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Towards Augmented Reality Support for Swarm Monitoring:
Evaluating Visual Cues to Prevent Fragmentation

Aymeric Hénard (&, Etienne Peillard ), Jérémy Riviére (), Sébastien Kubicki ¢, Gilles Coppin @

Fig. 1: (a) The baseline visualisation, where only the robots are visible; and the three proposed visualisations, (b) robots and links
between interacting robots using grey lines of varying thickness, (c) robots and their dominant force using coloured arrows, (d) robots
and their current direction using pink directional arrows

Abstract— Swarm fragmentation, the breakdown of communication and coordination among robots, can critically compromise a
swarm’s mission. Integrating Augmented Reality support into swarm monitoring—especially through co-located visualisations anchored
directly on the robots— may enable human operators to detect early signs of fragmentation and intervene effectively. In this work,
we propose three localised visual cues—targeting robot connectivity, dominant decision influences, and movement direction—to
make explicit the underlying Perception-Decision-Action (PDA) loop of each robot. Through an immersive Virtual Reality user study,
51 participants were tasked with both anticipating potential fragmentation and selecting the appropriate control to prevent it, while
observing swarms exhibiting expansion, densification, flocking, and swarming behaviours. Our results reveal that a visualisation
emphasising inter-robot connectivity significantly improves anticipation of fragmentation, though none of the cues consistently enhance
control selection over a baseline condition. These findings underscore the potential of co-located AR-enhanced visual feedback to
support human-swarm interaction and inform the design of future AR-based supervisory systems for robot swarms. A free copy of this
paper and all supplemental materials are available at https://osf.io/49gny.

Index Terms—Augmented Reality, Virtual Reality, Human-Swarm Interaction, Robot Swarms, Visualisation, Supervision, User Study,
Perception-Decision-Action Loop
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Swarms of robots are autonomous systems composed of low-capability
robots [42] that exhibit self-organised collective behaviours, such as
flocking [37], which require the coordination of the robots that com-
pose them. However, robots’ technical limitations only allow them to
interact over limited distances [9]. Some robots may cease to interact,
and the swarm may split up. This phenomenon is known as swarm
fragmentation [31]. As a result, the swarm may no longer be able to
achieve its objective because part of itself is missing (e.g. coverage of a
large area requiring a minimum number of robots). A solution to avoid
fragmentation is to allow human users to monitor the swarm and inter-
vene if necessary, as they can determine if fragmentation is detrimental
to the swarm. Depending on the level of intervention, humans can take
on different roles in interacting with a swarm [43]. As a supervisor, a
human provides high-level commands and long-term objectives, such
as assigning a rendezvous point, changing the swarm’s behaviour, or
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selecting a subset of robots to patrol a specific area. In contrast, an
operator focuses on low-level, short-term actions, like placing virtual
beacons or adjusting parameters of the behaviour model, to influence
the swarm. This role is more involved in monitoring and compensating
for limitations in the swarm’s autonomy, such as fragmentation.

In this article, we focus on the operator role. Previous studies [5, 6, 15]
have shown that operators with no expertise or prior knowledge of
robot swarms often struggle to anticipate or correctly perceive fragmen-
tation events (cf. section 2). One way to help such operators better
perceive and anticipate swarm fragmentation and react accordingly to
prevent it could be to make certain aspects of the behavioural model
of swarm robots explicit, as proposed by Kolling et al. [25]. Regard-
less of the specific operators task, conveying low-level information
about the robots’ behaviour that the operators may not perceive, could
improve their understanding of the swarm dynamics resulting from
the robot interactions [16,25], and therefore help them anticipate and
prevent fragmentation. Such low-level information is usually commu-
nicated at the robot level, through the use of localised visualisations
(see section 2.1).

The main objective of this study is to assess how localised visu-
alisations of robot behaviour influence a human operator’s ability to
prevent swarm fragmentation. We frame the robot’s behaviour using
the Perception—Decision—Action (PDA) loop [56], a common model
in multi-agent systems. Within this framework, we designed three
visualisations that make explicit what each robot perceives, how it
processes that information to make decisions, and what actions it takes
as a result. These visualisations were evaluated in a user study with
51 participants. The evaluation is conducted in an immersive Virtual
Reality environment with simulated robots. Immersive VR is used not
only for experimental control but also as a proxy for future AR deploy-
ment in real-world scenarios. While evaluated in immersive Virtual
Reality, these visualisations are designed with co-located Augmented
Reality overlays in mind, enabling direct mapping of robot behaviour
to their physical location in future real-world deployments. In addition,
four swarm behaviours previously used in the literature [13, 15, 49]
are implemented to present various situations of fragmentation to the
participants. Fragmentation situations are triggered by changes in the
model parameters, which disrupt the swarm’s self-organisation dynam-
ics. All these conditions are evaluated to assess their impact on users’
ability to 1) anticipate fragmentation and 2) choose the appropriate
control to prevent it.

The study presented in this document is structured as follows. First,
a review of the literature on swarm fragmentation and visualisations
is presented in section 2, followed by section 3 which focuses on the
information and visualisations related to the PDA behaviour loop of
the robots. The experimental protocol is then detailed in section 4 and
the results are presented in section 5. Finally, an interpretation of the
results and a discussion about limitations and perspectives are provided
in section 6, followed by a conclusion in section 7.

2 RELATED WORK

Fragmentation [21,31,35] is a well-known phenomenon in swarm sys-
tems, and can pose significant risks when it occurs in contexts where
cohesion is critical to mission success. When a human operator is in
charge, preventing inappropriate fragmentation becomes essential. As a
result, understanding swarm behaviour and anticipating fragmentation
remain key challenges for effective human-swarm interaction. Previous
Human-Swarm Interaction (HSI) studies [5, 6, 15] have been conducted
to determine how humans perceive swarm fragmentation. Capiola et
al. [5,6] reported that humans are not proficient enough to accurately
detect swarm fragmentation or the proportion of the swarm that is
fragmented in a flocking simulation. Hénard et al. [15] showed that
fragmentation is generally well-perceived (87% accuracy) except dur-
ing expansion behaviour, likely due to uniform spatial distribution that
masks connectivity loss. They highlighted the role of Gestalt principles,
especially proximity and common fate, in fragmentation perception. As
an alternative, visually augmenting the robots themselves—through co-
located visualisations that display relevant information directly where
the robots are—may help improve the operator’s understanding of the

swarm. Augmented reality (AR) provides a natural way to overlay such
information in the operator’s field of view, supporting more intuitive
interpretations of swarm behaviour. These visual augmentations aim to
enhance swarm transparency and improve the operator’s awareness at
three levels: what is happening, why it is happening, and what might
happen next [7,39]. This section reviews existing visualisation strate-
gies for robot swarms, with a focus on localised displays and the use
of Augmented Reality in Human—-Swarm Interaction. It also discusses
how visual information is managed to support user performance and
presents common experimental setups used for evaluation.

