entire trajectory.
If they can operate with just this local information, the path itself can dy-
namically change without compromising the robots” performance. This
adaptability is particularly advantageous in the dynamic environments
where fish live. The path is represented abstractly using an artificial po-
tential field, a common approach in swarm intelligence design (see Subsec-
tion 1.3.3). In this formulation, the potential function encodes the path such
that, mathematically, it reaches a local minimum at the destination. Within
the path, the potential decreases in the direction leading toward the des-
tination, while outside the path, it decreases toward the path itself. Each
robot computes the gradient of the potential field based on local observa-
tions and moves accordingly, ultimately guiding the group to the destina-
tion. For real-world applications, this potential field can incorporate var-
ious environmental stimuli, such as natural light or planned landmarks.
Since the robots surround the fish, they can also monitor environmental
conditions—such as oxygen levels, pollutants, or temperature—which can
be integrated into the potential function. This ensures that the fish remain
in habitats that are both healthy and suitable for their survival.

If each robot can determine its local desired direction through a poten-
tial function, direct information exchange between robots may no longer
be necessary. The consensus previously required among robots in Research
Question 2 is now inherently embedded within the potential function. The
constraint of a designated destination naturally shapes the function, im-
plicitly guiding all robots toward a unified direction. This leads us to the
following hypothesis:

Hypothesis 3.1. Robot teams can guide a fish school along a dynamic path with-
out direct communication when path information is encoded in an artificial poten-
tial field.

Since the robots have no prior knowledge of the path, they cannot rely
on preplanned, optimized control policies. Instead, they must continu-
ously discover the trajectory as they move, which may result in subopti-
mal performance depending on key factors related to both the path and
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the system (i.e., the fish and robots). Here, performance is measured as the
percentage of fish remaining within the path over time. Detecting changes
in path orientation is a local process, meaning certain path characteristics,
such as sharp turns or varying widths, can pose challenges. These factors
may cause delays in the system’s ability to adapt its direction, affecting the
effectiveness of fish guidance. Additionally, system size, defined by the
number of robots and fish, plays a role in this process. When a portion of
the group alters its direction, the change must propagate through the en-
tire school, which takes time. This delay effect can be further intensified
when the school moves at higher speeds, as adjustments must be made
more rapidly. Therefore, we test the following hypothesis:

Hypothesis 3.2. The effectiveness of quiding fish along a path while keeping the
school within its boundaries depends on path characteristics, system size, and
movement speed.

So far, the research questions and their corresponding hypotheses have
been tested through simulations. Developing artificial robotic intelligence
in a simulated environment is a crucial first step for several reasons. It
ensures the safety of real animals, provides a controlled testing environ-
ment, and allows for scalable adjustments to the number of fish or robots
involved. Before Research Questions 2 and 3 can be explored in real-world
experiments, where robots influence the collective motion of fish by lever-
aging their avoidance response to robots, it is essential to first examine the
underlying model assumptions of such fish-robot interaction. In particular,
it remains largely unexplored which aspects of robot behavior shape fish
avoidance responses and how this behavior deviates from conventional
models (as described in Subsections 1.3.1 and 1.3.2).

Traditionally, predator-like biomimetic robots designed to resemble
natural predators of a species have been used to elicit avoidance responses
in fish (see Subsection 1.1.2). In contrast, robots that mimic the appear-
ance of conspecifics, known as conspecific-like robots, have primarily been
employed to attract, lead, or swim alongside fish. However, live animals
do not always respond positively to conspecifics. Depending on the social
context, such as mitigating the risk of disease transmission [283] or mating
dynamics [284], they may instead exhibit avoidance behavior.

This thesis argues that understanding how also conspecific-like robots
influence avoidance behavior in fish is essential for advancing mixed
animal-robot societies. This knowledge could enable robots to adapt their
roles dynamically, alternating between evoking avoidance and attraction
as needed. Such adaptability could significantly expand the potential ap-
plications of robotic systems in shaping fish behavior. A possible extension
of this idea is the use of heterogeneous robot teams, where some robots act
as informed agents swimming along (Research Question 1) while others
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function as repulsive agents to guide fish (Research Questions 2 and 3).
This dual-role approach may enhance control performance, particularly
given the behavioral heterogeneity observed in animal collectives, which
could limit the effectiveness of a single control strategy. To advance these
capabilities, further insights are needed to refine modeling and controller
design, with a particular focus on the elicitation of avoidance behavior.
Therefore, we pose the final question of this thesis:

Research question 4 (Chapter 5). How do the avoidance responses of fish to a
conspecific-like robot differ from conventional models of animal-conspecific and
animal-shepherd interactions?

To answer this question, a robot was programmed to approach a guppy
at a fixed speed. The robot featured a 3D-printed replica of a Trinidadian
guppy (Poecilia reticulata) attached to its two-wheeled base, a design previ-
ously shown to be accepted as a conspecific by guppies in multiple stud-
ies [13, 25, 285-287]. Each fish was subjected to multiple consecutive trials
during an experiment, with the robot sampling a different speed in the
medium to high range for each trial. This setup allows for testing hypothe-
ses on fish avoidance behavior in relation to repeated exposure, robot ap-
proach speed, and proximity.

As previously noted, studies on fish avoidance behavior have primarily
focused on anxiety-related and anti-predator contexts. In response to pre-
dation threats, guppies exhibit various anti-predator behaviors, including
escape movements, freezing, and thigmotaxis [288]. Escape responses typ-
ically involve rapid acceleration and a directional change (i.e. sharp turn)
to increase distance from the threat [289]. Freezing is a defense mechanism
in which the fish remains motionless as an acute stress response. Thigmo-
taxis refers to the tendency of fish to stay close to boundaries, avoiding
open areas such as the center of a tank. Research has shown that prey
do not necessarily escape at the earliest detection of a threat but instead
at a distance dictated by the trade-off between the costs and benefits of
fleeing. This decision is influenced by factors such as predator approach
speed [290] and repeated exposure to the threat [256]. Although the robot
in this study visually mimics a conspecific, we hypothesize that repeated
approaches by the robot may lead the fish to perceive it as a threat, increas-
ing the likelihood of avoidance behavior over successive trials.

Hypothesis 4.1. Repeated exposure to robot approaches increases avoidance be-
havior in fish.

Hypothesis 4.2. The robot’s behavior elicits characteristic anti-predator re-
sponses in fish.

Avoidance behavior (repulsion) has been modeled both between an-
imal conspecifics (Equation 1.1) and animal-shepherd (Equation 1.2). In
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both contexts, the avoidance response has traditionally been modeled
solely dependent on the distance to influential neighbors, as discussed in
Subsections 1.3.1 and 1.3.2. Typically, avoidance responses are defined as
an individual moving at constant speed in the opposite direction to the av-
erage position of others within a defined radius [213, 218, 291]. However,
studies on fish avoidance behavior in response to a conspecific-like robot
suggest that avoidance speed may not be fixed. One study indicates that
fish avoidance speed is influenced by the robot’s approach speed [292],
while another shows that avoidance speed increases as proximity to the
robot decreases [293]. Building on these studies, we hypothesize that both
robot speed and proximity interact to influence fish avoidance speed;

Hypothesis 4.3. Fish avoidance speed is influenced by the interaction between
the robot’s approach speed and its distance to the fish.

In addition to speed, key components of the avoidance mechanism in-
clude reaction distance (the distance at which a fish initiates an avoidance
response), as well as acceleration and turning. Traditionally, models treat
reaction distance as a fixed threshold. However, more recent work chal-
lenges this assumption by incorporating decay functions that gradually re-
duce the strength of the repulsion force with increasing distance [294, 295].
Notably, studies in predator-prey dynamics have shown that reaction dis-
tance is modulated by the predator’s approach speed [290]. We hypothe-
size that a similar effect may also arise in response to a robotic conspecific.

Building on this idea, we propose that the reaction distance is influ-
enced not only by the robot’s approach speed, but also by the fish’s own
speed at the moment of interaction. From an energy-optimization perspec-
tive, fish may dynamically adapt their avoidance strategy—whether to ini-
tiate early trajectory adjustment or to delay and execute a sudden evasive
maneuver—based on their relative speed to the robot. More specifically,
when the fish’s relative speed to the robot is high, it may prefer to adjust
its trajectory early, maintaining movement while gradually increasing dis-
tance. Conversely, when its relative speed is low, the fish may be more
inclined to remain still or move minimally, delaying its response until the
robot is in close proximity, at which point it may execute a sudden escape
maneuver. In this context, kinematic aspects such as acceleration and turn-
ing become essential to understand how avoidance responses are formed.
Gaining insight into how these are shaped by both fish and robot speed is
crucial for accurately modeling fish-robot interactions. We therefore con-
clude with the following hypothesis:

Hypothesis 4.4. Fish reaction distance is shaped by the interaction between their
own speed and the robot’s approach speed, which in turn modulates acceleration
and turning as components of the avoidance mechanism.
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Delimitations. This thesis investigates the proposed research questions
within two-dimensional environments. Both the simulations and exper-
imental study are conducted in two dimensions, as guppies primarily
inhabit shallow waters where movement is predominantly lateral [296].
Many other schooling fish species also reside in shallow habitats such as es-
tuaries, coral reefs, and coastal regions [297]. Adopting a two-dimensional
framework provides a structured and progressive approach to model de-
velopment. Additionally, many existing models of collective behavior
have been experimentally analyzed in two dimensions. By first establish-
ing and validating interaction rules in two dimensions, we can systemat-
ically refine and extend these models to three-dimensional environments
in future research. Thus, two-dimensional modeling remains both biologi-
cally relevant and a practical simplification.

1.6 Thesis outline

This dissertation aims to answer the research questions posed in the pre-
vious section, and to test the enumerated hypotheses. Each chapter corre-
sponds to work that was published in international journals or conferences,
or is currently in review for publication. In this sense, the chapters were
written to be self-contained®.

In Chapter 2, we investigate how swarm robots can explore and nav-
igate like fish within dynamic environments. We identify three essential
collective structures for effective exploration and navigation, characterized
by the swarm’s spatial coverage and the degree of alignment among indi-
viduals. First, the ability of traditional collective motion models of fish
schooling to generate these structures is assessed by varying the width of
behavioral zones. Two behavioral zonal models are considered, differing
in how influential neighbors are selected: metric-based and topological-
based approaches. Our results indicate that these models are unable to
produce the full range of required structures. To address this limitation,
we propose an extension of the metric-based zonal model. By varying both
the alignment zone width and converting the alignment zone to a neutral
zone, all three structures can be generated. Furthermore, we show that a
robot swarm following the proposed model can dynamically transition be-
tween these structures in dynamic environments, where different stimuli
appear over time and are perceived by few individuals.

Chapter 3 presents a swarm intelligence-based approach for protect-
ing fish schools from dynamic dangers. To preemptively detect threats be-
fore they interact with the fish, and without prior knowledge of their pres-
ence, the robots are tasked with constructing a caging formation around
the school. This approach relies on a certain level of school cohesion.

5Note that some of the text might have been changed to accommodate the reader of this
dissertation.
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Therefore, we first examine the conditions under which different collec-
tive motion models maintain this cohesion. Since changes in cohesion af-
fect spatial coverage, we also measure the resulting coverage in each case
and computationally determine the minimum number of robots required
to successfully construct a caging formation. The results show that the
proposed algorithm enables robots to effectively cage the school when the
constraints of school cohesion and robot swarm size are met. To guide
fish away from danger, robots adaptively switch between two states based
on their local position relative to the desired direction: one that induces a
repulsive effect on nearby fish and one that remains neutral. The effective-
ness of this approach is tested in dynamic environments across two tasks:
(i) avoiding a stationary danger that appears stochastically, and (ii) staying
within a shrinking circular safe zone. The findings demonstrate that the
robot swarm successfully prevents any fish from being affected by danger.

In Chapter 4, the guidance of the school is further constrained by in-
troducing a more complex problem where the robot swarm must navigate
the school along a time-varying trajectory. Although this constraint im-
poses stricter movement requirements, it simultaneously eliminates the
need for consensus decision-making among robots, as was necessary in
the approach from Chapter 3. Instead, each robot derives its guidance
from an artificial potential field that encodes path information, enabling
the swarm to guide the fish without requiring inter-robot communication.
To validate the algorithm, paths with varying turn sharpness and space be-
tween boundaries are considered, with effectiveness measured as the per-
centage of fish remaining within the boundaries until reaching the target
location. The results indicate that performance declines when navigating
sharp turns, which is influenced by both the available space between the
boundaries, and the number of robots and fish. Furthermore, the effec-
tiveness of the algorithm depends on the maximum velocity of the fish, as
maintaining caging formation becomes more challenging at higher speeds.

As the previous two chapters relied on model assumptions about fish
avoidance behavior in response to robots, Chapter 5 presents experimen-
tal evidence on how robot behavior influences fish avoidance, highlight-
ing deviations from conventional model assumptions. To investigate this,
a conspecific-like robot repeatedly approached individual guppies, vary-
ing its speed across trials within a medium to high range. Our findings
suggest that as fish experienced repeated encounters with the robot, their
likelihood of exhibiting avoidance responses increased, indicating a form
of behavioral adaptation. In some instances, they displayed typical anti-
predator reactions, such as freezing or executing rapid escape maneuvers,
suggesting that the robot was perceived as a potential threat. In particu-
lar, escape responses were not only dictated by proximity, but were also
influenced by the robot’s approach speed, challenging conventional mod-
els that assume distance alone determines avoidance behavior. Moreover,
avoidance speed increased with higher robot speeds and decreased prox-
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imity, highlighting the dynamic nature of fish responses.

Finally, Chapter 6 concludes the dissertation by revisiting the main re-
search questions in light of the findings. It highlights key contributions,
identifies limitations, and outlines open questions that emerged. The chap-
ter then broadens its perspective to propose future research directions that
go beyond the scope of the original research questions.
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An adaptive metric model for collective
motion structures in dynamic
environments

Abstract

For robot swarms to contribute to fish conservation, they must be able to
explore and navigate the dynamic environments where fish reside, such
as coral reefs and cave structures. This ability enables biodiversity docu-
mentation, habitat mapping for future interventions, and the identification
of potential threats. Fish schools, as natural decentralized systems, have
evolved collective motion strategies to efficiently move in such environ-
ments. Although various models of collective motion exist, their ability to
generate adaptive collective structures in response to environmental stim-
uli remains limited. In this chapter, we identify three key collective struc-
tures necessary for effective exploration, characterized by the swarm’s spa-
tial coverage and degree of alignment. We find that conventional models,
such as metric and topological approaches, are insufficient for generating
all required formations. To address this limitation, we propose an exten-
sion to the metric model that enables swarms to transition between all three
structures as needed. The proposed model is validated in a simulated dy-
namic environment, demonstrating the robot swarm’s ability to adapt its
structure in response to locally observed stimuli.
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2.1 Introduction

Collective motion is one of nature’s most fundamental demonstration of
coordinated activity, performed by a wide spectrum of systems, such as
bird flocks, fish shoals, and human crowds [2]. It is a key example of emer-
gent behavior that results from the individuals’ intensive interactions to
perform particular tasks such as foraging or migrating. Collective artificial
systems, such as robot swarms, have inherited the importance of collective
motion. Robot swarms is a a field of study that focuses on simulating ob-
servable behavior patterns in social animals. The individual robots have
basic abilities, but when they work together in groups, they can undertake
more sophisticated behaviors including foraging [3-6], exploration [7, 8],
and collective perception [9, 10].

Many activities in robot swarms need collective motion. Navigation
from a source to a destination, forming topologies and patterns, tracking
targets, and moving objects are among the examples. Depending on the
particular task, specific structures need to be displayed in the swarm. For
example, the swarm needs to aggregate while navigating through narrow
paths, and to expand while exploring new environments. A large number
of theoretical [11, 12] and empirical [13, 14] studies have proposed models
to generate collective motion. Most of these models consider short-range
repulsion and long-range attraction among the individuals, in addition
to the alignment of velocities along with the their (nearest) neighbors [2].
These models show high efficiency in generating aligned motion based on
simple individual rules. However, there is little to no evidence on whether
such models can modify spatial features of the group (e.g., structure) as a
response to environmental stimuli.

In this study, we use two system measures to define our target struc-
tures: swarm order (an expression of alignment degree) and swarm rel-
ative coverage (an expression of compactness). We define three target
structures which the swarm displays based on the environmental stim-
uli: (a) high coverage, low order (HCLO), (ii) high coverage, high order
(HCHO), and (iii) low coverage, high order (LCHO). In HCLO, the swarm
is supposed to maximize its coverage, and individuals have different orien-
tation (low order). Such structures are desired for exploration tasks, where
robots need to observe the environment in all possible directions and max-
imize their inter-individual distance. In HCHO, the swarm is displaying a
high order, while maintaining a high coverage. This structure is suitable for
navigating tasks while preserving a maximized coverage (e.g., navigation
with exploration). Finally, in LCHO, the swarm aggregates, displaying a
high density (i.e., low coverage) and maintaining a high order. This struc-
ture is suitable for e.g., transporting tasks or navigating through narrow
spaces. In all three structures, the swarm needs to maintain connectivity
(i.e., remain in a single cluster).

We consider two models of collective motion: the metric model, where
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each individual interacts within a defined radius, and the long-range
model, where short-interactions occur topologically and long-range inter-
actions randomly. By analyzing the influence of the different model pa-
rameters on the emergence of the above-mentioned structures, our results
highlight the limitations of the metric model and the long-range model to
generate these structures. We propose an extension to the metric model
that enables the swarm to display the three structures and to switch be-
tween them as a response to environmental stimuli. We test our extended
metric model (EMM) in a simulated dynamic environment, where differ-
ent stimuli appear over time and are perceived by few individuals. Upon
receiving information about a stimulus, individuals adapt model param-
eters in order to generate the corresponding structure. We show how the
three target structures—i.e., HCLO, HCHO, and LCHO—have properly
emerged, and how EMM scales with the system size. The remainder of this
paper is organized as follows. In Section 2.2, we provide a brief overview
of the literature on collective motion models. In Section 2.3, we describe
the different models we are using in addition to the EMM. In Section 2.4,
we present and discuss the key results. Finally, we conclude this paperin
Section 2.5.

2.2 Related Work

A large number of models have been suggested to generate collective mo-
tion and display group cohesion. Models inspired from both biology [15-
17] and physics [18, 19] suggested simple rules of interaction among indi-
viduals to be sufficient to induce collective motion. Such rules capture the
three forces of attraction, repulsion and alignment [15]. The vast majority
of these models adopt a definition of physical distance, i.e., metric distance.
These models make the assumption that individuals align and attract each
other, and that such interaction decays with increasing distance between
individuals. Examples of widely-used models from the metric class in-
clude the Vicsek model [2], which exploits the individuals” alignment by
considering the neighbor’s velocity as the model input. The Couzin model
[20] is widely used in theoretical biology, and has been extended to achieve
collective motion in group robotics. We use the Couzin model as our metric
model in this paper.

Special cases of the metric model were suggested and became widely
used such as the topological model [21, 22], in which each individual inter-
acts with a fixed number of the neighbors within their interaction range—
e.g., the m-nearest neighbors. The topological model was suggested based
on experimental findings which revealed that birds in a flock tend to inter-
act with a fixed number of nearest neighbors [22]. Another special-case of
the metric model is the visual model [23]. This model was proposed to ac-
count of the interaction limitations imposed by sensory constraints. In this
model, individuals interact only with the neighbors that are visually ob-
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servable (based on ray-casting). Recently, in [24] long-range models were
suggested as a solution to avoid group dispersion when moving into open
spaces. Long-range model is an extension of the Vicsek model which in-
troduces long-range alignment interactions between the individuals. The
authors also show that a small number of these interactions is enough for
the group to generate long-lasting ordered states while moving in open
spaces.

Finally, several studies have addressed spatial structures in natural or-
ganisms. In [25], the authors studied the two structures of shoals and
schools in Zebrafish. shoals refer to any group of fish that is highly aggre-
gated, whilst, schools are shoals that display a high level of order (align-
ment) when moving together. Nevertheless, the focus of this work was to
investigate model parameters else than group density that may impact the
emergence of these two structures. The authors in both [20, 26] studied
how the individual heterogeneity (e.g., behavioral state, age) may affect
the individual’s spatial position in the group leading to specific structures
to emerge. In [27], the authors highlight the importance of the system size
and the number of influential neighbors, as well as the weight assigned to
the three zones of attraction, alignment and repulsion on the emergence
of different structures. Despite interesting results, the work doesn’t sug-
gest how the model can be used to generate the different spatial struc-
tures. Moreover, the obtained structures were defined in terms of disper-
sion rather than structures of a single cluster.

2.3 Model

Let R denote the set of robotic agents of size N. The state of system at
time f is defined by the position p;(t) € R? and orientation ;(t) € [0,277)
of each individual i € R. At time ¢, an individual computes its desired
orientation f(t) € [, 77) based on information gathered from neighbors.
The desired velocity 9(t) of each individual is always set to the maximum
linear velocity vmax.

2.3.1 Motion Kinematics
Let w denote the angular velocity. The discrete-time motion kinemat-
ics are then defined by the difference in orientation ¢(t) = 60(t) — 6(t).

The required time to turn 7(t) is then defined as 7(f) = min(@,m).
Consequently, the turn ¢(t) is given by ¢(t) = sgn(¢(t))T(t)w, with
time interval At and sgn as the sign function. The orientation 6 and ve-
locity v of the next time step ' = t + At are respectively computed as

0(t') = 6(t) — ¢(t) + N(0,0) and v(+') = min (6(t),vmaX(At - T(t))).

with angular Gaussian noise ¢. The position at time ' is then given by
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) = pl0)+0(t) | Songt

2.3.2 Metric and Long-Range Model

Each individual i € R updates its direction of motion based on three non-
overlapping behavioral zones around i, in which its neighbors are located.
Each behavioral zone corresponds to a distinct interaction; (i) repulsion
from others, to establish a minimum inter-individual distance, inside the
circular zone with radius ZoR, (ii) alignment of orientation with others, to
all move in the same direction, inside the zone with width ZoO, and (iii)
attraction to others, to remain as one cohesive group, inside the zone with
width ZoA.

Jas

Figure 2.1: Schematic representation of the (left) metric and (right) long-range
models for an arbitrary individual i. Other individuals of the swarm are denoted as
j € R\ {i}, and those selected as neighbors are connected by a blue line from i. The
metric model defines the set of neighbors ; as every other individual positioned in
one of the three behavioral zones surrounding i. In this example, N; = {j1, j2, j3 }-
In the long-range model, short-range interactions are considered by selecting m
nearest neighbors, while long-range interactions are defined by randomly select-
ing x; individuals from the remaining individuals of the swarm. The number of
long-range neighbors «; is sampled from a Poisson distribution with average « as
parameter of the model. In this example, N; = {j1, /2, ja}, withm = 2 and x; = 1.

The metric and long-range models differ from each other by neighbor
selection. For the metric model, the neighbors N; of individual i consists of
all individuals within the interaction-radius (ZoR + ZoO + ZoA) around
p; (Fig. 2.1 left) [20], whereas for the long-range model ; is the union of
the set of m nearest neighbors M, and x; randomly selected neighbors of
N\ M; (Fig. 2.1 right) [24].

We define r; as the relative position of individual j from
i, ie. ri(t) = pi(t) — pi(t). Let N7, N?, and N} then de-
note the distinct subsets of neighbors by separating N; based
on the repulsion, orientation, and attraction zones respec-
tively. More specifically, N/ = {j | [l < ZoRAj € Ni},
Ny = {j | ZoR < [|rj| < ZoR+ ZoOANj € N}, and
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NP = {j | ZoR+ZoO < |rjl| < ZoR+ ZoO+ ZoANj € N;}. Tt
follows for both models that /\/,] = NJUNP UNY, as we set ZoA = co
for the long-range model. The desired direction vector §;(t) at time ¢ of
individual i is then computed as follows:

G =—-a Y ot ¥ ) L y @.1)

G Tl T G T+ B Tl

and consequently the desired direction 0;(t) = argd;(t), with weights
&, > 0, 20 > 0 and a; > 0 of repulsion, orientation, and attraction re-
spectively.

2.3.3 System Measures

To quantify whether all individuals move in approximately the
same direction, we measure the amount of order ¥ defined as
¥ = limy1 || 2N, g:(t)|, where T is the time at which the order has
converged. Consequently, ¥ = 1 indicates an ordered system where all
individuals follow the same direction, while ¥ = 0 corresponds to a disor-
dered system where individuals have no alignment in orientation.
Furthermore, we define the relative coverage () as the ratio of the area
of the convex hull at time of convergence t = T and the initial area at

t = ty. More specifically, let A(t) denote the area of the convex hull of R
at time t, then the relative coverage is defined as () = lim;_,7 %. Thus,
Q) > 1 indicates that the individuals have spread out since the initial time
to, whereas () < 1 indicates that the inter-individual distance between
individuals has decreased.

In order to observe fragmentation of the group, the number of clus-
ters is measured where individuals i and j are part of the same cluster if
their relative distance is lower than the interaction-radius Rol. In the ex-

periments with the long-range model, we use a value of ZoA = %(%)% to

compute the interaction-radius, with p = 0.01 as initial density.

2.3.4 Extended Metric Model (EMM)

Our proposed model, the extended metric model (EMM), relies on adapt-
ing the impact of the behavioral orientation zone while following the same
neighbor selection approach as the metric model. In order to obtain a rel-
ative coverage () > 1 with low order ¥ ~ 0, we maintain the width of the
orientation zone ZoO, but set #, = 0 in Equation (2.1)—i.e., deactivating
the orientation zone. Consequently, individuals are able to spread out until
attraction interactions ensure that they remain cohesive. Transitioning to
high relative coverage (2 > 1 and high order ¥ ~ 1 is then accomplished
by resetting &, > 0 (i.e., activating the orientation zone). To obtain a low
relative coverage () < 1 with high order ¥ ~ 1, the width ZoO is decreased
while keeping the zone activated («, > 0).
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Figure 2.2: System measures of the metric model; order (A,D), relative coverage
(B,E), and number of clusters (C,F), with varying combinations of ZoO-ZoA (top
row) and ZoR-Zo0O (bottom row).

2.4 Results and Discussion

We simulate a robot swarm in 2D open space environment. At the be-
ginning of a simulation, robots are placed within a confined box of the
size (%)% with initial density p = 0.01. This is to facilitate immedi-
ate interactions between robots. Within this box, both the robots” po-
sitions and moving directions are initially uniformly distributed. Fig-
ures (2.2,2.3,2.4,2.5,2.7b) are results from simulation runs with 10 different
seeds, while Figure 2.7 was obtained with 30 seeds. All experiments are
run with w = Z, vmax = 2,0 = 0.05, At = 1, a, = 100, &y = 50, and a, = 1
based on preliminary experiments to obtain a system of a single cluster.
Unless varied, the system size is N = 100.

We start with the metric model, looking at the swarm order ¥, group
relative coverage (2, and the number of clusters. The emergence of the
target structures (i.e., HCLO, HCHO, and LCHO) is investigated using a
combination of these system measures. We enable the width of the orien-
tation zone (ZoO) and the attraction zone (ZoA) to vary over the range of
[0—100] in Figures 2.2A,B,C, while keeping the width of the repulsion zone
constant (ZoR = 1). Structures that arise while the swarm is preserved in a
single connected cluster (light-gray color in Figure 2.2), have a low relative
coverage and a high group order, which corresponds to the target structure
(LCHO). We note that the swarm splitting in numerous clusters fits with
the structure of high coverage and low order (HCLO) (left-bottom corner).
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Finally, the high-coverage, high-order (HCHO) structure is completely ab-
sent.

The width of the repulsion zone (ZoR) and the orientation zone (ZoO)
are then varied throughout a range of [5 — 30] and [0 — 200], respectively,
while the width of the attraction zone remains constant (ZoA = 50). The
LCHO structure is formed when high order corresponds with low relative
coverage, as seen in Figures 2.2D,E F. However, given a medium level of
order with a possibility of more than one cluster, the right-bottom corner
shows a likelihood of a high coverage, low order (HCLO) to emerge. Fi-
nally, the high-coverage, high-order (HCHO) structure is again absent.

A: Order (9) B: Relative Coverage (£2) C: Number of Clusters
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Figure 2.3: System measures of the long-range model with x = 0.05; order (A,D),
relative coverage (B,E), and number of clusters (C,F), with varying ZoO (top row)
and combinations of ZoR-ZoO (bottom row).

Next we perform the same analysis of the system measures (order ¥,
relative coverage (2, and number of clusters) using the long-range model.
The results are shown in Figure 2.3 with the average long-range connectiv-
ity set to x = 0.05. In Figures 2.3A,B,C we vary the width of the orientation
zone (ZoO) over the range of [0 — 100]. Our results show that the swarm
can move in a single cluster, while maintaining a low relative coverage,
and a high swarm order. This aligns with the structure of low coverage,
high order (LCHO). The other two structures of HCLO and HCHO are
fully absent. In Figures 2.3D,E,F show the system measure while varying
the width of the repulsion zone (ZoR) over the range of [5 — 30]. There
we can notice an evidence of high relative coverage with high order in the
right-bottom corner (while maintaining a single cluster). This corresponds
to the structure of HCHO. The long-range model shows similarly to the



AN ADAPTIVE METRIC MODEL FOR COLLECTIVE MOTION STRUCTURES IN
DYNAMIC ENVIRONMENTS 57

metric model the ability to generate low coverage, high order structures
(LCHO). The structure of high coverage, low order (HCLO) is missing.

