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Figure 1: Our proposed multisensory feedback system. Left: A conceptual illustration of our mapping strategy, where critical
swarm-state information—such as cohesion, obstacle proximity, and agent isolation—is translated into intuitive haptic patterns
on a wearable jacket and spatial audio cues. Right: The teleoperator’s first-person view (FPV) from a drone within the swarm,

showing the visual interface used for navigation.

Abstract

This paper evaluates how multisensory feedback can improve hu-
man teleoperation of aerial swarms. Effective oversight in swarm
missions requires user interfaces that convey the swarm state and
environment information. While Top-Down View (TDV) natu-
rally provides this, it is impractical in real-world contexts. First-
Person View (FPV), by contrast, aligns with the distributed nature
of swarms but limits awareness of the swarm state. To address this
limitation, we designed a multisensory interface that augments
an FPV interface with haptic and audio feedback. Specifically, we
propose a novel mapping that compresses the complex swarm state
into intuitive cues, using key metrics conveyed through a vibro-
tactile jacket and spatial audio. Through a user study, we show
that while TDV perspectives achieve the best performance, mul-
tisensory feedback enabled significant performance increases for
FPV perspectives. These results suggest that multisensory feed-
back can effectively mitigate the limitations of FPV perspectives,
improving performance and enabling more reliable human-swarm
teleoperation.

CCS Concepts

« Human-centered computing — User studies; - Computer
systems organization — External interfaces for robotics.
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1 Introduction

Aerial swarms have potential to revolutionize applications such as
search and rescue, environmental monitoring, and infrastructure
inspection [1]. This has been spurred on by advances in autonomous
operations [2]. However, human oversight remains essential for
sensitive operations, especially those concerning human lives [3].
This require an effective interface that conveys knowledge of the
swarm’s internal state and the surrounding environment [4]. A
third-person or Top-Down View (TDV) naturally fulfills this and
is known to provide high levels of environmental awareness [5].
However, creating this view with a swarm member would result
in a single point of failure, negating robustness, one of the key
advantages of swarms [6], and real-time reconstructions do not yet
provide the same quality of information in real-time [7].

In contrast, First-Person View (FPV) perspectives can leverage
the distributed and robust nature of aerial swarms [8]. FPV per-
spectives from single drones have also been shown to produce
higher levels of embodiment that can improve performance [9, 10].
However, FPV perspectives can also degrade Situational Awareness
(SA) of the swarm state leaving the operator unaware of the other
drones outside the immediate camera feed [11].

In this work, we seek to address this informational gap by in-
vestigating how FPV perspectives can be enhanced with auditory
and haptic feedback to better convey the swarm state. The key
challenge lies in the mismatch between the singular perspective
of humans, and the distributed morphology of a swarm, which
can disperse through-out it’s environment. Additionally, there are
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no established methods for non-visually conveying the state of
many agents to a single teleoperator [12]. To overcome this, we
compress the swarm state through a set of metrics derived from
the Olfati-Saber algorithm[13].

These metrics provide a holistic representation of the swarm
state and are conferred to the teleoperator through a novel mapping
to audio and haptic cues. Specifically, we map connectivity (the
swarm’s cohesion and risk of splitting), inter-agent distance (the
distance between neighbours in the swarm), drone isolation (when
an agent disconnects from the swarm), predicted paths (expected
trajectory of each agent based on user-inputs), and obstacle forces
(repulsive forces applied to each agent). By communicating this rep-
resentation through haptic and audio feedback, we aim to preserve
the robustness and practicality of FPV perspectives while restoring
awareness of the swarm state, thereby reducing cognitive load and
increasing performance in teleoperation tasks.