2.1 Robot swarm visualisations

To the best of our knowledge, recent taxonomies [45,48] classifying
visualisations used on robots seem difficult to apply to swarms, as they
are mainly aimed at a single robot and do not take into account the
characteristics of multi-robot systems, such as the interaction between
robots or the spatial distribution specific to these systems, which require
special attention. As visualisations applied to swarms of robots are
characterised according to various aspects, we propose some criteria
for classifying them. The first criterion is the visualisation level. As
the situation may need to consider the swarm as a whole, an aggrega-
tion of subsets or individuals clearly discriminated, the visualisations
can characterise several levels within the swarm, such as the robot
level [12,34], the group level [38] or the swarm level [40, 50]. The
second criterion is the visualisation frequency. As a lot of robots may
be augmented, the user’s field of vision could be saturated, as could
their mental load. Consequently, it may be appropriate for some vi-
sualisations to be displayed conditionally, while others are displayed
systematically [40, 50]. The third criterion is the type of information
conveyed by the visualisation. Visualisations may display robots’ ca-
pabilities such as robots’ perception area [11,26,44]; robots’ internal
decision process, such as the current state of the robots when controlled
by a Finite State Machine [28]; interactions and relationships within
the swarm such as groups [2, 8, 34], links between robots [2,40, 52],
the force of influence between robots [32] and swarm’s leaders [50];
information about the current action of the swarm such as robots’
direction [12,26,34,50], swarm’s direction [40, 50] or robot’s trajec-
tories [3,29]; information about the spatial distribution of the swarm
such as swarm’s centroid [50], swarm densities [40] or swarm out-
line [40,41, 50]; state prediction such as robot’s future position [51];
environmental influence such as force fields [17, 18,23]. A last cri-
terion could be to identify if the visualisation aims to add new in-
formation [12,41], convey information already present in a different
way [40, 50], or remove information from the swarm, by hiding some
of the robots for example [50].

2.2 Localised visualisations and Augmented Reality in Hu-
man-Swarm Interaction

An increasing number of studies explore the use of localised and co-
located visualisations in HSI, particularly through Augmented Reality
(AR). Unlike global views, AR allows information to be anchored di-
rectly on or around the robots, improving users’ spatial understanding
and reducing context-switching [12,28]. These visualisations have been
used for debugging [28], trajectory analysis [12], and group behaviour
interpretation [2], often revealing internal robot states or inter-robot
interactions. Beyond analysis, AR interfaces also enable natural interac-
tion with robot swarms through gesture, gaze, or parameter tuning, with
varying levels of control granularity [33,55]. Multi-user systems, such
as swARm [20], have begun to explore collaborative control with head-
mounted displays. Broader reviews highlight the promise of AR in
robotics, while underlining challenges in visual clutter, latency, and task
relevance [27,30]. While promising, few studies have systematically
assessed how localised AR cues affect user perception and decision-
making. Our study contributes to this gap by evaluating visualisations
grounded in the Perception—Decision—Action (PDA) loop, with a focus
on their utility for anticipating and preventing swarm fragmentation in
immersive settings.



2.3 Managing information complexity in swarm visualisa-
tion

Various strategies have been proposed to optimise visualisations in

Human—-Swarm Interaction, not only based on the type of information

users need, but also on how these visualisations affect performance. A

key challenge is to balance informational completeness with cognitive

load, especially when monitoring large swarms.

One common approach is to reduce the amount of visual informa-
tion to avoid overwhelming the user. This can be done by selectively
hiding certain robots [50] or replacing detailed views with global sum-
maries [38,40]. However, the effectiveness of this strategy varies: it
may degrade performance [40], have no measurable impact [50], or
even improve decision-making and situational awareness (SA) [38],
depending on the task. The potential trade-off lies in removing critical
details that support user understanding of swarm behaviour [50].

Another approach is to augment the display with additional infor-
mation—such as anticipated states or inferred relationships between
agents. This strategy can enhance performance [41,51], provided the in-
formation is relevant and well-integrated. Otherwise, it risks increasing
cognitive load and hindering interpretation [40].

In both cases, the usefulness of a visualisation depends on what
is shown, how it is shown, and when it is shown. Effective design
therefore requires identifying which information can be removed, trans-
formed, or added to support user performance without causing over-
load—an aspect that is especially critical when deploying localised
visual cues in AR.

2.4 Experimental set-up

Studying interactions between humans and robot swarms can be chal-
lenging, as it often requires deploying a large number of physical robots,
which entails technical complexity and logistical constraints. Several
approaches have been proposed to facilitate such research. A commonly
used solution is to visualise the swarm on a 2D screen from a bird’s eye
view [15,29,40,50]. This method is practical and scalable, but may not
capture key aspects of user experience, such as embodiment or spatial
perception. When factors such as the user’s point of view, the realism
of the swarm, and its interaction with the environment are central to
the study, physical robots may be used [2,10,34,41]. While offering
ecological validity, such setups are often harder to reproduce and more
difficult to control experimentally. An alternative approach is to use Vir-
tual Reality (VR) [4,46], which allows participants to be immersed in a
realistic simulation of the environment and the swarm [24]. VR enables
precise control over experimental variables, facilitates reproducibil-
ity, and offers the ability to monitor the task from the participant’s
perspective, ensuring consistent conditions across trials.