As the average long-range connectivity x increases, the long-range
model’s ability to create a high coverage, high order (HCHO) decreases, as
demonstrated in Figure 2.4. The low coverage, high order (LCHO) struc-
ture becomes the only one that the long-range model can generate. Hence,
the emergence of the high coverage, high order (HCHO) is x-dependent
for the long-range model.
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Figure 2.4: System measures of the long-range model with x = 0.9; order (A,D),
relative coverage (B,E), and number of clusters (C,F), with varying ZoO (top row)
and combinations of ZoR-ZoO (bottom row).

So far, we have demonstrated that neither the metric nor the long-range
model is suitable for generating a HCLO structure, under any considered
parameter settings. However, the HCLO structure is a significant addition
to the previously observed LCHO and HCHO structures, particularly in
the context of underwater exploration and environmental sensing. In nat-
ural systems, such as fish shoals, HCLO-like configurations are observed
during foraging behavior, where individuals explore independently while
maintaining loose cohesion. From a robotics perspective, HCLO offers
a compelling strategy for tasks that require maximal spatial exploration
with diverse directional sampling. This is especially relevant when on-
board sensors are not omnidirectional, such as acoustic sensors, sonar ar-
rays, or directional cameras, which require physical reorientation to scan
different parts of the environment. Even when robots possess omnidirec-
tional sensing, low alignment increases the likelihood that agents will dis-
perse toward different areas, reducing redundancy in gathered data, and
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Figure 2.5: System measures of the proposed model (EMM); order (A,D), relative
coverage (B,E), and number of clusters (C,F), with deactivation (top row) and acti-
vation (bottom row) of the orientation zone while varying ZoR-ZoO.

increasing overall spatial coverage over time.

In the following we show the system measures resulting from applying
the extended metric model (EMM). Figure 2.5 shows the swarm order ¥,
relative coverage (), and the number of clusters. The width of the repul-
sion zone (ZoR) and the orientation zone (ZoO) are varied throughout a
range of [5 — 30] and [0 — 200], respectively, while the width of the attrac-
tion zone remains constant (ZoA = 50). These results demonstrate how the
EMM can display the three target structures, while maintaining the group
moving in a single cluster for all structures (Figure 2.5 right column). Fig-
ures 2.5A,B show the system measures when deactivating the orientation
zone. Hence the values at the y-axis define the distance at which the at-
traction zone starts. These two figures show the possibility to generate the
HCLO structure through expanding the swarm coverage while pushing
the attraction zone away by increasing the width of the deactivated ori-
entation zone. Figures 2.5D,E are obtained after activating the orientation
zone. They show the ability of the EMM model to display, both, the HCHO
and the LCHO structures. The HCHO (LCHO) structure is achieved by
increasing (decreasing) the width of the activated orientation zone. Both
results in Figures 2.5A,B and in Figures 2.5D,E show that the emerging
structure (i.e., the change in the relative converge (), and the order Y is
independent of the width of the repulsion zone (ZoR).

Figure 2.5 suggests that while the EMM model can generate a contin-
uum of structures with varying relative coverage, the degree of alignment
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Figure 2.6: Hybrid swarm with Ar denoting the fraction of individuals follow-
ing the metric model, while the rest follow the proposed EMM model. A total of
N = 100 individuals were simulated. Panels show system measures: order (A,D),
relative coverage (B,E), and number of clusters (C,F), under deactivation (top row)
and activation (bottom row) of the orientation zone, as Ar and ZoO vary.

remains polarized. The swarm typically exhibits either low order (top row;
Y = 0) or high order (bottom row; ¥ = 1), with no intermediate degrees of
alignment. We hypothesize that this result comes from the binary param-
eterization of the alignment force coefficient &, which is set to 0 (deacti-
vated) or 50 (fully active) in Figure 2.5. Intermediate values of ¥ could
potentially emerge from tuning xp across a continuous range. From a
practical perspective, such medium-alignment structures may offer a use-
ful balance between directional persistence and exploratory coverage. For
instance, a group moving with moderate alignment would avoid redun-
dant revisits to the same locations (as in low-order dispersal) while still
diversifying their spatial footprint more than in highly aligned motion.

To better understand the transition between the traditional metric
model and the proposed EMM, we additionally explore a hybrid swarm
configuration in which a fraction Ar of individuals follows the metric
model, while the remaining agents operate under the EMM (see Fig-
ure 2.6). This intermediate setup helps reveal how even partial adoption
of the EMM dynamics can impact collective behavior. The results show
that as Ar decreases (i.e., as more agents follow the EMM), the system pro-
gressively shifts towards displaying the full range of target structures. In
particular, under activation of the orientation zone (bottom row), the hy-
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Figure 2.8: For the proposed model (EMM); the minimum required width of orien-
tation zone ZoO to obtain a relative coverage () > 3 for different system sizes N.

brid swarm is capable of producing both high-order and high-coverage
(HCHO) configurations, which are absent in the pure metric model. These
findings suggest that the EMM model exerts a strong organizing influence
on the collective, even when only partially adopted by the swarm.

Next, we simulate a swarm of robots using the EMM model to perform
the following sequential set of tasks: (i) explore the environment looking
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for a particular stimulus (stimulus A) that define the direction they need
to move into. (ii) Navigate in the direction of stimulus A until a stimulus B
appears. (iii) As a response to stimulus B (e.g., a narrow path) the swarm
needs to shrink in coverage while still navigating to its target. Figure 2.7
shows the system measures recorded over 7 x 10° simulated time steps.
The swarm order Y starts low as the robots are initialized with random
directions. Following the EMM model, every robot deactivates its orienta-
tion zone, whose width is set to 200, aiming for the HCLO structure. In a
few time steps, the relative coverage increases to () = 3, while the system
maintains a low order. At time step 3 x 10%, stimulus A (which triggers
the swarm to navigate into one direction) is introduced and perceived by
a single robot, who spreads the message to its neighbors. As the message
spreads, robots start activating their orientation zone (see Figure 2.5D,E).
This enables the swarm to converge to the HCHO structure after introduc-
ing stimulus A, as shown in Figure 2.7. Thanks to activating the orientation
zone, fluctuations in both system measures disappear. Finally, at time step
4.5 x 10° stimulus B is introduced and perceived by a single robot, who
spread it further. The system converges to the LCHO structure when in-
formed robots reduce the width of their orientation zone. (In this paper,
we reduce ZoO to 50 based on findings where we varied ZoO in [5 — 200)).

Finally, we show how the width of the orientation zone required to
generate the HCLO, and HCHO scales with the system size. Note that
the width of the other two zones is irrelevant to the behavior of the EMM
(as it only modifies ZoO). Figure 2.8 shows that the minimum width of
the orientation zone, that is needed to create the HCLO and the HCHO
structures, scales linearly with the system size.

2.5 Conclusion

We studied in this paper the emergence of three target structures in robots
swarms: HCLO, HCHO, and LCHO. We introduced these three structures
as fundamental for a large set of robot tasks such as exploration, naviga-
tion, and moving through narrow paths. We define our structures using
two system measures; the swarm order that expresses the degree of align-
ment, and the swarm relative coverage that expresses how the area occu-
pied by the swarm is expanded or compressed in comparison to its value
at initial time step.

We initially looked into the ability of the widely-used metric model to
generate the three structures and we showed that across a wide range of
parameter values only the structure of low coverage, high order (LCHO)
has emerged. Similarly, we investigate the recently proposed long-range
model, which shows the ability to generate only the low coverage, high
order structure (LCHO) for all the configurations where « is high. When
x is low and the width of the repulsion zone is large, the model displayed
the HCHO structure.
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We proposed an extension of the metric model (EMM) that modifies
both the activation state of the orientation zone and the width of this zone
to dynamically generate the three target structures. After showing the pa-
rameter range over which the EMM displays each of the three structures,
we use a dynamic environment scenario to test the EMM by introducing
stimuli over time that require the swarm to change its structure. EMM
succeeds in enabling the swarm to form the necessary structure based on
the displayed stimulus. We finally show how our model parameter scales
linearly with the system size.
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Steering herds away from dangers in
dynamic environments

Abstract

In this chapter, we focus on a different task of nature conservation, namely
protection of fish schools!. Although fish are an important part of our nat-
ural environment, they are increasingly faced with dangers such as illegal
fishing, pollution, and invasive species. Robots capable of guiding fish
away from these dangers could provide a viable solution. In the litera-
ture, guiding a group of autonomous individuals in a desired direction
is known as the shepherding problem. So far, only single-robot or cen-
tralized multi-robot solutions have been proposed. The former is unable
to observe dangers at any place surrounding the fish, and the latter does
not generalize to unconstrained environments. Therefore, we propose a
swarm robotic shepherding algorithm in which robots maintain a caging
formation around the fish school to detect nearby dangers. When a threat
is detected, part of the swarm positions itself to repel the fish toward a safer
area. The algorithm is evaluated across different collective motion models
and tested in two dynamic scenarios: (i) avoiding dangerous patches that
appear over time and (ii) staying within a safe circular enclosure. Simula-
tion results show that the robots successfully shepherd the fish when the
group remains cohesive and a sufficient number of robots are deployed.

In the main text of this chapter, we use the term “herd” to align with the terminology
commonly used in shepherding literature, as this work was originally written for an interna-
tional journal paper. However, the parameter settings of the “herd” in our study correspond
specifically to fish behavior.

65



66 CHAPTER 3

3.1 Introduction

Agents capable of guiding a group of other autonomous agents are essen-
tial to a wide range of applications [2]. Robotic agents can be used to herd
animals such as sheep [3, 4], cattle [5], and ducks [6], to enable crowd
control [7], to keep birds away from aircraft [8, 9], and to bring people
to safety [10]. In the literature, this type of guidance is studied under the
name of shepherding, as it is inspired by dogs herding sheep to a desired
location [11]. Sheepdogs are particularly skilled at shepherding, with a
single dog capable of herding more than 80 sheep [12]. These dogs have
learned to exploit the sheep’s collective behavior of aggregating and to-
gether escaping from a threat [13]. This behavior is widely accepted as an
example of the selfish herd theory [14]. Supporting evidence for this theory
has been found for other animal species. For instance, fish move together
in schools to reduce predation risk [15].

The individual mechanisms that animals apply to establish and main-
tain aggregated formations have been studied broadly in research. Various
models of collective motion have been proposed in both theoretical [16-19]
and empirical [20, 21] studies over the past decades. A recurring feature
in these animal models is that the individual behavior results from a few
simple rules that take as input the motion of a relatively small set of neigh-
bors [22, 23]. Reynolds [24] proposed one of the earliest models for the
flocking of birds based on three distinct rules: (i) to avoid collision with
close neighbors, (ii) to move in the same direction and at the same speed
as others, and (iii) to remain as a cohesive group. These interactions have
been proposed as the founding blocks for the underlying behavioral mech-
anisms in fish schools [25], mammal herds [26], pedestrian crowds [27],
and other vertebrates [28]. Most notably, Couzin et al. [29] showed how the
information from only a few informed individuals can propagate to the en-
tire collective system. When some individuals gain information about the
location of a danger and consequently change their directions towards a
safer region, these changes propagate in the entire group. Hence, the ac-
tions of a single sheepdog can influence the collective motion of the entire
herd of sheep, even though only a small part of the herd directly observes
the sheepdog.

Robotic agents, visually styled to trigger an aversive response of the
herd, can rely on the same shepherding mechanisms as natural perceived
threats, like dogs [30]. This corresponds to the robot computing the op-
timal motion control vector based on force vectors representing the in-
teractions among herd members, and the interaction between the herd
and a shepherd. In the classic shepherding problem, the shepherds are
tasked with guiding the herd to a certain goal location, that is automati-
cally known to the shepherds as prior information. In this chapter, how-
ever, we study the problem setting where this assumption is relaxed. The
shepherds must actively determine the goal location based on local infor-
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mation and communication. Such shepherds could be beneficial in pro-
tecting animal herds from unforeseen dangers in dynamic environments,
by guiding them to a safer location. To mimic real-life use cases, we thus
consider that the robotic shepherds can only obtain and communicate in-
formation in a local radius, and they have no prior information about the
dangers. Once a danger has been detected, the shepherds are tasked with
guiding the herd away from this danger. To do so, they must first reach
a consensus on the direction in which to guide the herd, which requires a
shared directional frame among them.

We propose a solution to the previously described problem where the
herd is consistently surrounded by multiple shepherds. We also refer to
this formation as caging the herd, as the shepherds are evenly spread out
across the contour of the herd. As such, the shepherds can detect any
nearby danger approaching the herd. Additionally, with a sufficient num-
ber of shepherds, the task of steering the herd can be allocated to the shep-
herds already present in the appropriate region based on the location of the
detected danger. Similar to other shepherding research works, we model a
member of the herd to move in the opposite direction of a shepherd when
the relative distance is lower than a certain threshold. The shepherds po-
sitioned between the herd and a danger will therefore move close enough
to the herd, which should trigger the herd to change direction. When the
herd is not approaching a danger, the shepherds remain far away enough,
which allows the herd to continue their natural behavior (e.g. foraging).

Long et al. [2] stated several challenges in their literature review of
robotic shepherding. We believe our approach advances the state-of-the-
art of shepherding with respect to three of these challenges. Firstly, the
models they have reviewed are not easily transferable to dynamic envi-
ronments. In our work, the proposed algorithm is demonstrated in two
dynamic environments: (i) dangerous patches appear nearby the herd at
a certain probability, and (ii) a circular safe zone containing the herd de-
creases in size over time. Secondly, a shepherd should be able to dynami-
cally adapt the distance threshold where the herd tends to move away from
the shepherd, while being limited in energy consumption and computa-
tion time. Therefore, we design the artificial intelligence of the shepherds
through a set of control rules, where the threshold is explicitly incorpo-
rated in the computations. Thirdly, Long et al. argue that practical applica-
tions of shepherding require robustness with regard to the failure of robotic
agents. Hence, we propose a decentralized, multi-agent shepherding algo-
rithm where each shepherd gathers information from local radius-based
observation and is able to communicate information to nearby neighbors.
Contrary to the majority of the literature so far [31], no central unit provid-
ing commands or global information of the herd is available to the shep-
herds in our work.

We apply our approach specifically to the shepherding of fish, moti-
vated by the biomimetic robotics state-of-the-art of fish-like robots [32] and
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the potential environmental impact. Although fish are an important part
of our natural environment [33], they are increasingly faced with dangers
such as illegal fishing [34], pollution [35], and invasive species [36]. The
efficiency of the proposed algorithm is demonstrated through simulation,
where four different models of collective motion are used to simulate the
fish behavior. One of these models was proposed by Couzin et al. [25] and
has been shown by multiple empirical studies to capture the key features of
fish behavior such as nearest-neighbor distance, polarization, group speed,
and turning rate [21, 37-41]. More specifically, we simulate the herd as
guppies who live in shallow waters, which applies to our proposed algo-
rithm designed for two-dimensional environments [42].

The rest of this chapter is organized as follows. Section 3.2 briefly dis-
cusses the most prominent research works on the topic of shepherding and
the studies that have inspired our proposed algorithm. In section 3.3, we
formulate the three main parts of the problem scenario: (i) the four con-
sidered models of collective motion to simulate the herd, (ii) the definition
of caging, and (iii) the descriptions of the shepherding tasks. Next, in sec-
tion 3.4, an algorithm for establishing and maintaining a caging formation
is proposed, and afterwards one for shepherding (while caging) the herd
in the presence of danger. Results of the respective main parts of the prob-
lem scenario are discussed in section 3.5. Finally, we conclude the chapter
in section 3.6.

3.2 Related Work

3.2.1 Shepherding

The Robot Sheepdog Project [43] was one of the first research projects to
develop a robot capable of solving the classic shepherding problem, based
on a computation of force vectors that represent the inter-individual rules
proposed by Reynolds [24]. A single robot used a ceiling-mounted camera
to track a flock of ducks and manipulate their movement. In order to direct
the flock in the right direction, the robot positions itself on the opposite side
of the flock to the goal. When the robot is correctly aligned with respect to
the goal and the flock, it advances towards the flock and hence the flock
moves towards the goal. However, the robot and the ducks were placed in
a circular enclosure where the goal location was always placed at the edge
of the enclosing circle. The robot shepherded the ducks to move along the
edge until the goal location was reached.

Some follow-up works have adapted the aforementioned algorithm
in order to shepherd in unconstrained environments. Strémborn et al.
developed a single-agent shepherding algorithm based on force vectors,
where the shepherd switches between collecting dispersed herd members
and steering the cohesive herd [44]. This results in a side-to-side motion
of the shepherding agent behind the herd, which mimics the behavior
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of real sheepdogs. Miki and Nakamura developed a similar algorithm,
where the shepherd adaptively switches between collecting and steering
the herd [45], but included a notion of cooperation between multiple shep-
herds who avoid overlapping. Their experiments showed that two shep-
herds are more efficient in guiding the herd than only one. Other studies
corroborated the finding that single-agent solutions are limited to smaller
herd sizes [46], and thus multiple shepherds can control large herds more
efficiently than a single shepherd [47].

However, most shepherding control approaches assume that the shep-
herds have global knowledge of the positions of every individual in the en-
vironment [2]. Applying robotic shepherding to any environment means
that the robots can only rely on local information gathered by sensors with
limited range [48-50]. Tsunado et al. proposed an algorithm where a sin-
gle shepherd constantly aims to repel the furthest herd member from the
goal location towards it, using only information collected via a simulated
local camera [31]. This algorithm was shown to be successful in simula-
tions, while the algorithm proposed by Stromborn et al. [44] mostly failed
to guide the herd to the goal when only local information is available to
the shepherd. The challenge of moving a herd to a goal with multiple
shepherds, using only local information, was tackled by Lee and Kim [51].
Shepherds coordinate to aggregate one cohesive herd, where some steer
wandering members towards the main herd, while others focus on keep-
ing the main herd at its current position. Only when the herd is cohesive
enough, each shepherd repels the closest herd member towards the goal
location.

A simpler but effective algorithm was presented by Miki et al. [45],
where the shepherd moves in a circular motion behind a member of the
herd (relative to the guidance direction) and then comes closer to repulse
the herd member. Each herd member followed the traditional Reynolds
flocking algorithm in their work, where stochastic behavior is considered.
Experiments were conducted with one shepherd steering a herd of 25 indi-
viduals, and two shepherds cooperating to steer 30 individuals. This steer-
ing algorithm is similar to the one we present in this chapter, where the
shepherding robots have to cooperate and only obtain partial knowledge
of the environment through local sensing.

As discussed beforehand, in the problem setting that we address, the
shepherds are required to maintain a caging formation while guiding the
herd away from dangers. Varava et al. [52] refer to the problem of steer-
ing a herd while maintaining a caging formation as herding by caging. This
work was the first, and to our knowledge remains the only, study to explic-
itly apply the concept of caging to the context of shepherding. They pro-
posed a centralized RRT-based (rapidly-exploring random tree) algorithm
using computational topology techniques to verify the caging formations.
However, their approach assumes global information and an initial cor-
rectly caged formation. Furthermore, they did not consider the natural
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motion of the herd in the absence of robots, and their simulations suggest
that small increases in the number of robots result in a significant decrease
in the algorithm’s performance.

Our approach for shepherds to establish and maintain a caging forma-
tion is inspired by the computational modeling study of wolf-pack hunt-
ing strategies presented in Muro et al. [53]. For a stationary single prey,
the wolves become arranged in a stable configuration of a regular poly-
gon, which we refer to as a caging formation. While the authors do not
provide any formulas, they state that wolves hunt following only two sim-
ple decentralized rules: (i) the wolf moves towards the prey until a safe
distance threshold is reached, and (2) when close enough to the prey, the
wolf moves away from the other wolves that are close to the safe distance
to the prey. To successfully follow these rules, the wolves do not need to
rely on direct communication, nor is there a role of leader needed in the
group. Hence, these rules are applicable to our problem scenario, where
the shepherds operate in a decentralized system.

3.2.2 Formation control

The contributions of this chapter can also be situated within the broader
context of multi-robot formation control. In particular, the caging ap-
proach used to steer the herd aligns with objectives found in the for-
mation control literature, especially those involving decentralized shape
controllers [54, 55]. For example, Fink et al. [56] proposed a decentral-
ized method in which a team of agents surrounds and transports an ob-
ject toward a designated goal. Their cooperative manipulation strategy
is based exclusively on the local detection of each agent, combined with
a shared understanding of the global task. Similarly, our method estab-
lishes a caging formation and steers the herd using only the local informa-
tion available to each agent. Local communication is used solely to reach
a consensus on the optimal escape direction when multiple robots detect
nearby dangers. For this purpose, the agents require a shared directional
reference frame. However, a key distinction lies in the nature of the caged
entity and the resulting formation dynamics. Whereas prior approaches
target passive objects, our scenario involves multiple active agents exhibit-
ing both intrinsic (self-propelled) and collective (mutually influential) mo-
tion. Consequently, the proposed caging algorithm enables the robot team
to maintain a dynamic, reactive formation that continuously adapts to the
unpredictable movements of a living group.

A related distinction arises when comparing our work to forma-
tion—containment control approaches, in which a group of follower agents
is enclosed within a convex hull formed by a set of leader agents [57, 58].
In these approaches, follower agents do not exhibit autonomous behav-
iors such as wandering or flocking. Their objective is to converge to,
and remain within, the convex hull maintained by the leader agents, who
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track a time-varying formation. In this chapter, the roles are reversed: the
robots (serving as “leader agents”) aim to contain the herd (the “follow-
ers”) within their self-organized convex hull. As the herd operates accord-
ing to a biologically grounded model of collective motion, the robots must
continuously adapt to its dynamics in real time, rather than enforcing a
predefined formation.

3.3 Problem Formulation

Let A and H denote the respective sets of robotic agents and herd mem-
bers. The state of the discrete-time system at time ¢ is defined by the posi-
tion p;(t) € R? and orientation 6;(t) € [0,27) of each individuali € AUH.
At every time step, an agent first rotates with angular velocity w to its de-
sired orientation 0 that is computed based on local information. The agent
stops rotating once  is reached, or when the time interval has passed. In
the remainder of the time interval, the agent moves straight forward at
linear velocity v. At every time step, Gaussian noise ¢ is added to the ori-
entation of each individual.

3.3.1 Collective motion models

Each herd member updates its direction of motion based on three concen-
tric non-overlapping zones (see Figure 3.1), containing distinct subsets of
neighbors. Each zone corresponds to a type of interaction; (i) repulsion
from others inside the disk with radius zg, to establish a minimum inter-
individual distance, (ii) alignment of orientation with others inside the an-
nulus with width zp, to all move in the same direction, and (iii) attrac-
tion to others inside the annulus with width z 4, to remain as one cohesive
group.

In this chapter, we consider four different models of collective motion
that have been empirically studied in fish schools [59]: metric, topological,
visual reconstruction and long-range (see Figure 3.2). These models differ

Figure 3.1: Schematic representation of the behavioral zonal model
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Figure 3.2: The set of neighbors (red) are illustrated in regards to a focal individ-
ual (blue) for the different models of collective motion. (A) Metric: all individu-
als within a certain radius. (B) Topological: only the k-nearest neighbors (k = 5
in this example). (C) Visual: all individuals that are visually observable, i.e. not
obstructed by any other neighbor. (D) Long-range: in addition to topologically se-
lecting neighbors (solid line with k = 5), there are A; randomly selected neighbors
(dashed line with A; = 1).

from one another in the way that neighbors N; of each individual i are se-
lected. Using the metric model, the set of neighbors consists of all other
individuals within the interaction-radius z = zg + zp + z4. In the topolog-
ical model, V; only contains the k nearest neighbors. Visual reconstruction
only selects other individuals that can be visually perceived as neighbors,
which means no other individual obstructs the focal individual i from ob-
serving the peripheries of a neighbor. Finally, in the long-range model,
short-range interactions are considered by selecting k nearest neighbors
(i.e. topologically), while long-range interactions are defined by randomly
selecting A; neighbors from the remaining members of the herd. The num-
ber of long-range neighbors A; is sampled from a Poisson distribution with
average A as parameter of the model.

To model the aversive behavior of a herd individual i interacting with
a robotic agent, an additional disk with radius z; surrounding i is intro-
duced. A herd individual wants to move in the opposite direction (i.e.
repulsion) of any robot present in this zone. Later in this chapter, we will
introduce two different scenarios for shepherding, where D is a set contain-
ing (i) the centers of dangerous patches or (ii) the center of a safe circular
enclosure. The herd interacts with these dangers likewise to robotic agents.
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Let VR, VO and VA then denote the distinct subsets of neighbors by
separating N; based on the repulsion, orientation, and attraction zones re-
spectively. Thus, each neighbor is only assigned to one of the subsets;
NREANPNNA = @. Let A; and D; denote the respective subsets of
robotic agents and dangerous patches located in a radius of z; around p;.
In the scenario of the enclosure, D; contains the center of the safe disk if
and only if the individual i is located outside of the disk.

Let us define the relative position of individual j from i as
rij(t) = pj(t) — pi(t). Furthermore, let q; be the motion vector of an in-
dividual i, which is computed as follows:

. ‘
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e Wil jeno 15
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with weights ag > 0, 0o > 0, 4 > 0 and a; > 0 of repulsion, orientation,
attraction, and animal-robot interactions respectively.

3.3.2 Caging

A caging formation can be constructed by the robotic agents based on the
repulsive animal-robot threshold z;. When two robotic agents are at a dis-
tance lower than 2z; of each other, they exert a combined repulsive force
on the herd which prevents them from intersecting the path between those
agents. In other words, caging is equivalent to a closed chain formation
where the distance between consecutive agents satisfies the upper bound
of 2z;.

In order to measure whether the agents established an appropriate
caging formation, we see if a polygon can be constructed from the edges
between agents where the length is shorter than 2z;. Following [52], we
then define the herd to be successfully caged, if and only if, the polygon is
closed and the entire herd is located in the interior of the polygon.

3.3.3 Shepherding

The agents’ objective is to prevent any herd member from entering dan-
gerous areas. When a danger is detected to be approaching the herd, the
agents are tasked to preemptively steer the herd away. In the absence of
dangers, the agents should remain at a minimum distance of z; from the
herd to avoid any unnecessary stress induced on the herd. The agents have
no prior knowledge about the positions and the movements of the dangers,
which can only be locally observed.

In this chapter, we consider two different shepherding tasks based on
common scenarios in which animal herds would benefit from safety inter-
ventions. In the first task, a stationary dangerous patch appears in front
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of the herd at a certain probability. This task resembles several use cases
of different dangers such as pollution (e.g. fish near oil leaks) and poach-
ers. In the second task, the robots are expected to ensure that the herd re-
mains in a given safe zone. This task is similar to deploying virtual fences.
The use of mobile robots also allows for the safe zone to be dynamically
changed, which is useful for caretaking of animals. For example, it allows
to navigate the herd between nests and optimize grazing patterns.

We model the task environment by a time-variant potential function f
that reaches a local minimum in the mean direction opposite of all dan-
gers (assuming that each danger is equally important to avoid). Con-
sequently, the herd should move in the direction of the potential gra-
dient Vf. In the first task, agent i computes the gradient based on
the relative positions of the observable dangerous patches D; as follows:

Vf(pi) = — Laen, % In case the agent does not detect any dangers,
the gradient is undefined. In the second task, the potential gradient is de-
fined as Vf(p;) = H}’; 2:5 j\l with p. the center of a circular safe zone. We

make the simplifying assumption that each robot has access to the position
of the safe zone center. This can be interpreted as a minimal form of shared
task information that could be obtained via environmental cues. This as-
sumption allows us to model directional guidance toward the interior of
the zone in a tractable way. In case the agent is positioned within the safe
zone and does not detect the boundary, the gradient is undefined. As we
propose a decentralized multi-agent solution to this shepherding problem,
the potential function is a way of representing locally observed informa-
tion that will be communicated between agents.

3.4 Algorithm
3.4.1 Caging

We describe the algorithm from the perspective of an individual agent
a; € A. Let A, and H, respectively represent the neighboring subsets
of agents and herd members, which are located within the detection dis-
tance d; from ;. In case the agent is unable to detect any member of
the herd, an arbitrary search method is applied (e.g. a random walk).
We opt for an adaptation of the herd motion model presented in sub-
section 3.3.1 to ensure neighboring agents remain within communication
range of each other. Agents share whether they have detected herd mem-
bers with nearby agents. This communication is minimal and can be im-
plemented as a one-bit signal (e.g., via a light cue or beacon) indicating the
presence of a nearby herd member. Consequently, agents that are unable
to directly observe the herd will be attracted toward neighboring agents
who have signaled a positive detection.

When members of the herd are directly detected, the agent attempts to
reside at a given distance R* from the closest herdable i* € H,,. The agents
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Figure 3.3: Illustration of the proposed caging method. Agent a; follows tangential
motion along the circle defined the position of the closest herdable /1* as the center
and R* as the radius. From the two closest neighboring agents a; and 4 of opposite
sides of the axis x, the agent a; moves towards the neighbor which has the largest
relative distance. Here, the motion vector §; of 4; indicates clockwise rotation to-
wards ay as di; > dj.

Figure 3.4: Trajectories (black arrows) of agents A = {a;};—._5 caging a stationary
herd of four (blue fish). The agents are initially located (green dots) in a box of
density p, near the herd, from which they establish and maintain an equidistant
caged formation in steady-state (red diamonds). At all times, the agents remain at
a distance R* based on the herd’s repulsive zone (blue contour) of radius z;. The
highlighted (thicker arrows) trajectories of ay and a5 respectively show how agents
could either continuously move by the same direction or change directions due to
the movement of neighbors.
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should be close enough to observe, follow, and quickly interact with the
herd when needed. However, they should not be closer than z;, as this
would otherwise induce unwanted stress on the herd. While approach-
ing to and residing at the circular boundary of #*, the agent a; attempts
to remain equidistant from the two closest neighboring agents a; and a;
from opposite sides of the axis x defined by the bearing 7; € [—7, ) of 4;
from h*. As shown in Figure 3.3, the neighboring agents can be positioned
anywhere in their respective half-plane.

