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Abstract—This paper introduces an innovative Human-Swarm
Interaction (HSI) architecture leveraging a Brain-Computer
Interface (BCI) to evaluate operator trust in real-time during
collaborative multi-UAV navigation. While Electroencephalogra-
phy (EEG)-based trust detection is well-documented, its imple-
mentation remains predominantly restricted to offline assess-
ments. Addressing the critical need for online, adaptive control
in aerial robotics, we propose a k-Nearest Neighbors (k-NN)
classifier that differentiates trusting from distrusting cognitive
states with over 90% accuracy. Integrated into a closed-loop
BCI, this model dynamically adjusts aerial swarm formations.
Experimental validations demonstrate the system’s capacity to
swiftly identify operator distrust, prompted by sub-optimal UAV
behaviors, and autonomously revert the swarm to a stable,
trusted configuration. These findings highlight that higher-order
human factors, particularly trust, can effectively govern adaptive
controllers in unmanned aerial systems, facilitating hands-free
operations for complex missions.

I. INTRODUCTION

Unmanned Aerial Vehicle (UAV) swarms provide critical
advantages in search-and-rescue, surveillance, and defense
operations due to their inherent scalability, fault tolerance, and
adaptability [1], [2]. These bio-inspired, decentralized systems
[3] transition human operators from continuous manual control
to high-level supervision, significantly reducing cognitive load.
However, the successful deployment of autonomous multi-
UAV teams depends heavily on effective Human-Swarm In-
teraction (HSI). To foster operator trust, aerial swarms must
be perceived as highly responsive to human intent. This
supervisory dynamic introduces unique challenges, necessitat-
ing bi-directional transparency to prevent operational failures
[4], [5], [6]. Consequently, developing intuitive, hands-free
communication modalities is paramount for enabling seamless,
adaptive collaboration between human operators and aerial
collectives in complex environments.

Brain-Computer Interfaces (BCIs) offer a promising hands-
free modality for aerial swarm control. Typically utilizing non-
invasive Electroencephalography (EEG) and subject-specific
machine learning models, BCIs decode neural activity to exe-
cute targeted tasks. Historically, BCI applications in Human-
Swarm Interaction (HSI) have prioritized explicit, direct con-
trol over the collective. For instance, hybrid systems combin-
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ing physical inputs with motor imagery [7], or utilizing speech
and motor imagery [8], [9], have been employed to directly
manipulate swarm topology and kinematics. However, relying
solely on explicit commands remains cognitively demand-
ing for drone operators. Shifting toward implicit cognitive
constructs, such as operator trust, provides a more intuitive
and naturalistic framework for human-UAV teaming, enabling
adaptive multi-agent behaviors

Trust is a fundamental component of effective collabora-
tion across diverse operational settings. However, artificial
agents, such as autonomous multi-UAV systems, inherently
lack the capacity to directly perceive a human operator’s
cognitive state and, consequently, cannot autonomously adapt
to emergent distrust. In this context, we adopt the widely
accepted definition of trust as “the attitude that an agent will
help achieve an individual’s goals in a situation characterized
by uncertainty and vulnerability” [10]. Within the domain
of HSI, trust evaluation is broadly categorized into indirect
and direct approaches. Indirect methodologies rely on pre-
dictive models driven by external variables, such as system
dependability, operator demographics, interface transparency,
and swarm status metrics [11], [12], [13], [14], [15]. While
promising for adaptive control, these indirect models often
struggle with robustness when confronted with dynamic, un-
modeled operational shifts, potentially compromising human-
UAV teaming. Conversely, direct approaches utilizing EEG to
decode operator trust have successfully yielded classification
models with approximately 90% predictive accuracy [16],
[17]. Despite these advances in directly capturing trust-related
neural dynamics, a critical question remains: can operators
leverage these implicit cognitive states to modulate an aerial
swarm’s behavior in real time?

To address this question, this work introduces a closed-
loop BCI architecture that directly influences aerial swarm
behaviors based on the operator’s perceived trust.