Summary and design guidelines. From these previous studies, we
can identify several relevant principles for designing visualisations that
help users detect and anticipate swarm fragmentation. First, spatial
proximity and common fate, as grounded in Gestalt theory—appear to
play a critical role in human perception of swarm structure. Second,
the approach in AR—naturally being to augment the display with lo-
calised additional information on real robots- may increase cognitive
load, but it may also convey information that is essential to the opera-
tor’s awareness [16]. Third, visualisations should enhance perceptual
salience of connectivity or motion divergence to support fragmentation
anticipation. However, most prior works focus on 2D or non-immersive
environments, with limited consideration for real-time AR constraints
such as visual clutter or field-of-view limitations. In this work, we
build on these findings and explore three visualisations aligned with
distinct stages of the perception-decision-action loop, aiming to test
their usability and effectiveness in an immersive, simulated AR context.

3 ANALYSIS OF PERCEPTION-DECISION-ACTION VISUALISA-
TIONS

To support the operator’s understanding of swarm dynamics, it can
be useful to provide visualisations that represent different aspects
of the robots’ behaviour. In this work, we rely on the Percep-
tion—Decision—Action (PDA) loop [56], a widely used framework in the

field of multi-agent systems, to structure and present these visualisation
strategies for robot swarms.

As collective behaviour at the swarm level (macro) emerges from
individual robot interactions (micro), visualising information at the
level of perception, decision, and action may help users bridge these two
levels of abstraction. This idea echoes the recommendations of Kolling
et al. [25], who advocate for exposing key aspects of the swarm’s
internal model to improve user supervision. Such visualisations can
also support the development of a coherent mental model [22], enabling
users to describe, explain, and predict the swarm’s behaviour more
effectively.

Furthermore, making these internal processes visible contributes to
increasing system transparency [39], which is essential for effective
human—swarm interaction. In particular, aligning low-level behavioural
cues with high-level outcomes may improve users’ ability to antici-
pate critical events—such as fragmentation—and to select appropriate
interventions, as discussed in Section 2.3.

The PDA loop [56] describes an agent’s behaviour in three stages:
perception (environmental input), decision (internal processing), and
action (output behaviour). We apply this model to swarm robots to map
internal states to external visual cues. When the swarm’s behaviour
leads to its fragmentation, the decisive information for anticipating
its appearance may be found in one of these three aspects. Using
visualisations to convey this information to users may be a solution to
prevent fragmentation.

3.1 Robot perception

Among the information perceived by the robots in the environment,
some represent other robots of the swarm. As long as the robots in the
swarm perceive each other, they can adapt their behaviour according
to their neighbours. For users, robot connectivity cannot be observed
explicitly, and it is possible that humans do not perceive the connectivity
of the swarm, as suggested in [15].

Connectivity can be visualised at the local robot level by display-
ing the robots’ perception fields [11, 26, 44] or the links between
robots [2,40]. But it can also be visualised at the global swarm level
by displaying the convex hull of connected robots [40,41, 50] or the
groups by colouring them using distinct colours [8,34]. However, these
visualisations at the global level only provide new information on the
swarm connectivity after fragmentation. For example, group colouring
shows a single colour when all robots are connected, and two or more
colours only after fragmentation occurs. To help anticipate fragmenta-
tion, the visualisation must provide information on the connectivity of
the swarm before fragmentation, as with these local-level visualisations.
In both cases, visualisations mostly use the grouping principle named
Uniformed Connectedness from the Gestalt Theory [47], naturally mak-
ing humans identifying groups in a simple glance by using links [40],
colours [34] or convex hull [41] for example.

3.2 Robot decision

The decision of the robot is an internal process that takes into account
the robot’s perception of its environment and itself, to determine its next
action. In human-swarm interaction, users usually follow a training
approach [14] to build a mental model of this decision-making process.
Providing users with real-time information about this process could
help them understand and anticipate the dynamics of the swarm, thus
improving the effectiveness of their training, or even replacing it. How-
ever, there are few examples in the literature of swarms transmitting
what the robots decide. An example can be found in [28] where robots
are coloured according to the current state of their Finite State Machine.
For example, for a robot coming dangerously close to another robot,
showing that it is currently avoiding robots or an obstacle can indicate
to users that its cohesion parameter is not too high and that they should
instead reduce its repulsion parameter to avoid collision. In swarms
where robots are driven by virtual forces [15], their behaviour does not
rely on discrete states, but rather emerges from the continuous combi-
nation of multiple interacting forces. Visualising which force currently
dominates a robot’s movement can provide insights into the swarm’s
underlying dynamics [25], which may help operators anticipate and



Visualisation | PDA Com- | Displayed Information
ponent

Li (Links) Perception | Explicit neighbour links show-
ing robot-to-robot connectivity
and the strength of these con-
nections.

Fo (Forces) Decision Dominant interaction forces,
derived from local agent rules
(e.g., attraction, repulsion)

Di (Direc- | Action Robot movement direction

tions)

Table 1: Mapping between the three proposed visualisations and the
components of the Perception—Decision—Action loop.

prevent fragmentation. This approach is not limited to force-based
models—it can also be applied to other control architectures. For ex-
ample, in systems based on fuzzy logic—a method that uses degrees of
truth rather than binary rules to model behaviour—highlighting which
behavioural rules are currently active can help users understand what
drives the robots’ actions at any given time.

3.3 Robot action

The actions that can be carried out by swarm robots are generally
limited. One example is the deposition of virtual pheromones, which
can be made visible to the operator [19]. However, the most common
and fundamental action in most swarm systems is movement.

In this context, visualising the “action” component of the PDA
loop typically involves displaying information related to robot motion.
This can be done at the individual level—by showing robot orienta-
tion [10, 12,26, 32,34, 50], past trajectories [3,29], or predicted future
positions [51]—or at the swarm level, such as by displaying the av-
erage direction or speed of the swarm [40]. Because swarm motion
emerges from the collective movement of individual robots, visual cues
at one level (individual or group) may be adapted or scaled to the other.
While some of these cues—like movement direction—may be natu-
rally perceived by human observers [54], others might require visual
enhancement to support interpretation and decision-making.

4 EXPERIMENTAL PROTOCOL

Building on the PDA-based visualisations described in the previous
section, the present experiment investigates whether such visual cues
can help human operators better manage swarm cohesion. Specifically,
it addresses two main research questions: (Q1) Does providing informa-
tion through PDA-based visualisations improve the operator’s ability to
anticipate fragmentation? (Q2) Does this information help the operator
select appropriate control strategies to prevent fragmentation?