This work makes several key contributions. First we introduce a
novel mapping strategy to translate the swarm state into intuitive
haptic and audio cues. We then present a controlled user study
to assess the relative benefit of these cues for both FPV and TDV
perspectives when piloting a simulated swarm through an obstacle
course. A user-centered evaluation then assesses the perceived effec-
tiveness of these metrics. The findings of these studies demonstrate
that TDV perspectives achieve higher levels of performance than
FPV perspective for swarm teleoperaiton tasks. However, multi-
sensory feedback was found to have a significant increase in pilot
performance, reducing the time to complete complex tasks while
also reducing the number of crashes, drone isolation, and cognitive
load. These findings suggest that multi-sensory feedback offers
an effective method to augment FPV perspectives, improving task
performance and enabling more reliable swarm teleoperation.

2 Prior Work

2.1 Methods for Conveying Emergent Behavior
in Swarms

Swarm systems are composed of multiple simple agents that interact
locally to produce emergent, coordinated group dynamics. A wide
range of swarm algorithms have been developed, often drawing
from natural systems such as bird flocks, insect swarms, and schools
of fish [14-16]. However, humans struggle to recognize emergent
swarm behavior such as fragmentation [17] or flocking[18]. In
their review of Human Interaction with Swarms, Kolling et al. [4]
highlight swarm visualization and understanding of dynamics as a
key area of future work.

Several approaches exist for defining which agents in a swarm
are considered neighbors and will interact with each other. One of
the most common approaches is the metric method, which considers
neighbors as those that are within a defined metric distance from
each other [14]. Another approach defines neighbors based on their
visibility, where agents only interact with others that are within
line-of-sight, not obscured by obstacles or other agents [15, 16], Fig.
2A. However, it is important to note that due to this, in the presence
of obstacles swarms can fragment, with some agents becoming
isolated or forming into separate sub-groups, Fig. 2B.

Prior work has sought to improve operator awareness by aug-
menting the visual and auditory channels. Some visual approaches

Anon.

have used augmented reality to overlay data [19] or provided multi-
ple viewpoints to give operators better spatial context of the swarm
[8]. The auditory channel has also been explored, with research
showing that audio cues can effectively convey swarm informa-
tion [20]; however, this work focused on ground-based swarms,
which have simpler dynamics than their aerial counterparts. In this
work, we adopted the Olfati-Saber flocking algorithm [13] as the
foundation for swarm behavior in our simulation, leveraging its
interpretable potential-field structure to extract meaningful metrics
such as deviation energy for connectivity. Our work goes beyond
prior implementations by mapping this algorithmic information
into intuitive haptic feedback.

Figure 2: Swarm connectivity and neighbor definitions. (a)
A visualization of swarm disconnection, where agents have
split into two isolated groups (green and red) due to an ob-
stacle. (b) A depiction of how neighbors are determined for
a selected drone (green). Neighbors (blue) must be within
the interaction range and not be occluded by obstacles. Non-
neighbors are shown in red.

2.2 Haptics for Swarm Teleoperation

When a human teleoperates a swarm, maintaining situation aware-
ness is essential for making informed decisions based on the swarm’s
state [21]. However, depending on the level of autonomy and mis-
sion complexity, visual displays can lead to cognitive overload [22].
Prior research shows that haptic feedback enhances situational
awareness, particularly under high mental workload [12]. For in-
stance, in aviation, haptics have been used to offload cognitive
demands from overburdened visual and auditory channels to im-
prove pilot awareness [23]. Similarly, the wearable Tactile Situation
Awareness System (TSAS) used torso vibrations to help helicopter
pilots hover in low-visibility and demonstrated improved response
time and reduced cognitive load [24, 25]. Similar benefits of haptics
have been found in drone teleoperation, where haptic force feed-
back improves control and reduces crashes [26]. Other work has
focused on wearable interfaces, such as the FlyJacket, to provide
more natural and intuitive drone control through haptics [27].
Despite these advances, gaps remain—particularly in scenarios
where a single operator supervises a group or swarm of robots.
Most existing research focuses on one-to-one control or tightly cou-
pled human-automation systems [28]. In contrast, “many-to-one”
scenarios, where a human oversees multiple autonomous agents,
are less explored [29]. Similarly, Haas et al. (2009) developed a mul-
timodal interface for a soldier-swarm convoy mission that relied
on simple, low-level cues [30]. In another approach, McDonald et
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al. (2017) explored using a non-wearable, desktop haptic device to
let a single operator control a multi-robot team as a deformable
shape [31]. A key limitation of this method, however, is that it
only communicates the swarm’s overall shape. These examples
highlight how existing haptic systems for swarms tend to provide
feedback on task-related metrics (like basic alerts or physical shape)
rather than conveying high-level information about swarm state
and emergent swarm behavior. Yet, for effective human-swarm
teaming, shared understanding and intuitive communication are
essential [32].