Building upon foundational studies that established the
feasibility of decoding human trust during swarm monitoring
[16], [17], we advance the state-of-the-art by transitioning
from passive, offline assessment to active, online control.
Utilizing the signal processing pipelines established in [17],
we train a classifier capable of discriminating between high-
and low-trust states with approximately 93% accuracy. Upon
deployment within a real-time framework, the system success-



Fig. 1. Experimental setup: A human operator equipped with an EEG
cap interacts with a simulated multi-UAV swarm via a closed-loop Brain-
Computer Interface.

fully detects operator distrust, often triggered by suboptimal or
unpredictable UAV dynamics, and autonomously commands
the collective to revert to a secure, desirable formation. To
validate our neural decoding, these physiological predictions
are rigorously cross-referenced against standardized Human-
Robot Interaction (HRI) trust scales [18]. Furthermore, we
assess the cognitive load imposed by the BCI to evaluate oper-
ator mental demand. Ultimately, these contributions establish
a robust, hands-free paradigm for adaptive human-machine
teaming, directly applicable to high-stakes aerial missions such
as search-and-rescue and defense.

II. METHODS

Building upon evidence that human trust is neurologically
discernible during both passive and dynamic swarm observa-
tions [16], [17], we developed a virtual simulation where an
operator interacts with a multi-UAV team via a trust-responsive
BCI.

The subsequent sections detail the training data, the aerial
swarm simulator, and the EEG-driven BCI architecture utilized
for real-time human-swarm interaction.

A. Experimental Setup

During the passive experimental phase, 32-channel EEG
data and event markers were recorded at 500 Hz. Signals were
acquired using a wireless LiveAmp 32 system equipped with
actiCAP slim active electrodes and an actiCAP snap head cap
(Brain Products GmbH, Gilching, Germany).

Electrodes were positioned according to the International
10-20 system [19] to effectively capture the operator’s neural
responses to the multi-UAV simulation (see Fig. 1).

B. Task Description

The simulation environment featured 40 virtual UAVs, vi-
sualized in a top-down 2D workspace, tasked with navigating
to a diagonally opposite target within a strict 25-second time-
frame. The aerial agents initialized from a designated corner

with random headings. During the system’s training phase,
operators passively observed the UAV collective, continuously
evaluating its trustworthiness. In the subsequent closed-loop
BCI phase, operators could actively toggle the swarm’s nav-
igational mode by eliciting a distrustful cognitive state when
observing undesirable kinematics.

We implemented two distinct multi-UAV behavioral modes
adapted from [16]: Surround and Explore. The Explore mode
generated stochastic, diffusive flight paths driven solely by
inter-UAV repulsion forces. Conversely, the Surround mode
integrated Reynolds’ standard flocking principles (separation,
alignment, and cohesion) [3] with an attractive goal vector to
ensure stable, coordinated navigation toward the target. Both
algorithms utilized boundary repulsion to confine the UAVs
within the operational airspace [17]. Functionally, the goal-
directed Surround behavior reliably completed the mission
within the time limit, whereas the untrustworthy Explore
behavior consistently failed to meet the temporal constraints.

C. Swarm Simulator

To generate and manage the virtual multi-UAV environment
and the agents within it, we utilized the Unity game engine
[20]. This represents a significant architectural upgrade from
the Python-based tkinter framework previously employed in
[16], specifically chosen to facilitate seamless scene transitions
and the integration of the real-time BCI framework. For accu-
rate data collection, both the recorded EEG signals and the cor-
responding experimental event markers were rigorously time-
synchronized via the Lab Streaming Layer (LSL) Recorder
software [21]. The visual interface of the simulation presents
an unobstructed, open-air workspace where solely the aerial
agents and their designated target are visible to the operator.
To provide clear visual distinction between the two naviga-
tional modes, the UAVs executing the goal-oriented Surround
behavior are rendered in red, whereas those operating under
the stochastic Explore behavior are depicted in green. Through
the integrated BCI system, the simulation empowers the op-
erator to actively manipulate the active swarming behavior,
effectively overriding the collective’s default operational mode
based on real-time neural inputs. Upon successfully navigating
to the target coordinate, an individual UAV agent is taken
offline and subsequently removed from the visual display.
A visual depiction of the simulated multi-UAV environment,
exactly as observed by the participant during an experimental
trial, is provided in Fig. 2.

D. Experiment Details

A total cohort of five male participants (N = 5), possessing
an average age of 29.2±2.9 years, was recruited for this
study. Each individual satisfied all predefined inclusion criteria
before commencing the experimental procedures. The research
protocol received formal approval from the University of
Delaware Institutional Review Board (IRB ID: 1487701-9),
and documented informed consent was obtained from every
subject prior to participation.