To standardise stimuli across participants, we used pre-recorded
clips covering four swarm behaviours: flocking, swarming, expansion,
and densification. Using these behaviours will allow us to answer the
following secondary question: (Q3) What is the impact of the behaviour
on the ability of humans to prevent swarm fragmentation?

To answer these questions, we set up a within-subjects experimen-
tal design based on two separate tasks, using Virtual Reality (VR) to
immerse the users in the operator role [46]. In the first task, partici-
pants have to determine whether the presented simulated swarms will
fragment. In the second task, participants have to determine which
of the two proposed controls will prevent the fragmentation. Three
visualisations (see section 4.2) are compared during the two tasks to
assess their impact on users’ performance.

4.1 Swarm behaviour model

For this study, the implementation detailed in [15] based on virtual
forces is reproduced. This model provides flocking, swarming, expan-
sion and densification behaviours, by using six behavioural rules and
modifying the weight of each rule. Three of these rules respectively
represent cohesion, separation and alignment from the Reynolds’ Boids
model [37]. The other three are random movement (allows the robot

Fig. 2: Screenshot of the simulation showing virtual Mona robots, one
of which has its perception zone displayed (330° field of vision, 0.6 m
perception distance)

to move independently and randomly), friction (reduces the agent’s
speed over time) and overlapping avoidance (prevents robots from over-
lapping). The sum of the forces produced by these six rules gives the
robot’s acceleration. The acceleration is then used to update the robot’s
velocity (direction and speed). Cohesion, separation, alignment and
overlapping avoidance are rules that depend on the robot’s perceived
neighbourhood, i.e. other robots in its perception zone. This zone is
circular and is influenced by two parameters, its radius and a blind spot
located at the rear of the robot (cf. Fig. 2).

4.2 Evaluated visualisations

To represent the three components of the swarm model’s PDA loop,
three distinct visualisations were implemented, following the analysis
presented in section 3. These visualisations are applied at the robot
level, as opposed to the swarm level. This design choice is particularly
important for the perception aspect: as discussed in section 3, swarm-
level representations of perception do not provide useful information
prior to the onset of fragmentation, whereas robot-level visualisations
can reveal early cues related to local sensing and interaction. In addi-
tion, as this experiment aims to check if the aspects shown are usually
missing for humans, the visualisations are displayed systematically.
Based on these choices, we proposed three visualisations and compared
them with each other and with a baseline (Ba) condition in which no
additional visual information is provided. In total, four experimental
conditions were tested. The three proposed visualisations respectively
convey: (1) the current state of connectivity between robots (percep-
tion), (2) the dominant virtual force influencing each robot (decision),
and (3) the movement direction of each robot (action). To clarity how
each visualisation aligns with the components of the PDA loop, we
summarise their purpose and mapping in Tab. 1.

4.2.1

Two types of information are conveyed by this first visualisation of
the robots’ perception aspect: what are the connected robots, and how
far each connection is from the break. Two robots are connected if
at least one of them perceives the other. The chosen visualisation
represent links between robots as solid grey lines. In addition, the line’s
thickness is modified according to the distance between the robots, until
it disappears when the connection is broken (see Fig. 1.b). Instead of
just indicating which robots are interacting (e.g. [2,40]), qualifying the
distance between two robots might provide relevant information for
users, particularly to anticipate fragmentation.

Visualisations of links (Li)

4.2.2 Visualisation of dominant forces (Fo)

In the behavioural model, the dominant force is the virtual force with
the greatest intensity at time 7, thus having the strongest influence on
a robot’s acceleration. This excludes the random component, which
is unaffected by neighbourhood interactions and fluctuates indepen-
dently. To visualise the decision process, a coloured directional arrow
is displayed above each robot (see Fig. 1.c), encoding the dominant
force’s nature, direction, and relative intensity. The arrow measures
0.26 m in length, 0.05 m in height, with a 0.15 m head and 0.05 m



tail. Direction indicates acceleration; colour encodes force type and
strength: red (attraction), blue (repulsion), green (alignment), and white
(no dominant force). Colour intensity reflects alignment between force
and acceleration: fully saturated at 0°, fading to white by 90°, beyond
which the force is not considered dominant. By indicating the prevail-
ing influence in each robot’s local decision-making, this visualisation
aims to support users in understanding the swarm’s internal dynamics
and choosing the most effective interventions to prevent fragmentation.

4.2.3 Visualisation of directions (Di)

Information about the robots’ actions consist in the current direction of
each robot, as implemented in previous works (e.g. [32,34,50]). The
direction is obtained using the velocity vector of each robot, calculated
by the swarm model (see section 4.1). These directions are displayed
using a pink directional arrow, whose dimensions are the same as in the
previous visualisation (see Fig. 1.d). As humans are naturally able to
perceive the movement of robots, this visualisation should not provide
users with any additional information to help them anticipate or prevent
fragmentation.

4.3 Swarm recordings

We recorded 24 stimuli clips (50 fps, 6-7 s each; mean 6.75 s) showing a
simulated swarm in motion. Half of them lead to fragmentation, half do
not. Robots move on a 2D plane (max speed 0.2 m/s, median 0.1 m/s),
with a 330° field of view and either 0.6 or 1.0 m perception range. Clips
were created by trimming longer simulations: fragmented clips end
0.5 s before disconnection, and matched non-fragmented clips were
selected to resemble them in density, spatial distribution and motion.
Fragmentation was programmatically verified using a connectivity
graph: a clip is marked as fragmented if the graph is disconnected.
Each clip is associated with one of four behaviours (densification,
expansion, flocking, swarming), with six clips per behaviour (three
with fragmentation, three without). Clips are viewed in VR using a
Meta Quest 2 headset in two separate tasks. Guided randomisation
controls their distribution. To prevent recognition across conditions,
clips are mirrored horizontally (relative to the participant) in half the
presentations. The same version of a clip is never shown consecutively.
The 6-7 s duration ensures participants have time to perceive swarm
dynamics without inducing fatigue.