Building on these insights, our study extends the application of
haptic feedback into the domain of swarm teleoperation, specifically
addressing the underexplored "many-to-one" challenge. Our work
uniquely focuses on swarm-level feedback rather than single-agent
feedback. To address this challenge, we developed a haptic jacket
that provides spatially distributed feedback across the operator’s
torso. This wearable system translates critical, swarm-wide behav-
iors, such as disconnection, agent isolation, and overall connectivity,
into distinct tactile patterns. This approach enables operators to
perceive emergent swarm dynamics through haptics, which is par-
ticularly beneficial when their visual channel is saturated, as is
common in FPV teleoperation.

3 Methods

3.1 User Study

We conducted a between-subjects study with 40 participants (28.2 +
8.8 years, 26 male, 14 female). Participants controlled a simulated
aerial swarm through an obstacle course in Unity using an Xbox
controller. They were randomly assigned to one of two conditions:
(1) Haptic & Audio Feedback, receiving spatial audio cues (50-65
dB) and vibrations from a haptic jacket, or (2) Visual Only, where
they wore the devices but received no feedback beyond visual
information on the screen. All participants were required to wear
a Medium or Large t-shirt for device compatibility; those with
hearing disorders were excluded. The study was approved by MIT
IRB (2501001530).

Two viewpoints were tested: Top-Down View (TDV) and First-
Person View (FPV), with presentation order counterbalanced. Each
participant completed two tasks—(1) basic navigation and (2) navi-
gation with collectible objects—under both viewpoints, repeated
twice, for a total of 8 trials. For each crash, a 5-second penalty was
added. Completion required that all drones stayed connected and
all stars were collected. After each condition, participants com-
pleted questionnaires including NASA-TLX [33], demographic and
experience questions, and feedback on the feedback modalities.

In total, 290 flights (out of 320) were retained after excluding
trials with outlier completion times or crash counts (>20 per task-
viewpoint combination). During each trial, we recorded swarm
state (positions, velocities, neighbors, forces), camera orientation,
and user control inputs.

3.2 Swarm Model and Status Metrics

The aerial swarm consisted of 20 simulated drones, each with a max-
imum velocity of 2.1 m/s, maximum acceleration of 1.7 m/ s%,and a
field of view (FOV) of 84°. Swarm coordination was implemented
using the Olfati-Saber algorithm [13], which regulates inter-agent
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distances and avoids obstacles through potential fields. Neighbor-
ing drones were defined as those within 1.3% the desired separation
radius and not occluded by obstacles. While the algorithm pro-
motes a unified swarm, occlusions could fragment the network
into sub-groups. As per the Olfati-Saber algorithm, obstacles are
modeled as virtual agents exerting repulsive forces, this facilitates
navigation through cluttered environments, but can cause swarm
fragmentation or lead to agents being trapped in local minima
around non-convex obstacles.