Fig. 2. Visual representation of the simulated multi-UAV environment. The
virtual aerial agents (depicted as red circles) navigate across an unobstructed
workspace while executing the Surround swarming behavior, advancing
toward a designated target visually marked by a dashed circle containing
a concentric yellow star.

Before initiating the experimental sessions, participants
received comprehensive instructions outlining their required
tasks, mirroring the protocol established in [16]. Operators
were instructed to continuously evaluate the perceived trust-
worthiness of the aerial collective’s ability to successfully
execute its navigational objectives throughout the duration of
every trial. To mitigate cognitive fatigue, a 5-second blank
screen was presented immediately preceding each simulation
run, affording the subject a momentary resting period. The
experimental design comprised 20 distinct trials in total: 10
dedicated to each specific multi-UAV swarming modality,
further divided into 5 iterations for each of the two starting
locations.

Following the completion of this foundational trust eval-
uation stage, operators were granted a scheduled break of
roughly 10 minutes. Throughout this designated pause, the
newly acquired EEG signals underwent computational pro-
cessing to calibrate and train the subject-specific k-Nearest
Neighbors (k-NN) classifier. Simultaneously, the participants
filled out a standardized trust perception questionnaire [18]
to quantify their subjective assessment of the distinct UAV
behaviors witnessed during the preceding observation period.

The subsequent, active BCI-driven phase exactly mirrored
the environmental parameters and strict time limitations of
the initial training stage. The underlying control framework,
visually depicted in Fig. 3, dictated how the simulated aerial
swarm adapted to the human operator’s decoded cognitive
state. For a successful outcome in the Surround scenarios,
subjects needed to sustain a neurological state aligning with
the baseline of high trust formulated during the training
block. On the other hand, successfully navigating the Explore
scenarios required the subject to initially manifest a state of
distrust, prompted by the collective’s erratic and undesirable
kinematics. This detected distrust would trigger the BCI
controller to autonomously rectify the UAVs’ flight paths,

Fig. 3. Logical flowchart of the BCI controller governing multi-UAV behavior
transitions. Output values X = 1 and X = 0 denote distrustful and trusting
cognitive states, respectively. Following a 1.5-second startup delay to clear
pre-trial predictions, the system toggles swarm behavior when consecutive X
= 1 states reach calibrated thresholds. Any trusting state (X = 0) resets this
counter.

subsequently allowing the operator’s mental state to naturally
shift back to one of trust. After concluding these active control
sessions, subjects utilized a digital application to complete
the NASA Task Load Index (NASA-TLX) assessment [22],
providing a quantitative measure of the cognitive demands
imposed by operating the trust-based neural interface.

E. Data Analysis For Trust Assessment Phase

The entirety of the recorded neural data underwent process-
ing and analysis within the MATLAB computational environ-
ment, utilizing the open-source EEGLAB toolbox [23]. We
adopted a windowed data segmentation pipeline that closely
mirrors the dynamic methodology outlined in [17]. However,
for the purposes of this multi-UAV application, feature ex-
traction was exclusively constrained to power spectral density
metrics, aligning perfectly with the passive analytical approach
previously validated in [16]. The processing steps are outlined
below.

1) EEG Data Processing: The acquired raw EEG signals
were first subjected to temporal frequency filtering, employing
high-pass and low-pass filters established at cutoff frequencies
of 1 Hz and 40 Hz, respectively, to isolate the relevant
neurological bands.

Subsequent to this initial filtering, the data streams were
further refined within the EEGLAB environment utilizing the
Artifact Subspace Reconstruction (ASR) algorithm [24] to sys-
tematically identify and mitigate transient noise and non-brain
artifacts. Upon completion of the ASR cleaning procedure,
the entire neural dataset was re-referenced to the common
average computed across all active channels. Ultimately, the
continuous recording was segmented into discrete epochs
based on the synchronized trial initiation and termination
event markers. This precise temporal windowing allowed us to
accurately map the isolated neural data to the corresponding
multi-UAV operational conditions for each simulation run.

2) Feature Extraction, Selection, and Classification: To
achieve the necessary temporal resolution for real-time UAV



swarm control while preserving computational efficiency, we
implemented a hybrid signal processing architecture. Specif-
ically, the feature extraction methodology from [16] was
selected because its lower dimensionality is essential for miti-
gating latency within the closed-loop system. For the purpose
of continuous neural classification, the incoming EEG streams
were partitioned utilizing a 3-second sliding temporal window
configured with a 75% overlap.