Every agent attempts to maintain a distance of R* from the closest
herd member, while moving to position themselves at equal distance from
the two neighboring agents. In other words, the agents moves along the
boundary of the union of circles defined by the positions of every herd
member as the center points and R* always as the radius. Figure 3.4 shows
how the agents follow this boundary, which can be partially seen by the
black trajectories (For illustrative purposes, the herd does not move). To
provide full flexibility, an agent should be able to eventually re-encounter
any point on the boundary after moving along the boundary in the same
direction for enough time. This means that the union of circles is a con-
nected set.

Assumption 3.1. The union of the circles, where the center points are the posi-
tions of every herd member h € H and the radii are R*, is a connected set.

In order to approach and rotate along a circular path of radius R*, we
apply the following method to compute the agent’s desired orientation ¢
as proposed by [60]:

=7+ <§ + arctan (k(d* — R*))) (3.1)

where ¢ € {—1,1} determines the direction; i.e. clockwise (¢ = —1) or
counterclockwise (¢ = 1), k > 0 influences the rate of transition between
moving towards and moving along i*, and d* is the distance from a; to h*.

To obtain the cage formation, the value of ¢ is computed based on
the relative distances to the neighboring agents. We define the subsets
of neighboring agents A; C A, and A; C A, divided by the axis x as
follows:

Aj={jlaj€ Ay N0 <sgn(7;)-(7i—7j) <7}
A = Au — A;
with 7y; as the bearing of neighboring agent a; from h*. The shortest dis-

tances to each neighbor subset, d;; = gi(A;) and dy = g;(Ay) are com-
puted by:

gi(l) = {minueu lpu(t) = pi(1)]| iU # @

2z; otherwise ’
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Figure 3.5: Illustration of the proposed shepherding method. Agent a; is located
behind the closest herdable h*, in perspective of the mean orientation 6y (illustrated
by the corresponding vector q; with perpendicular axis). Therefore, a1 positions
itself at a distance of r* from h*. Agent ay, positioned in front of h*, remains at a
distance of R*.

where the agent assumes a distance of 2z; in case the neighbor subset is
empty. The direction ¢ is then given by

_ Jsgn(ri)  ifdy < dy
—sgn(7;) otherwise -

The orientation f of the motion vector to move along the circular path
of h* is computed with Equation 3.1 based on the direction ¢. We define the
magnitude of this motion vectorasn = % |dl-j —dji|, so that two agents mov-
ing towards each other will eventually reach a stable solution. This motion
vector (0;7) is then added with the predicted motion vector of the closest
member of the herd, such that the cage formation is at the appropriate rel-
ative distance of the herd. Each member of the herd is predicted to move at
mean velocity 7y, in its current orientation. Thus, the predicted motion vec-
tor of the nearest herd member is (6« (t); 7y« (f)). Note that 4 = 0 when the
agent has positioned itself at equal distance from both neighbors, which re-
sults in the agent aligning its orientation and velocity with the herd. How-
ever, when the agent is not equidistant to a; and a;, we ensure that the
maximum velocity is not exceeded as the magnitude 7 is upper bounded

by~ (£) cos (8- (1) — 0(1)) + /22 (£) (082 (B (1) — () — 1) + 0Brar,
with Umax as the maximum linear velocity of the robotic agents (See sec-
tion 3.A for a derivation of the bound).
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3.4.2 Shepherding

The idea behind the proposed algorithm is based on each individual agent
adaptively changing between two caging formations, where one causes a
repulsive force on the herd and the other does not.

Each agent 4; observes the gradient of the local potential V f(p;) as de-
scribed in the problem formulation (see subsection 3.3.3). A message con-
taining a unique agent identifier, version and the local gradient is commu-
nicated to all nearby neighbors within the communication range d.. When-
ever a new local gradient is observed, the agent updates its own version
and sends a new message. The received messages are then filtered so that
only messages with the newest version of each agent remain. All filtered
messages are then forwarded to their nearby neighbors. The local gradi-

ents of the filtered messages are combined as g = }; %&Z’:;H, with a; as
j

an agent of which the gradient (with most recent version) is defined and re-
ceived by 4;. In case any a; exist (including 4;), we attempt to steer the herd
in the direction of g¢. In this step, we have assumed that the agents share
a directional frame. This allows the agents to reach consensus in the mean
direction when combining multiple locally observed potential gradients.

Assumption 3.2. All agents have a shared directional frame.

Based on the aversive behavior described in subsection 3.3.1, a robotic
agent is capable of triggering a herd individual to move in the direction
opposite along the axis between the herd individual and this agent, when
the relative distance is lower than z;. If an agent is positioned behind all
nearby herd members, in the direction of g, then it performs the caging
algorithm to remain at the circular boundary of the closest herdable at a
distance of r*, with r* < z; < R*. The distance * can be dynamically
changed, as long as the upper bound is satisfied. In our experiments, we
use a fixed value. In the other case, positioned in front of the nearby herd,
the agent executes the caging algorithm with a distance of R*. Figure 3.5
shows how agents remain at different distances from the herd, based on
their position relative to the direction of q¢. More specifically, agent 4;

steers by a caging with a radius of r* if the smallest angle 'yf? between the
agent and each individual of the nearby herd 1 € H, is greater than 7:

arctan (sin(Bf — 'yf’),cos (Gf — 'yf’)) > g,

with 60 as the orientation of the vector .
If no messages of gradients are received, the agents remain in a caging
formation at the distance R*.

3.5 Results

First in subsection 3.5.1, we study the behavior of a simulated herd, when
there are no robotic agents nearby, following the four different models of
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collective motion. We vary the most relevant parameters in regards to co-
hesiveness of the group [17], the widths zp and z4 of the orientation and
attraction zones respectively, in order to examine in which parameter range
Assumption 3.1 holds. Afterwards in subsection 3.5.2, we run an experi-
ment with agents deployed in the environment that follow the proposed
caging algorithm. We consider the same models of collective motion and
varying parameter values (zp and z,4) of the herd, which allows us to ver-
ify if caging indeed only fails when Assumption 3.1 does not hold. Finally
in subsection 3.5.3, we run experiments of the two aforementioned shep-
herding tasks: (i) agents steering the herd away from randomly appearing
dangerous patches, and (ii) agents keeping the herd inside a safe circular
zone. Results were obtained from simulation runs with 10 seeds. All exper-
iments are run with the following parameters unless explicitly stated other-
wise; Ny = 100, z; = 19, wy, = w, = %, 0% = 4,01, = 2,d; = d. = 3z),

27 max

0a = 0y, = 0.05, ag = 100, o = 50, 4 = 1 and & € [500, 2500].

3.5.1 Collective motion models

The herd is simulated, in the absence of any robotic agents, under the dif-
ferent models of collective motion; (A) metric, (B) topological, (C) visual,
and (D) long-range. We simulate the herd in 2D open space environment.
To facilitate immediate interaction between the N individuals at the be-
ginning of a simulation, they are placed within a square region of the size
(%)% with initial density p;, = 0.01. Each individual’s position and mov-
ing direction are initially uniformly distributed.

We aim to study which parameter values lead to fragmentation of the
herd, since this would prohibit agents from successfully caging the herd.
Thus, we say that the herd is fragmented when Assumption 3.1 does not
hold. As previously described, a graph can be constructed where the ver-
tices are the positions of every herd member, and there is only an edge
between two vertices if the relative distance is lower than or equal to R*.
Based on this graph, the degree of fragmentation is measured as the num-
ber of groups Ng where each distinct group is connected. We vary the
respective widths zp and z4 of the orientation and attraction zones over
[0,100]. For the parametric models (topological and long-range), we chose
values that produce most similar results of fragmentation to the other two
models. This allows us to make a fair comparison between models. We
set k = 50 in the topological model, since lower values of k lead to only
higher probabilities of fragmentation, as shown by [17]. We verify this by
running simulations for k € {10,25,50} (see section 3.C). This led them to
proposing the long-range model, for which we use their proposed values
of k = 7and A = 0.1. As visual reconstruction, a ray-casting algorithm is
used in this chapter where the individuals are simulated guppy fish based
on physical measurements.

In addition to the number of groups, we examine the relative area cov-
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Figure 3.6: Quantitative herd measurements (N = 100) obtained in simulation
without robotic agents, following different models of collective motion: (A.1-3)
metric, (B.1-3) topological with k = 50, (C.1-3) visual, and (D.1-3) long-range with
k = 7,1 = 0.1. For each model, the widths of orientation (zp )and attraction (z4)
zones are varied. The number of groups Ng (A-D.1) shows that group fragmenta-
tion only occurs with for smaller values of zp, independent of the width of zone
of attraction z,, for all models (Although, the long-range model causes signifi-
cantly less fragmentation). The relative area coverage A, (A-D.2) increases with
zp, mostly independent of z 4. When the herd remains as one cohesive group, the
theoretical minimum number of agents N4 min needed to form a caging pattern (A-
D.3) increases with zp in correlation with the relative coverage A, for each model
respectively, since more agents are needed to cage a larger area. On the other hand,
N A min is high when fragmentation occurs.
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erage A, which is computed as the ratio of the areas of the convex hulls
of the herd at convergence time T over initial time ¢y. Related to this, the
minimum number of robots needed to form a caging pattern N min is com-
putationally estimated by placing agents on the boundary of the union of
circles, described in Assumption 3.1, at a maximum distance of 2z; from
one another. Based on these results, we can test our hypothesis that the
proposed caging algorithm fails if and only if Assumption 3.1 does not
hold or, there was an insufficient number of robotic agents deployed.

Figure 3.6 shows the aforementioned quantitative measurements for
the four considered models, and varying the widths zp and z4 of the ori-
entation and attraction zones respectively. Figure 3.6A-C.1 shows that the
herd becomes fragmented (Ng > 1) for lower values of the orientation
width (zp < 10), using a metric, topological, or visual model. In this range
of zp, the herd fragments into the most groups when z,4 is lowest. As
opposed to the other models, Figure 3.6D.1 shows that fragmentation is
unlikely to occur with the long-range model, independent of zp and z4.
Furthermore, we see in Figure 3.6A-D.2 that the relative area A, is also
dependent on the width of the orientation zone zp, while mostly indepen-
dent of z4. The herd becomes denser than its initial distribution (A, < 1)
for the lowest values of zp. Increasing zp leads to increasing the relative
area coverage until A, is approximately equal to 1 or slightly higher. Note
how in the topological model A, eventually stabilizes once z( is approxi-
mately higher than 60. Evidently, when the orientation zone is so large that
each individual aligns its orientation with all its neighbors, the herd will
maintain its initial area. On the contrary, when zg is small enough so that
neighbors also appear in the attraction zone, the herd will become more
compact. As the relative area A, increases with zp, so does N4 min (Fig-
ure 3.6A-D.3) as more robotic agents are needed to form a caging pattern
where consecutive robots should remain at a distance lower than 2z;. Note
that the theoretical minimum of number of agents is not computed when
the herd is fragmented (Ng > 1). In the figure, a white square means no
possible value as all seeds contain fragmentation.

3.5.2 Caging

In this second experiment, we placed N4 robotic agents following the pro-
posed caging algorithm in the same environment as the herd. The swarm
of N4 agents is placed in a square region based on initial density p, = 0.01,
at a random but detectable position from the school (i.e. within distance
d4). Figure 3.7 shows the ratio of successfully caging a herd with different
number of agents (1) Ny = 10, (2) N4 = 20, and (3) N4 = 30, and for the
different collective motion models of the herd.

Figure 3.7A-D.1 shows that, in the range of zp > 10, deploying N4 = 10
robotic agents is inadequate to successfully cage a herd of size Ny = 100.
This was expected as Ny = 10 < Ng min (See the first column inside the
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Figure 3.7: The ratio of robots successfully caging a herd of size Ny = 100, follow-
ing different models of collective motion: (A.1-3) metric, (B.1-3) topological with
k = 50, (C.1-3) visual, and (D.1-3) long-range with k = 7, A = 0.1. Additionally, dif-
ferent sizes of the robot swarm N4 are studied: (A-D.1) N4 = 10, (A-D.2) N4y = 20
and (A-D.3) N4 = 30. For each combination of motion model and swarm size, the
widths of orientation (zp )and attraction (z4) zones are varied. Although the herd
remains cohesive in the range of zp > 10, caging with N4 = 10 robots is entirely
unsuccessful in this range since more agents are required (N4 = 10 < Ng min)-
On the other hand, deploying N4 = 20 > Ny min robots guarantees successful
caging in every seed. The same results are found for N4 = 30, which shows that
adding redundant robots has no negative effects on the collective performance. In
the range of zp < 10, the theoretical lower bound N min, is satisfied for all consid-
ered Ny, but fragmentation of the herd may occur, and thus caging is not always
successful (Except for the long-range model where significantly less fragmentation
occurs).
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Figure 3.8: The average minimum distance between the robotic agents and the
herd, and ratio of success in caging Pc in the inset, over time ¢ from 0 tot 10® in
log scale with Ny = 100, Ny = 20,zp = 50, and z4 = 50. The mean is drawn as
a solid line and the standard deviation as shaded area. The desired convergence
value R* of the minimum agent-herd distance is indicated on the y-axis and drawn
as a dashed horizontal line. For each plot, measurements of four different models
are shown: (black) metric, (red) topological, (blue) visual, and (green) long-range.

color-grids of Figures 3.6A-D.3). However, when a sufficient number of
robots is deployed (N4 = 20 > Ny min), caging is successful in every seed
with zp > 10 (Figure 3.7A-D.2). Figure 3.7A-D.3 shows that adding a re-
dundant number of robots to the task does not decrease the ratio of success.
This is an important quality of the algorithm, as the theoretical minimum
number of agents to be deployed is usually unknown a priori. For any
N4 € {20,30}, the theoretical lower bound N min is satisfied when frag-
mentation of the herd does not occur in the range of zp < 10. However,
the herd is not guaranteed to remain as one cohesive group in this range of
zp, in which case the robots will fail to cage properly. In this experiment,
the agents consistently try to remain at a distance of R* > z; from the
herd, which means that caging does not prohibit the herd from fragment-
ing. Small adaptations to the proposed caging algorithm could prevent
fragmentation, for instance the agents should maintain the maximum rel-
ative distance of 2z between agents instead of following the herd’s move-
ment. As an exception, the robot swarm is still successful in this range
(see Figure 3.7D.2-3) as fragmentation of the herd is unlikely to occur (Fig-
ure 3.6D.1). In all cases, we find that failure in caging the entire herd occurs
if and only if the herd is fragmented, or there is an inadequate number of
robots deployed based on the theoretical minimum.

In order to observe the time needed for the robot swarm to converge to
a stationary caging formation, we measure the average of minimum rela-
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Figure 3.9: Visualization of robotic agents (green or orange diamonds) shepherding
the herd (blue dots) away from a dangerous patch (red circle). When a robot has
detected a danger, it is colored orange and green otherwise. The orientation of
each individual is represented by an arrow. The blue contour is the union of each
herd member’s circular zone with radius z;. In other words, only agents that are
positioned in the blue contour generate a repulsive force onto the herd. Att = 0,
agents detect the danger. Next (t = 5 to 20), the agents positioned between the herd
and the danger now execute the caging algorithm with distance r* < zj, while the
other agents remain at R* > z;. This causes the herd to re-orientate and move away
from the danger. Once the danger is enough far away, all agents occupy a distance
of R* from the herd.

tive distances between each robotic agent and their respective closest indi-
vidual of the herd ||pa(t) — pp+(t)||. As described in subsection 3.4.1, the
agents should approach a distance of R*, which is lower bounded by z;
to account for prediction errors of the herd’s movement. Figure 3.8 shows
that the robots are able to converge to R* over time for every collective
motion model of the herd. More specifically, the average minimum dis-
tance between agents and herd reaches R* at approximately t = 10?. After
this time, the robots spread out around the herd and eventually reach a
successful caging formation (Pc = 1).

3.5.3 Shepherding

To examine the proposed shepherding algorithm, we simulate two differ-
ent tasks: (i) dangerous patches, and (ii) safe enclosure as described in sub-
section 3.3.3. We study the performance of our shepherding algorithm for
the four models of collective motion that have been presented in previous
sections; metric, topological, visual and long-range. Results in this chapter
are shown for a herd size Ny = 100.
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dangerous patches scenario with Ny = 100
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Figure 3.10: Fraction of the herd (Ng = 100) located in dangerous patches, av-
eraged over 2000 time steps, and following different models of collective motion:
(A.1-3) metric, (B.1-3) topological with k = 50, (C.1-3) visual, and (D.1-3) long-
range with k = 7, A = 0.1. The left column (A-D.1) N4 = 0 shows the results where
no robots are present and thus no shepherding takes place. In the other columns,
a shepherding robot swarm of sizes (A-D.2) N4 = 20 and (A-D.3) Ny = 40 are
studied. For each combination of motion model and swarm size, the widths of
orientation (zp )and attraction (z4) zones are varied. Without shepherding, a cer-
tain fraction (non-zero) of the herd is on average in danger for every model and
values of zp and z4. The topological model results in the lowest endangered frac-
tion, followed by the long-range model, while the metric and visual both perform
the worst. When modeled as topological or long-range, deploying 20 shepherd-
ing robots successfully ensures the safety of the entire herd. Adding more robots
(N4 = 40) shows to only potentially improve performance; the metric-modeled
herd is successfully shepherded for most values of zp and z 4, however the visual-
modeled remains endangered (although with low probability).
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scenario: dangerous patches
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Figure 3.11: Fraction of herd located in dangerous patches over time ¢, deploying
shepherding robots (red) or no robots (black). Results for sizes of the herd and
robot swarm respectively: (A) Ng = 100 with N4 = 40 (B) Ng = 10 with N4 = 20.
The herd follows a metric model with zo = 50 and z4 = 50. The mean is drawn as
a solid line and the standard deviation as shaded area.

3.5.3.1 Dangerous patches

Figure 3.9 visualizes the first scenario over time, where a dangerous patch
is placed in front of the herd. Att = 0, the robots are in a caging forma-
tion, remaining at a distance R* > zj from the herd. At this time, some
robots detect the danger and locally communicate this to their neighbors.
The appropriate subset of robots now apply a cage formation at a distance
r* < zj, in order to push the herd in the opposite direction of the danger.
In the following time steps, the herd changes movement and other robots
also redirect their orientation. The herd and robots move away together
from the danger. Once the danger is far enough away (the danger is out of
the detection distance d; at t = 20), each robot transitions back to caging at
the distance R*, which is fully established again at ¢ = 35.

In order to observe whether the robotic agents are capable of repeatedly
shepherding the herd in different directions, dangerous patches are placed
in front of the herd after a certain time interval. Each time interval is newly
sampled from a Gaussian distribution with mean 150 and standard devia-
tion 25. An individual of the herd only detects the danger once it is located
inside the patch, which is similar to animals encountering oil leaks and
plastic pollution. When the herd is dense, multiple individuals may detect
the danger at the same time. In some way this may be necessary, as the
mean direction of the herd is hardly changed by the action of a single in-
dividual. Figure 3.10 shows the fraction of the herd that is located outside
of the safe enclosure, on average over time. Without shepherding, the herd
is endangered for any model of its collective motion. With 20 shepherding
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Figure 3.12: Visualization of robotic agents (green or orange diamonds) shepherd-
ing the herd (blue dots) to remain in the safe enclosure (white area). When a robot
has detected a danger, it is colored orange and green otherwise. The orientation of
each individual is represented by an arrow. The blue contour is the union of each
herd member’s circular zone with radius z;. In other words, only agents that are
positioned in the blue contour generate a repulsive force onto the herd. Agents
adapt and repeatedly switch in caging with a distance of r* < zj or R* > zj, de-
pending on how close the herd is to the boundary of the safe enclosure.

robots, the herd stays out of any danger when modeled as topological or
long-range for any values of zp and z4. For the metric model, the mean
fraction is significantly decreased by deploying robots and eventually be-
comes zero with a robot swarm of size N4 = 40 for most values of zo and
z 4. Although the performance of shepherding a herd that follows a visual
model improves by adding more robots (N4 = 20 to 40), a certain fraction
of the herd remains endangered. We argue that the models likely differ
in speed of information diffusion, which influences the number of indi-
viduals that continues to move towards the danger. For the visual model,
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deploying additional robots may not improve information diffusion when
those additional robots are positioned in an area occluded by others. We
find that this issue only arises for larger herd sizes, as section 3.D shows
that for any collective motion model, a herd of size Ny = 10 remains safe
when shepherded by robots following the proposed algorithm.

Figure 3.11 shows the fraction of the herd that is positioned in a dan-
gerous patch at time f. We see that for both Ny = 100 and Ny = 10, a
fraction of the herd is endangered without the aid of shepherding robots,
while the herd remains safe at all time in the presence of robots following
our proposed algorithm.

3.5.3.2 Safe enclosure

Figure 3.12 visualizes the second scenario over time, where the safe zone
(white) shrinks up until a certain area. At ¢t = 0, the robots are in a caging
formation, remaining at a distance R* from the herd. Some robots have
detected the danger zone (red) for the first time and begin re-orientating.
Att = 5, the robots push the herd away from the boundary of the safe zone
in a certain direction, until the boundary is reached again (t = 50). At this
time, the agents redirect the herd towards another direction. This pattern
continues as the robots attempt to keep the herd in the center of the safe
zone.

The fraction of the herd that is located outside of the safe enclosure, on
average over time, is presented in Figure 3.13. Without shepherding, the
herd is endangered when modeled as metric, topological and visual. Fol-
lowing the long-range model, however, only a small fraction of the herd is
in danger. With 20 shepherding robots, the herd stays out of any danger
when modeled as topological or visual for any zp > 25. The long-range
herd are continuously shepherded in the safe enclosure, both with 20 and
40 robots, for any values of zp and z4. The metric model, however, per-
forms the worst, as a fraction of the herd moves out of the safe enclosure
when z is large.

Figure 3.14 shows the fraction of the herd that is positioned out of the
safe enclosure at time ¢. We see again that for both Ny = 100 and Ny = 10,
a fraction of the herd is endangered when no robots are present, while the
herd remains safe at all time with the aid of shepherding robots. Most
notably, there is a peak in the fraction of endangered herdables at the be-
ginning of the scenario. This is most likely due to the herd being slower in
detecting and reacting to the rapidly shrinking of the safe enclosure.

3.6 Conclusion

In this chapter, we proposed an algorithm on the individual level, which
enables a swarm of robotic agents to shepherd an autonomous herd (i.e.
a group following collective motion) away from dangers before the latter
succumbs to these dangers. The robots rely on caging the herd at all times,
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so that any danger surrounding the herd can be immediately detected. We
assume that herd individuals move away from robots that are closer than
a certain distance. Based on this assumption, robots are capable of steering
the herd in a desired direction by placing themselves close enough to the
herd in the appropriate relative position. We studied the performance of
the proposed caging algorithm in simulation for four different models of

safe enclosure scenario with Ny = 100
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Figure 3.13: Fraction of the herd (Ny = 100) located outside of the safe enclosure,
averaged over 2000 time steps, and following different models of collective motion:
(A.1-3) metric, (B.1-3) topological with k = 50, (C.1-3) visual, and (D.1-3) long-
range with k = 7, A = 0.1. The left column (A-D.1) N4 = 0 shows the results where
no robots are present and thus no shepherding takes place. In the other columns,
a shepherding robot swarm of sizes (A-D.2) N4 = 20 and (A-D.3) Ny = 40 are
studied. For each combination of motion model and swarm size, the widths of
orientation (zp )and attraction (z4) zones are varied.
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scenario: safe enclosure
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Figure 3.14: Fraction of herd located outside of the safe enclosure over time ¢, de-
ploying shepherding robots (red) or no robots (black). Results for sizes of the herd
and robot swarm respectively: (A) Ny = 100 with N4 = 40 (B) Ny = 10 with
N4 = 20. The herd follows a metric model with zo = 50 and z4 = 50. The mean is
drawn as a solid line and the standard deviation as shaded area.

collective motion to simulate the herd: (i) metric, (ii) topological, (iii) vi-
sual, and (iv) long-range. We found that when the herd remains cohesive
(i.e. information can be passed between every pair of individuals in the
herd), the robots are always capable of caging successfully if an appropri-
ate number of robots is deployed. The required number of robots can be
computed from Monte Carlo simulations if the collective motion model of
the herd is known. Otherwise, it is best to overestimate the number as the
performance of the algorithm does not decrease by deploying redundant
robots. For parameters where the herd remains cohesive following a metric
model, we examined the performance of robots shepherding by caging. We
defined two different shepherding task scenarios; a first where dangerous
patches appear with a probability over time, and a second where the herd
should remain in safe circular area. Simulation results for herds of sizes 10
and 100 both show that shepherding prevents any individual of the herd to
encounter a danger. Without shepherding, a fraction of the herd is endan-
gered. To the best of our knowledge, equipping robots with the proposed
algorithm results in the first decentralized multi-robot system only using
local observations and communication capable of shepherding a herd by
caging. Future work includes simulating the motion of the herd by trained
models of real animal trajectories, and eventually real-life experiments.
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Appendices

3.A Bound on the motion vector in caging to not
exceed the maximum linear velocity

The motion vector g4 of an agent following the proposed caging algo-
rithm described in subsection 3.4.1 is the summation of vectors (§;7) and
(6p+; T+ ). We now define an upper bound on 7 such that ||q|| < vmax. This
allows for the robot to move at maximum velocity, while maximizing its
contribution to caging (i.e. by setting # to its upper bound). The value of 5
indicates how much velocity can be spend on establishing a caging pattern,
while replicating the movement of the nearest herd member /*. Hence, it
is required that the maximum linear velocity of the robot vmax is higher
than the herd’s.
Let g5, x = Op« cos(0) and g3, = T« sin(6),+). It follows that:
q= <’7hx+77cos( ); th+7781n( )

Thus, a bound on the velocity is defined as:

max _(th WCOS(é) )2 (th TISIH(é))
Umax 217 + 217 (qn,x cos(8) + gy sin(6)) + 45, , + 43,
0 >77 +277(thcos( ) +qhysul( )) + (Uh* - max)

We can rewrite g, cos (6) + gy, sin(6) as follows:
= Op+ €08 (0« ) cos (0) + - sin(6y+ ) sin ()
= Tpx cos (O — 0)
Substituting this in the upper bound:
0 >n% + 2170y cos (O — 8) + (72, — v2.)
1 < — Oy cos (O — 0) & \/vw cos? (B — 0) — (02, — v2.,)

1 < — Oy cos (O — 0) & \/17,1* (cos2(Bp — 0) — 1) 4+ 02,

After root analysis, to ensure that 7 is positive, we find that:

7 < —0p cos (O — 0) + \/vh* (cos2(fy — 0) — 1) + 02,

3.B Simulation parameters

Table 3.B.1 summarizes all parameters used in the simulation experiments,
where topological and long-range are respectively abbreviated as top and



STEERING HERDS AWAY FROM DANGERS IN DYNAMIC ENVIRONMENTS 95

symbol parameter value association

Wi max/ Wamax ~ Max. angular velocity 55 % herd/robot
Upmax/Yamax ~ Max. linear velocity 2/4 ¢ herd/robot

01,/ 0 Gaussian orientation noise 0.05/0.05 rad herd/robot

ZR radius of repulsion zone 1cm herd

Z0 radius of orientation zone [10,100] cm herd

ZA radius of attraction zone [10,100] cm herd

k nearest neighbors 50 (top), 7 (I-r)  herd

A average of Poisson distribution (I-r) 0.1 herd

z] radius of aversive zone 19 cm herd

aR weight of repulsion interaction 100 herd

X0 weight of repulsion interaction 50 herd

A weight of repulsion interaction 1 herd

ar weight of repulsion interaction (500, 2500] herd

dy robot-detection radius 57 cm robot(cage)

R* distance robot-herd 24 cm robot(cage)

K transition rate 0.2 robot(cage)

r* distance robot-herd 17 cm robot (shepherd)
dc communication radius 57 cm robot (shepherd)
d, danger-detection radius 40 cm robot (shepherd)
Ny number of herd members [10,100] herd

Na number of robotic agents [0,10,20,30,40] robot

Table 3.B.1: Simulation parameters

l-r. The parameters of the herd are inspired by live Trinidadian guppies,
who live in shallow waters, which applies to our problem setting of a two-
dimensional environment. The robot parameters are derived from two-
wheeled motion robots used in the real-world experiments of Chapter 5,
in order to simulate physically plausible behavior and ensure consistency
with the capabilities of the actual robotic platform.

3.C Quantitative herd measurements of the topo-
logical model for different values of k near-
est neighbors

Figure 3.C.1 shows that a topological model with k = 10 leads to group
fragmentation for any widths of the zones. When k is set to 25, the herd
remains cohesive for most values of zp and z4. Finally, for k = 50, the
topological model produces most similar results to that of the other three
models (see Figure 3.6).