3.2.1 Operator Perspectives. Two control perspectives were imple-
mented to evaluate the effectivness of multisensory feedback with
different visual perspectives. In the FPV condition, participants
embodied a single drone that acted as the swarm leader. Unlike
follower drones, this leader was not subject to inter-agent forces,
which facilitated maneuvering but increased collision risk. Its in-
fluence on followers was weighted five times higher than that of a
regular agent. Haptic feedback reflected obstacle forces acting on
the leader drone, filtered according to their directional relevance:
only forces within 45° of the acceleration vector were conveyed,
expanding to 72.5° when obstacle proximity increased. In the TDV
condition, participants controlled the swarm as a cohesive unit by
setting a reference velocity applied to all members of the currently
selected network. Users could switch networks via controller inputs.
Obstacle forces were aggregated across drones and clustered using
DBSCAN [34]. A haptic warning was generated when a directional
cluster represented at least one-quarter of the swarm.

3.2.2 Status Metrics. To maintain situational awareness, the inter-
face displayed real-time swarm indicators (Fig. 3):

e Spreadness. Average inter-agent distance, adjustable by
the operator (bounded between 1-5 m).
e Connection. Likelihood of swarm fragmentation, derived

from the normalized deviation energy E (gq) [13]. After Min-Max

normalization (Epj, = 0.3, Emax = 0.7), the metric reached
1 when the swarm split into separate networks.

e Trajectory Prediction. Each drone’s future trajectory was
simulated 1 s ahead (25 steps, At = 0.04 s), updated at ~13
Hz. Predicted collisions were highlighted in red to signal
imminent risk.

e Crashes and Isolation. Counters displayed the number of
drones lost to collisions or disconnected from the controlled
network.

e Obstacle Forces. Force vectors computed from obstacle
avoidance were mapped to haptic cues on the torso (see

Table 1).

3.3 Haptic and Audio Feedback

The haptic jacket developed for this project incorporates 32 vibro-
tactile actuators, comprising Linear Resonant Actuators (LRA) and
Voice Coil Actuators (VCA) using the VibraForge toolkit[35]. Ten
LRAs were positioned along the length of each arm, eight VCAs
were arranged in a ring around the waist, and four VCAs were
placed on the torso, Fig. 4. To compliment this haptic feedback, spa-
tial audio was delivered through headphones. The torso and waist
actuators were assigned to events affecting the collective swarm
state, such as collisions or nearby obstacles, while the actuators on
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Figure 3: Visual interfaces. (A) Top-Down View (TDV) of the swarm in the Pillar zone. Obstacles are in black; red arrows mark
the path. (B) First-Person View (FPV) from an embodied drone with propellers visible in green. Metrics and elapsed time are

displayed in the overlays.

the arms were used to convey disconnection from the main swarm
body. This configuration was selected to provide the operator with
distinct body regions and senses to easily identify between localized
cues.

This mapping strategy was informed by prior research on spa-
tially distributed vibrotactile cues, which has shown that such
designs improve situational awareness[36]. To further enhance
perception, vibration intensities were adjusted from VibraForge’s
default electrical linearity to a perceptually linear profile, following
the Weber-Fechner law [37]. The system was integrated with Unity,
achieving an end-to-end latency of 20 ms.

When the inter-agent distance between some neighbors in the
swarm increased, suggesting fragmentation was imminent, users
experienced vibrations propagating down their arms to mimic the
sensation of something separating from the swarm. If separation
did occur and a agent was isolated from the swarm, this was indi-
cated by an audio cue and a change of color in the isolated agent. If
a crash was imminent, determined by the trajectory prediction, the
controller would start to vibrate. If the user did not correct and a
crash occurred then the user would experience a strong vibration
on their torso. If the user modified the inter-agent distance of the
swarm and thus its overall size, this was accompanied by an chang-
ing frequency audio cue from brown to blue noise. The actuators
around the waist were reserved for conveying environment infor-
mation through obstacle repulsive forces. A complete description
of these mappings is provided in Table 1.