Inside each respective window, power spectral density val-
ues were computed across 10 sub-bands spanning the standard
neurological frequency ranges (0.5 Hz < δ < 4.0 Hz, 4 Hz <
θ < 7.5 Hz, 8.0 Hz < α < 13.0 Hz, 14 Hz < β < 26 Hz,
and 30 Hz < γ < 45.0 Hz), directly following the conventions
detailed in [25]. Consequently, the comprehensive feature
vector X representing a single trial window was formulated
as:

X = [XT
1 XT

2 · · · XT
32]

T
(1)

Here, Xℓ ∈ R10 (for ℓ = 1, 2, ..., 32) denotes the localized fea-
ture vector corresponding to each individual electrode among
the 32 available channels. Because each channel yields 10
distinct spectral features, the overarching extraction process
generates an aggregate of 320 discrete features per second to
be utilized by the downstream classifier.

For optimal feature selection, we utilized the Neighborhood
Component Analysis (NCA) machine learning algorithm via
the MATLAB fscnca function, building upon the foundational
methodologies established in [16], [17]. A critical methodolog-
ical advancement in this current study is the implementation of
a dynamic, optimal-choice thresholding mechanism for feature
retention, which replaces the static threshold approach em-
ployed in previous multi-UAV trust evaluations. To determine
the most discriminative set of neural features, denoted as F, we
systematically evaluated the normalized NCA feature weights
(W) against a variable relative threshold factor, r. Specifically,
an iterative search was performed where the parameter r was
swept from 0.0 to 0.1 in increments of 0.01. During each
iteration, a discrete threshold value T was calculated as the
product of r and the maximum overall weight. The neural
dataset was then temporarily truncated to retain solely the
features whose weights exceeded this computed T . Following
this reduction, a new NCA model was fitted to the updated
validation subset, and its corresponding predictive loss was
evaluated against a held-out test set. By continuously tracking
these metrics across all candidate values, we successfully
identified the optimal relative threshold, rbest, that yielded
the absolute minimum loss function. This empirically derived
threshold ultimately dictated the final feature vector utilized
to govern the aerial swarm.

Following the isolation of optimal features, the segmented
EEG data was partitioned using a standard 80% training and
20% testing split. To identify the most effective predictive
model for our closed-loop architecture, we conducted a rig-
orous comparative evaluation of three standard supervised
learning algorithms: k-Nearest Neighbors (k-NN), Support

Vector Machines (SVM), and Linear Discriminant Analysis
(LDA).

Preliminary offline evaluations demonstrated that the k-NN
algorithm yielded superior accuracy and robustness in decod-
ing operator cognitive states; consequently, it was selected as
the primary classification engine for the live BCI deployment.
All modeling and implementation were executed within the
MATLAB environment. To ensure peak algorithmic perfor-
mance and prevent overfitting, we incorporated automatic
hyperparameter optimization coupled with a 5-fold cross-
validation protocol, capped at a maximum of 50 objective
evaluations, consistent with the robust standards outlined in
[17]. Finally, to properly account for the inherent physiological
differences in neural oscillations, a completely individualized
k-NN classifier was trained exclusively on each participant’s
data, ensuring highly personalized trust detection during the
multi-UAV supervisory tasks.

F. Brain-Computer Interface Phase
Upon the completion of the offline training block, the highly

optimized, subject-specific classification model was integrated
directly into the real-time BCI architecture for live aerial
swarm modulation.

The active BCI framework was engineered to precisely
replicate the offline EEGLAB data processing protocols previ-
ously detailed, executing identical data windowing and cogni-
tive state classification procedures, as visually summarized in
Fig. 4. During active control phases, raw EEG telemetry was
initially routed to the local computational unit utilizing the
Lab Streaming Layer (LSL) protocol. LSL was implemented
continuously throughout our architecture due to its ultra-
low latency characteristics (typically below 1 ms), a critical
requirement for responsive multi-UAV operations.

This incoming neural data stream was immediately ingested
by a dedicated NeuroPype software pipeline. Within this envi-
ronment, the signals underwent instantaneous preprocessing,
encompassing real-time band-pass filtering, dynamic noise
suppression via Artifact Subspace Reconstruction (ASR), and
common average channel re-referencing to ensure pristine
data acquisition. Following the successful completion of these
initial filtering steps, the LSL infrastructure was leveraged a
second time to transmit the purified data stream directly into
a custom Python-based classification module.