3.D Shepherding a herd of 10 individuals

In Figure 3.D.1, the average fraction of endangered herd over time is shown
for all four herd models. Without shepherding, the herd is on average
endangered for every model and any values of the zone widths zp and
z 4. Shepherding with 20 robots ensures that the herd remains entirely out
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Supplementary Figure 3.C.1: Quantitative herd measurements (Ny = 100) ob-
tained in simulation without robotic agents, following the topological model with
different values of k nearest neighbors: (A.1-3) 10, (B.1-3) 25, (C.1-3) 50. For each
model configuration, the widths of orientation (zp )and attraction (z4) zones are
varied. The left column (A-C.1) shows the number of groups N, the middle col-
umn (A-C.2) shows the relative area coverage Ay, and the right column (A-C.3)
shows the theoretical minimum number of agents N4 mi, needed to form a caging
pattern.
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Supplementary Figure 3.D.1: Fraction of the herd (Ng = 10) located in dangerous
patches, averaged over 2000 time steps, and following different models of collective
motion: (A.1-3) metric, (B.1-3) topological with k = 50, (C.1-3) visual, and (D.1-
3) long-range with k = 7,A = 0.1. The left column (A-D.1) N4 = 0 shows the
results where no robots are present and thus no shepherding takes place. In the
other columns, a shepherding robot swarm of sizes (A-D.2) N4 = 20 and (A-D.3)
N4 = 40 are studied. For each combination of motion model and swarm size, the
widths of orientation (zp )and attraction (z 4) zones are varied.
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of danger, for any model configuration. Deploying redundant robots is
shown to not decrease performance, as the herd remains out of danger
with N4 = 40 shepherding robots.



The work presented in this chapter has been published in:
Scientific Reports (Van Havermaet et al. 2024)

Reactive shepherding along a dynamic
path

Abstract

In the previous chapter, we focused on protecting fish ! by guiding them
away from dangers without imposing additional trajectory constraints.
However, effective conservation also requires directing fish toward safe
breeding and feeding grounds. Simply steering fish away from threats is
insufficient, as they must reach specific destinations to sustain their pop-
ulations. To address this, we propose a robotic swarm capable of guid-
ing fish along predefined paths that avoid dangers, obstacles, or unde-
sirable terrain. By confining fish within the boundaries of these paths,
we can ensure their safety while directing them to target locations. Al-
though this approach imposes stricter movement constraints, it eliminates
the need for consensus decision-making among robots, as required in the
method presented in Chapter 3. Therefore, we adapt this method by in-
troducing a position-dependent potential field that encodes path informa-
tion, allowing robots to respond to shared directional cues without inter-
robot communication. Simulation results reveal that, especially in sections
with sharp turns and narrow boundary spacing, robots struggle to main-
tain fish within the boundaries. Sensitivity to these path characteristics is
influenced by the robot-to-fish ratio, with larger ratios reducing sensitiv-
ity. Additionally, performance is sensitive to fish velocity, as higher speeds
make maintaining a caging formation more challenging.

n the main text of this chapter, we use the term “group” to generalize across animal
species. However, the parameter settings of the “group” in our study correspond specifically
to fish behavior.

99
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4.1 Introduction

In our rapidly changing environment, both anthropogenic and natural
threats are placing immense pressure on animal populations, with fish be-
ing a poignant example. Illegal fishing [2], habitat destruction [3], and pol-
lution [4] are just a few examples of contemporary challenges. Using robots
to guide and protect these vulnerable populations emerges as promising
avenue for intervention. Robots could be used to assist in guiding fish
away from hazardous zones [5], directing them along secure trajectories,
and monitoring environmental parameters to ensure the well-being of the
population [6].

The term shepherding was originally coined to describe the process by
which dogs guide and direct sheep towards predetermined destinations.
The field of robotics has adopted this terminology to characterize tasks
involving robotic agents herding various animals, including sheep [7-9],
cattle [10], and ducks [11], enabling crowd control [12], averting bird-
aircraft collisions [13, 14], or safely evacuating people [15]. Robotic agents,
designed with distinctive visual cues or equipped with actuators elicit-
ing aversive responses from animal groups, can employ analogous shep-
herding mechanisms as naturally perceived threats, akin to dogs herding
sheep [16]. The collective behavior displayed by these shepherded animal
groups encompasses both aggregation and evasion dynamics in response
to potential threats [17].

In this study, we are moving beyond the conventional shepherding task
of guiding animals towards predetermined destinations. Our algorithm is
designed to guide an animal collective along a secure path, as opposed to
merely steering them toward a fixed goal location. The path is demarcated
by two boundary lines. This area is constructed by enveloping a series of
line segments with a margin. The margin width varies as the path unfolds,
simulating more realistic scenarios where the safe zone exhibits variabil-
ity. We assume that the herded individuals lack the capacity to discern the
pathway autonomously, indicating that their motion remains unaffected
by the state and structure of the path. This assumption reflects real-world
applications where the environment may harbor hidden dangers for the
group that only become apparent after damage has occurred to the ani-
mals, such as in the case of an oil leak. Alternatively, the area might need
to be avoided for ecological or economic reasons, such as preventing the
group from grazing on newly seeded fields.

The Robot Sheepdog Project, led by Vaughan et al. [18], was a pio-
neering initiative in the realm of shepherding problem solutions. They
devised a novel approach using force vectors inspired by Reynolds’ inter-
individual rules for flock behavior [19]. The single robot strategically po-
sitioned itself on the opposing side of the flock with respect to the goal
and moved towards them. However, it is crucial to note that the project’s
shepherding method had a limitation, as it confined the ducks to move
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along the periphery of an enclosed environment until reaching the goal.
Some follow-up works have built upon the aforementioned algorithm to
extend its applicability to unconstrained environments, where individu-
als naturally disperse [20-22]. In the work by Miki and Nakamura [23], a
shepherd dynamically alternates between guiding the cohesive group and
gathering dispersed individuals. As a consequence, the shepherding agent
displays the behavior of real sheepdogs, moving side-to-side behind the
group. Their experiments further demonstrated that employing two shep-
herds is more efficient in guiding the group than having only one. This
aligns with other studies suggesting that single-agent solutions are con-
strained in handling larger group sizes [24]. Therefore, multiple shepherds
prove to be more effective in controlling larger groups [25]. However, the
majority of shepherding control approaches presume that the shepherds
possess global knowledge of the positions of every individual in the envi-
ronment [26, 27]. Addressing the challenge of guiding a group to a goal
with multiple shepherds, utilizing only local information, was first tackled
by Lee and Kim [28]. In their approach, shepherds coordinate to aggregate
one cohesive group. Some shepherds steer wandering members towards
the main group, while others concentrate on maintaining the position of
the main group.

Similar to Lee and Kim, the algorithm we propose operates within a
distributed fashion, without any central control unit. Our work extends
beyond theirs as our robots utilize local observations to collectively guide
a group along a safe path, as opposed to guiding it toward a goal location
without trajectory constraints. Although the robots make decisions based
on local information, they access a shared spatial representation of the
path, encoded as a potential vector field. This field reflects directional cues
that could, in practice, be derived from environmental stimuli. While the
system operates in a decentralized manner without explicit inter-agent co-
ordination, it assumes that each robot can obtain consistent task-related in-
formation at its current position and time. Rather than relying on real-time
sensory input, the robots respond to this predefined field, which serves as
a simplified representation of environmental guidance. This abstraction
enables a tractable implementation of local decision-making and provides
a foundation for future extensions where guidance would emerge from
real-time, local sensing.

Decentralized multi-robot systems offer advantages over centralized
ones by eliminating a single point of failure. Moreover, our algorithm is
designed to operate without prior knowledge of the environment. Each
robot determines its next action based on (i) the positioning of other robots
and fish in proximity, and (ii) locally observed pathway information. This
approach ensures that the entire group is guided towards the goal location
while remaining within the safe path. The proposed algorithm is an exten-
sion of our previous work on cage formation [5], and now simultaneously
employs a strategy to maintain a cage around the group and nudge the
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group in the desired direction along the path.

Steering a group while preserving a caging formation was first tack-
led by Varava et al. [29]. Their proposed solution relies on a centralized
RRT-based (rapidly-exploring random tree) algorithm, incorporating com-
putational topology techniques to validate caging formations. However,
their approach assumes access to global information and starts from an
already formed caged formation. Our approach is inspired by the behav-
ioral rules of wolf-pack hunting strategies [30], where the hunting wolves
strategically position themselves to evenly spread out across the contour
of the group. To replicate this behavior, our robots self-organize through
the implementation of two simple decentralized rules:: (i) a robot moves
toward the group until a specified distance threshold is reached, and (ii)
when in close proximity to the group, the robot moves away from other
nearby robots. By implementing these results, the robots effectively con-
struct a cage around the animal group. The cage serves the purpose of
preventing any potential escapes, and additionally, this strategy allows the
robots to gather new information about the surrounding area before the
group interacts with it. This information can be crucial for the timely redi-
rection of the group away from undesirable areas. Once the cage has been
formed, the robots strategically nudge the group in the desired direction
along the path while maintaining the caging formation. Drawing from
previous shepherding research, a fish is modeled to move in the opposite
direction of a robot when the relative distance is below a certain threshold.
Consequently, each robot decides between approaching to push the fish or
staying further away to create free space for the fish to move freely. While
guiding the group, robots might temporarily move beyond the boundaries
of the path, but it is essential for the group to always remain within these
boundaries. This temporary deviation can occur due to various reasons,
including delays in the robots’ response caused by variations in the speed
at which they detect the boundaries and initiate maneuvers. Additionally,
it can result from encountering narrow or sharp turns in the path.

We investigate the impact of various parameters on the efficacy of our
shepherding algorithm. These parameters encompass the characteristics
of the path (i.e. the space between the boundaries and the degree of a
turn), the size of the system which consists of the number of robots and
fish, and the maximum velocities of the robots and fish. Additionally, we
investigate the correlation between the success of the caging phase and the
overall success of the shepherding process. This multifaceted examination
aims to provide insights into the complex dynamics at play and to shed
light on the algorithm’s performance under different conditions and con-
figurations. We found that the success of the caging is dependent on the
magnitude of the fish’s maximum velocity. Additionally, we observe that
the success of the shepherding process may decline when navigating sharp
turns along the path, especially in regions where the spacing between the
boundaries narrows. This decline is contingent upon the system size, as
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well as the space between the boundaries.

Our findings offer valuable insights that can inform the analysis and
refinement of complex shepherding algorithms, especially in scenarios in-
volving hazardous and undesirable areas, across a spectrum of applica-
tions. These include biological [31], environmental [32], and robotics ap-
plications [26]. Furthermore, our research may find utility in the study of
animal and insect collectives, where one species may need to guide, hunt,
or gather individuals of another, providing a bridge between the natural
systems and innovative technological solutions.

4.2 Related Work

Our approach bears conceptual similarity to formation tracking prob-
lems [33], in which agents are controlled to maintain a desired spatial con-
figuration while following a trajectory. Classical methods often use po-
tential functions and gradient-based laws to assign and track predefined
trajectories for each agent. In contrast, our robotic agents form a flexible
caging formation around an animal group, responding to local interac-
tions and a shared environmental potential field. Rather than maintain-
ing a rigid formation, the agents form a deformable caging structure that
adapts to both the shape of the path and the motion of the animal group.
The agents guide the group along the path, rather than following it them-
selves. This shifts the control objective from self-localization to external
guidance of other autonomous entities.

As discussed in Chapter 3, a further distinction lies in the nature of the
entity being shepherded. Traditional formation- or containment-control
frameworks often assume passive or compliant followers that do not ex-
hibit intrinsic or emergent behaviors [34, 35]. In contrast, our agents inter-
act with a collectively moving animal group, governed by inter-individual
dynamics (i.e., repulsion, alignment, and attraction). This results in bi-
directional influence, where the agents adapt their formation to the group’s
behavior while simultaneously steering the group within environmental
constraints.

4.3 Results and Discussion

In the experiments, N robots are tasked with guiding an animal group of
size Ng along a safe path, which is defined as the area between two bound-
ary lines. Starting from a series of line segments that evolve monotonically
along positive X and Y direction, the path boundaries are constructed by
applying an orthogonal margin at both sides of the line segments. This
margin width is sampled from a truncated mixture of K Gaussian distribu-
tion components, with the minimum margin width Mp, as a parameter
and the maximum derived as Mmax = 3Mmin (see Methods). An exam-
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Figure 4.1: (a) Visualization of two different paths (first row), based on the same se-
quence of linesegments. The respective margin width of each path is shown below
(second row). The margin of the left path is generated based on a single Gaussian,
while the right margin is generated based on a 3-component Gaussian mixture. The
goal location is illustrated by a full orange circle. (b) Visualization of the robots
(green dots) shepherding the herd (blue dots) along a path with varying margins
(purple lines) at different time steps. The location of the time step figures in (a) are
respectively shown on the left path. The contour of the herd is marked by a blue
line. During the initial time steps (t < 500), the herd is positioned at the start of the
path and the robots construct the caging formation. Then, the robots try to move
the herd inside the margin along the local direction of the path. After some time,
the robots are able to maintain the herd inside the margin, until a steep turn occurs
at a narrow point of the path (f = 3200). Generated using Ng = 20, Ng = 60, and
Mmin = 10.
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ple of a randomly generated path is shown in Figure 4.1a for two different
Gaussian mixtures (left K = 1, and right K = 3).

The purpose of the shepherding algorithm is to advance the animal
group along the path while ensuring the group remains within the bound-
aries of the safe path. Figure 4.1b depicts an experimental instance wherein
the robots strive to cage and shepherd the group inside the boundaries at
different points in time. When a robot enters a defined radius around an
animal, the animal responds by moving away from the robot in the oppo-
site direction. Simultaneously, the animal group exhibits collective behav-
ior, aligning their orientation and maintaining cohesion. Through the uti-
lization of these interaction behaviors, the robots adeptly manipulate the
movement of the group. The performance of the shepherding algorithm
is defined as the percentage of group animals that is within the safe path,
denoted by p. The performance of caging is measured by the percentage of
the group that is not inside the cage, denoted by . In case the robots fail
to construct a closed cage formation, we set i = 100, i.e. the whole group
is outside the cage. The performances p and ¢ are both measured at any
x-coordinate of the path.

We conducted simulation experiments to assess the impact of the
considered control parameters on the shepherding and caging perfor-
mances of the proposed algorithm. The control parameters are different
minimum margin intervals of [Mmnin, 3Mmin] with M, € {10,20,50},
system sizes which consist of the number of robots and animals
(Ngr,Ng) € {(20,30),(20,60), (40,60)}, and animal maximum velocities
vg € {2,6,10} with robot maximum velocities vg € {%UG, 2v¢g,3vg}. Each
experiment with the same configuration is iterated 30 times, each time em-
ploying different seeds. A single simulation run ends when either the time
limit of 5000 time steps has been surpassed or the group has reached the
goal location at the end of the path. In what follows, we study the relation-
ship between the performance and (i) the challenging characteristics of the
path, (ii) the system size, and (iii) the robot/animal velocities.

Shepherding performance declines at path narrowing and
sharp turns

Figure 4.2 displays the percentage of the group within the safe path (p)
and the percentage of the group not caged (¢), as a function of the mean
x-coordinate of the group. Each column showcases outcomes for distinct
system sizes, while each row varies in the minimum margin width Mpmin
(A: 10, B: 20, C: 50) used to generate the margins. All paths were con-
structed from the same series of line segments but differ in margin widths
on both sides of these segments. A visual representation of each path is
provided as an inset in the first column of the corresponding row (A-C.1).

For paths with the smallest considered margin width (Mpin = 10),
varying patterns emerge based on the different system sizes. In the in-
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stance of a system with a 20/30 robot-animal composition (A.1), optimal
shepherding performance (o = 100) is achieved; however, this is intermit-
tently interrupted by several decline points in p. Observing these points
on the path, we note that declines tend to occur where the margin width
is minimal or a sharp turn occurs. Despite the sudden decline in p at these
points, the group remains fully caged (¢ = 0), allowing these systems to
recover and eventually reach optimal performance again. Increasing the
number of animals to a system of size 20/60 (A.2), introduces notable p
variance for every x-coordinate, with mean p never reaching optimum.
Notably, this system is the only one among the considered systems where

Ng = 20, Ng = 30 Npg = 20, Ng = 60 Npg = 40, Ng = 60
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Figure 4.2: The percentage of the group within the safe path (denoted as p, col-
ored in blue) and the percentage of the group that is not caged (denoted as 1,
colored in red) in function of the mean x-coordinate of the group. Each row cor-
responds to simulation results for different values of the minimum margin width
Mpin of the path: 10 (A.1-3), 20 (B.1-3), 50 (C.1-3). Each column considers different
sizes of the system (i.e. the number of robots Ng and the size of the group Ng):
Ng = 20,Ng = 30 (A-C.1), Ng = 20, Ng = 60 (A-C.2), Ng = 40, N = 60 (A-C.3).
The first column shows the corresponding path of its row as an inset. Significant
declines in performance are marked by different colors and symbols: a brown dia-
mond, an orange circle, a red triangle, a purple square and a pink star. The location
on the path where these declines happen is correspondingly marked in the insets.
The mean (solid line) and variance (shaded area) of p and ¢ results from averaging
over 30 stochastically independent simulations for each configuration, with K = 3.
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not all animals reach the desired goal, as shown in Supplementary Fig-
ure Sl.1a. This observation is also reflected in Figure 4.2 (A.2), where p is
not optimal at the maximum x-coordinate. Once again, substantial declines
in shepherding performance can be detected, occurring mostly (all except
the one indicated by an open brown diamond) at the same points in the
path as observed for the 20/30 system size. Doubling the number of robots
to a system of 40/60 robot-animals (A.3), the system becomes impervious
to the narrow areas in the middle of the path. The system attains a stable
optimal state, wherein it consistently maintains its maximum performance
(o = 100 and ¢ = 0) over a substantial distance along the path. Prior to
reaching this stable optimal state, the system appears to necessitate some
initial distance to stabilize, notably interrupted in the first turn of the path,
as indicated by the open orange circle. Comparing 20/30 (A.1) and 40/60
(A.3) systems with a constant 2/3 ratio reveals distinct performances. The
former consistently faces disruptions, while the latter achieves a stable op-
timal state. This suggests a non-linear relationship between system size
and p, which we investigate in the following subsection.

Across all system sizes considered, shepherding performance improves
when increasing the minimum margin width to Mpi, = 20, resulting in a
margin in the interval [20,60]. Specifically, declines in p disappear for the
20/30 system size (B.1) and the system reaches a stable optimal state. For
a system of size 20/60 (B.2), the number of declines decreases, and the
system eventually reaches optimal performance at the end of the path. Al-
though the decline indicated by an open orange circle persists in the system
of size 40/60 (B.3), it is substantially weaker compared to the one observed
for Mmin = 10 (A.3). Further increasing Mmpin to 50, all considered system
sizes achieve a stable optimal state that persists until the end of the path
after an initial stabilization period. Supplementary Figure S2.1 shows that
for paths with a longer narrow segment at the start of the path (by generat-
ing margins with K = 1), in comparison to the paths of Figure 4.2 (K = 3),
the systems exhibit a significantly later stabilization point. The delay is
attributed to the robots facing challenges in aligning the group within the
path at the beginning, causing a delay in achieving the desired level of
stability.

To explore the impact of path characteristics on declines in p, we con-
ducted experiments with 20 robots and 30 animals on five diverse paths,
as depicted in Figure 4.3a. These paths feature distinct series of line seg-
ments but share the same margins, generated with My, = 10 and K = 3.
The selection of K = 3 allows us to observe multiple instances of narrow-
ing within a single path, while variations in the line segments introduce
different degrees of turns. Notably, when margin narrowing occurs along
a straight path segment (e.g., open red triangles in B, C, D, and E), the
performance decline is relatively small. Similarly, a sharp turn in a wider
segment of the margin leads to a minor decline (e.g., the open orange cir-
cle in C). The most significant declines occur when a sharp turn happens
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Figure 4.3: (a) The percentage of the group within the safe path (p) as a function
of the mean x-coordinate of the group across five randomly generated paths. Each
path is individually displayed as an inset alongside the corresponding results, fea-
turing a visualization of the margin. Notable declines of p are denoted by distinct
colors and symbols, specifically an open red triangle and an open orange circle.
These dips are located along the path and are similarly marked in the insets. The
mean (solid line) and variance (shaded area) of p results from averaging over 30
stochastically independent simulations for a configuration with Ng = 20, Ng = 30,
Mpin = 10 and K = 3. (b) The minimum percentage of the group inside the safe
path (min p), measured within the local range of the turn. Each path consists of
only one turn, where the margin width decreases linearly from Mmax = 30 to Mpin
with a (narrowing) slope A. The left and right panels respectively show the results
for Mpnin = 10 and My, = 20. The values of min p represent the mean over 5
seeds for every parameter configuration of the turn, minimum margin width, and
narrowing slope. Other parameters Ng = 20 and N; = 30 are constant.

within a narrow path segment (e.g., the open red triangle in A). Moreover,
it appears that the greater the turn, the more pronounced the decline (as ob-
served in the comparison of the open orange circles between B and D). To
more precisely investigate what constitutes a sharp turn and a narrow seg-
ment, we conducted additional experiments with Ng = 20 and Ng = 30,
involving paths consisting of only one turn. In these experiments, the mar-
gin width decreases linearly from Mmax = 30 to Mpin with a (narrowing)
slope A. In Figure 4.3b, the minimum percentage of the group inside the
path (min p), within the local range of the turn, is depicted for every pa-
rameter configuration. A turn of 7 radians is evident to cause a substantial
decline in p for any narrowing slope, even when the margin width does not
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decrease (A = 0). Notably, when the margin reduces three times in width
(Mmax = 30, Mmin = 10), performance experiences a more significant de-
cline with a faster reduction in margin width (i.e., an increase in the slope
A) and a larger turn. Conversely, when the margin only reduces 1.5 times
in width (Mmax = 30, Mpmin = 20), performance is more influenced by the
turn than the narrowing slope.

The system size plays a crucial role in reaching and main-
taining a stable optimal state

To explore in more detail the relationship between the size of the system
(NR, Ng) and the percentage of the group inside the safe path (o), we define
T as the continuous percentage of the total path length measured on the x-
axis. Figure 4.4 presents the probabilities Pr(p > pmin N T > Tmin) across
various values of pin € [5,10, ...,100] and Tin € [5, 10, ..., 100], consider-
ing the same configurations of system sizes and minimum margin widths
as previously explored.

We observe that there is no assurance that the robots can main-
tain the entire group within the safe path for the entire path length, as
Pr(p = 100N T = 100) < 1 for each configuration. Interestingly, only con-
figuration (C.1) exhibits a non-zero probability. This observation aligns
with the findings in Figure 4.2, where, even with the largest margin widths
(Mmin = 50), the system requires some initial distance to reach a stable
optimal state and thus p < 100 at the beginning of the path. We identify a
dual factor contributing to this initial stabilization requirement. Firstly, the
group must adapt its initial shape to fit the margin width. As illustrated
in Figure 4.1b, at t = 500 (1), the contour around the group exhibits a rel-
atively large circular shape. To ensure the entire group remains inside the
safe path, the robots must subsequently coerce the group into a more rect-
angular shape, achieving this feat at time step t = 2325 (7). Secondly, the
robots are required to guide the group to align with the current direction
of the path. When a part of the group is influenced to alter its direction,
this information must propagate across the entire group, a process that
does not occur instantaneously. Figure 4.4 demonstrates that the majority
of configurations complete the stabilization process since they maintain a
stable optimal state for most of the path. However, systems with 20 robots
and 60 animals encounter challenges in achieving a stable state, particu-
larly for minimum margin widths of 10 (A.2) and 20 (B.2). Even though
successfully caging 60 animals with only 20 robots is achievable, the sys-
tem faces difficulties in consistently keeping the entire group within the
safe path.

We find this to be a consequence of the limited time available to the
robots for executing precise maneuvers required to redirect the large group
of 60 animals. The detection of the path orientation change is a local pro-
cess, and by the time the robots react, the narrow margin of 10 or 20 has
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Figure 4.4: Probabilities Pr(p > pmin N T > Tmin) Of the system maintaining at least
a specified percentage of the group inside the safe path (omin) for at least a spec-
ified percentage of the total path length, measured on the x-axis, continuously
(Tmin)- Each row corresponds to simulation results for different values of the min-
imum margin width My, of the path: 10 (A.1-3), 20 (B.1-3), 50 (C.1-3). Each col-
umn considers different sizes of the system (i.e. the number of robots Nr and the
size of the group Ng): Ng = 20,Ng = 30 (A-C.1), Ng = 20,Ng = 60 (A-C.2),
Ng =40, Ng = 60 (A-C.3). Probabilities are obtained by averaging over 30 stochas-
tically independent simulations with K = 3.

already been breached. Consequently, a sequence of transitions from one
side of the path to the other occurs, which we also refer to as crossing be-
havior. Figure 4.5a visually depicts this behavior, highlighting the intricate
interplay of the aforementioned dual factors. Over time, as the spatial ar-
rangement of the group gradually conforms to the shape of the path, the
robots can more rapidly realign the group towards the path, eventually
achieving stability within the path boundaries. We systematically explore
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nuanced aspects through a more detailed analysis (see Methods for the
mathematical definitions of the following metrics). Group-path alignment
is quantified as the average alignment between each animal’s direction and
the desired direction along or towards the path, with a measurement of 1
indicating full alignment. Additionally, we measure group compression to
assess how compact the spatial arrangement is. A circular formation corre-
sponds to compression equal to 1, while a stretched-out group (adhering to
the path geometry) results in compression as zero. Figure 4.5b illustrates
how the group undergoes rapid oscillations in aligning with the current
path direction. The severity of these oscillations gradually mitigates over
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0.0 1 2] 3] 4 5/6] 78
7 0 500 1000 1500 2000 2500 3000
time

o1

-1,500

2,000

potential

Figure 4.5: (a) The positions of the robots and the group are drawn by the con-
vex hull of all individuals (depicted by the black contour) at different time points
(chronologically labeled). The movement illustrates the crossing behavior, where
the group sequentially transitions from one side of the path to the other. The col-
ormap illustrates the artificial potential field of the environment, with the global
minimum located at the end of the path. Outside the path, the potential dimin-
ishes toward the boundaries. Within the path boundaries, the potential decreases
along the x-axis. These positions were extracted from an experiment with configu-
ration parameters Ng = 20, Ng = 60, Mpin = 10 and K = 1. (b) The group-path
alignment (black) as the average alignment between each animal’s direction and
the desired direction along or towards the path, with a measurement of 1 indicat-
ing full alignment. The group compression (orange) measures how compact the
spatial arrangement is. A circular formation corresponds to compression equal to
1, while a stretched-out group (adhering to the path geometry) results in compres-
sion as 0. The analysis was conducted on the same experiment as presented in (a).
Both metrics are plotted over time, with different time points (annotated at the cor-
responding vertical lines) aligning with those in (a).
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Figure 4.6: Probabilities Pr(p = 100 N T > Tpin | NR) of the system maintaining the
entire group inside the safe path (o = 100) for a percentage of the total path length
measured on the x-axis (Tpmin) in function of the number of robots (Ng). Solid black
line serves as a guide to the eye, where the probability is greater than 0.975 for the
highest value of Ty,p, i.e. Tr/nin' The curve results from non-linear regression to
the exponential function Trlnin = aexp(—b- NR) + c witha = —289.5,b = 0.1050,
¢ = 48.86 (residual standard error is 4.488). Probabilities are obtained by averaging
over 30 stochastically independent simulations for each value of N, with Ng = 60,
Mmin = 20, K = 3.

time, until complete alignment with the path is achieved. Simultaneously,
as the alignment process undergoes damping, the spatial arrangement of
the group eventually conforms to the shape of the path, leading to a de-
crease in compression.

While Figure 4.5 illustrates an experiment instance where the system
of (B.2) eventually attains a stable state after the crossing behavior, this
outcome is not consistent across all instances. Moreover, the duration of
the crossing behavior varies inconsistently among systems with configu-
rations of (A.2) or (B.2). If we revisit Figure 4.4 (B.2), it becomes apparent
that for a given value of Tmin (e.g., 50), the probability diminishes as pmin
increases but consistently remains above zero. This suggests that, in some
experiments, the entire group remains within the safe path, while in oth-
ers, only 20% of the group remains within the path for half the length of the
path. This phenomenon accounts for the high variance observed in config-
urations (A.2) and (B.2) in Figure 4.2. In comparing configurations (A-B.2)
with (A-B.3), it is evident that deploying additional robots enhances the
reliability of reaching and maintaining a stable state. However, upon com-
paring the outcomes between the 20/30 and 40/60 systems, the relation-
ship between the system size and the duration of the stable state does not
appear linear.

Figure 4.6 offers a comprehensive analysis of the influence of deploying
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additional robots on the effectiveness of the proposed algorithm. Specifi-
cally, it presents the probabilities of a system with N; = 60 maintaining
a stable optimal state (with p = 100) within a safe path with Mpy, = 20
covering continuously at least Thin percent of the path length. Addition-
ally, we approximate the relationship between the maximum length of the
stable optimal state (7,;,) and the number of robots (Ng), for which the
probability exceeds 0.975, using a non-linear regression to the exponen-
tial function T/, = aexp(—b- Nr) + ¢ with a = —289.5,b = 0.1050, and
c = 48.86. The residual standard error is 4.488 (on 8 degrees of freedom)
after optimization over 6 iterations (with achieved convergence tolerance
8.502 - 107°). The results indicate that increasing the number of deployed
robots exponentially improves the length of the stable state, up to a certain
threshold (Tmin = 50). However, the system fails to reach a stable state
for the full length of the path, suggesting that deploying redundant robots
(Nr > 32) does not alleviate the initial stabilization process or mitigate
the decline in p at the first sharp turn (see Figure 4.2 B.3). Thus, the de-
ployment of redundant robots neither enhances nor diminishes the length
of the stable optimal state. In addition, Supplementary Figure S54.1 shows
that the system demonstrates fault tolerance when redundant robots are
deployed.