3.4 Obstacle Course

The obstacle course was designed to assess the operator’s ability to
control swarm trajectory, regulate spread, and maintain cohesion
while navigating through obstacles in a 3.5 m wide corridor (Fig. 5).
It began with an Entry Gate featuring two narrow gaps, one inverted,
which created local minima in the obstacle avoidance potential field
and required reducing swarm spread to pass. A subsequent Zigzag
section tested maneuverability and rapid adjustments, followed
by the Pillars, 24 evenly spaced obstacles in an 8 X 3 array that
slowed the swarm and demanded heightened situational awareness.
The Diamond section encouraged the operator to deliberately split

Figure 4: Locations of the haptic actuators used in the experi-
ment 10 LRA on each arm which represent swarm connection
(red boxes), 8 VCA around the waist which represent the ob-
stacle forces, (blue boxes) 4 VCA on the torso (green boxes)
which represent drone crashes.

and re-merge the swarm, and the course concluded with an End
Gate that required precise control of spread for successful passage.
This structured sequence provided a comprehensive assessment of
swarm control capabilities.

4 Results

4.1 Haptics vs Non-Haptics

The most significant effect of Haptics was observed in the FPV
configuration during the collectible task. The task was better per-
formed across all the metrics: reduction in crashes, reduction in
time completions time and reduced time having drone isolation
time.

Quantitatively, the number of crashes in the FPV collectible task
dropped from 2.58 + 1.73 without haptics to 1.32 + 1.58 with haptics
(p < 0.01). Isolation time also improved, decreasing from 10.08 +
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Table 1: Summary of the Mapping of the Different Features with Extra Information

Feature Extra Information Drone configuration Haptic-Audio
%) [
Isolated Spatial audio emits sound from the 25 5% o 0
drone’s location; drone’s color changes X
Drone(s) ) ; . . X
for visual identification. . U S

Drone Crash

Vibration on the torso if any crashes
happen. Small firework animation at the
crash position.

X
Audio transitions from brown to blue
Change of . . X X .
noise based on spreadness value during Brown-Blue Noise
Spreadness .
user adjustments.
X X
Trajectory lines turn red and tri *
rajectory lines turn red and trigger
Trajectory Pre- y Y L o &8 0 X
dicti controller vibration. Intensity increases o %
iction as predicted crash gets closer. \ @ @,
FPV: Feel nearby obstacles around the ) ()
Obstacles embodied drone. TDV: Feel swarm-level
Force(s) force cues. Threshold set to 25% of o °
swarm density.
Represents the likelihood of swarm 7 ) [
. splitting or isolated drones emerging; ¥ X X
Connection

Vibration going from shoulder (0.1) to
hand (1)

x::‘x ” """ JE\

Entry Gate

*

KL LCELLLLKLLLS gy LK

Zigzag

End Gate

u . e -
PSRIIIIIIIINIII. DIIIIIINY SIWIINY )#)»)))9')»»)»»‘1»»’));)7
. * -
| B o

Pillars

Figure 5: Obstacle course with the different sections labelled.

Red arrows indicated the direction to complete the obstacle
course. Stars shown in yellow were only available in the
Collectible task.

11.79 seconds to 4.67 + 7.79 seconds (p < 0.05). The completion
time was likewise reduced from 177.49 + 50.53 seconds without
haptics to 152.55 + 51.22 seconds with haptics (p < 0.05).

These improvements suggest that haptic feedback contributed
to more stable and cautious navigation in the more demanding
FPV condition. In contrast, TDV showed minimal gains from hap-
tics, possibly due to the enhanced spatial awareness TDV already
provides.

4.2 NASA-TLX Workload

In terms of perceived workload, haptic feedback significantly re-
duced mental workload in most conditions. For the collectibles task
in FPV, participants reported a workload of 10.83 + 3.76 without hap-
tics and 8.04 + 3.87 with haptics (p < 0.01). Under TDV, workload
was further reduced, with 8.13 + 3.51 in the non-haptic condition
and just 5.69 + 3.12 with haptics (p < 0.01) as shown in Fig. 7

Similarly, in the obstacle task, FPV users experienced 8.60 + 2.71
workload without haptics and 6.86 + 3.79 with haptics (p < 0.05).
In TDV, the difference was not statistically significant (p > 0.05),
with workload values of 6.79 + 2.99 (NH) and 5.54 + 3.50 (H).