Within the Python script, incoming LSL data streams were
segmented into 3-second epochs with a 75% overlap. Power
spectral density features were extracted and dimensionally
reduced using the operator’s individualized NCA weights.
The k-NN classifier then evaluated this vector to decode the
operator’s trust level in the UAV swarm. End-to-end system
latency averaged 0.25s ± 0.12s, comfortably below the 0.75-
second operational ceiling, ensuring highly responsive real-
time control.

III. RESULTS

We present our findings in two sections. First, we detail
the offline training phase, analyzing predictive model perfor-
mance and the neural correlates of multi-UAV trust. Second,



Fig. 4. Architectural overview of the BCI pipeline. Distinct computational
blocks represent independent software modules, with their internal subfunc-
tions listed in sequential, top-to-bottom execution order. Directional arrows
illustrate the flow of neural data, facilitated entirely by local LSL connections.

we evaluate the active BCI deployment, assessing real-time
human-swarm teaming and mission success. For a visual of
the training phase and real-time BCI implementation, please
see our supplementary video1.

A. Training

The training phase utilized two distinct stimuli: the goal-
oriented Surround behavior and the stochastic Explore behav-
ior. On average, the Surround swarm successfully reached
the target within the 25-second limit, whereas the Explore
behavior consistently failed.

Subjective validation via the Trust Perception Scale [18]
corroborated these results; as detailed in Table I, participants
rated the Surround modality as significantly more trustworthy
and reliable than the Explore counterpart across all metrics.

TABLE I
TRUST PERCEPTION SCALE IN TRAINING PHASE

Subject Surround Behavior Explore Behavior
1 62.25 14.50
2 85.00 19.25
3 51.75 30.50
4 89.25 16.25
5 80.00 27.00

To confirm the presence of neural correlates of trust [16],
[17], we utilized a k-NN classifier refined by NCA feature
selection. As illustrated in Fig. 5, aggregate classification ac-
curacy exceeded 90%, with the Distrust state yielding slightly
higher precision. The NCA protocol optimized the feature
space by an average reduction of 55%, retaining 145 out of
320 raw spectral features per participant.

Subsequent analysis of topographical feature maps (Fig. 6)
identified the Frontal and Temporal-Parietal regions as the
most critical for trust state discrimination. While consistent
across most subjects, individual variations occurred, such as
the absence of theta and alpha band features in Subject 2’s
Occipital region. The feature density, mapped on a 2.0 scale,
highlights the subject-specific selection weights where red
indicates peak feature relevance and blue indicates absence.

1https://youtu.be/Lxn6QFppUXM

Fig. 5. Aggregate k-NN confusion matrix results across all participants.
Utilizing 3-second sliding windows (75% overlap), the experimental trials
yielded approximately 500 labeled epochs per subject. Results demonstrate
high model robustness, with all participants achieving over 90% prediction
accuracy for both Surround and Explore behavioral states.

B. Real-time BCI

Post-training, participants utilized subject-specific k-NN
classifiers to modulate swarm behavior, with performance
measured by the duration maintained in the Surround state. To
minimize false positives, a pre-deployment calibration phase
established the number of consecutive “Distrust” windows
required to trigger a behavioral shift. As shown in Table II,
thresholds varied significantly: Subject 3 required a conser-
vative 6-window buffer, while Subjects 4 and 5 operated
optimally with a 1-window trigger.

Figure 7 illustrates control stability via behavior switches
per trial. Ideal Surround performance (red) is marked by
zero or two switches, while successful Explore trials (green)
typically show an odd switch count, indicating a transition
to the trustworthy state. Most subjects maintained stability,
though Subjects 4 and 5 showed higher volatility; specifically,
Subject 4 registered 20 switches in a single unstable trial,
highlighting individual differences in BCI-swarm interfacing.

TABLE II
SUBJECT-SPECIFIC BCI SENSITIVITY THRESHOLDS

Subject Switching Threshold (Windows)
1 2
2 3
3 6
4 1
5 1

A frequently observed suboptimal pattern is illustrated in
Fig. 8 that presents a representative time-series trial. Here, the
subject successfully triggered a switch, but the reaction was
significantly delayed, occurring nearly halfway through the
trial. A similar latency was observed in trials where subjects
initially deviated from the desired behavior before recovering,

https://youtu.be/Lxn6QFppUXM


Fig. 6. Topographical distribution of neural feature importance across all subjects (rows) and frequency bands (columns). Scalp map intensity (0–2 scale)
indicates the quantity of power-spectral features retained during NCA selection, where dark red (2.0) signifies that both localized sub-band features were
identified as critical trust correlates.