4.4 Environment

The environment (see Fig. 1) is a virtual office measuring 11x13 m,
containing a 7x7 m arena where the robots can move around, bounded
by borders 0.1 m thick and 0.2 m high. Depending on the value of the
robots’ perception radius used in the experiment, the perception area of
each robot covers either 2.3 or 6.4% of the arena. The participant stands
and is located outside the arena in a static position, 1 m from the edge of
the arena, and halfway along an edge. The 3D models representing the
robots are Mona [1] robots measuring 0.08 m in diameter and 0.03 m in
height (see Fig. 2). All the elements create and are subject to shadows.

4.5 Procedure

First, participants are given information about the experiment and
then sign the consent form if they wish to continue. They then fill
in the demographic form. The concept of swarm fragmentation is
introduced to the participants, along with a video showing a swarm
fragmenting. Different colours for distinguishing the different sub-
swarms are used in the video to highlight fragmentation. No explicit
information on the swarm model is given to the participant during
the experiment. Next, the experimenter explains the first task to the
participants and makes sure that they understand it. The participants
then read a document briefly explaining the visualisations and providing
the required information to use them, before putting on the headset
and starting the first task. Once the first task has been completed, the
second task is explained to the participants along with an explanatory
video. Once again, the participants put on the headset and complete
the second task. Once the last task has been completed, participants
complete a feedback questionnaire (see section 4.5.3).

4.5.1

The first task aims to study the participants’ ability to anticipate swarm
fragmentation depending on the different visualisations proposed. For
this task, participants must watch each of the clips (see section 4.3)
presented to them and answer the question “Will the swarm fragment?”.
Participants watch each clip in its entirety before being able to respond.
When the clip ends, the swarm disappears and the response interface
appears in the environment. They then have as much time as they need
to give their answer, by clicking on the answer of their choice on the
virtual interface. Participants are informed before the start of the task
that if fragmentation has to occur, it must happen soon after the end
of the clip. During this task, the participant’s responses and response
times are recorded. Performance in this task was measured objectively
as the proportion of correct answers, based on whether the presented
swarm ultimately fragmented or remained cohesive in the simulation.

First task: fragmentation anticipation

4.5.2 Second task: appropriate control

The second task aims to evaluate whether participants can correctly
select the appropriate control—between two proposed options—to pre-
vent swarm fragmentation. It also seeks to assess the influence of
visualisations on their decision-making. For this task, only the 12 clips
that eventually lead to fragmentation are used (see Section 4.3). Impor-
tantly, fragmentation is not yet visible in the clips, as each ends just
before it occurs. Each of these 12 clips is shown once per visualisation
condition, resulting in 48 decision-making trials per participant. As in
the first task, participants watch each clip in its entirety and are then
prompted with the question: “What changes should have been made
to the swarm to prevent it from fragmenting?” The interface appears
immediately after the clip ends. To avoid learning effects, participants
do not receive feedback on their choices and cannot observe the conse-
quences of their selected control. The two proposed responses for each
clip are predetermined based on the swarm’s state. One proposal effec-
tively prevents fragmentation; the other does not. We chose parameter
changes [25] as the means of control because they are directly linked
to the swarm model, providing the low-level manipulation required
for an operator role. This low-level access means participants need a
functional understanding of swarm dynamics to select the appropriate
parameters. To define the two control options, we used our simulator to
resume the scenario from the clip and observe the outcomes of different
controls. Each clip’s random seed is fixed, ensuring reproducibility of
the swarm’s behaviour. Although the controls are context-specific, they
are drawn from a limited set of four possible interventions: Increase
cohesion, Reduce cohesion, Increase alignment, and Reduce alignment.
For statistical consistency, only one correct control is provided per
trial. This choice is not always the most intuitive one, making the task
deliberately challenging to better reveal the impact of the visualisations.
Prior to the task, participants watch a single explanatory video demon-
strating how each control affects swarm behaviour. This video contains
no fragmentation and is shown only once, with no further explanation
provided by the experimenter. Consequently, participants are given
only macroscopic-level cues about swarm behaviour and must infer
the micro-level robot interactions themselves. Task 2 performance is
quantified as the percentage of trials in which participants selected the
control that, in simulation, successfully prevented fragmentation.

4.5.3 Qualitative data

At the end of the experiment, the participants fill in a questionnaire
designed to gather qualitative results. First, participants are asked to
give their perception of their performance on each of the two tasks.
In addition, they must indicate which visualisation they found most
helpful for each task. The participants are then asked to explain what
they understood about the effect of each of the controls from the second
task. Finally, they can express themselves freely about the experiment
and are free to add any additional comments.

4.6 Hypotheses

Based on the findings of the literature and the analysis provided in
section 3, we formulate the following hypotheses regarding the expected
effects of the visualisations evaluated in this study. Each visualisation



Table 2: Summary of Independent and Dependent Variables for both
tasks.

Independent Variables (common to both tasks)
(random variable)

participants 51

visualisation type 4 baseline, links, forces, di- (within-subject)
rections
swarm behaviour 4 densification, expansion, (within-subject)
flocking, swarming
fragmentation status 2 present / absent (within-subject,
task 1 only)

clip repetition 4 Each clip shown once per visualisation
Dependent Variables

Task 1 — Fragmentation Anticipation

Correct answer to “Will the swarm fragment?”

Time to respond after clip ends

anticipation accuracy

response time
Task 2 — Control Selection
control accuracy

Correct identification of the control preventing
fragmentation

response time Time to respond after clip ends

targets a specific aspect of the PDA loop, and their impact is assessed
on two tasks: the ability to anticipate the appearance of fragmentation,
and the ability to choose the appropriate control to prevent it.

For the connectivity visualisation, which corresponds to the percep-
tion aspect, we expect that making robot connectivity visible will help
participants detect early signs of fragmentation. We thus hypothesise
that it will improve anticipation scores (H1-1), but will not significantly
influence control selection (H1-2).

For the dominant force visualisation, which reflects the decision-
making process, we anticipate that it will not help participants antici-
pate fragmentation (H2-1), but will improve their ability to choose an
appropriate control action to prevent it (H2-2).

Finally, for the direction visualisation, which illustrates the action
aspect of the PDA loop, we do not expect a significant impact on either
anticipation (H3-1) or control selection scores (H3-2), as directional
motion is generally well perceived by humans without additional visual
aid.