Shepherding success relies on successful caging, which is
dependent on the robot-animal maximum velocities

One of the crucial parameters in this study is the maximum velocities of
both the animals and the robots. In the presented algorithm, the robot
must maintain its desired distance from its closest animal while remaining
equidistant from its two neighboring robots. The robot predicts the move-
ment of the fish but might have to correct prediction errors. Additionally,
the robot might need to navigate from the back to the front of the group to
establish and maintain the caging formation, especially in the case of mal-
functioning robots. These scenarios require the robot to be able to move
at a higher velocity (vg) than the fish (vg) in our system. In Figure 4.7,
the relationship between the percentage of the group inside the path (p)
and the percentage that is not caged () is depicted as a function of the
x-coordinate. This analysis considers varying maximum velocities for the
animal, denoted as vg € [2,6,10], and different robot-animal velocity ra-
tios, expressed as ;’—2 € [%,2, 3]. The results exhibit a notable similarity
across all robot-animal velocity ratios, suggesting that further increases in
the maximum robot velocity beyond %ZJG do not yield significant improve-
ments in maintaining the group within the path.

When the animals move at a maximum velocity of 2 (A-C.1), success-
ful caging is achieved throughout the entire trajectory, leading to effective
maintenance of the group within the path. The pronounced declines in p
observed in these systems can be attributed to the specific characteristics of
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Figure 4.7: The percentage of the group within the safe path (denoted as p, colored
in blue) and the percentage of the group that is not caged (denoted as ¢, colored
in red) in function of the mean x-coordinate of the group. Each column consid-
ers different maximum velocities of the animals (denoted as vg): vg = 2 (A-C.1),
v = 6 (A-C.2), vz = 10 (A-C.3). Each row corresponds to results for different
robot-animal maximum velocity ratios 2% = % (A.1-3), Z—g = % (B.1-3), Z—g = % (C.1-
3). The mean (solid line) and variance (shaded area) results from averaging over
30 stochastically independent simulations for each configuration, with Ng = 20,
Ng =30, Mpin = 10, and K = 1.

the path, as illustrated in Supplementary Figure S2.1 (A.1), and previously
discussed in detail. As the group is able to move at a higher velocity of
vg = 6 (A-C.2), the caging formation becomes less consistently optimal af-
ter the group has traveled halfway along the path. Nevertheless, p remains
similar to the results obtained at vg = 2. However, when the maximum
animal velocity is significantly increased to vg = 10 (A-C.3), ¥ starts to
increase rapidly from the early stages of the path, reaching approximately
90%. This indicates that the vast majority of the group is no longer caged.
Importantly, as ¢ increases, there is a corresponding decrease in p, signify-
ing that the effectiveness of the caging formation is crucial to the algorithm.
When this formation fails, it allows the group to venture beyond the path
boundaries. Consequently, only a small percentage of the group reaches
the desired goal as shown in Supplementary Figure S1.1b, either due to
random factors or because a minority of the group was steered by an in-
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complete caging formation. Increasing the maximum velocity of the robots
does not enhance the success of caging, suggesting that other parameters
may need adjustment. In the algorithm, the robots utilize two different dis-
tance thresholds to position themselves relative to a nearby animal, which
are parameters of the proposed algorithm. In this paper, these thresholds
are computed based on the maximum velocities of the animals, thus influ-
encing the success of caging.

4.4 Conclusion

Our findings offer insights into the complex dynamics of robotic agents
controlling the movement of an autonomous group. We introduce a novel
collective shepherding algorithm that enables a team of robots to self-
organize around a group of animals (i.e. caging) and guide the group along
a predefined path, contributing to safeguarding them from anthropogenic
threats, including pollution and illegal exploitation. Our results have far-
reaching implications for the conservation of fish and other populations,
aligning with broader environmental and ecological benefits on a global
scale. In the proposed algorithm, robots operate with limited knowledge
about the path, relying solely on local perception and possibly communica-
tion with their direct neighbors. Our shepherding algorithm leverages the
principle of robot-animal repulsion as the primary method of interaction
to direct the group. As a result, the robots must collaboratively determine
the distribution of forces at each of their respective positions within the
cage to achieve successful steering. It is worth highlighting that our algo-
rithm is a pioneering example of a collective shepherding approach that
relies exclusively on local information to guide animals using robots. This
innovative approach holds great promise for advancing the field of robotic
shepherding control.

Shepherding is successfully achieved through the robots forming a
caging formation around the group, and the application of repulsive forces
to steer the group along the safe path, which is defined as the area be-
tween two boundary lines. The objective is for the animal group to reach
the end of the path while staying within the boundaries. The effectiveness
of our shepherding algorithm is profoundly influenced by a set of critical
parameters. These parameters include the structural characteristics of the
path, the number of robots and animals, and their maximum velocities.
We observed that the robots face the greatest challenges in maintaining
the group within the safe path encountering a sharp turn, especially in in-
stances where the path narrows. Nevertheless, we noted that the severity
of these disruptions tends to diminish as the space between the boundaries
increases. Furthermore, hybrid systems with a 2/3 robot-animal size ra-
tio demonstrate significant performance advantages over a 1/3 ratio. The
results illustrate that deploying additional robots leads to an exponential
improvement in performance. Finally, we found that when the animals
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move at relatively high velocity, robots do not achieve successful caging
and consequently are unable to maintain the group within the safe path.

While we have demonstrated the proposed algorithm to work in sim-
ulations, there are limitations to applying it in real-life settings. First and
foremost, the robots need equipment to sense the direction of the path. If
only specific robots can sense this direction (e.g., when the path is illumi-
nated, and only the front of the robot swarm can capture this information),
then a communication system is also required to share this information.
Additionally, the robots require sensors to measure distances and angles
from nearby animals and other robots. Lastly, the robots should be capable
of moving at least as fast as the maximum velocity of the fish. Apart from
following the group, they need to reposition themselves from the back to
the front of the group if necessary.

4.5 Methods

4.5.1 Simulation kinematics

The simulations were implemented using the Python programming lan-
guage. Let R and G denote the respective sets of the robot swarm and the
animal group. The state of the discrete-time system at time ¢ is defined
by the position p;(t) € R? and orientation 6;(t) € [0,27) of each individ-
ual i € RUG. At every time step, the group and robots compute their
new vector of motion g; respectively based on the model of collective mo-
tion or the proposed shepherding algorithm, as detailed in the following
two sections. To consider physical constraints of body mass, the individual
changes the motion vector with the highest priority to the average direc-
tion that is opposite to the position of all other individuals within a radius
of 1 cm. To avoid collisions, the length of a motion vector is capped when
it would cause the individual to be near any other individual of 1 cm dis-
tance. After computing its new motion vector, an individual first rotates
with angular velocity w to its desired orientation §; = arctan(q;) that is
computed based on local information. The individual stops rotating once
arctan(q;) is reached, or when the time interval has passed. The individ-
ual then moves straight forward at linear velocity v, until the remainder of
the time interval has passed or the individual has moved for a distance of
llgi||. At every time step, Gaussian noise ¢ is added to the orientation of
each individual.

4.5.2 Collective animal motion model

We simulate the collective motion of the group as proposed by Couzin et
al. [36]. Each animal i updates its direction of motion based on the rela-
tive positions of neighbors within a radius z. The neighbors are divided
into three distinct subsets based on their positioning in one of the con-
centric zones surrounding i. Each zone corresponds to a different type of
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interaction: (i) repulsion from others inside the disk with radius zg, to es-
tablish a minimum inter-individual distance, (ii) alignment of orientation
with others inside the annulus with width zp, to all move approximately
in the same direction, and (iii) attraction to others inside the annulus with
width z 4, to remain as one cohesive group. Following the approach of Van
Havermaet et al. [5], we extend this model by adding a zone to model the
interaction between the animals and the robots : (iv) aversion from robots
inside the disk with radius z;, to move away from unknown mobile objects
(e.g. robots) that could be predators.

Let GR, GO and G# denote the neighbor subsets by separating other ani-
mals of the group based on the repulsion, orientation, and attraction zones
respectively. Thus, each neighbor is only assigned to one of the subsets;
QZ-R N Qio N QZ-A = @. Let R; denote the subset of robots located in a radius
of zr around p;. Furthermore, the relative position of individual j from i is
defined as ;;(t) = p;(t) — pi(t). The motion vector g; of a animal i is then
computed as follows:

oo
]EgR H le ego ||’7]H 6gA H z]” ]ERi ||1’in

(4.1)
with weights ag > 0, 0o > 0, 4 > 0 and a; > 0 of repulsion, orientation,
attraction, and aversive animal-robot interactions respectively.

qi(t) =

4.5.3 Safe path generation

A safe path is defined as the area between two boundaries, formed by
adding equal upper and lower margins to a sequence of line segments. The
sequence of segments is generated based on a given total length L = 5000
and normal distribution of segment length A/(500, 100). The subsequent
angles between two segments are sampled from a uniform distribution be-
tween [0, 2] As such, the path always progresses in the positive direction
of the x-axis, enabling the assessment of whether the group follows the in-
tended path direction. From the segments, we generate a discrete sequence
of points P = (X, Y) representing the curve at the middle of the path. The
margin width m(x) is generated by a clipped mixture of K Gaussian distri-
bution components. The minimum margin width My, is a parameter in
the experiments, while the maximum is 3 times the minimum value. The
real top and bottom boundaries are defined by sequences of points M!”"
and M"" respectively. To ensure that the herd remains between the real
boundaries, even under the presence of noise and the uncertainty of the
progression of the path, we generate safety margin widths that are smaller
than the real margin widths. Let M"* and M"* be the respective sequences
of points representing the safety top and bottom margin boundaries. For
each point i in P, we compute the approximate angle between the curve

and the x-axis as « = arctan <%) The top and bottom boundaries
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are then respectively given by the following equations:

= (x ot 5) vin(e+ )

M = (X,»+M’C05(“_ g)’yi+m/Sin(“ B g))

where m' = m(X;) for M and M®", and m’ = 0.6 m(X;) for M** and M?*.
The safety margin width is thus 60% of the real margin width. Note that
the M sequences may produce loops so that the curves represented by the
sequences have multiple y-values for x-values. We remove these loops in a
post-processing by assigning only the minimum or maximum y-values for
x-values of the top or bottom boundaries respectively.

4.5.4 Robotic shepherding algorithm

The robots are tasked to steer the group, while maintaining a caging for-
mation. The number of robots Ny required to construct a caging formation
depends on the size of the group N (see Supplementary for a derivation
of the lower bound on Ny given Ng).

Assumption 4.1. The upper bound on the size of the group, Ng, is known a
prioti.

A caging formation can be constructed by the robots based on the repulsive
animal-robot threshold z;. When two robots are at a distance lower than
2z1 of each other, they exert a combined repulsive force on the group which
prevents them from intersecting the path between those robots. In our past
work [5], we proposed a decentralized algorithm for the robots to steer the
group away from dynamic dangers while maintaining a caging formation.
In what follows, we provide a brief description of the algorithm.

In case the robot is unable to detect any animal, the robots follow a
search strategy. In this paper, we use an adaptation of the aforementioned
collective animal motion model. Additionally, robots communicate their
search status (i.e. if they have detected an animal) to others. Consequently,
robots who are unable to directly observe any animal, will become at-
tracted to the neighboring robot senders.

When part of the group is detected, the robot attempts to reside at a
given distance of R* from the closest animal. Simultaneously, the robot
moves to position itself equidistant from its two consecutive neighboring
robots. During this movement, the robot may find a closer animal and will
then orbit around this new animal. In other words, the robot moves along
the circular perimeter of the group. To allow continuous motion along the
perimeter, we hold the following assumption:

Assumption 4.2. The union of the circles, where the center points are the posi-
tions of every animal and the radii are R*, is a connected set.
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The robot i computes the desired orientation 6;, to approach and rotate
along a circular path of radius R*, as proposed by Nelson et al. [37]:

P

0; =i+ ¢ (g + arctan (x(d; — rl-))) 4.2)

where 1v; is the angular position of robot i to the closest animal,
¢; € {—1,1} determines the direction; i.e. clockwise (¢; = —1) or coun-
terclockwise (¢; = 1), x > 0 influences the transition rate, d; is the distance
from the robot to the animal, and r; is the desired distance. To cage, we set
r; = R* Let ¢;;1 and ¢;_; be the distances of the two closest neighboring
robots from opposite sides of the axis defined by 7;. We set ¢; = {—1,1}
to move towards the neighbor with the highest distance. The motion vec-
tor 45 = (1;; éi> is then combined with the predicted motion vector of the

animal qlig , which is defined by the mean group velocity and the current an-
imal orientation. The resulting motion vector g; is the summation of these
two vectors.

In this paper, we adjusted the algorithm for the group to move within
the boundaries of a safe path, instead of moving away from dangers. We
model the information about the path in an abstract way, by using an ar-
tificial potential field. Figure 4.5 exemplifies an instance of a generated
potential field. Let f : R> — R denote the function representing the po-
tential at a given position of the environment. If (x,y) is located outside
of the path, the potential is equal to the minimum distance from the path.
Otherwise, the potential is negatively proportionate to the distance trav-
eled along the pathway (i.e. there is a direct negative relationship between
x and f(x,y)). As such, if the robot continuously moves according to the
gradient V£, it will reach the goal location with the minimum potential
value. For a position p = (x,y), the one-dimensional piecewise linear in-
terpolants of x to M and M"* are respectively computed as y;, and v;.
The potential function f is then defined as:

. X—Xmin f < <
flay) = {Imimime Sy WSSy
inf{d(p,i) :i € P}, otherwise

with fmin = —2000 as the minimum potential value. The respective min-
imum and maximum x-values of P are denoted as Xy and Xmax. The
function d computes the Euclidean distance between two points.

The gradient V f can also be explicitly expressed. If p is inside the safety
path, then the gradient is equal to the derivative of P at p/, where p’ is the
closest point of p to P. Otherwise, the gradient is equal to the direction to
p',ie. Vf =p — p. As we propose a decentralized multi-robot solution to
this shepherding problem, the potential function is a way of representing
locally observed information. We assume that robots can localize them-
selves within a shared spatial reference frame, such that they can access
the potential field consistently at their own position. However, they do not
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share their positions, orientations, or gradient estimates with one another.
The system therefore relies on shared spatial access to a global field, but
not on a shared global orientation or centralized coordination. For real-life
applications, this artificial potential field can be implemented to represent
various environmental stimuli, such as natural light or planned landmarks.

In order to steer the group in the direction of V f, we utilize the motion
model of an animal as given by Equation 4.1, where an animal moves in
the opposite direction of a robot when their relative distance is less than
z1. The robots position themselves relative to the gradient of the potential
field, Vf(x,y). When a robot is located behind all nearby animals, it moves
closer to the animals along the direction of V f, thereby nudging the group
forward. This is done by adjusting the robot’s desired distance to the ani-
mal to * in Equation 4.2. Conversely, when the robot is positioned in front
of the group (relative to V), it reverts to the caging behavior by setting
ri = R*.

4.5.5 Analysis

To measure the percentage of the group inside the path (p), we take for
every individual position p = (x,y), the one-dimensional piecewise linear
interpolants of x to M"" and M?" are respectively computed as 1y, and y;.
If y, <y < yi, then the individual is considered to be inside the path. To
measure the percentage of the group that is caged (1 — ¢), a caging for-
mation can be constructed by the robotic agents based on the repulsive
animal-robot threshold z;. When two robots are at a distance lower than
2z} of each other, they exert a combined repulsive force on the group which
prevents them from intersecting the path between those agents. In order
to measure whether the robots established an appropriate caging forma-
tion, we see if a polygon can be constructed from the edges between robots
where the length is shorter than 2z;. Following Varava et al. [29], we then
define an animal to be caged, if and only if, the polygon is not closed
and the animal is located in the interior of the polygon. To approximate
the computationally intensive method of constructing a polygon from all
edges (with a large number of points), the robots are first clustered. A robot
is in the same cluster as its two nearest neighbors, with a relative distance
lower than 2z, from opposite sides of the axis defined by the bearing of
this robot from the nearest animal. If a robot does not have two neighbors,
itis notin a cluster. Afterward, the convex and concave hulls are generated
for each cluster. If any of these shapes are closed (i.e. each segment of the
shape has a length shorter than 2z1), the number of animals inside the hull
is measured.

Quantifying group-path alignment involves considering the positions
and directions of individual animals. Let p, = (x4, ¥,) and g, represent
the position and direction of animal a respectively. The alignment, de-
fined as the average alignment between each animal’s direction and the de-



REACTIVE SHEPHERDING ALONG A DYNAMIC PATH 121

sired direction along or towards the path, is expressed as ﬁ Z,I;I:Gl |40 + |
Here, 4, is the unit direction vector, and ¢ is the unit vector of the gradi-
ent V f(x,,y,) based on the potential field function f (refer to the previous
subsection). To assess the compression of the animal group, a convex hull
is constructed for all animal positions. From this convex hull, the mini-
mum bounding rectangle (also known as the bounding box) is generated.
The compression is then determined by the ratio of the smaller (width) to
the larger (length) dimensions of this rectangle.

4.5.6 Simulation parameters

The simulation parameters are based on our previous work [5] and are
shown in Supplementary Table 52.1. The parameters of the animals are
inspired by live Trinidadian guppies, who live in shallow waters, which
applies to our problem setting of a two-dimensional environment. The
parameters of the robots are based on the work of Landgraf et al. [38] de-
signing fish-like robots.
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Appendices

4.A Percentage of the group reaching the desired
goal

Figure S4.A.1 shows the percentages of the group reaching the desired goal
for varying parameter configurations. A comparison of Figure 2 and Fig-
ure 54.A.1a indicates that maintaining the group on the safe path near the
end ensures reaching the desired goal. From Figure S4.A.1a, we observe
that 20 robots cannot guarantee that all 60 animals reach the desired goal
under the considered configuration parameters. In Figure S4.A.1b, we ob-
serve that the percentage of animals reaching the desired goal decreases
with increasing maximum velocity vg.

a. b.
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Supplementary Figure 4.A.1: Percentages of the group reaching the desired
goal under varying configuration parameters. (a) and (b) respectively corre-
spond to the simulations presented in the manuscript in Figure 2 and 7. Re-
sults are averages over 30 stochastically independent simulations. Configura-
tion of (a) includes vg = 4,vg = 2 and K = 3. Configuration of (b) includes
Ng =20, Ng = 30, Mpin = 10and K = 1.

4B Performance forK =1

Supplementary Figure S4.B.1 displays the percentage of the group within
the safe path (p) and the percentage of the group not caged (), as a func-
tion of the mean x-coordinate of the group. Each column showcases out-
comes for distinct system sizes (i.e. the number of robots N, and the num-
ber of animals in group Ng), while each row varies in the minimum margin
width Mpn (A: 10, B: 20, C: 50) used to generate the margins. Although
the resulting paths consist of the same series of line segments, they conse-
quently differ in margin widths on both sides of these segments. A visual
representation of each path is provided as an inset in the first column of
the corresponding row (A-C.1).
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Supplementary Figure 4.B.1: The percentage of the group within the safe path
(denoted as p, colored in blue) and the percentage of the group that is not caged
(denoted as ¢, colored in red) in the function of the mean x-coordinate of the
group. Each row corresponds to simulation results for different values of the min-
imum margin width My, of the path: 10 (A.1-3), 20 (B.1-3), 50 (C.1-3). Each col-
umn considers different sizes of the system (i.e. the number of robots N and the
size of the group Ng): Nr = 20,Ng = 30 (A-C.1), Nr = 20,Ng = 60 (A-C.2),
Ngr = 40,Ng = 60 (A-C.3). The first column shows the corresponding path of its
row as an inset. Significant declines in performance are marked by different col-
ors and symbols: an open red triangle, and an open orange circle. The location on
the path where these declines happen is correspondingly marked in the insets. The
mean (solid line) and variance (shaded area) of p and ¢ results from averaging over
30 stochastically independent simulations for each configuration, with K = 1.
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For all considered values of My, the systems with a size ratio of
2/3 (i.e. sizes 20/30 and 40/60) consistently reach a stable optimal state,
wherein the entire group remains within the safe path (o = 100) contin-
uously for a substantial length of the path. Systems with a 1/3 size ratio
only reach a stable state when the minimum margin is at its largest (C.2).
To attain this stable optimal state, these systems require some initial dis-
tance, which diminishes as the minimum margin My, increases. While
observing the initial stabilization process, we note a significant disruption
for most configurations at a specific point along the path where the margin
width is minimal and a sharp turn occurs. Supplementary Figure S54.B.1
indicates this position by an open orange circle. Despite the sudden de-
cline in p at this point, the group remains fully caged (¢ = 0), enabling
these systems to recover and eventually reach a stable optimal state. How-
ever, this state is eventually disrupted by another point along the path,
marked by an open red triangle in Supplementary Figure 54.B.1. Again,
this location is characterized by a minimal margin width and a sharp turn.
We observe that these disruptions were mitigated to a lesser extent with
an increase in the minimum margin width. Indeed, for My, = 50, the
stable optimal state of a system with size 20/30 remains unaffected by the
aforementioned scenarios.

Finally, when comparing the initial distance to stabilize with the group
contained within the safe path between K = 1 (Supplementary Fig-
ure 54.B.1) and K = 3 (Main Figure 2), we notice that the path with margin
width generated by K = 3 Gaussian distributions exhibits a significantly
earlier stabilization point. This can be attributed to the distinctive charac-
teristics of the single Gaussian component (K = 1), which tends to produce
a longer narrow segment at the start and end of the path, given that the to-
tal length of the path remains constant for both K = 1 and K = 3. Asa
consequence, the robots struggle with aligning the group within the path
at the beginning, causing a delay in achieving the desired level of stability.
For this reason, the declines for K = 3 at the first and last turn of the path,
respectively indicated by an open orange circle and red triangle, are less
substantial in comparison to K = 1.

4.C Worst-case lower bound on the number of
robots

We estimate the minimum number of robots Nr needed to cage a group of
size Ng in the worst-case scenario, where caging is defined as follows:

Definition 4.1. In a caging formation, each robot maintains a distance of R* from
their respective closest animal, while positioning themselves at equal distance from
their two neighboring robots. These two neighbors are positioned on opposite sides
of the axis defined as the line intersecting the positions of the focal robot and their
closest animal. The distance between consecutive robots should be at most 2R*.
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From a geometrical perspective, each animal can be considered to construct
a circle with its position as the center and a radius of R*. Assuming the
union of these N circles forms a connected set, the animal group can then
be represented by a single shape.

Assumption 4.3. The union of the circles, where the center points are the posi-
tions of every animal and the radii are equal to R*, is a connected set.

Under these conditions, positioning Ny robots in a caging formation sur-
rounding the group corresponds to uniformly distributing N points along
the perimeter P of this shape. We then derive an estimate of the absolute
minimum Ny points needed for a spatial arrangement of the group that
maximizes P. In such an arrangement, the circles touch (Assumption 4.3)
but do not overlap more than necessary. An example of this is N circles in
a linear arrangement, where the distance between consecutive circle center
points is 2R* — ¢, with € being a small value that ensures minimal overlap.
We will derive the following equations based on this spatial arrangement.

The perimeter P can then be approximated as the sum of all individual
circles minus the parts hidden by the overlaps. To calculate the overlap,
we find the intersection points (x., i) of consecutive circles, which can be
approximated for small ¢ as follows:

£

xe%R*—5

Ye = £V R*e

The length of the shortest arc £, between these two points can then be com-
puted as £, = R*6, where 6, is the angle subtended by the chord at the
center of one circle, given by:

0, = 2cos~! (1 — %)

R*
&
O~ 2\ 7+

Thus, the length that should be removed from the perimeter of each circle
for each overlap is approximately ¢, ~ 2v/R*e. The first and last circles
will have one overlap, while each other circle has two distinct overlaps.
Therefore, the perimeter P of the shape defined by N¢ circles can be ap-
proximated as:

P ~ 2mR*Ng — 4(Ng — 1)VR*e.

Next, we estimate how many points Ny are required to be equidistantly
distributed on this perimeter with maximum distance 2R* between them.
For the robots, we lower the maximum distance to z = 2(R* — e) with
e < R*, to account for the physical size of the robot and the their stochastic
actuators and sensors. The perimeter P is an accumulation of (curved) arc
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lengths of every circle. In order to measure a ratio between P and z, we
must translate z to arc length. Let z be a chord length, then the central
angle 0, subtended by the chord of length z is approximated by Taylor
series expansion as

9, = 2sin~! (1 - Ri)

| 2e
~mT—2 ek

The arc length corresponding to this angle is then £, = 7R* — 2v/2R*e.
The lower bound on Ny, is given by % Thus, to cage N animals behaving
under Assumption 4.3, at least Ng robots are required, as given by the
following inequality:

27TR*Ng — 4(Ng — 1)V R*e
7TR* — 2+/2R*e '

We note that the lower bound (4.3) of Ny is derived when the group is
exactly positioned to maximize the group perimeter. However, in our sim-
ulations, we observe that the spatial arrangement of the group gradually
conforms to the shape of the path, eventually becoming highly elongated
(see Figure 5b in the main manuscript, where M, = 10). This spatial
arrangement resembles the one used to derive the lower bound. Never-
theless, our simulations indicate that the robots can maintain the cage with
fewer robots than the calculated lower bound when ¢ is small (i.e. the
group is not tightly connected). This suggests that the dynamics of the
animal motion model and the robot control laws used in our simulations
result in a more tightly connected group.

Ng > (4.3)

4.D Fault tolerance

Supplementary Figure S4.D.1 presents the percentage of the group within
the safe path (p), the percentage of the group not caged (), and the number
of active robots (N ﬁd) as functions of time t. At each time step tf, one robot
is uniformly randomly selected to malfunction from the set of robots po-
sitioned at Ir. To ensure a minimally functioning system, malfunctions do
not occur when only 3 are currently functioning (N = 3), or when there
is no active robot positioned at Ir. The system’s performance of 20 robots
and 30 animals is observed through two variables: (i) Atr, representing the
time between consecutive malfunctions, and (ii) /¢, the coordinate relative
to the group’s frame of reference, with Ir € [BACK, FRONT, LEFT]. The
direction RIGHT is omitted due to symmetry with LEFT.

With a fault interval of Atr = 200 (A.1-3), the robots consistently main-
tain a cage formation, ensuring all animals of the group remain inside the
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Supplementary Figure 4.D.1: The percentage of the group within the safe path (de-
noted as p, colored in blue), the percentage of the group that is not caged (denoted
as ¢, colored in red), and the number of active robots (denoted as N' act colored in
green) in the function of time t. At each time step fr, a robot is randomly selected
to malfunction from the set of robots positioned at [r. Each row corresponds to
simulation results for different values of the fault interval At which determines
the duration between consecutive faults: 200 (A.1-3), 100 (B.1-3), 50 (C.1-3). Each
column considers different coordinates relative to the group’s frame of reference Ir:
BACK (A-C.1), FRONT (A-C.2), LEFT (A-C.3). The time steps tr at which a robot
malfunctions are indicated by vertical dashed lines. While they are displayed for
configurations in the first row, they are omitted in subsequent rows for better vis-
ibility. The mean (solid line) and variance (shaded area) of p and ¢ results from
averaging over 10 stochastically independent simulations for each configuration,
with Ng = 20, Ng = 30, Mpin =50, and K = 1.
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cage ( = 0) even as robots periodically malfunction, until less than a
critical number of robots remain operational. However, upon comparing
failures across different group-centric coordinates (I), it becomes evident
that this ability to keep the entire group within the cage diminishes much
faster when robots malfunction in front of the group compared to malfunc-
tions occurring on the left side or at the back. As the number of operational
robots decreases, a certain percentage of animals is left uncaged each time
a robot malfunctions. Nevertheless, the robots continuously manage to
re-establish their caging formation within the Aty = 200 duration before
another robot becomes inactive. This recovery period appears to lengthen
as the number of functioning robots decreases, and correspondingly, the
percentage of the group that remains uncaged during recovery seems to
increase as the number of active robots decreases. It is noteworthy that
despite temporary difficulties in keeping the group caged, the group con-
sistently remains fully within the safe path (o = 100). This resilience is fa-
cilitated by the sufficiently wide margin width (M, = 50), which allows
for temporary issues without compromising the group’s safety within the
designated path. s Atr is reduced to 100 (B.1-3) and 50 (C.1-3), it becomes
apparent that the robots reach a point where they are unable to restore the
cage formation when the number of functioning robots is approximately
less than 10. Consequently, the group remains entirely uncaged, allowing
the animals to move freely. This lack of containment may lead to the group
deviating from the safe path.