Furthermore, when comparing task types, the Collectible task
elicited higher ratings in mental demand, frustration, and perceived
performance (inverted success scale) than the Obstacle task. These
results indicate that participants perceived the Collectible task as
more cognitively demanding and complex (Fig. 7).
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Figure 6: TDV significantly reduced completion time and crashes in both tasks (p < 0.001), and reduced isolation time in the
Collectible task (p < 0.001) and Obstacle task (p < 0.05). Haptic feedback improved completion time in the TDV-Obstacle task
(p < 0.01) and FPV-Collectible task (p < 0.05), reduced crashes in the FPV-Collectible task (p < 0.01), and decreased isolation
time (p < 0.05). The black dot represents the max value for each configuration.
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Figure 7: TDV significantly reduced workload according to
NASA-TLX for Obstacle (p < 0.01) and collectibles (p < 0.001).
Haptic reduces workload for FPV-Obstacle (p < 0.05), TDV-
Collectibles and FPV-Collectibles (p < 0.01). NASA-TLX score
of 0 is good and 100 bad.The black dot represents the max
value for each configuration.

4.3 TDV vs. FPV

Table 2 summarizes the performance differences between the TDV
and FPV across both tasks. Overall, TDV demonstrated superior

Table 2: Comparison of FPV and TDV performance (mean +
SD).

Measure / Task FPV TDV Signif.
Completion Time (s)
Obstacle 96.40 + 26.75 76.41 £ 9.41 p <0.001
Collectible 165.17 £ 52.61 107.38 +11.31 p < 0.001
Crashes / Flight
Obstacle 1.53 £ 1.57 0.10 + 0.30 p <0.001
Collectible 1.90 £ 1.77 0.17 + 0.38 p <0.001
Isolation Time (s)
Obstacle 2.32+£5.77 0.09 + 0.58 p <0.01
Collectible 7.54 + 10.34 1.34 £ 2.55 p <0.001
NASA-TLX
Obstacle 7.75 £ 3.37 6.12 +3.31 p <0.01
Collectible 9.37 + 4.04 6.89 + 3.51 P <0.001

performance: participants completed tasks significantly faster, ex-
perienced fewer crashes, and reduced periods of drone isolation.
These trends are consistent across both the obstacle and collectible
tasks (see also Fig. 6).

5 Discussion

This work has demonstrated that Haptic feedback further enhanced
performance in FPV—particularly in the more demanding Col-
lectible task—by reducing crashes, isolation time, and mental work-
load, while offering moderate benefits in TDV where situational
awareness was already high.

This study explored how control perspectives (FPV and TDV) and
sensory feedback modalities (visual, haptic, and audio) influence
performance and perceived workload in swarm teleoperation. The
results indicate a clear advantage of the TDV interface, which
enabled participants to complete tasks faster, with fewer crashes and
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reduced drone isolation. However, haptic feedback demonstrated
a notable impact, particularly in the more cognitively demanding
FPV condition.

5.1 Haptic Feedback Enhances Performance
Under Cognitive Load

While TDV consistently outperformed FPV, the haptic jacket proved
most effective in the FPV collectible task, which posed the greatest
mental demand. Participants with haptic feedback experienced sig-
nificantly fewer crashes, shorter isolation periods, and improved
completion times. These findings suggest that haptics can offload
cognitive burden by conveying critical swarm state information—such
as proximity to obstacles or swarm disconnection—through periph-
eral sensory channels. This allows users to redirect their visual
attention to higher-level objectives, such as navigation and object
collection. NASA-TLX ratings further support this, showing lower
mental demand and frustration in haptic conditions.