4.7 Preparations

The ethics committee of the authors’ institution has approved this exper-
imental protocol. The study was conducted in a quiet room exclusively
dedicated to the study for its duration. A total of 51 participants with
no prior expertise in swarms took part in the experiment, of which
69% were male and 31% were female. Among them, 35% took part
in experiments involving swarms of robots. The participants ranged
in age from 18 to 56 (median of 25). All participants had a correct or
corrected vision. Collected data were anonymised.

5 RESULTS

The impact of two factors, visualisations (Q1 & Q2) and swarm be-
haviours (Q3), was tested in the experiment on the ability to anticipate
fragmentation (first task) and to choose the appropriate control (sec-
ond task). Non-parametric tests were used, as the experiment uses a
within-subject pattern and a Shapiro test has confirmed that data do
not follow a normal distribution. The Friedman test followed by a
Nemenyi post-hoc were used to check differences in correct answers
and response times among visualisation. Non-significant results are not
reported in this document. To assess the impact of the different swarm
behaviours (Q3), all the tests are done in the baseline condition, which
represents a quarter of the participants’ data.

5.1 Results of the anticipation task

While analysing the results of the first task, six participants were re-
moved from the analysis as outliers using the interquartile range method.
Consequently, the following tests were performed on the results ob-
tained from 45 participants.
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Fig. 3: Diagrams showing results for the first task, mainly by showing
the medians and quartiles: (a) correct answer rate, (b) answer time,
and (c) among errors, rate of ‘will fragment’ responses, according to the
visualisation displayed; (d) correct answers rate with mean values and
standard deviations, and (e) answer time, according to the behaviour
displayed by the swarm. (D) Densification (E) Expansion (F) Flocking (S)
Swarming

5.1.1 Impact of visualisations

When analysing the effect of the visualisations on participants’ accuracy
in anticipating fragmentation, the Friedman test shows statistically
significant differences (Q = 13.67,p = 0.003). The Nemenyi post-
hoc test indicates that the links visualisation significantly improved
fragmentation anticipation compared to both the dominant force (p =
0.011) and direction (p = 0.015) visualisations. Figure 3.a shows the
results.

Then, when examining the answer time of participants in anticipating
fragmentation, the Friedman test shows statistically significant differ-
ences (Q = 10.63, p = 0.01). The Nemenyi post-hoc test shows that the
dominant force visualisation was found to significantly increase the
answer time than either visualisation displaying links (p = 0.028) or
directions (p = 0.022). Figure 3.b shows the obtained results. Finally,
looking at the wrong answers from participants in anticipating fragmen-
tation, the Friedman test cannot be used because the number of wrong
answers is different for each visualisation. Instead, the non-parametric
alternative of the One-way ANOVA, the Kruskal-Wallis test, is used.
The Kruskal-Wallis test shows no statistically significant differences
in wrong answers type (Q = 3.68,p = 0.29). Figure 3.c shows the
obtained results.

5.1.2 Impact of swarm behaviour

When analysing the effect of the swarm’s behaviours on participants’
accuracy in anticipating fragmentation, the Friedman test shows statis-
tically significant differences (Q = 66.42, p < 0.001). The Nemenyi
post-hoc test shows that fragmentation from the densification category
was found to be significantly easier to anticipate than either expansion
(p < 0.001), flocking (p < 0.001) or swarming (p < 0.001). Figure 3.d
shows the obtained results. Then, looking at the answer time from
participants in anticipating fragmentation, the Friedman test shows
statistically significant differences (Q = 17.98, p < 0.001). The Ne-
menyi post-hoc test shows that densification behaviour was found to
significantly reduce the answer time than either expansion (p < 0.001)
or swarming (p = 0.013). Figure 3.e shows the obtained results.

5.2 Results of the appropriate control task

While analysing the results of the second task, 2 participants were
removed from the analysis as outliers using the interquartile range
method. Consequently, the following tests were performed on the
results obtained from 49 participants.
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Fig. 4: Diagrams showing results for the second task, mainly by showing
the medians and quartiles: (a) correct answers rate, and (b) answer time,
according to the visualisation displayed; (c) correct answers rate with
mean values and standard deviations, (d) answer time, according to the
behaviour displayed by the swarm. (D) Densification (E) Expansion (F)
Flocking (S) Swarming

5.2.1

‘When analysing the effect of visualisations on participants’ accuracy
in choosing the appropriate control, the Friedman test shows no statis-
tically significant differences (Q = 5.80, p = 0.12). Figure 4.a shows
the obtained results. Then, looking at the answer time from partic-
ipants, the Friedman test shows statistically significant differences
(Q=9.17,p =0.027). The Nemenyi post-hoc test shows that the links
visualisation was found to significantly increase the answer time in
choosing the appropriate control than the baseline (p = 0.015). Fig-
ure 4.b shows the obtained results.

Impact of visualisations

5.2.2

When analysing the effect of the swarm’s behaviours on participants’
accuracy in choosing the appropriate control, the Friedman test shows
statistically significant differences (Q = 12.81,p = 0.005). The Ne-
menyi post-hoc test shows that it is significantly easier to choose the
right interaction to prevent fragmentation from the densification cate-
gory than swarming (p = 0.028). Figure 4.c shows the obtained results.
Then, looking at the answer time from participants, the Friedman test
shows statistically significant differences (Q = 22.34, p < 0.001). The
Nemenyi post-hoc test shows that densification behaviour was found
to significantly reduce the answer time in choosing the control than
either flocking (p = 0.007) or swarming (p < 0.001). Moreover, the
expansion behaviour was found also to have a significant difference
compared to the swarming behaviour (p = 0.007). Figure 4.d shows
the obtained results.

Impact of swarm behaviour

5.3 Qualitative results

The qualitative results were obtained from the participants using a form.
The results presented in this section are based on the responses of 51
participants. For each task, participants were asked which visualisation
they considered the most helpful in completing the task. They were
also asked to give their opinion of their performance on each task on a
five-point scale ranging from “1-Not at all” to “5-Perfectly”. Finally,
they were asked to explain the effect of the controls in the second task
in their own words.