4.E Varying robot velocity for high-speed ani-
mals in straight-line paths

In the manuscript, we have shown that the robots significantly fail to cage
the vast majority of the group when the maximum animal velocity is set to
vg = 10, independent of the maximum robot velocity vg. Consequently,
the group moves freely and a significant part of the group leaves the safe
path. In order to investigate whether the path characteristics play a role in
the ability to maintain a caging formation, we have run additional simu-
lations where the path has no turns (i.e. the path represents a horizontal
line from the starting position to the desired goal). Supplementary Fig-
ure S4.E.1 demonstrates how the percentage of the group within the safe
path (p) and the percentage of the group not caged (1) as functions of the
x-coordinate of the group, for various values of maximum robot velocity
vR. In comparison to the results presented in the manuscript for dynamic
paths, it seems that the significantly low performance for high-speed an-
imals is not related to path characteristics. We therefore hypothesize that
the failure in caging high-speed animals may be due to the prediction error
of the animal direction that is used in the robotic caging algorithm. These
directional prediction errors cause larger positional errors when velocity
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Supplementary Figure 4.E.1: The percentage of the group within the safe path
(denoted as p, colored in blue), and the percentage of the group that is not caged
(denoted as 1, colored in red), in the function of the x-coordinate of the group. The
robots are tasked with shepherding a high-speed animal group along a safe path
without turns. The sub figures show results of various maximum velocities of the
robot vg. The mean (solid line) and variance (shaded area) of p and 1 results from
averaging over 10 stochastically independent simulations for each configuration,
with Ng = 20, Ng = 30, Mpin = 10, and v = 10.
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symbol  parameter value association
Ng size of the group {30,60} animal
Ng size of the robot swarm [20,...,40,...,60] robot
Mmin minimum margin width {10,20,50} path
K number of Gaussian distribution components  {1,3} path
v; & vg  max. linear velocity 2&4 animal & robot
wi & wr  max. angular velocity & % animal &robot
0c & ogr  Gaussian orientation noise 0.05 & 0.05rad  animal & robot
ZR radius of repulsion zone lcm animal
z0 radius of orientation zone 50 cm animal
zA radius of attraction zone 30 cm animal
zy radius of aversive zone 40 cm animal
&R weight of repulsion interaction 100 animal
%) weight of orientation interaction 50 animal
L9 weight of attraction interaction 1 animal
xp weight of aversion interaction 100 animal
dg detection radius 50 cm robot
K transition rate 0.2 robot
R* relative distance robot-animal to observe z1 + vg cm robot
r* relative distance robot-animal to steer Z] — UG cm robot

Table 4.F.1: Simulation parameters. For each parameter, the table lists: (i) the sym-
bol used for reference in the main manuscript (or refers to Van Havermaet et al. [5]
if not present in this manuscript), (ii) the name of the parameter, (iii) the value(s)
employed in the experiments, and (iv) the association indicating whether it relates
to the animal, robot, or path.

of the animals is increased. A first priority of future work is to address this
issue.

4.F Simulation parameters

Supplementary Table S4.F.1 provides a comprehensive overview of the
simulation parameters governing the dynamics of the robotic and animal
entities within the two-dimensional environment. The parameters are cate-
gorized based on their association with animals, robots, and the path, each
contributing to the simulation’s realism and relevance. The parameters
of the animal group are inspired by live Trinidadian guppies, who live in
shallow waters, which applies to our problem setting of a two-dimensional
environment. The robot parameters are derived from two-wheeled motion
robots used in the real-world experiments of Chapter 5, in order to simu-
late physically plausible behavior and ensure consistency with the capabil-
ities of the actual robotic platform.
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The influence of a fish-like robot on the
avoidance behavior of fish

Abstract

In the two previous chapters, we proposed algorithms for robots to protect
fish by directing them away from danger or guiding them along safe trajec-
tories. These methods relied on influencing fish movement through avoid-
ance behaviors elicited by robot-fish interactions. Traditionally, robots de-
signed to resemble natural predators have been used to provoke avoid-
ance responses. However, fish also exhibit avoidance behaviors in re-
sponse to conspecifics in various contexts. In a mixed society of fish and
robots, we argue that conspecific-like robots offer greater flexibility by in-
tegrating with the group and acting only when needed. Yet, how fish re-
spond to conspecific-like robots compared to traditional avoidance mod-
els remains largely unexplored, particularly regarding repeated exposure,
approach speed, and proximity. To investigate this, we programmed a
conspecific-like robot to repeatedly approach live fish at varying speeds
in a free-swimming setup. Our findings indicate that repeated exposure to
the robot increased the likelihood of avoidance responses, suggesting be-
havioral adaptation over time. In some instances, the fish exhibited classic
anti-predator behaviors, such as freezing and escape maneuvers, indicat-
ing that the robot may be perceived as a threat. Notably, escape initiation
was influenced by both the robot’s speed and proximity, challenging con-
ventional distance-based avoidance models. Avoidance speed also varied
dynamically with these factors. These results provide insights into fish-
robot interactions and inform the design of robotic systems capable of pre-
dicting and influencing fish behavior.

133
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5.1 Introduction

Recent advancements in robotics have enabled the creation of biomimetic
robots capable of interacting with live animals in a naturalistic man-
ner [2, 3]. These robots mimic biological forms and behaviors, providing a
gateway to the establishment of mixed animal-robot societies where robots
and live animals mutually influence each other’s behavior [4-6]. Such sys-
tems offer significant advantages for studying animal behavior, as they al-
low for precise control of robots to test specific hypotheses about social in-
teractions in real-world experiments with standardized, reproducible de-
signs [7-10]. Beyond research, these animal-robot systems have applica-
tions ranging from livestock management [11, 12] to environmental pro-
tection [13, 14]. For instance, robots could help steer fish away from eco-
logical threats they may not naturally recognize, such as pollution [15], by
leveraging their avoidance behavior [16, 17].

Theoretical [18] and empirical [19, 20] studies have identified three pri-
mary interaction forces governing conspecific fish behavior: attraction,
alignment, and avoidance. Previous research has focused primarily on
how conspecific-like robots elicit attraction [21] and alignment [22]. These
robots mimic the appearance of a member of the same species. However,
live animals do not always exhibit attraction toward their conspecifics. De-
pending on the social context, they may instead display avoidance behav-
ior. For example, in mammals, encounters between conspecifics with con-
flicting goals can become distinctly agonistic, ranging from mutual avoid-
ance to fighting [23]. While avoidance behavior often incurs the cost of lost
social benefits, it can be advantageous in certain contexts. For instance,
guppies avoid infected conspecifics to mitigate the risk of disease trans-
mission [24]. In the context of mating, male guppies may engage in chas-
ing behavior, where one male flees and ceases courting a female after being
rapidly approached by another male [25]. Understanding when attraction
is elicited and when avoidance occurs in response to conspecifics is crucial
for a more comprehensive analysis of these social forces in animal behav-
ior. Moreover, this knowledge is essential for advancing the design of more
adaptable and effective robots that can dynamically respond to these inter-
actions in complex environments. This study aims to provide insights that
will inform future improvements in modeling and controller design, par-
ticularly in the elicitation of avoidance behavior.

In this study, we present findings from an experiment in which
live Trinidadian guppies (Poecilia reticulata) interacted with a mobile,
conspecific-like robot in the same tank, without physical separation. The
objective was to assess the guppies’ behavioral responses to the approach-
ing robot. Specifically, we sought to examine various factors that influ-
ence avoidance behavior, such as robot speed, proximity, and repeated ex-
posure. Additionally, we aimed to investigate whether key anti-predator
behaviors [26-28], such as freezing (where the fish remains motionless as
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a defense mechanism) and escape maneuvers (a sharp turn followed by
rapid acceleration to evade the robot), manifest during these interactions.
Finally, we evaluated whether the observed responses align with predic-
tions from established interaction force models between conspecifics. To
explore this, the robot was programmed to approach a fish from an ini-
tial distance of 40 cm, continuing until it reached close proximity. Each
fish underwent multiple consecutive trials for at least 10 minutes. In each
trial, the robot’s approach speed was set to a fixed value, ranging from 15
to 30 cm/s. These findings provide valuable insights for improving pre-
diction models of fish behavior, which could potentially be used to guide
fish away from threats by influencing their movement in response to robot
approaches [16, 17].

The growing body of research in animal-robot interactions has particu-
larly emphasized the integration of robots with fish species [29, 30]. Much
of this work has explored how biomimetic robots can be accepted by fish as
conspecifics. For instance, recent findings suggest that biomimetic robots
capable of adjusting their behavior in response to a guppy’s actions can
more effectively elicit following behavior and reduce avoidance reactions,
further improving integration within fish groups [31]. In contrast, studies
on the avoidance behavior of fish are primarily conducted in the context
of anxiety-related and anti-predator scenarios. In response to predation
threat, guppies increase anti-predator behaviours including escape move-
ments, freezing, predator inspections and thigmotaxis (i.e. area avoid-
ance) [32]. Escape responses typically involve rapid acceleration and a
directional change to distance the fish from the threat [28]. Success in
avoiding predators depends on factors such as timing, reaction distance,
locomotor performance, and escape direction. Studies have shown that
prey do not escape at the furthest distance a threat is perceived, but at a
distance determined by the relative costs and benefits of escaping, which
is influenced by factors like predator approach speed [33]. Recent find-
ings suggest that the avoidance-initiation distance is also influenced by
repeated exposure to the threat [34]. Although the robot in our study mim-
ics a conspecific, we hypothesize that its repeated approaches may lead
the guppy to perceive it as a threat, thereby increasing the likelihood of
avoidance behavior with successive trials.

Researchers have also employed interactive robots to simulate anxiety-
related [35] and anti-predator [36-39] scenarios to study the behavioral re-
sponses of fish. Most studies involved exposing live zebrafish to a 3D-
printed predator-like replica of a red tiger. Spinello et al. [39] found that
the robotic replica triggered fear-related responses, evidenced by geotaxis,
although this effect diminished over time as the robot’s interactivity in-
creased. Surprisingly, the zebrafish’s visual exposure to the replica did not
result in a significant increase in the average distance from the robot. Ladu
et al. [36] demonstrated a robotic replica of a predator induced significant
fear responses in zebrafish, evidenced by increased thrashing behavior and
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spatial avoidance, compared to the control and computer-animated condi-
tions. These studies consistently involve physical separation when investi-
gating avoidance behavior. Removing such barriers could allow for a finer
analysis of how relative distance and robot speed impact avoidance behav-
ior, as well as the spatial aspects of the fish’s responses.

To the best of our knowledge, few studies have examined avoidance be-
havior in live fish interacting with conspecific-like robots in free-swimming
contexts. Kruusmaa et al. [40] found that collective avoidance responses in
mackerel schools were influenced by both the size and speed of a robotic
replica. However, their study only examined the probability of avoidance
for two distinct speed levels, rather than analyzing fish speed in function of
a continuous range of robot speeds. Examining a wider range of speeds is
important, as speed regulation plays a critical role in avoidance behavior
during interactions between conspecifics [41]. This could help develop-
ers design robots that elicit specific fish speeds, which may be crucial for
guiding fish with higher precision. Pino et al. [42] focused on conceptual
models to investigate stress, fear, and anxiety in zebrafish caused by bio-
inspired robotic fish with varying components and designs. Their freely
swimming robots enabled the analysis of fish speed relative to robot-fish
distance, suggesting that a decrease in distance results in increased fish
velocity, indicative of avoidance behavior. Nevertheless, their findings re-
lied on descriptive results and did not account for individual differences
through statistical analyses. Building on these studies, we hypothesize that
both robot speed and proximity interact to influence fish avoidance speed,
with their combined effects shaping the fish’s response to the robot’s ap-
proach.

Although these studies provide valuable insights, they do not address
how fish actions, such as turns and accelerations, vary with the relative
distance and speed of an approaching robotic conspecific. These actions
are critical indicators of anti-predator behavior, such as escape maneuvers,
which could reveal whether conspecific-like robots have the potential to
serve multiple roles, acting as a threat or conspecific depending on the
context. This flexibility could be particularly valuable in the dynamic en-
vironments these animals inhabit. Furthermore, analyzing how avoidance
speed varies as a function of both robot speed and robot-fish distance could
also help robot developers better understand which actions to program in
order to elicit specific responses from fish. Typically, avoidance behav-
ior between conspecifics in fish is modeled solely by distance, where fish
move opposite to the average position of neighbors within a defined ra-
dius [18-20]. More recent studies have incorporated decay functions that
gradually decrease the strength of the avoidance force as the distance in-
creases [43, 44]. However, we hypothesize that fish may adjust their avoid-
ance responses based on the interaction between robot speed and robot-
fish distance. We therefore seek to determine whether the guppies in our
experimental setup consistently respond within a certain range, aligning



AVOIDANCE BEHAVIOR OF FISH IN RESPONSE TO AN APPROACHING
CONSPECIFIC-LIKE ROBOT 137

with traditional model assumptions, or if their responses are more dy-
namic.

We used the RoboFish system, originally introduced by Landgraf et
al. [21], which enables an interactive guppy replica to engage with live
guppies within the same tank. The 3D-printed replica is attached to a
magnetic base below, aligned with a two-wheeled robot carrying a mag-
net on top that moves beneath the tank floor. This robot design has
been shown to be accepted as a conspecific by guppies in multiple stud-
ies [21, 22, 31, 45, 46]. We integrated high-definition video tracking with a
closed-loop feedback system to steer the robot toward the fish in real time.
Given that guppies naturally inhabit shallow waters, all analyses were con-
ducted in two dimensions, focusing on horizontal movement within the
tank. Fish behaviors were classified into avoidance, attraction, and slow
motion to examine how repeated exposure to the robot’s approach influ-
ences the onset of avoidance behavior. We also investigated the occurrence
of anti-predator or stress behaviors, such as freezing and thigmotaxis, to
assess whether the conspecific-like robot was perceived as a threat. Ad-
ditionally, a fixed-effects model was used to examine how the robot’s ap-
proach speed and relative distance influenced the fish’s avoidance speed.
Finally, we analyzed the execution of avoidance behavior, focusing on how
relative speed and proximity to the robot influence the fish’s decision-
making process for avoidance. We also discuss whether these actions align
with traditional models of avoidance behavior between fish.

5.2 Material and methods

5.2.1 Study organism and maintenance

For this study, we selected a fish species previously shown to exhibit a high
level of acceptance of the robotic model as a conspecific [21]. We used wild-
type guppies (Poecilia reticulata), which have been bred in the laboratory
for multiple generations. These guppies originally descended from indi-
viduals captured in the Arima River, Trinidad, in 2010. The test fish were
sourced from large, randomly outbred single-species populations housed
at the animal care facilities of the Faculty of Life Sciences, Humboldt Uni-
versity of Berlin. To prevent inbreeding, these stocks are regularly sup-
plemented with wild-caught fish brought back from fieldwork conducted
in Trinidad and Tobago. A natural light cycle of 12 hours of light and 12
hours of darkness was provided, with the water temperature consistently
maintained at 26°C. The fish were fed twice daily ad libitum with commer-
cially available flake food (TetraMin™). The experiments were conducted
in the afternoon, three hours after the initial feeding. Afterwards, all fish
were given a second feeding. In the experiments, only adult female gup-
pies were used to avoid any potential influence of sex-specific and life
stage-specific differences in behavior, and to ensure that the fish were large
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Figure 5.1: Figure reproduced from Maxeiner et al. [31] with permission, show-
casing the RoboFish system. Left panel; a 3D-printed fish replica is attached to a
magnetic base, which aligns with the robot. Hence the replica can be moved di-
rectly by the robot at constant height. Center panel; a wheeled differential-drive
robot moves on a transparent platform below the test tank, carrying a neodymium
magnet. Right panel; the tank is a quadratic (1 m x 1 m) with a triangular start box
used as shelter for the live fish at the beginning of each experiment.

enough for the tracking device to accurately locate them. Adult fish were
identified as those with a body length exceeding 15 mm and displaying
external signs of maturity, such as a gravid spot.

5.2.2 Experimental apparatus

The RoboFish system (see Figure 5.1), originally introduced by Landgraf
et al. [21], enables an interactive fish replica to engage with live guppies
within the same environment. The experimental setup consists of a glass
tank measuring 120 cm x 120 cm, filled with 7 cm of aged tap water, which
simulates the shallow conditions typically found in the guppies’ natural
habitats, such as rivers and streams. These low water levels are intended
to encourage natural behavior in the fish. An experimental area of 100 cm
x 100 cm is defined in the center of the tank by four plastic walls, while
the surrounding space houses heating elements and a pump to maintain a
consistent water temperature of 25°C and to aerate the water. The tank is
elevated 1.40 m above the ground, supported by an aluminum rack.
Beneath the tank floor, a two-wheeled differential drive robot operates
on a transparent plastic surface, carrying an upward-facing neodymium
magnet that aligns with a corresponding magnetic base inside the tank,
to which a 3D-printed fish replica is attached. The replica’s movement is
directly controlled by the robot’s motion. The robot is equipped with three
red-light LEDs—two on the right side and one on the left—that are visible
from below through the transparent pane, aiding in the estimation of the
robot’s current position and orientation. A Basler acA1300-200um camera
(1280 px x 1024 px) is positioned on the floor to track the robot’s location,
while a second camera, the Basler acA2040-90uc (2040 px x 2040 px), is
mounted 1.5 m above the tank to monitor both the live fish and the replica.
To minimize exposure to external disturbances, the entire system is en-
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closed within an opaque canvas. The tank is illuminated from above by ar-
tificial LED lights that mimic the daylight spectrum. The system operates
on a personal computer (i7-6800K, 64GB RAM, GTX1060) that runs custom
software for robot control. This software tracks the robot via the bottom
camera’s feed and controls it through a WiFi connection. Additionally, a
second program records video from the top camera, detects and tracks all
agents within the tank, and transmits positional data to the robot control
software. At each time step (25 Hz), the robot control software updates
the positions and orientations of both the fish and the robot in an internal
data structure. Behavior modules can access this data to calculate target
positions for the robot based on the current or previously observed states.
Once the active behavior determines a new target position, the robot moves
toward it. If a significant turn is required, the robot first rotates before ad-
vancing forward. If only a slight adjustment is needed, the robot moves
toward the target while subtly turning by adjusting the relative speeds of
its two wheels.

A 3D-printed triangular retainer, with a side length of 19 cm, served as
a shelter box to house the fish prior to the experiment. This shelter featured
a cylindrical section with a 10 cm diameter, from which the fish could ac-
cess the experimental area through a 3 cm x 2.5 cm door. Apart from the
retainer, the environment was symmetrical and uniform in appearance.

5.2.3 Experimental procedure

In the experiment, we aim to assess the impact of the robotic fish’s ap-
proach behavior on the avoidance responses of live fish. To initiate the
experiment, this study utilizes an approach similar to that of Maxeiner et
al. [31]. For each trial, an adult female guppy was randomly selected from
its holding tank and gently introduced into the shelter box. The front door
of the shelter was then opened, and the robot remained stationary until
the fish exited the shelter. If the test fish did not leave the shelter within
two minutes, the shelter box was removed. Once the fish left the shel-
ter, the robot commenced a circular milling movement in the center of the
tank, with a circumference of 10 cm, for one minute. This milling behavior
served as part of the acclimatization process.

Trials began immediately after the milling behavior was completed.
The robot followed a consistent protocol for each trial. Initially, the robot
remained stationary, waiting for the fish to be 40 cm distance away. If the
fish did not reach this distance within 5 seconds, the robot relocated to
maintain the desired separation. The 40 cm distance was chosen to maxi-
mize the space between the robot and the fish, given the constraints of the
tank. Even when the fish was in the center, the robot could keep this sep-
aration while staying far enough from the tank walls. When the robot and
the fish were sufficiently far apart, the robot began to approach the fish un-
til one of two conditions was met. The first condition ensured that the dis-
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tance between the robot and the fish was less than 2 cm, allowing the robot
to approach closely to potentially tigger avoidance behavior. The second
condition involved the follow metric, a measure introduced by Maxeiner et
al. [31] to quantify the fish’s avoidance response over a specified time win-
dow. It is defined as the time average of the dot product between the fish’s
velocity vector and the direction vector from the fish to the robot. Negative
values indicate movement away from the robot, while larger values reflect
faster movements. If the distance was less than 8 cm and the follow metric
fell below -1 cm/s, the approach was halted, as it indicates that the fish
is beginning to move away. Once either condition was satisfied, the trial
concluded.

The robot was set to move directly towards the continuously updated
tracked position of the fish. For each trial, the robot was set to approach the
fish at a certain speed. We used ten speed configurations, ranging from 15
to 30 cm/sin 1.5 cm/s increments. At the start of each trial, a configuration
was randomly chosen from the remaining set. Once a configuration was
selected, it was removed from the set. After all configurations were used,
the set was reset. To prevent the robot from colliding with the tank walls,
we implemented a wall avoidance feature. Since the robot may approach
the fish at relatively high speeds in some trials, a significant buffer was
necessary. Whenever the robot came within 10 cm of the walls, it relocated
to the nearest suitable position that maintained an appropriate distance
from the tank’s edges.

Each live fish was tested continuously for at least 10 minutes before
being returned to the holding tank. This method provided observations of
the same fish to the robot approaching from various angles. Additionally,
repeated measures allowed for the assessment of any changes in the fish’s
behavior over time as it adapted to the repeated scenario.

5.2.4 Data processing

A total of 276 trials were conducted with n = 5 subjects. Tracking data
were manually and automatically checked for errors, processed to correct
for missing frames, and converted to centimeters. For the missing frames,
the positions were linearly interpolated. Given that our analysis involves
the distribution of velocities, interpolation is not performed when there are
25 or more consecutive frames (i.e., one second or longer) without tracking
data. Such frames were excluded from the analysis. Additionally, frames
from the initialization phase (milling process) were also excluded. After
processing, a total of 82,002 frames (approximately 54 minutes) of data
were retained across all subjects. A detailed breakdown of the dataset at
each step of the data processing pipeline can be found in Supplementary
Table S5.A.1.

The tracking data provided two-dimensional positions j = (x,y) ata
frame rate of 25 Hz for both the robot and the fish. These positions were
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smoothed using a running average with Gaussian weights over a time win-
dow of 5 frames. This time window effectively captures short, spurious
changes in motion [45]. From the smoothed positions, the instantaneous
velocity vector 7 with its norm as speed v, and acceleration vector i with
its norm as acceleration a, were computed for both the robot and the fish,
while the distance dpr between them was also calculated. The relative an-
gle between the robot’s position and the fish’s heading direction was de-
fined as Ogrr = arctan(prr) — 0 where prr = Pr — Pr is the relative po-
sition of the robot with respect to the fish, and r = arctan(gr) is fish’s
heading angle. Furthermore, the robot’s approach speed was computed as

Vapp = gr - Prr and the fish’s avoidance speed as v, ., = gF - Prr, with

Prr = % as the normalized relative position of the fish with respect
to the robot. These two quantities, vﬁ,p and vf ., served as the primary
variables in our analysis. Although it was possible to normalize the ap-
proach speed by the robot’s speed and separately use the approach cosine,
significant errors in the computed angle (and thus the cosine) were ob-
served when the robot moved very slowly or remained almost stationary.
These errors occurred because, at low speeds, even minor tracking inaccu-
racies disproportionately affected the angle calculation. By incorporating
the robot’s speed into the approach speed calculation, these inaccuracies
were suppressed. The same principle applied to the fish’s avoidance speed.

5.2.5 Trial selection

In a substantial portion of the trials, the fish remained in close proximity
to the tank wall for the entire duration, which hindered the robot’s abil-
ity to exhibit its intended behavior of continuously approaching the fish
until an encounter occurred. In such instances, the robot executed wall-
avoidance maneuvers and repeatedly attempted to approach the fish until
one of the predefined halting conditions was met. A subset of trials was
automatically selected based on the criterion that wall proximity did not
significantly influence the robot’s behavior. This subset was later manu-
ally reviewed and confirmed, resulting in a final total of 88 trials out of the
276 original trials. This approach allows for a comprehensive evaluation,
with the subset providing insights into fish behavior under more consistent
robot performance.

5.2.6 Data analysis

The analyses in this study draw on two datasets: (i) the full dataset com-
prising 82,002 observations collected across all 276 trials, used for general
behavioral analysis, and broad statistical modeling, and (ii) a subset of 88
manually selected trials, comprising 15,168 observations, used for in-depth
phase-based behavioral analysis and extreme action classification.



142 CHAPTER 5

Classification of fish behavior

We classified fish behavior to identify different responses to the robot, as
well as to determine the occurrence of anti-predator behaviors. When the
fish moved at speeds less than 2 cm/s, it was classified as slow motion,
in accordance with prior research on Trinidadian guppies [31]. A specific
subbehavior of slow motion, referred to as freezing, has been identified
as a characteristic stress or anti-predator response in fish, particularly in
Trinidadian guppies [47-49]. We initially applied the methodology de-
scribed by Houslay et al. [47], which defined freezing behavior of guppies
as a continuous speed below 4 cm/s for at least 2.5 seconds. However,
upon direct observation, we found that this approach resulted in a high
number of false positives. Consequently, we adopted a more stringent def-
inition from Ladu et al. [36], which was based on zebrafish, where freezing
behavior is defined as the fish moving less than 2 cm in 2 continuous sec-
onds. When the speed exceeded 2 cm/s, the behaviors were further clas-
sified based on avoidance speed (U{fwid): if Ual;oid > 0, the behavior was
identified as avoidance, whereas v aFv vid < 0 indicated attraction behavior.
The open field arena away from the tank walls, is assumed to be perceived
as riskier by guppies [47]. Thigmotaxis has been defined as the tendency to
stay close to physical boundaries, a behavior suggested to help avoid expo-
sure to potential threats [26]. A fish was considered to exhibit thigmotaxis
when it was located within 10 cm of the nearest boundary (dry < 10).
This threshold was determined based on the robot’s programmed wall-

avoidance behavior at this distance.

Statistical modeling of avoidance speed

We used a fixed-effects (FE) model to investigate how robot behavior af-
fected the fish’s avoidance speed vf .. across the entire experiment (full
dataset). The predictor variables included the distance drg between the
robot and the fish, the robot’s approach speed vﬁ,p, and the distance
drw between the fish and the nearest tank wall. Taking response latency
into account, we shifted the avoidance speed forward by A = 0.32s (8
frames), a value determined through preliminary analysis of the time gap
between the initiation of an accelerative motion and the resulting speed
increase. We replicated the model for shifts of 4, 12, and 16 frames, all
of which yielded results consistent with the 8-frame shift (see Supplemen-
tary Table S5.B.1). To account for individual heterogeneity, an individual-
specific fixed effect was included, with the fish’s ID serving as a fixed ef-
fect. This approach allows the model to estimate a distinct intercept for
each subject, which remains constant over time. In our study, this cap-
tured characteristics such as the fish’s personality. For example, Houslay
et al. [47] found that Trinidadian guppies exhibited time-invariant behav-
ioral differences (e.g., evasive behavior versus cautious exploration) when
exposed to predator models. Their findings suggest that such behaviors
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in stressful situations are driven by stable personality traits rather than
temporary states solely influenced by the environment. The inclusion of a
time-specific fixed effect in a two-way FE model did not alter the results
(see Supplementary Table S5.C.1); therefore, the results presented in the
manuscript focus on one-way individual FE models. To run the FE mod-
els, we utilized the plm package in R. We computed the models’ coefficients
using HC1 robust standard errors.

Phase-based behavioral analysis

Phase-based behavioral analyses were conducted on the subset of 88 man-
ually selected trials. Trials were divided into three phases based on drg:
(i) pre-encounter, (ii) at encounter, and (iii) post-encounter. The encounter
phase was defined as the period from 0.4 seconds before to 0.4 seconds af-
ter the moment of minimal distance. To investigate how fish adapt their
behavior during a trial, we computed the marginal and transition prob-
abilities of fish behaviors across the pre-encounter, encounter, and post-
encounter phases. For this analysis, we focused on manually selected trials
where the robot’s behavior was consistent. In these trials, the robot reached

a stable maximum approach speed (vﬁ,p) during the pre-encounter phase,

encounters the fish, and then remained stationary (vﬁ,p = 0) in the post-
encounter phase. Following the post-encounter phase, the robot moved to
a new location to reset the scenario, but this phase was not included in the
analysis, as the robot’s influence on the fish was likely to vary during this
time.

Classification of extreme fish actions

We classified fish turns and accelerations occurring within 40 cm of the
robot by comparing them to a baseline dataset. This baseline (12,692 ob-
servations) comprised instances when the fish and robot were more than
40 cm apart, during which the robot was not programmed to actively ap-
proach, thereby minimizing interaction. This baseline data was used to de-
fine the reference distributions for each subject. For turns, baseline distri-
butions were modeled as normal distributions, parameterized by subject-
specific means (y;) and standard deviations (c;), where i denotes the sub-
ject identifier. Extreme turns for each subject were then defined as those
exceeding the threshold y; + 20;, calculated separately for each individ-
ual to account for variability in baseline behavior. In contrast, acceleration
baseline data did not follow a normal distribution. Instead, we classified
fish accelerations as extreme if they exceeded the 95th percentile of their
respective baseline distributions. Both extreme action classifications were
applied to the subset of 88 trials to provide insights under consistent robot
performance.
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Figure 5.2: (A) The trajectories of both the robot (blue) and the fish (green) are
shown in 2D space, with the progression over time indicated by a color gradient
from light (start) to dark (end). Measurements over time include (B) the distance
between the robot and the fish drg, (C) the robot’s relative approach speed ngpp,
and (D) the fish’s avoidance speed v‘fv oia- Lhe different phases of the trial are la-
beled in (B), where the (at) encounter phase is highlighted by a gray overlay, also
visible in (C) and (D). Time is recorded in frames at a frequency of 25 Hz.

5.3 Results

In this study, we investigate the interaction dynamics between a robot and
a fish, focusing on spatial and behavioral responses during their encounter.
Figure 5.2 presents the trajectories of both the robot and fish (A), along with
the measured spatial and dynamic quantities (B-D) from a single trial. The
trial is divided into three phases based on the fish-robot distance (drg):
(i) pre-encounter, (ii) at encounter, and (iii) post-encounter. During the
encounter phase, the robot decelerates its approach speed (see Figure 5.2C,
where vﬁ,p decreases to zero) as it meets the halting conditions, while the
fish accelerates its avoidance speed (v} ., increases to a local maximum),
demonstrating avoidance behavior as v Li, vid > 0. This acceleration further
indicates escape behavior due to the fish’s rapid motion in response to the
robot.