Fig. 7. Quantification of real-time BCI stability via behavior switches per trial.
Surround trials (red) indicate success through high stability (0 or 2 switches),
whereas Explore trials (green) demonstrate successful trust transitions via odd
switch counts. Most participants exhibited stable control, with the exception
of Subject 4, who showed localized instability at Trial 8 with 20 behavior
switches.

often losing a third of the trial duration to the wrong state, as
shown in Fig. 9.

Conversely, Fig. 10 depicts ideal performance: an immedi-
ate, sustained transition to the Surround state. This trial also
validates our calibration logic; for Subject 2, the 3-window
sensitivity threshold successfully prevented a premature be-
havior switch despite two transient ”Distrust” predictions at
the 15-second mark, ensuring stable swarm control.

Fig. 8. Representative trial for Subject 3 illustrating delayed control stability.
Although the participant achieved the target metric of a single sustained
switch, significant transition latency resulted in nearly 40% of the trial duration
elapsed before the reliable Surround behavior was successfully established.

Following the BCI trials, participants completed the NASA
Task Load Index (TLX) [22] to quantify perceived workload
on a 0–100 scale. As detailed in Table III, Subject 1 and
Subject 2 reported relatively low burdens, while Subject 4 per-
ceived moderate demand. High workload levels were recorded
for Subject 5 and Subject 3. Notably, Subject 3 reported
the highest overall index, characterized by extreme Mental
Demand (95), Effort (90), and Frustration (85).

IV. CONCLUSION

This study introduces a novel EEG-based BCI framework
that operationalizes human trust for closed-loop human-swarm



Fig. 9. Real-time performance for Subject 2 demonstrating recovery of
the trustworthy state. Despite an initial deviation that limited the Surround
behavior to 60% of the trial, the participant successfully re-established and
sustained the target behavior for the remainder of the session.

Fig. 10. Representative trial for Subject 2 demonstrating near-ideal BCI con-
trol. The participant executed a single, rapid transition at the earliest possible
window, maintaining the trustworthy Surround behavior for approximately
90% of the trial duration.

TABLE III
NASA TLX RATING SCALE RESULTS

Item S1 S2 S3 S4 S5
Mental Demand 60.00 60.00 95.00 70.00 95.00
Physical Demand 05.00 05.00 05.00 30.00 10.00
Temporal Demand 35.00 45.00 70.00 25.00 75.00
Performance 25.00 15.00 60.00 55.00 70.00
Effort 30.00 55.00 90.00 85.00 80.00
Frustration 25.00 15.00 85.00 30.00 70.00
Total 34.33 39.33 83.33 62.67 73.67

interaction, bridging a critical gap in intuitive interface design.
Utilizing a k-NN classifier, the system enables a virtual
swarm to perceive operator distrust and dynamically adapt
behavior, fostering a symbiotic partnership. While real-time
trials demonstrated successful control, significant performance
variability revealed key limitations. A primary challenge was
the discrepancy between the training phase, which focused
on maintaining static mental states, and the real-time task,

which required dynamic executive transitions. This suggests
the classifier was optimized for stability rather than state-
switching, likely contributing to the performance bias observed
between maintenance and transition trials.

Furthermore, the difficulty of verifying “ground truth” for
passive, continuous cognitive states, unlike discrete motor or
speech commands, introduces label noise from attentional
drift, exacerbated by high mental workload. Future work will
prioritize dynamic calibration protocols that capture neural
features specific to initiating behavioral changes. Additionally,
we propose investigating hybrid architectures that incorporate
event-locked signals, such as Error-Related Potentials (ERPs)
[26], [27], to provide distinct neural signatures for perceived
errors, thereby reducing cognitive load and improving classi-
fication robustness.

Ultimately, this research establishes a vital proof-of-concept
for high-level affective BCIs in aerial robotics. By shifting
from low-level motor commands to abstract cognitive states,
we enable a more natural, hands-free collaboration between
humans and autonomous swarms. This work lays the founda-
tion for a new generation of interfaces where robotic swarms
dynamically adapt to the operator’s internal state, ensuring
seamless and resilient teaming in high-stakes domains such
as search and rescue or defense.
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