Feedback on the first task Regarding the distribution of the pre-
ferred visualisations for the first task (Fig. 5.a) , the links visualisation
has the highest proportion (73%), compared to displaying direction
(12%), dominant force (14%) or the baseline (2%). Concerning partici-
pants’ opinions of their performance in the first task, the mean value is
2.78 (median = 3, see Fig. 5.c).

Feedback on the second task Regarding the distribution of the
preferred visualisations for the second task (Fig. 5.b ), the dominant
force visualisation has the highest proportion (47%), compared to
displaying links (25%), direction (24%) or the baseline (4%). shows
the obtained results. Concerning participants’ opinions of their per-
formance in the second task, the mean value is 3.03 (median = 3, see
Fig. 5.d).

Visualisation Perceived performance

Fig. 5: Diagrams showing qualitative results: (a) visualisation most useful
for the first task, and (b) visualisation most useful for the second task,
according to participants; (c) participants’ opinion of their success in
the first task, on a scale of 1-Not at all to 5-Perfectly; (d) participants’
opinion of their success in the second task, on a scale of 1-Not at all to
5-Perfectly.

Controls understanding Two principles were used in the sec-
ond task controls, cohesion and alignment. Participants were asked
to explain the effect of increasing or decreasing these two principles
independently of each other. In their answer, it was checked whether
the participants correctly explained the effect of the principle on the
swarm and whether they noticed that the effect applies to the robots’
neighbourhood. Of the explanations given by participants for the co-
hesion principle, 84% mentioned an effect on robots moving closer
together or further apart, and 39% mentioned the involvement of the
robot’s neighbours. Concerning the alignment principle, 64% of par-
ticipants mentioned an effect on the coordination of robot movement,
and 27% mentioned the involvement of the robot’s neighbours. Then, it
was checked whether the participants highlighted the effect of control
on fragmentation. 8% of participants mentioned using the controls
for specific fragmentation situations: increasing cohesion to avoid
fragmentation when robots spread out too much, decreasing cohesion
when several groups form, increasing alignment when two groups go
in distinct directions or when robots move randomly, and decreasing
alignment when they are too far apart and keeping their current direc-
tion prevents them from moving closer together. Finally, the number
of participants with an explanation that was undoubtedly incorrect was
checked. 2% of the participants incorrectly explained the effect of
the cohesion principle, as they mentioned the synchronisation of the
robots” movement and 10% of the participants incorrectly explained the
effect of the alignment principle, as they mentioned changes in distance
between robots.

6 DISCUSSION

Out of the six tested hypotheses (three per task), only one was clearly
supported: the link-based visualisation (Li) significantly improved
fragmentation anticipation. This perception-level cue outperformed
the direction- and force-based visualisations, which showed limited or
no advantage over the baseline. Participants also considered the link
visualisation the most useful, suggesting that low-level connectivity
information supports anticipation more effectively than decision- or
action-level cues. However, this effect was not consistent across tasks:
the link visualisation did not significantly improve performance in the
control task. These mixed results indicate that while perception-level
cues can aid anticipation, decision-level and action-level visualisations
may require further refinement, simplification, or contextual adapta-
tion to become effective. Regarding swarm behaviours, fragmentation
caused by densification was both easier to anticipate and to control
than fragmentation caused by expansion, flocking or swarming. This
may reflect stronger visual salience or more interpretable collective
dynamics in densification scenarios.

6.1 Impact of visualisations

Links. This visualisation was expected to be more helpful to the users
than the others for anticipating fragmentation (H1-1), as it was designed
to show just how close two agents are to breaking up, but finally shows
no significant difference to the baseline. One participant commented



that displaying the links between the robots gives an impression of
cohesion which may be contradictory to the movement of the robots,
which seems to indicate future fragmentation. This is consistent with
the fact that the display of links relies on the notion of uniform connect-
edness from Gestalt theory [47] to identify robots that are part of the
same group. However, no effect was found in the results to corrobo-
rate this hypothesis (see Fig. 3.c). This suggests that this visualisation
only conveys the connectivity of the swarm, but not the dynamics of
their interaction. A conditional visualisation showing only the links of
interest or a visualisation focusing on the dynamics of the interaction
between the robots might be more appropriate in this context. Finally,
the same reasoning could be applied in the context of the second task,
as this visualisation shows no improvement, as expected (H1-2).

Dominant forces. This visualisation aimed to expose internal deci-
sion influences of the swarm model [25], to help users select appropriate
control actions (H2-2). However, results show no benefit over the base-
line, and five participants reported that it was disturbing. Displaying
the dominant force for every robot often led to clutter, especially un-
der swarming dynamics. Arrows varied in direction and colour—even
within the same neighbourhood—and changed constantly, making it dif-
ficult to identify relevant zones and analyse the swarm in time. Excess
information increases cognitive load, potentially leading users to disen-
gage from the task [57]. The challenge lies in designing visualisations
that are both faithful to the swarm model and cognitively efficient [36].
While our study used VR, the goal is AR supervision—where co-
located, persistent cues must remain legible and lightweight. The
poor performance of this visualisation underscores the risk of over-
whelming users with low-level, dynamic data. A contributing factor
may be a mismatch between the visualisation and the task demands.
Although participants seemed to form mental models of the swarm
dynamics [22], the second task required not just understanding, but
prediction—anticipating how a control would affect swarm behaviour.
The visualisation may have supported comprehension but failed to aid
forward inference. Several participants described the arrows as dense
and difficult to interpret. In AR, this would be worsened by reduced
field of view and real-time constraints. Future work should explore
adaptive strategies: filtering or aggregating arrows, selectively display-
ing salient cues, or shifting to higher-level representations aligned with
human attentional focus.