The robot’s approach behavior induces avoidance in fish
throughout the experiment

Figure 5.3A illustrates the percentage of time, averaged across all fish for
the duration of their respective experiments, during which various behav-
iors were observed. These behaviors include attraction, slow motion, freez-
ing, avoidance, and thigmotaxis. The first four are categorized as dynamic
behaviors, while the last is considered a spatial behavior. Among the dy-
namic behaviors, the fish primarily engage in avoidance behavior, moving
away from the robot. This is an expected response to the robot moving
into the fish’s space. The second most frequent behavior observed is slow
motion, with a small percentage of this behavior identified as freezing. At-
traction to the robot is also observed, but in much smaller quantities com-
pared to avoidance. This pattern is consistent in most subjects, with the
exception of one individual (Fig 5.3B, subject 4), which is the only one to
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Figure 5.3: (A) The percentage of time the fish spent in various behaviors through-
out the experiment: attraction (purple), slow motion (red), freezing (orange),
avoidance (blue), and thigmotaxis (green). The bars represent the mean across all
subjects, with error bars showing the standard deviation, based on N = 82,002 ob-
servations. The inset shows the correlation between the percentage of time spent
in thigmotaxis and avoidance across subjects. The Pearson correlation coefficient is
r = 0.93 with a significance of p = 0.02 and a 95% confidence interval of [0.28,1].
The black line represents a linear fit, included as a visual aid to highlight the cor-
relation trend. (B) The percentage of time each subject (1-5) spent in the different
behaviors: attraction, slow motion, freezing, avoidance, and thigmotaxis. Each bar
represents the proportion of time allocated to each behavior for the respective sub-
ject. Note that the freezing bar overlays the slow motion bar, and in some subjects,
the minimal occurrence of freezing makes the bar less visible.

show a substantial amount of freezing, resulting in a reduced percentage
of avoidance compared to the others. The fish exhibit notable thigmotaxis,
spending approximately half of the experiment near the tank walls. The
inset of Figure 5.3A illustrates, for each subject, the percentage of time the
fish displays avoidance behavior as a function of the time spent exhibiting
thigmotaxis. A strong linear correlation is observed (Pearson’s r = 0.93,
p < 0.05), as demonstrated by the linear fit applied to these data points.
This correlation suggests that fish exhibiting more frequent avoidance be-
havior also spend more time near the walls. One possibility is that thigmo-
taxis serves as a spatial strategy, with fish seeking the safety of the walls
to avoid the robot’s movements. Alternatively, thigmotaxis could be a nat-
ural consequence of the fish traveling farther as they attempt to avoid the
robot, eventually reaching the walls where they remain because further
movement to escape is no longer possible.
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Repeated approaches by the robot increase avoidance be-
havior and reduce attraction behavior

As the fish were repeatedly exposed to trials, their tendency to avoid the
robot increased, even before the robot fully approached during the pre-
encounter phase. Figure 5.4A shows the cumulative proportion of fish
exhibiting avoidance behavior during this phase, indicating that the ele-
vated level of avoidance in this phase is attributed to repeated trial expo-
sure. A generalized linear mixed model (GLMM) with a logit link function
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Figure 5.4: (A) The cumulative proportion of the fish displaying avoidance behav-
ior before the robot’s approach (i.e. pre-encounter phase), across trials for each
subject. (B) Transition probability diagram of attraction (purple), slow motion
(red), and avoidance (blue) behaviors during the pre-encounter, encounter, and
post-encounter phases. The encounter phase is highlighted by a gray overlay. The
arrows show the probability of transitioning from one behavior to another, and the
associated marginal probabilities p indicate the probability of being in a specific
behavior during each phase. Freezing (orange), shown as a sub-behavior of slow
motion in the encounter phase, is also represented with its corresponding proba-
bility. Probabilities were computed based on N = 88 trials. Transitions with zero
probability are not shown.
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(x2(3) = 27.01, p < 0.001) reveals that the likelihood of avoidance be-
havior significantly increases with each successive trial (Estimate = 0.206,
p < 0.001). The model includes trial number and robot speed as fixed
effects, and subject identity as a random effect. Robot speed did not signif-
icantly affect the likelihood of avoidance behavior in pre-encounter phase.

Figure 5.4B shows that, before the robot has encountered the fish (pre-
encounter phase), most fish avoid the robot (p = 0.73), while the remain-
der are either moving towards the robot (p = 0.16) or moving at a slow
pace (p = 0.11). Upon encounter, fish that were moving toward the robot
transitioned to avoidance behavior in all instances. In most cases where
the fish were moving slowly, they also switched to avoidance, with only
a small fraction exhibiting freezing behavior (p = 0.03). After the robot
becomes stationary in the post-encounter phase, the remaining slow or im-
mobile fish also switch to avoidance. Only a minority (11%) of the fish
that avoided the robot during the encounter remain stationary or nearly
immobile in the post-encounter phase. Notably, none of the fish exhibit at-
traction behavior during or after encountering the robot, highlighting their
aversive response following the robot’s approach.

Fish moves away faster as the robot approaches faster and
their relative distance decreases

We conducted a fixed-effects model to examine how the distance to the
robot (drRr), the robot’s approach speed (v[ﬁ,p), and the distance to the near-

est wall (drw) influence the fish’s avoidance speed (v quoi 7). The model is
significant (p < 0.001), with coefficient estimates and their statistical signif-
icance shown in Table T.5.1. Both the distance and the approach speed sig-
nificantly affect the fish’s avoidance speed (p < 0.001). Specifically, a nega-
tive coefficient for drr suggests that as the distance to the robot decreases,
the fish’s avoidance speed increases. Conversely, the positive coefficient

for v,},, indicates that the fish retreats faster when the robot approaches at

F
avoid*

R
app
higher speeds. No significant effect of dry was found on v

response at t + A predictor at ¢ coeff.  p-value test statistics
fish avoidance speed v[imd robot-fish distance drg —0.029 p <0.001 R? = 0.0386
robot approach speed vﬁ,r, 0.066 p < 0.001 Re =0.199
wall-fish distance dpy —0.019 p>0.05 F381954) = 1095.45
p < 0.001

Table T.5.1: Results from the fixed-effects model analyzing the predictors of fish
avoidance speed (v qu 0ig) at time £ + A with A = 8. The predictors include robot-fish
distance (drR), robot approach speed (v,ﬁ,p), and wall-fish distance (dry). The coef-
ficients, p-values, and test statistics are reported. The model, based on N = 82,002
input observations, is significant with p < 0.001. The measured repeatability
(Re = 0.199) indicates that individual-level effects (i.e., variation due to differences
between individual fish) explain only about 19.9% of the total variance in the data.
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Figure 5.5: Smoothed (A) and unsmoothed (B) heatmaps showing the guppies’
avoidance speed o woig At time £ + A, in function of the fish-robot distance (x-axis)
and robot’s approach speed (y-axis) at time ¢, with A = 8. The heatmaps were
each generated using N = 69,265 observations after applying range constraints
to the x- and y-axes. Both axes are divided into 20 bins. To smooth the heatmap,
missing data is first replaced with neighborhood averages, followed by Gaussian
smoothing with ¢ = 2. The color scale indicates areas of high (yellow) and low
(blue) speed. Missing data is represented in white in (B).

Figure 5.5A and B display the smoothed and unsmoothed heatmaps of

oF .. averaged per bin, as a function of dpg and vapp The figure supports

the results of the fixed-effects model, showing that vmi 4 increases as drg

decreases and vapp increases. Notably, even when the robot is further away

(10 to 40 cm), the fish continues to move away from the robot (v aFv oid > 0)if

itis approaching (vﬁ,p > (). Conversely, when the robot is not approaching
(R Vapp < 0), the fish remains still (v .7 ~ 0), possibly indicating a sense of

safety in this scenario.

Reactive turns and accelerations as key mechanisms of fish
avoidance from the robot

Avoidance behavior in fish can be measured by their speed v and their
directional movement relative to the robot, as indicated by the relative an-
gle Orr. The actions of the fish, such as accelerations and turns, influence
these measures. Within the broader context of avoidance behavior, escape
movements are characterized by extreme turns and accelerations that ex-
ceed baseline behavior, representing more pronounced responses to the
robot’s approach. Figure 5.6A and C show that the frequency of these ex-
treme actions increases as the distance to the robot decreases, consistent
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Figure 5.6: Frequencies of extreme turns (A) and accelerations (C) across fish-robot
distances, calculated per distance bin during the pre-encounter phase and the first
0.4 seconds of the post-encounter phase. Extreme turns were defined as those ex-
ceeding the subject-specific threshold of y; + ¢;, where y; and o; respectively rep-
resent the mean and standard deviation of the baseline turn distribution. Extreme
accelerations were classified as those exceeding the 95th percentile of the baseline
acceleration distribution for each subject. The bars represent the mean across all
N = 88 trials and subjects, with error bars showing the standard deviation. Red
horizontal lines indicate baseline frequencies for turns and accelerations, defined
when the fish and robot are at least 40 cm apart. Density distributions of (B) the
relative angle between the robot’s position and fish’s heading direction (6gr) and
(D) the fish speed, sampled from the initial periods of the pre-encounter (blue) and
post-encounter (purple) phases. When 0rr = 7, the fish is moving directly away
from the robot. The encounter with the robot increases both the fish’s opposing
movement and speed.

with the findings in Table T.5.1. The fish perform extreme turns and accel-
erations, classified based on deviations from the baseline behavior, most
frequently within the 5-10 cm range from the robot.

A GLMM analysis confirms that the likelihood of turning actions in-
creases significantly as the distance between the fish and robot decreases
and as the fish-robot speed ratio (%) decreases (see Supplementary Ta-
ble S5.D.1). This suggests that fish are most likely to perform extreme turns
when moving significantly slower than the robot. In contrast, the relative
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angle (6rr) does not have a statistically significant effect. One possible ex-
planation is that the fish are likely to turn irrespective of where the robot
is approaching from. This indicates that the primary purpose of the turn is
to avoid immediate collision by moving out of the robot’s path, rather than
to align their movement directly opposite to the robot. Further supporting
this explanation, the fish’s turns do not appear to significantly affect their
relative directional movement away from the robot. This is indicated by a
separate FE analysis using the cosine of vf ., (1 indicates direct retreat; -1
the opposite) as the response variable, which shows no significant differ-
ence before and after turns (p > 0.1). This interpretation is also reinforced
by the sudden increase in the frequency of extreme turns at close proximity,
compared to the more gradual rise in acceleration frequencies across dis-
tance bins (Fig. 5.6A, C). Additionally, pre-turn and post-turn speeds were
measured as the maximum speed over a duration of 0.16 seconds, both
before and after an extreme turn. An FE analysis reveals that post-turn
speeds are significantly higher than pre-turn speeds (Estimate = 2.34, SE =
0.81,t = 2.90, p < 0.01), indicating that fish tend to accelerate following an
extreme turn.

For the majority of trials, the fish do not perform extreme turns
(Fig. 5.6A), suggesting that they often move at speeds comparable to or
greater than the robot during its approach. The fish rely on accelerations,
with the likelihood of these actions increasing as the robot approaches
closer. Simultaneously, the fish make smaller orientation adjustments to
optimize their directional movement, gradually aligning their heading to
move more directly opposite to the robot (i.e., Orr — 7). Figure 5.6B illus-
trates a high-density clustering of Orr values between %n and 7t during
the post-encounter phase. This indicates that the fish predominantly end
up moving in the opposite direction of the robot after the encounter, with
a slight preference for veering to the right relative to the robot’s trajectory
(binomial test; p < 0.01). During the early pre-encounter phase, the dis-
tribution of Ogr is more dispersed but remains concentrated between %n
and %7’(, indicating that the robot is generally positioned behind the fish to
some extent. The fish also exhibit increased speeds following the encounter
(Fig. 5.6D), driven by their accelerative responses. An FE model confirms
that post-encounter speeds are significantly higher than those observed
in the early pre-encounter phase (Estimate = 3.80, SE = 0.75, t = 5.06,
p < 0.001).

5.4 Discussion

Our findings reveal several key insights into the avoidance behavior of
guppies in response to a conspecific-like robot. We demonstrate that avoid-
ance responses are influenced by robot speed and proximity with faster
approach speeds and closer distances eliciting stronger avoidance behav-
iors. The fish became more avoidant of the robot due to repeated expo-
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sure to the approaches. Additionally, guppies displayed characteristic anti-
predator responses, including freezing and escape maneuvers, suggesting
the robotic conspecific was perceived as a threat. Interestingly, avoidance
behavior was dynamic, as the fish employed turns and accelerations that
depended on relative speed and distance, diverging from traditional mod-
els which assume fixed responses based only on distance.

Between conspecifics, fish tend to move away from each other at close
distances [19, 41]. We found that repeated approaches of the robot in-
creased the likelihood of the fish moving away before close proximity
(Figure 5.4A), which also led to a reduced attraction to the robot. No-
tably, freezing was observed in only one of the five subjects. Conrad et
al. [50] have discussed how individual personality traits, such as boldness
or shyness, as well as body size [51], which is related to energy reserves
and metabolic demands, can influence fish responses to perceived threats.
Their concept of behavioral syndromes suggests that consistent behavioral
patterns, including threat responses, are linked to individual variability
among fish. This bidirectional relationship may explain why subject 4
showed a preference for freezing over avoidance as a defense strategy. Ad-
ditionally, all instances where the fish initially froze upon encountering the
robot eventually transitioned to movement after the encounter. Eilam [52]
explains that the transition from freezing to movement, once the threat sub-
sides, is a key component of dynamic defense strategies. This supports the
notion that the robot’s approach may be perceived as a threat, as freezing
is recognized as an adaptive defense strategy.

Further analysis of the fish’s behavioral patterns revealed a positive
correlation between avoidance behavior and thigmotaxis. These findings
are consistent with previous studies identifying thigmotaxis as a key in-
dicator of avoidance behavior. Animals exhibiting thigmotaxic behavior
tend to avoid the center of an arena, staying or moving close to the walls.
This evolutionarily conserved behavior is observed across various species,
including fish [53-55]. Thigmotaxis is widely recognized as a measure of
anxiety, as it is reduced by anxiolytic drugs and heightened by anxiogenic
agents [56]. Additionally, research has shown that guppies display thig-
motaxic behavior in response to stressors, such as threats [26, 57].

The fish’s avoidance speed was found to increase significantly with
higher robot speed and decreased relative distance. These findings align
with previous studies on fish-robot interactions in free-swimming contexts
(without barriers), which suggest that higher robot speeds amplify avoid-
ance responses [40], while reduced relative distance similarly intensifies
these behaviors [42]. The fish consistently evaded the robot across most of
the approach speed and distance parameters; however, avoidance behav-
ior was absent when the robot was moving away at high speeds (-10 to -20
cm/s) and was more than 10 cm from the fish. Furthermore, proximity to
the tank walls did not significantly affect avoidance speed, suggesting that
the fish’s avoidance behavior in terms of speed was not influenced by the
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presence of the tank boundaries.

While most models treat the avoidance-initiation distance (the distance
at which others can approach before the focal fish moves away) as a fixed
radius or decay function, recent research suggests that individual factors,
such as body size and prior exposure to threats, also influence this dis-
tance [34]. Our findings support this, as we observed that repeated expo-
sure to the approaching robot increased the likelihood of the fish exhibiting
avoidance behavior earlier, during the pre-encounter phase. Furthermore,
our results indicated that the avoidance-initation distance is influenced by
both the fish’s speed and the speed of the approaching robot. When the
fish moved slower than the robot (likely arising from within-subject dy-
namics; Supplementary Section S5.D), they were likely to execute a rapid
escape maneuver when the robot approaches closer than 10 cm. These
maneuvers, such as the C-start response, involve an extreme turn (charac-
terized by sharp deviations from baseline turning behavior), which reori-
ents the fish’s trajectory away from the robot’s path, followed by a pow-
erful thrust (high acceleration) [58]. This strategy maximizes the distance
from the robot with minimal energy expenditure. We observed a bimodal
distribution in the angles of these escape trajectories (Supplementary Fig-
ure S5.D.1). Although we did not explicitly determine whether these es-
cape trajectories are C-start responses, the observed bimodal distribution
has previously been associated with C-starts [59].

However, these rapid escape maneuvers do not occur in all instances.
In many cases, the fish were already moving away from the robot at signif-
icant speeds. Under such circumstances, they relied primarily on acceler-
ation, initiating avoidance behaviors at distances even greater than 10 cm
(Figures 5.5 and 5.6C). After the robot’s approach, the fish tended to move
almost directly opposite to its trajectory, aligning with traditional models
of avoidance behavior [18-20]. Notably, a slight bias to the right was ob-
served in their trajectories, consistent with findings reported by Domenici
etal. [59]. Additionally, our findings revealed substantial variability in fish
speeds post-encounter, both between and within subjects (Supplementary
Section S5.E). These results emphasize the need for models of fish avoid-
ance behavior to account for the high degree of speed variability, adding a
layer of complexity to traditional avoidance frameworks that often assume
uniform or constant behavioral responses.

This study is not without limitations. While we collected a substantial
dataset (82,002 observations) to investigate fish avoidance behavior, the
sample size of subjects was relatively small (five fish). As a result, gen-
eralizing these behavioral patterns to the broader population should be
approached with caution. Further research with a larger sample size is
necessary to better understand the individual traits that may contribute to
the behavioral variation observed in our findings, particularly as one of
the five subjects exhibited a distinctly different behavior profile. Moreover,
although we identified the conditions under which a robot can elicit vary-
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ing degrees of avoidance in individual fish, future research should explore
how these interactions unfold in a school of fish, where collective dynamics
could offer new insights.

Our experiment provides evidence that a mobile conspecific-like robot
can induce avoidance behavior on live fish. Our findings generally in-
dicate that the fish perceived this robot as a threat to be avoided, and
even displayed anti-predator behavior, such as freezing and escape ma-
neuvers [60]. Conspecific-like robots have primarily been used to attract,
lead, or swim alongside fish. However, this study opens the door to in-
vestigating whether such robots could adapt their role dynamically, alter-
nating between invoking different behaviors such as attraction after avoid-
ance. This adaptability could greatly expand the potential applications of
robots in influencing fish behavior. A potential extension of this idea are
heterogeneous robot swarms, where some robots take on the role of attrac-
tive leaders while others act as repulsive aggressors. This approach could
enhance control performance, as a single control strategy may be limited
by the heterogeneity observed in animal collectives [61]. Furthermore, we
have highlighted dynamic and variable factors in this study that differ
from the traditional avoidance models, which would be of interest in to
robot developers when simulating fish behavior. Understanding how fish-
like robots influence a range of behaviors, including avoidance, is essential
for advancing the development of mixed animal-robot societies [4, 6, 9].
Such systems hold the potential not only for enhancing our knowledge
of animal behavior [62-64] but also for practical applications [13], such as
guiding fish away from environmental hazards [16] or promoting more
harmonious coexistence between animals and robots [65].

Ethics note

Experiments reported in this study were carried out in accordance with
the recommendations of ‘Guidelines for the treatment of animals in be-
havioural research and teaching’ (published in Animal Behavior 1997) and
comply with current German law approved by LaGeSo Berlin (G0117/16
to D B).
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Appendices
5.A Size of dataset after preprocessing
subject | original | selection exclusion corrections

0 16040 14500 (-1540) | 12605 (-1895) | 231 (1.83%)

1 19668 | 17530 (-2138) | 16575 (-955) | 307 (1.85%)

2 18629 16700 (-1929) | 15455 (-1245) | 256 (1.66%)

3 23045 | 20500 (-2545) | 18961 (-1539) | 149 (0.79%)

4 24547 20300 (-4247) 18406 (-1894) | 351 (1.91%)

total | 101929 | 89530 (-12399) | 82002 (-7528) | 1294 (1.57%)

Table 5.A.1: The number of frames per subject and in total, after each step of data
processing. Original: the initial frame count for each video. Selection: the removal
of frames associated with the initialization phase (milling process) and the post-
experiment period (the delay between the end of the experiment and video termi-
nation). Exclusion: the number of frames discarded when 25 or more consecutive
frames have no tracking data. Corrections: the number of frames where positions
were interpolated, expressed as a percentage of the remaining frames after exclu-
sion.

Table 5.A.1 shows the remaining number of frames at each step of
the the data preprocessing pipeline. Frames were systematically removed
based on several criteria to ensure the integrity of the analysis. First,
frames corresponding to the initialization phase (milling process) and the
post-experiment period were excluded, followed by the removal of frames
where 25 or more consecutive frames lacked tracking data. By applying
this exclusion criterion, we kept the number of frames requiring interpola-
tion—referred to as corrections—relatively low. Corrections were applied
to less than 2% of the remaining frames after exclusion. This was an im-
portant consideration, as interpolation, while necessary for handling small
gaps in data, could alter key distributions (e.g. speed) if applied too exten-
sively.

5.B Fixed-effects models of various response la-
tencies

The fixed-effects (FE) models investigate how robot behavior affected the
fish’s avoidance speed vf ... The predictor variables included the dis-
tance drr between the robot and the fish, the robot’s approach speed vfnp,
and the distance dpy between the fish and the nearest tank wall. In the
manuscript, we shifted the avoidance speed forward by A = 0.32s (8
frames), to take response latency into account. Table 5.B.1 shows that other

values of A € 4,12,16 yield results consistent with the 8-frame shift.
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response att + A predictor at ¢ coeff. signif. code statistics
v ;’uaid (A=4) fish-robot distance drr —0.0235  #x RZ = 0.0252
robot approach speed vaI;p 0.0521 * K K Re = 0.1985
fish-wall distance dyp —0.0195 F3,81974) = 705.48
p < 0.001
Uanmid (A=28) fish-robot distance drp —0.0294 R? =0.0386
robot approach v[{;p 0.0657 * % % Re = 0.1986
fish-wall distance dwp —0.0185 F3,81954) = 1095.45
p < 0.001
vai)oid (A=12) fish-robot distance drr —0.0330  ** R? = 0.0502
robot approach vﬁ,p 0.0762 * % % Re = 0.1988
fish-wall distance dwp -0.0177 F3,81034) = 1442.04
p < 0.001
Uai)oid (A =16) fish-robot distance drr —0.0351 % R? = 0.0591
robot approach vﬁ,p 0.0837 * K K Re = 0.1990
fish-wall distance dwp —0.0170 Fag1014) = 1714.43
p < 0.001

Table 5.B.1: Results from 4 fixed effects models, each examining the relationship
between fish avoidance speed (UaFvoid) at future time points (f + A) and predic-
tor variables at time ¢, including fish-robot distance (drr), robot approach speed
(v[{; p)' and fish-wall distance (dyr). Each model uses a different shift A to model
the response latency of the fish to the robot’s behavior. All models are significant
(p < 0.001) and yield consistent results. Significance codes of the predictor terms:
p < 0.001 (x * *); p < 0.01 (xx); p < 0.05(x); p < 0.1(.); p=>0.01()

predictor at f coeff.  p-value test statistics

robot-fish distance drg —0.033 p < 0.001 R? = 0.0383

robot approach speed U,ﬁjp 0.057 p < 0.001 Re =0.278

wall-fish distance drpy —0.018 p > 0.05 F312002) = 162
p < 0.001

Table 5.C.1: Results from the two-way fixed-effects model analyzing the predic-
tors of fish avoidance speed (v aFvoid) at aggregated time f + A with A = 2, with
individual- and time-specific fixed effects. The predictors include robot-fish dis-
tance (drr), robot approach speed (U,ﬁ,p), and wall-fish distance (dpy). The coef-
ficients, p-values, and test statistics are reported. The model is significant with
p < 0.001.

5.C Two-way fixed-effects model on aggregated
dataset

To include the time-specific fixed effect, the dataset was aggregated by sub-
ject and time. The frame number was first converted to seconds, using a
sampling rate of 25 Hz. Afterwards, the data was aggregated and averaged
within 5-second time windows. This process resulted in a dataset with one
observation per 5-second interval per subject, allowing us to run a two-
way fixed-effects model. The results presented in Table 5.C.1 align with
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predictor coeff. SE p-value test statistics
relative angle Orr (fixed) —0.2624 0.168 p > 0.05 pseudo R? =0.146
speed ratio z—; (fixed) -5.3713 1.076 p < 0.001 Re = 0.6879
distance dgr (fixed) —0.1025 0.014 p < 0.001 X2(4) =99.42
subject identity (random) —0.0642 0.095 p > 0.05 p < 0.001

Table 5.D.1: Results from the generalized linear mixed model (GLMM) with a logit
link function, analyzing the occurence of an extreme turn as the binary response
variable. The fixed effects are the relative angle 6, the fish-robot speed ratio ;’—;,
and the fish-robot distance drr. The subject identity is included as a random effect.
Coefficients, standard errors (SE), and p-values are reported for the predictors. Test
statistics of the model are also reported (right column). The model is statistically
significant (p j 0.001) based on the likelihood ratio test x?(2) = 99.42. The repeata-
bility estimate (Re = 0.688) indicates that 68.8% of the total variance in turning
behavior is explained by individual-level differences between subjects.

the findings from the one-way (individual) fixed-effects model presented
in the manuscript, demonstrating consistency across both approaches.

5.D Logistic regression analysis of extreme turns

To investigate the factors influencing the likelihood of a fish executing an
extreme turn (defined as a turn exceeding its individual baseline), a Gener-
alized Linear Mixed Model (GLMM) with a logit link function was applied.
The binary response variable indicated whether an extreme turn occurred
(1) or not (0) within each distance bin during the pre-encounter phase. Pre-
dictor variables included the relative angle between the fish and the robot

(Orr), the fish-robot speed ratio (Z—;), the distance between the fish and the
robot (drr), and the subject identity as a random effect to account for inter-
individual variability.

Table 5.D.1 presents the model results, showing statistical significance
(p < 0.001) based on the likelihood ratio test ()(2(2) = 99.42). Among

the predictors, the fish-robot speed ratio (Z—Ji) exhibits a significant nega-
tive effect (B = —5.371, SE = 1.076, p < 0.001). This suggests that as the
speed ratio increases, the likelihood of an extreme turn decreases, likely be-
cause a faster-moving fish is already distancing itself from the robot, mak-
ing turning unnecessary. Similarly, the distance between the fish and the
robot (drr) shows a significant negative effect (8 = —0.102, SE = 0.014,
p < 0.001), indicating that the likelihood of turning increases as the robot
approaches closer proximity. This behavior aligns with the expectation that
closer encounters with the robot heighten the need for evasive maneuvers.
In contrast, the relative angle (6zr) does not have a statistically significant
effect (3 = —0.262, SE = 0.168, p > 0.05). This may be due to the limited
variability in Orr across conditions, with most observations concentrated
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Supplementary Figure 5.D.1: Density distribution of the relative angle Orr for the
instances of extreme turn (purple) and no turn (blue), sampled from all trials and
subjects.

between 37t and 7t (Fig 5.D.1). Alternatively, it is possible that when fish
are nearly immobile, turning behavior is less dependent on the relative an-
gle since any directional movement suffices for evasion. Lastly, the subject
identity random effect does not indicate significant differences in the like-
lihood of turning across individuals (8 = —0.064, SE = 0.095, p > 0.05).
The high repeatability (Re = 0.688) suggests that the variability appears to
be more influenced by within-subject dynamics rather than subject-specific
characteristics.

5E Fish movement patterns in the post-
encounter phase

Figure 5.E.1 illustrates the movement patterns of the fish during the post-
encounter phase, after the robot finished approaching. The fish predom-
inantly moved in the opposite direction of the robot, with a slight prefer-
ence for veering to the left from the robot’s perspective (highest density
of Ogrr observed at between %n and 7, Fig 5.E.1A). The highest density
of maximum speeds lies in the range of 10 to 15 cm/s. Analysis using
a FE model showed that post-encounter speeds were significantly higher
compared to the early pre-encounter phase (Estimate = 3.80, SE = 0.75,
t = —=5.06, p < 0.001), supporting the claim that fish exhibit high-speed
avoidance behavior. Figure 5.E.1B shows the density distribution of fish
speeds one second after the robot ceases its approach, fitted with a two-
component Gaussian model. The first component represents relative slow
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Supplementary Figure 5.E.1: (A) Density of the fish’s maximum speed (vf,,,) and
the relative angle (frr) in the initial period of the post-encounter phase (0.4s). The
radial gridlines represent relative angles in radians, with 7 indicating movement
directly away from the robot. The concentric circles indicate levels of maximum
speed with values increasing outward from the origin. Color intensity represents
density, with darker colors (blue) indicating higher densities and lighter colors
(purple, white) indicating lower densities. (B) Density distribution of the of the
fish’s speed 1s into the post-encounter phase. The inset shows the density distri-
bution of fish’s straight-line displacement from its position at the start of the post-
encounter phase to its position 1s later. The solid lines represent Gaussian fits, with
two components in the main plot and one component in the inset.

movements, with speeds around 3-4 cm/s, while the second component
reflects higher-speed movements, centered around 11-12 cm/s. This sug-
gests that while the majority of movements occur at a slow pace, a signifi-
cant proportion of instances involve higher-speed motion. A linear mixed
model (LMM) of these speeds, incorporating subject identifier as a random
effect (B = 7.019, SE = 1.345, p < 0.001), indicates substantial variabil-
ity both between subjects (6> = 8.547) and within subjects (02 = 8.491).
The inset depicts fish displacement (y = 7.62, ¢ = 4.14), calculated as the
change in robot-fish distance after 1 second.