In contrast, the impact of haptics in TDV was limited. Since
TDV already provides a global overview of swarm dynamics, the
additional haptic cues offered minimal performance gains. This
implies that haptics are most useful when visual resources are
saturated or when operating in first-person conditions where global
context is lacking.

5.2 Trust and Control Burden in FPV

Despite the immersive control offered by FPV, participants strug-
gled to maintain swarm cohesion and avoid collisions. This was
largely due to the embodied drone being exempt from swarm forces,
placing the full responsibility of guidance and obstacle avoidance
on the operator. As a result, participants often engaged in micro-
management, spending significant cognitive effort “babysitting”
the swarm rather than focusing on mission objectives.

This suggests the need for increased autonomy in swarm behav-
ior during FPV teleoperation. Future approaches could incorporate
mechanisms such as pheromone trails or dynamic leader-following,
[38] enabling the swarm to self-organize around the leader with-
out constant user correction. Such mechanisms would allow the
operator to focus on exploration or inspection tasks, trusting the
swarm to maintain cohesion and avoid obstacles independently.

5.3 Study Limitations and Future Work

Several limitations and avenues for future development were identi-
fied. While the integration of haptic feedback improved both perfor-
mance and workload, participants noted that its spatial resolution
and intensity discrimination were limited. These shortcomings oc-
casionally made directional cues less clear, suggesting that future
designs should consider more refined actuator placement and im-
proved intensity scaling to enhance precision.

Another limitation concerned the relevance of the chosen view-
points. The tasks in this study favored the top-down perspective
because no occlusions or confined spaces were present. In real-
world scenarios such as tunnel inspection or indoor navigation,
however, the first-person perspective may provide crucial advan-
tages. Beyond viewpoint selection, practical deployment introduces
additional constraints. Real-time swarm control depends on low-
latency, high-bandwidth communication, yet wireless links are
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often subject to interference and delay. Even small disruptions can
destabilize decentralized algorithms like Olfati-Saber, leading to
fragmentation. Localization presents another challenge: GPS is un-
reliable in cluttered or indoor environments, motion capture is
impractical at scale, and onboard relative sensing methods are vul-
nerable to drift. These factors complicate the transfer of laboratory
findings to operational conditions [39, 40].

A further issue arose in the top-down condition, where partici-
pants occasionally received haptic signals generated by the swarm’s
autonomous obstacle-avoidance responses. These cues were a nor-
mal consequence of the system’s behavior but were often inter-
preted as urgent warnings in contexts where user intervention was
not possible or necessary. The resulting ambiguity sometimes led
to frustration, and in a few cases caused participants to disregard
haptic feedback altogether.

Finally, the study did not fully explore the potential of alterna-
tive haptic modalities. Additional swarm-level information—such as
Olfati-Saber forces, density variations, or contraction cues—could
prove valuable for enhancing situational awareness. Early attempts
to directly map these signals into the haptic channel revealed the
risk of overwhelming operators with excessive information, par-
ticularly those without prior training. More selective encoding
strategies, such as emphasizing critical contraction events at nar-
row passages, may offer a path forward while avoiding cognitive
overload.

6 Conclusion

The findings from this study demonstrate that multisensory feed-
back produces significant changes in operator performance and
workload during FPV teleoperation of aerial swarms. While TDV
consistently achieved higher absolute performance, FPV scenarios
showed significant benefits from haptic and audio feedback, sig-
nificantly reducing the task completion time, number of crashes,
and measured workload. These effects were most pronounced in
more complex tasks, where FPV perspectives suffered from limited
environmental awareness. Together, these results demonstrate that
multisensory feedback can be an effective method for offsetting the
limited information available in FPV teleoperation of complex sys-
tems, approaching the performance of impractical TDV interfaces.
This highlights the potential of multisensory feedback to enable
effective and safe teleoperation of aerial swarms in real-world en-
vironments.

6.0.1 LLM Disclosure. LLMs were used to convert photos into
lineart for the teaser figure.
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