Directions. In general, displaying directions is useful for repre-

senting movement when it is absent or imperceptible [53]. Still, it was
not expected (H3-1 and H3-2) in this context to provide the users with
any more information than they already perceive, since humans are
naturally able to perceive moving elements [54]. The results obtained
support this, showing no significant difference compared to the baseline
condition. Despite the results obtained, the transmission of information
on the action aspect of the swarm other than the directions of the robots
(e.g., the relative movements of the robots with respect to the swarm)
could give users the information they need to understand the dynamics
of the swarm.
These results highlight how the PDA framework can help structure the
design and evaluation of swarm visualisations. While the perception-
oriented visual cue (connectivity) appears more immediately useful
for fragmentation anticipation, the decision and action layers (dom-
inant force and direction) present more nuanced design challenges.
This supports the idea that the PDA loop is not only a modelling tool,
but also a useful lens to guide the mapping of swarm internals to
human-perceivable cues in AR. The lack of effect for the force and
direction visualisations may be due to a mismatch between what is
represented and what participants need to decide. For instance, force
vectors—though theoretically informative—may have been cognitively
demanding to interpret within the short clip duration, especially under
time pressure. Similarly, motion direction arrows may not sufficiently
highlight deviations that predict fragmentation.

6.2 Swarm behaviours

Among the four behaviours compared in this study, densification is
significantly easier to anticipate (see Fig. 3.d), and the one with the
best score for choosing the right interaction, even though there was

no significant difference (see Fig. 4.c). A difference is noticeable in
comparing these results with those of Hénard et al. [15]. In their study,
participants were free to anticipate or not their response to identify
fragmentation. In the end, the authors noted that participants were
more likely to wait until the last moment to respond when the swarm
adopted swarming behaviour. In this study, the participants were forced
to respond after viewing the clip. Swarming did not turn out to be
significantly more difficult to anticipate than the other behaviours. It
was the densification behaviour that stood out, being easier than the
others to prevent. This result is consistent with the results from [15], as
fragmentation in densification behaviour proved easier to identify. The
authors suggest that the notion of common Fate from Gestalt theory [47]
plays an important role concerning densification behaviour, as the
identification of one or more centres of gravity seems to be a crucial
clue for the identification of fragmentation in this behaviour. For the
other three behaviours, the absence of visual evidence of fragmentation
(e.g. group identification through the detection of distinct directions or
variations in distance, respectively based on common fate and proximity
grouping principles) makes the task more difficult. The expansion
behaviour shows a synchronised and homogeneous movement, the
swarming behaviour shows a disordered movement that is difficult to
predict, and the flocking behaviour shows an ordered and synchronised
movement that shows few or no anomalies. As variations in distance
between robots occur without immediately causing fragmentation, the
densification behaviour is probably the only one to give the users
enough time to anticipate fragmentation. Finally, despite the difference
in the user’s point of view compared to [15], and the use of an immersive
environment, the results are consistent.

6.3 Limitations and future work

This study has several limitations that also outline practical takeaways
for future work and deployment. First, participants were non-experts
in swarm supervision, as recruiting trained operators is challenging.
Results may differ with professional users, so operational studies—for
instance, with drone fleet coordinators or underwater robot pilots—are
needed to validate the findings. Our second task aimed to assess con-
trol selection, but its design (limited options, no feedback) may have
restricted differences between visualisations. Future iterations should
mirror real scenarios, where operators receive feedback and adjust
commands dynamically. Although we used virtual reality to simulate
immersive AR, true AR deployment raises extra challenges: limited
field of view, motion parallax, display instability, and environment light-
ing may all affect usability. Evaluating the system on AR headsets in
field conditions (e.g., for search-and-rescue teams or agricultural moni-
toring) is a crucial next step. Scalability and spatiality are also concerns.
Our study involved moderately sized, mostly planar swarms, but in real-
world scenarios—especially with aerial or underwater drones—robots
may operate in 3D formations. Local cues may clutter at scale or fail
to convey altitude changes, so visualisations should integrate layering,
filtering, or clustering to remain interpretable. Finally, our results sug-
gest that visual cues should complement—not duplicate—perceptible
swarm behaviour. Redundant or overly dense displays risk increas-
ing cognitive load. Instead, adaptive, task-specific, and perceptually
efficient encodings—for example, emphasizing connectivity when frag-
mentation risk rises, or abstracting forces into simplified “corridors” of
movement—will better support robust human—swarm interaction.

7 CONCLUSION

This paper investigated the impact of three localised visual-
isations—each corresponding to a component of the Percep-
tion—Decision—Action (PDA) loop—on human ability to anticipate
and prevent swarm fragmentation. Through an immersive VR study
involving 51 participants, we evaluated whether conveying information
about robot connectivity (perception), dominant behavioural influence
(decision), or movement direction (action) could support operators
across two tasks: anticipating fragmentation and selecting an appro-
priate control to avoid it. Results reveal that visualising inter-robot
connectivity improves anticipation performance, both quantitatively
and qualitatively, confirming the utility of perception-level cues for



identifying early signs of fragmentation. In contrast, displaying domi-
nant forces or directions did not significantly enhance user performance,
and none of the three visualisations consistently improved control selec-
tion. These limitations may stem from visual overload or redundancy
with what humans naturally perceive, particularly in the case of di-
rection cues. Densification scenarios were easier for participants to
interpret and act upon than expansion, flocking, or swarming, which
remain visually ambiguous and cognitively demanding.

This study illustrates how the PDA loop can be used as a conceptual
structure for designing swarm visualisations. However, its operational
benefit varies depending on the component visualised and the task con-
text. In our setting, perception-level visualisation (Li) showed the most
promise for aiding anticipation, though its advantage did not extend
to all tasks, nor did it consistently outperform the baseline. Taken
together, these findings underline the importance of prioritising connec-
tivity cues for early fragmentation detection, simplifying or avoiding
redundant force and direction displays that risk overloading users, and
ensuring that visualisations are designed with adaptability and scal-
ability in mind for dense, dynamic swarms. These insights provide
actionable guidance for the design of co-located visual feedback in
Augmented Reality (AR), where visual clutter and attentional load
are critical concerns. Future work should explore adaptive strategies
tailored to swarm dynamics, integrate predictive or global represen-
tations, and test the approach under real AR conditions. By aligning
visual feedback with operators’ mental models and attentional capacity,
AR-based systems could better support effective human oversight in
high-density or rapidly evolving swarm scenarios.

SUPPLEMENTAL MATERIALS

Supplemental materials are available at https://osf.io/49gny.
They notably include three videos showing details of the experiment,
and the document explaining the visualisations, given to participants
at the beginning of the experiment. In addition, the code and simula-
tion parameters used in the study are available upon request from the
authors, to ensure full reproducibility of the experiment.
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