5.F Per-subject analysis of fish displacement in
the post-encounter phase

Figure 5.F1 illustrates the relationship between mean fish speed and
post-encounter displacement across individual fish. Notably, individuals
with lower fish speeds also show lower displacements during the post-
encounter phase. The displacement is calculated as the difference between
the fish-robot distance at the start of the post-encounter phase and the dis-
tance 2 seconds afterwards. The Spearman test reveals a positive correla-
tion (rs = 0.90, p < 0.05, 95% CI = [0.11, 1]), indicating that less active
fish tend to move shorter distances away from the robot. As the inset il-
lustrates, the relationship between mean speed and displacement mirrors
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Supplementary Figure 5.F.1: For each individual fish, the mean displacement D in
the first 2 seconds of the post-encounter phase is plotted against the mean speed 7.
Each data is labeled with its respective subject identifier. The Spearman correlation
coefficient is rs = 0.90 with significance of p = 0.04 and a 95% confidence interval
of [0.11,1]. The inset shows the relationship between mean displacement and the
time of avoidance.

the trend observed between the time of avoidance behavior and displace-
ment. Subjects exhibiting less avoidance behavior during the experiment
also tend to show shorter displacements.

5.G Relative angle between the robot’s position
and the fish’s heading direction

Figure 5.G.1 shows the density distribution of the relative angle 6grr using
data collected across the entire experiment for all subjects, restricted to in-
stances where the fish was moving at a speed greater than 2 cm/s. The
results show that the vast majority of the density lies between %7’( and %7‘(,
indicating that the robot was positioned behind the fish for most of the ex-
periment. Notably, the regions with the highest density ( 0.4) are centered
around 7t.

5.H Fish avoidance acceleration in function of
the robot’s relative position

Figure 5.H.1A and B show, respectively, the smoothed (Gaussian filter with
o = 2) and unsmoothed heatmaps of the guppies” avoidance acceleration
(al .») as a function of the relative position of the robot. The color scale
visually represents areas of high (yellow) and low (blue) values, with miss-
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Supplementary Figure 5.G.1: Density distribution of the relative angle 0gr, de-
rived from data collected across the entire experiment for all subjects, where the
fish is moving at a speed greater than 2cm/s.
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Supplementary Figure 5.H.1: Smoothed (A) and unsmoothed (B) heatmaps show-
ing the guppies” avoidance acceleration al .. as a function of the robot’s relative
position, with the fish positioned at the origin, facing east (indicated by a black
arrow). To smooth the heatmap, missing data is first replaced with neighborhood
averages, followed by Gaussian smoothing with o = 1. The color scale indicates
areas of high (yellow) and low (blue) acceleration. Contour lines, with 3 levels, are
added for visual clarity in (A). Missing data is represented in white in (B).
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ing data shown in white. Contour lines in Figure A are provided for visual
clarity.

The fish show the highest avoidance accelerations when the robot is
located close the fish, particularly when positioned beside them (as indi-
cated by the contour lines). Thus, the fish is not merely avoiding the robot
upon encounter, rather, this suggests the fish is performing an escape ma-
neuver. The fish perceives the robot as most threatening when it is present
at these directions, prompting a rapid acceleration away from the robot.
Additionally, there appears to be a clear pattern of reduced acceleration at
greater distances, indicating that the fish only exhibit significant bursts of
movement when the robot is in close proximity.

Escape movements, characterized by rapid, high-acceleration avoid-
ance behavior, were most prominent when the robot was in close prox-
imity. The distinct acceleration patterns observed laterally suggest height-
ened sensitivity in these regions, likely due to enhanced sensory detection
and threat perception. This observation is consistent with previous stud-
ies [66, 67] showing that fish rely heavily on lateral-line systems to detect
nearby objects or potential threats. Our findings suggest that fish are more
likely to prioritize escape movements over freezing behaviors, especially
when the robot approaches from the side at close range.






Conclusion

This chapter concludes the dissertation by critically reviewing the key re-
search questions in light of the main findings, highlighting their contribu-
tions, limitations, and the open questions that remain. The chapter then
broadens in scope to outline promising directions for future research be-
yond those research questions.

6.1 Revisiting the research questions

Throughout this dissertation, we explored how to develop robots that can
assist in nature conservation tasks involving animal collectives, using fish
as a case study. Swarm intelligence-based algorithms have been proposed
for exploration and protection tasks, alongside experimental insights into
how robots can influence fish behavior. In this section, we revisit the four
main research questions posed (see Section 1.5), where each is critically
reviewed by summarizing key findings, discussing the answers obtained,
and highlighting limitations as well as areas for further research.

Research question 1. How can robot teams explore and navigate like fish in dy-
namic environments?

In Chapter 2, we proposed a novel collective motion model that adaptively
generates different collective structures essential for exploration and nav-
igation in dynamic environments. Three key structures were identified,
each characterized by the group’s spatial coverage and degree of alignment
(order), corresponding to different functional roles in both nature conser-
vation efforts and the ecological dynamics of fish exploration. We found
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that conventional collective motion models, particularly behavioral zonal
models, were unable to generate all three structures by varying the zone
width parameters. We hypothesized that this limitation arises because
these models typically assume that the weight factors of interaction forces
are strictly positive, meaning that individuals are always influenced by all
three interaction forces of repulsion, alignment, and attraction. To address
this limitation, we proposed an adaptation of a metric-based behavioral
zonal model and demonstrated that by allowing the alignment weight fac-
tor to be non-negative (i.e., including zero), all three structures could be
generated solely through adjustments to the alignment force parameters.
To evaluate its adaptability in dynamic environments, we demonstrated
that a robot swarm following the proposed model can dynamically transi-
tion between these structures in response to stimuli that emerge over time
and are detected by only a few individuals, enabling various exploration
and navigation tasks as conditions change.

One of the three collective structures observed is characterized by low
spatial coverage with high order, which may be particularly advantageous
for maneuvering through narrow spaces. However, in Chapter 2, we did
not consider environmental constraints such as obstacles. A swarm follow-
ing the traditional zonal model may inherently adjust its spatial coverage
to fit narrow spaces when such constraints are incorporated as an addi-
tional interaction type in the motion model [1, 2]. In fact, we demonstrated
this concept in Chapter 4, where a fish school compressed its spatial struc-
ture under the external influence of fish-robot interactions to navigate a
constrained trajectory. Nevertheless, fish schools may adopt this collective
structure even in open spaces as a strategy to reduce predation risk [3]. In
a future where robots integrate into fish schools, understanding how this
structure naturally emerges from the fundamental three interaction forces
remains valuable for both biological insight and effective swarm design.

The proposed model relies on the adaptation of the alignment rules in
the behavioral zonal model, which has been extensively used to model the
collective motion of fish [4-6]. As discussed in Section 1.3.1, the presence
of alignment forces in the collective motion of fish has been a topic of de-
bate. Some studies have found little evidence supporting alignment forces,
suggesting either that no alighment zone exists [7, 8] or that it functions as
aneutral zone [9]. However, these studies emphasize that this does not im-
ply that alignment rules are never used by fish. Instead, they hypothesize
that fish adapt their alignment rules in response to environmental stim-
uli or transmitted information (e.g., in the context of predation threats).
Given our findings that changes in alignment rules lead to the emergence
of different structures in terms of spatial coverage and order, an interesting
direction for future research is to investigate the contexts that trigger these
adaptations and how the resulting structural changes benefit fish in these
different situations.

A comprehensive understanding of the various forms of collective mo-
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tion is essential for establishing fish-robot mixed societies, where robotic
swarms not only replicate fish movement patterns but actively integrate
into schools, swimming alongside them. A potentially interesting direction
for future research is the extent to which robots can influence the collective
structure of these mixed societies. Several studies have already examined
how specific robot characteristics affect collective properties. For instance,
zebrafish group cohesion was found to decrease as the speed of a robotic
fish increased [10], while in mosquitofish, cohesion was not influenced by
the robot’s visual features [11]. For robots to effectively shape collective
structures, fish must adapt to the changes in the robots” alignment rules.
Even if fish recognize and respond to these behavioral changes, successful
emergence of collective structures would still depend on effective informa-
tion propagation throughout the group [12-14]. This transfer of informa-
tion is influenced by critical factors such as the ratio of informed robots to
fish [15] and the spatial positioning of these robots within the group [16].
For example, individuals at the front of a fish school tend to exert a stronger
influence on directional movement [17]. Consequently, future research
may benefit from exploring the role of robots as leaders [18, 19] within
these mixed societies.

Research question 2. How can robot teams effectively protect fish schools from
dynamic dangers?

Focusing on another aspect of nature conservation, we explored how robot
swarms could help protect fish schools from unrecognized threats, such
as oil spills or invasive species. Specifically, we considered a scenario
where dangers emerge dynamically, and robots, without prior knowledge
of these threats, must reactively guide the fish away from the locally de-
tected dangers. To address this, we proposed a swarm intelligence-based
algorithm in which robots guide fish away from danger while maintaining
a cage formation around the school. This structure allows the swarm to de-
tect threats from any direction while ensuring that all fish are influenced to
change direction when necessary. The approach presented in Chapter 3 is
based on two simple decentralized rules: (i) each robot maintains a target
distance from its nearest fish, and (ii) each robot positions itself equidis-
tantly between two neighboring robots. This method depends on a certain
level of school cohesion, to allow robots to move along the spatial con-
tour of the school. Maintaining a cage formation also requires a minimum
spacing between adjacent robots, meaning its success depends on both the
number of robots deployed and the spatial coverage of the school. To as-
sess this, we measured school cohesion, spatial coverage, and the mini-
mum computationally determined number of robots required for different
collective motion models of fish schooling. Our findings demonstrated that
the proposed algorithm enables robots to effectively enclose the school,
provided that cohesion constraints and swarm size requirements are met.
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In a caging formation, robots steer fish by switching between two states
based on their position relative to the desired direction. Robots behind
the fish move closer, applying a repulsive force, while those ahead main-
tain distance, minimizing repulsion to facilitate movement. We demon-
strated the effectiveness of this approach in two dynamic environments:
(i) avoiding a stationary danger that appears stochastically, and (ii) re-
maining within a circular safe zone with a dynamically changing radius.
The first scenario represents real-world threats such as pollution (e.g., fish
near oil spills) or poaching, while the second mirrors virtual fencing ap-
plications, enabling controlled habitat management and animal care. We
demonstrated that the robot swarm effectively ensured all fish avoided the
dangers and remained within the safe zone. The proposed algorithm ad-
vances the state-of-the-art in shepherding by addressing three key chal-
lenges identified in the literature [20]: flexibility to diverse and dynamic
environments, robustness against robotic agent failures, and adaptability
to variations in animal responses to robot behavior. These features stem
from the inherent advantages of swarm intelligence-based systems.

In the proposed algorithm, local communication is used only for the
purpose of reaching consensus in scenarios where multiple dangers are
present at distinct locations. However, transitioning this algorithm to real-
world application requires a careful evaluation of its performance under
the constraints and challenges of underwater communication. Specifi-
cally, underwater communication technologies are characterized by lim-
ited bandwidth and range, frequent disconnections, and sensitivity to en-
vironmental conditions such as temperature and salinity, all of which af-
fect reliability [21]. Although our simulations did not explicitly constrain
communication bandwidth, the messages used are relatively small, rang-
ing from 16 to 24 bytes. The algorithm operates using an event-driven
and asynchronous message-passing mechanism, which is generally com-
patible with the high-latency characteristics of underwater networks, such
as acoustic communication. Although we did not simulate varying de-
grees of communication reliability, we examined fault tolerance in Chap-
ter 4 by analyzing performance under repeated individual robot failures.
Nonetheless, to transition from simulation to real-world deployment, fu-
ture research should determine the operational limits of these algorithms
depending on the available technology of bioinspired robots, including the
depth limitations, communication ranges, and environmental conditions
under which they remain effective. Recent research is also exploring novel
underwater communication methods, such as electrocommunication sys-
tems inspired by weakly electric fish [22]. These systems have been shown
to allow effective communication in a range of underwater environments,
including still water, flowing water, water with obstacles and natural wa-
ter conditions. This highlights their potential as alternatives to traditional
communication techniques.

Our approach depended on a certain level of school cohesion. How-
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ever, it should also be capable of protecting less cohesive groups. In prac-
tice, schools may initially exhibit lower cohesion, as observed in certain
parameter ranges across all four collective motion models in Chapter 3,
or may become less cohesive over time depending on the context, as pre-
viously discussed in relation to Research Question 1. Maintaining group
cohesion is a common challenge in shepherding research [23, 24]. Tradi-
tional sheep herding models suggest that dogs alternate between collecting
dispersed sheep and driving them when they are aggregated [25]. How-
ever, unlike fish, sheep exhibit less agile movement, and these models of-
ten overlook the animals’ intrinsic motion. Lee and Kim [26] addressed the
collection and steering of moving animals and, although they proposed a
decentralized arc formation for steering, they still relied on a centralized
approach to gather scattered groups. A possible decentralized solution
could involve robots maintaining a chain formation to link subgroups, en-
suring continuous information flow about each subgroup’s location. How-
ever, fully decentralized collection remains an open question.

A potential approach to counteract the loss of school cohesion, and the
resulting increase in spatial coverage, is for robots to regulate area coverage
through the caging formation. As theoretically suggested [27] and empiri-
cally observed in predator-prey dynamics [28-30], animals are expected to
remain within the cage, which could help maintain a desirable level of co-
hesion. However, in natural cases, prey often exhibit a freezing response as
an acute stress response in such scenarios, and if a predator moves closer,
the group can become highly disordered, reacting with rapid, uncoordi-
nated movement [29]. This raises the question of whether animals, such as
fish, can still be effectively guided when cohesion is externally imposed by
robotic shepherds.

Research question 3. How can robot teams effectively guide fish along a dy-
namic path?

Continuing our study into how robot swarms can protect fish schools
in dynamic environments, this research question introduces a more con-
strained problem setting than the previous one. In Chapter 3 (Research
Question 2), multiple escape directions are often available for guiding fish
away from local dangers, requiring consensus decision-making among the
robot swarm to determine the best course of action. In Chapter 4 (Research
Question 3), we focused on guiding fish along a dynamic trajectory with-
out prior knowledge of the path. This scenario has real-world applications
in the context of harmful environmental threats or ecologically sensitive
areas. For instance, fish may need to be steered away from an oil spill
that spreads unpredictably [31], or directed to safer waters during habi-
tat restoration efforts [32]. Similarly, certain areas may need to be avoided
for ecological reasons, such as preventing invasive species from entering
fragile habitats or protected spawning grounds where their presence could
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disrupt the ecosystem [33-35]. When local path information, such as di-
rection and space between the boundaries, is represented using an arti-
ficial potential field, we found that robots could guide fish along a path
using the algorithm proposed in Chapter 3 without the need for consensus
decision-making. For real-life applications, this artificial potential field can
be implemented to represent various environmental stimuli, such as water
quality gradients indicating pollution levels or temperature variations af-
fecting fish migration. Additionally, it could model physical barriers like
dam openings or conservation zones.

The effectiveness of the proposed algorithm is measured by the per-
centage of the school that remains within the path boundaries as a func-
tion of the distance traveled. Optimal performance is achieved when the
entire school stays within these boundaries from start to finish. Since path
information is only available locally in real-time, the robot swarm must
adaptively react, making optimal performance not always attainable. To
assess the factors influencing performance, we examined three key aspects:
the structural characteristics of the path (i.e., boundary spacing and turn
sharpness), the system size (number of robots and fish), and the maximum
velocities of both robots and fish. Our findings indicated that maintain-
ing the group within the safe path was most challenging at sharp turns,
especially in narrow sections. However, as boundary spacing increased,
the severity of these disruptions decreased. Additionally, hybrid systems
with a 2:3 robot-to-animal ratio significantly outperformed those with a 1:3
ratio, with further analysis showing that increasing the number of robots
led to exponential performance improvements. Finally, when fish moved
at relatively high velocities, the robots were unable to sustain the caging
formation, resulting in failure to keep the group within the safe path.

The problem setting we considered is complex, as it involves a time-
varying environment without prior information. Although prior data can
quickly become obsolete in dynamic settings, some real-world scenarios
involve trajectories that change gradually or infrequently. However, ob-
taining prior information remains challenging, as fish may cover vast and
difficult-to-map areas, despite advances in underwater localization and
mapping [36]. A potential solution to navigate challenging path structures
is to deploy scout robots ahead of the school. These robots could relay tra-
jectory information to the guiding swarm, effectively acting as copilots,
similar to those in rally racing. In particular, a recent study used con-
trol barrier functions to shepherd in unknown and cluttered environments
with limited trajectories, but relied on the assumption of centralized envi-
ronment estimation and trajectory planning [37]. As such, whether fully
decentralized strategies can optimally shepherd in time-varying, complex
environments remains an open question.

The speed of the agents being shepherded is a critical [38] yet often
overlooked [20] factor in shepherding problems. In our algorithm, robots
maintain a set distance from the nearest fish to form a cage, factoring in the
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speed of the fish to minimize prediction errors. Maintaining the appropri-
ate distance is crucial, as unintended proximity can alter fish movement
and lead to incorrect guidance. However, at higher fish speeds, main-
taining cage formation becomes increasingly challenging with the same
number of robots. In addition to challenges in maintaining formation, the
robots themselves may also influence fish speed [10, 39]. A deeper under-
standing of how animal responses, including speed, are shaped by robot
properties is essential for advancing shepherding toward real-world appli-
cations.

Research question 4. How do the avoidance responses of fish to a conspecific-
like robot differ from conventional models of animal-conspecific and animal-
shepherd interactions?

In Chapters 3 and 4 (Research Questions 2 and 3), we modeled fish-robot
avoidance interactions using the conventional approach from shepherding
literature. In these models, fish move at a constant speed in the opposite
direction of a robot when the robot enters a predefined radius (see Sub-
section 1.3.2). This approach is also used to model avoidance behavior
among live fish in schools but with significantly smaller predefined radii
(see Subsection 1.3.1). However, the specific aspects of robot behavior that
influence fish avoidance responses and how these responses deviate from
conventional models remain largely unexplored. To investigate this, we
programmed a robot to repeatedly approach a guppy at a fixed speed. The
robot was designed to visually resemble a conspecific, aligning with our
broader goal of advancing research in animal-robot mixed societies, where
robots integrate into animal collectives (see Subsection 1.1.1). Each fish
was subjected to multiple consecutive trials during an experiment, with
the robot sampling a different speed within the medium to high range for
each trial.

Our findings showed that repeated exposure to the robot’s approach
increased avoidance behavior in fish. Guppies also exhibited typical anti-
predator responses, such as freezing and escape maneuvers, indicating that
the robotic conspecific was perceived as a threat. We found that avoid-
ance speed was influenced by the interaction between the robot’s approach
speed and its distance to the fish, with faster approaches and closer prox-
imity eliciting higher avoidance speeds. Avoidance behavior was dynamic,
as fish adjusted their turns and accelerations based on relative speed and
distance, diverging from traditional models that assume fixed responses
based solely on distance. Specifically, avoidance-initiation distance de-
pended both on the speed of the fish and the speed of the robot approach.
As the fish moved more slowly relative to the robot, they were more likely
to initiate an escape maneuver (rapid acceleration and sharp directional
changes [40]) at a shorter distance. Escape trajectories exhibited a bimodal
distribution, clustering around 180 (opposite direction) and 90 (perpendic-
ular) degrees. This pattern deviates from conventional avoidance models,
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which typically assume that fish always move in the opposite direction
from the other individual. Otherwise, fish tended to avoid the robot at
greater distances, relying only on acceleration to swim in the opposite di-
rection rather than executing an escape maneuver.

Recent research of predator-prey dynamics suggest that repeated ex-
posure to a predator increases the avoidance-initiation distance [41]. Our
findings align with this, as repeated robot approaches increased early
avoidance, despite its conspecific-like appearance. This suggests that
avoidance behavior adapts over time, though it remains unclear whether
fish begin perceiving the robot as a threat or simply become more aversive.
Since avoidance behavior also occurs among guppies in various contexts,
such as mating [42] and disease transmission risk [43], further research is
needed to clarify its underlying mechanisms. More specifically, a compara-
tive study examining fish behavior in response to robots resembling either
a conspecific or a predator could provide deeper insights.

Nevertheless, we found some evidence that the robot was perceived
as a threat, as one subject exhibited freezing—a characteristic acute stress
response in which the fish becomes motionless—before resuming move-
ment, consistent with dynamic defense strategies [44]. Individual differ-
ences may also play a role, as personality traits and body size influence
threat responses [45, 46], potentially explaining why some fish favored
active avoidance over freezing. Additionally, fish exhibited escape ma-
neuvers, another typical response to threats [47]. As mentioned before,
we observed a bimodal distribution in escape trajectory angles, previously
linked to C-start responses. However, as C-start responses are defined at
the kinematic level [48], which we did not analyze, additional analysis is
needed to confirm this and strengthen the hypothesis that the robot was
perceived as a threat. Supporting this, we found a positive correlation
between avoidance behavior and thigmotaxis, i.e. the tendency to stay
near tank walls. While thigmotaxic behavior in guppies has been linked to
stress responses, such as threats [49, 50], it is also observed in non-stressed
natural shoals [51], warranting further investigation.

Finally, although we collected a large dataset to analyze fish avoidance
behavior, the sample size of subjects was relatively small, limiting the gen-
eralization of our findings. A larger sample is needed to better understand
individual behavioral variation, particularly as one subject exhibited a dis-
tinctly different response. Additionally, while we identified conditions
influencing avoidance at the individual level, future research should ex-
amine these interactions within a school, where collective dynamics may
reveal new insights.
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6.2 Future perspectives

Below, we outline future research directions within the broader scope of
this dissertation that we believe to be worthwhile of further investigation.

Other animal species. While this thesis focused on fish as a case study,
we want to emphasize the broader need for the preservation of other ani-
mal species (see Subsection 1.2.1). The algorithms proposed in this disser-
tation (Chapters 2-4) may be applicable to other species, as they are based
on a general framework of attraction, alignment, and repulsion forces (see
Subsection 1.3.1). Although our simulation parameters were tailored to
fish behavior, this framework has been used to model collective motion
in birds, mammals, and even humans [52-55]. Thus, we believe that the
proposed algorithms may be applicable, or at least serve as inspiration, for
use cases of other animal species. Alternatively, research on shepherding
in other species could inform future work on fish. Exciting developments
are emerging, such as robotic falcons used to guide birds away from haz-
ardous areas for their protection [56]. In particular, this robotic falcon has
been shown to elicit similar collective avoidance responses in different bird
species [57], raising the question of whether a robotic fish predator could
similarly generalize avoidance behavior across different fish species. Stud-
ies on sheep offer further insight into group behavior in response to a shep-
herd. While individual sheep flee, large herds exhibit selfish herd behavior,
whereas small groups transition unpredictably between the two [58]. As
school cohesion in fish is also influenced by group size [59], this raises the
possibility that comparable dynamics occur in fish schools and should be
explored further.

Combining Al methods. In this thesis, we proposed swarm intelligence-
based solutions using heuristic and model-based approaches that rely only
on local observation and communication. As a result, the proposed swarm
robotic systems benefit from key advantages such as flexibility, scalability,
and robustness, which are essential features for nature conservation tasks
(see Subsection 1.2.3). However, while these solutions provide a strong
foundation, additional advancements are needed to fully bridge the gap to
real-world applications. As discussed in Chapter 5, fish avoidance behav-
ior in response to robots is influenced by multiple factors and evolves with
repeated interactions. This underscores the need to integrate additional
Al methods in future research. For instance, adaptive learning methods
could improve real-time prediction models of avoidance behavior, allow-
ing robots to adjust their strategies dynamically. Comparisons between
Al approaches would also be valuable. In the same task of maintaining
fish within a circular zone (introduced in Chapter 4), a shepherding solu-
tion has been proposed based on ordinary and partial differential equa-
tions [60], which resulted in an emergent caging formation. The authors
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highlighted the similarity with our approach, despite not being explicitly
designed for it. Recently, reinforcement learning (RL) has been increas-
ingly explored for shepherding problems, offering improved execution
time optimization compared to heuristic model-based rules while demon-
strating scalability [61]. As RL continues to advance, hybrid approaches
that integrate swarm intelligence with RL could present promising future
solutions [62, 63].

Heterogeneity of the robot on the individual and collective level. In
our proposed solutions for protecting fish schools (Chapters 3 and 4), we
did not specify whether the robot resembled a conspecific or a predator,
only assuming that it could trigger an avoidance response in fish. Tradi-
tionally, shepherding literature has employed robots that visually mimic a
predator [56] or lack a specific visual design [64]. However, as discussed in
relation to Research Question 4 (see Subsection 1.5), live conspecifics also
exhibit avoidance behavior among themselves. Furthermore, studies using
conspecific-like robots have demonstrated their ability to elicit avoidance
responses in fish [65, 66]. Our findings further support this, as the ex-
perimental evidence in Chapter 5 suggests that the conspecific-like robot
may even be perceived as a threat. This raises the question of whether
a conspecific-like or predator-like robot is more effective for guiding fish.
Building on this, an intriguing research direction is whether conspecific-
like robots could dynamically adapt their roles, switching between evok-
ing avoidance (perceived as a threat) and attraction (perceived as a leader)
as needed. At the collective level, this concept could be extended to hetero-
geneous robot swarms, where some robots act as informed agents swim-
ming alongside the fish (e.g., monitoring their behavior), while others
serve as repulsive agents to guide them. This dual-role approach may im-
prove control performance, particularly given the behavioral heterogene-
ity in animal collectives, which could limit the effectiveness of a single con-
trol strategy. However, guiding fish may not even require avoidance be-
havior. A conspecific-like robot assuming a leadership role could strongly
influence the movement of its followers [17]. Hence, we find that investi-
gating which interaction forces (avoidance or attraction) are most effective
for controlling fish movement would be another interesting direction for
future research.

Moving beyond simulation. The algorithms proposed in this disserta-
tion have so far been demonstrated and analyzed only in simulation. While
this represents a necessary first step, the ultimate goal is to enable their de-
ployment in real-world scenarios. Among the necessary steps towards that
goal jrefine this beginning to avoid redundancy with previous sentence;
is the specification of the robot technology to be used, and to consider the
constraints, specifically in underwater environments, that these robots will
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have to deal with. As discussed in Subsection 1.2.3, underwater environ-
ments pose unique challenges for sensing, actuator and communication
technology. Nevertheless, research is showing promising avenues. In our
algorithms (Chapters 2-4), the robots rely on information of the relative
positions and orientations of nearby fish or other robots. Researches have
designed artificial lateral lines, which are distributed sensing mechanisms
inspired by how fish sense each others position in close range proxim-
ity [67—-69]. Unlike cameras or optical sensors, lateral line-inspired systems
are even effective in dark, murky, or cluttered environments. Moreover,
they allow for fast and accurate control response. In the problem setting
of Chapter 3, robots also have to be able to sense dangers. Depending
on their nature, different sensors would have to be employed to the robot
depending on the nature of the danger. For example, fluorometers to de-
tect oil spills [70] or multispectral optical sensors for plastic debris [71].
Moreover, the specific choice of animal species plays a significant role in
determining the system’s design and conservation relevance. In this the-
sis, guppies were chosen due to their accessibility, prior use in fish-robot
interaction studies, and availability of empirical data for simulation pa-
rameters. However, future research should also consider species that are
more critically endangered or ecologically important. Adapting the pro-
posed algorithms to species-specific behavioral dynamics and ecological
requirements will be a key step toward real-world deployment.

Ecological impact. As we move toward a future in which robots can suc-
cessfully integrate into animal collectives and influence their behavior, it
is essential to consider the potential ecological risks of such interventions.
While robots are increasingly employed to study and manipulate animal
behavior [72-75], the long-term effects on animals” natural instincts re-
main insufficiently understood. If animals begin to rely on artificial or pre-
dictable cues from robotic agents, there is a risk that their natural responses
may become dulled or maladaptive in real-world contexts. Furthermore,
embedding robots into animal groups to mediate or control collective be-
haviors could potentially lead to unintended and irreversible changes in
ecosystem functioning. To avoid compromising the complexity and adapt-
ability that characterize healthy ecosystems, it is crucial to assess both the
operational and environmental impacts of such technologies. Studies ex-
ploring how animals respond to prolonged exposure to robots are therefore
an important and necessary direction for future research.

Towards animal-robot mixed societies for nature conservation. Achiev-
ing fully integrated animal-robot mixed societies requires further research
across several key areas. While this thesis focused on developing robotic
intelligence in such systems, research gaps remain in other areas [76]. First,
enhancing locomotion capabilities is essential, as bioinspired designs mim-
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icking fish can improve maneuverability and efficiency in underwater en-
vironments [77]. Second, addressing energy constraints is crucial; recent
advancements in harvesting ocean thermal energy for autonomous under-
water vehicles represent a step forward in renewable energy solutions for
such robots [78]. Third, incorporating biodegradable materials in robot
construction can reduce environmental impact and support conservation
goals. For example, researchers have developed a robotic body composed
primarily of silk hydrogel with embedded fibers to mimic the structure
of natural fish skin [79]. Finally, understanding the visual and behavioral
cues that influence animal perception is key. For instance, studies show
that factors such as size [80] and coloration [81] significantly affect whether
fish are attracted to robotic agents. Advancing these areas will be critical
to successfully integrating robots into natural ecosystems for conservation
efforts.

Final remarks

We may still be far from robots actively integrating with animals in natural
environments. However, as the title of this thesis suggests, I hope to have
taken a step toward that future. More importantly, I hoped to have raised
awareness of the ongoing challenges in nature, particularly those affecting
animals, and to highlight how swarms of bioinspired robots could serve as
a tool to address some of these issues.

With this in mind, I would like to draw attention to the quote at the
end of this chapter. By developing swarm intelligence inspired by animal
behaviors, we have demonstrated that the strength of the robot is nature.
Hopefully, the robot will also become the strength of nature.

"The strength of the pack is the wolf, and the strength of the wolf is the pack.”

Rudyard Kipling, The Jungle Book (1894)
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