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Abstract

Error-related potentials (ErrPs) have been studied to evaluate wrong
decisions or actions in several contexts. An ErrP is an electrical
potential on the scalp generated by the perception of errors and
occurs unwittingly. In human-robot collaboration (HRC), ErrP de-
tection can be shown as feedback or trigger an action to adapt the
system to the user. This contributes to the improvement of HRC,
taking into account user performance. However, to our knowledge,
the detection of ErrPs in HRC has not been widely explored, re-
sulting in only a few studies. This preliminary systematic review
will present work on ErrP-based interfaces related to adaptation,
control, and neuroergonomics for HRC. 11 articles were included
after the exclusion criteria of the review stages. The average accu-
racy of ErrP detection was between 54% and 87.19%. In most cases,
the authors simulated the occurrence of unexpected behavior of
the robot. The robot mistakes occurred randomly between 25% and
35% of the total trials. Some works focused on the robot learning
process and adaptation between humans and robots. The mental
model and the robot behavior policy were updated based on the
decoded ErrPs during collaborative interactions. ErrPs played a
critical role by accelerating the adaptation process. Control-related
works have included ErrP detection/features as input inside the
control loop or algorithm. The proposed framework enabled the
learning algorithm to converge faster than conventional methods.
Other studies assessed the influence of mental workload variabil-
ity in the adaptation process, given that a high mental workload
affects the cognitive processes needed to perceive errors. Thus, Er-
rPs present advantages for enhancing HRC, and this review opens
the way to further developments in the robotic domain. We will
continue this work by elaborating strategies to take advantage of
the ErrP detection to design pipelines and protocols that would be
used in future works.

Résumé

Les potentiels d’erreur (ErrPs) ont été étudiés pour évaluer les
mauvaises décisions ou actions dans divers contextes. L’ErrP est un
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potentiel électrique au niveau du scalp généré par la perception d’er-
reurs et survient involontairement. Dans la collaboration humain-
robot (HRC), la détection d’ErrPs peut étre présentée comme un
retour d’information ou déclencher une action afin d’adapter le
systéme a 'utilisateur. Cela contribue a ’amélioration de ’'HRC,
en tenant compte des performances de l'utilisateur. Cependant, a
notre connaissance, la détection d’ErrPs dans 'HRC n’a pas été lar-
gement explorée, ce qui n’a donné lieu qu’a quelques études. Cette
revue systématique préliminaire présentera des travaux sur les in-
terfaces basées sur les ErrPs concernant I’adaptation, le controle
et la neuroergonomie dans 'HRC. 11 articles ont été inclus apres
avoir satisfait aux critéres d’exclusion des étapes de revue. La pré-
cision moyenne de détection d’ErrPs se situait entre 54% et 87,19%.
Dans la plupart des cas, les auteurs ont simulé ’apparition d’un
comportement inattendu du robot. Les erreurs du robot se sont
produites de maniére aléatoire entre 25% et 35% du total des essais.
Certains travaux se sont concentrés sur le processus d’apprentis-
sage et d’adaptation du robot entre humains et robots. Le modéle
mental et la politique comportementale du robot ont été mis a jour
en fonction des ErrPs décodés lors des interactions collaboratives.
Les ErrPs ont joué un role essentiel en accélérant le processus
d’adaptation. Les travaux liés au contréle ont inclus la détection
et les caractéristiques des ErrPs comme entrées dans la boucle de
contrdle ou 'algorithme. Le cadre proposé a permis a I’algorithme
d’apprentissage de converger plus rapidement que les méthodes
conventionnelles. D’autres études ont évalué I'influence de la varia-
bilité de la charge mentale sur le processus d’adaptation, sachant
qu’une charge mentale élevée affecte les processus cognitifs né-
cessaires a la perception des erreurs. Ainsi, les ErrPs constituent
des avantages pour améliorer ’'HRC et cette revue ouvre la voie
a de nouveaux développements dans le domaine robotique. Nous
poursuivrons ce travail en élaborant des stratégies permettant de
tirer parti de la détection des ErrPs pour concevoir des pipelines et
des protocoles qui seraient utilisés dans les travaux futurs.
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1 Introduction

Human-robot interaction (HRI) occurs in diverse domains such
as education, healthcare, domestic environments, and industrial
workplaces. Effective collaboration requires that robots adapt to
human behavior, cognition, and emotions to optimize teamwork
[23]. In human-robot collaboration (HRC), humans and robots
share goals and workspaces, coordinating either through physical
contact (e.g., forces) or communication (e.g., gestures, voice, gaze,
facial expressions). Robust multimodal communication is key to
ensuring reliable and resilient collaboration [1].

Identifying errors resulting from wrong decisions or actions can
benefit the adaptation process. Error detection can activate feed-
back, trigger an action, or be part of the robot’s control algorithm.
Error events evoke neural responses, which are called error-related
potentials (ErrPs) when recorded from the scalp using an electroen-
cephalogram (EEG). ErrPs are generated by the perception of errors
and occur unintentionally. This perception of errors can occur for
errors that are committed by the user themselves (they realize this
themselves or are made aware via a given feedback), the system
with which it interacts and its environment, or by another agent
(human, robot or even artificial intelligence (AI)). These brain po-
tentials can be decoded with a passive brain-computer interface
(BCI). A passive BCI monitors brain activity while the user does not
control it voluntarily; however, the user has an active role during
the human-machine interaction. This determines their engagement
level, which can in turn affect error production and perception, and
therefore ErrP occurrence [5, 46].

ErrP detection has shown potential to improve adaptation be-
tween humans and intelligent systems [28]. However, to our knowl-
edge ErrP detection has not yet been widely explored in HRC,
resulting in only a few available studies. In this review, we focused
on identifying applications where ErrP detection improved HRC.
This review did not consider articles that only aimed at modeling
decoders for ErrP detection. This survey answered the following
research questions:

e Research question 1 - What type of error is used depending
on the HRC application?

e Research question 2 - What type of HRC configurations can
be improved with an ErrP-based passive BCI?

e Research question 3 - What approaches can be used to en-
hance HRC with an ErrP-based passive BCI?

This article proceeds as follows: in section 2, some related re-
search fields to ErrP detection and HRC are overviewed; in section
3, the methods are detailed; in section 4, the results of the analyzed
studies are organized according to their approaches and findings;
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and finally, section 5, the results and experimental designs are dis-
cussed and recommendations for future work are provided.

2 Background

This section will review research fields related to ErrP and HRC to
prepare the basis for this review.

2.1 Error-Related Potentials

ErrPs were characterized in the early 90s. This event-related po-
tential showed a negative peak (error-related negativity) in the
fronto-central cortex around 80 ms after the error occurrence in
a choice task. A larger positive component in the centro-parietal
cortex follows the negative peak in the time window of 200-500
ms (Fig. 1) [13, 14, 19]. The error occurrence also elicited frequency
modulations, such as an increase in the theta band (4-8 Hz) followed
by a decrease in the beta band (12-30 Hz). In addition, connectivity
analysis revealed the influence of the anterior cingulate cortex on
the prefrontal cortex. A similar response (feedback-related nega-
tivity) is generated when feedback is shown to the user to indicate
wrong performance and appears in the time window of 200-300 ms
after the feedback presentation [5, 21, 46].

2.2 Human-Robot Collaboration

Robots and humans work together as a team in HRC. They share a
workspace and task goals while carrying out parallel tasks. Collab-
oration can involve physical contact through exchange forces or be
contactless through gestures, voice commands, motion intentions,
facial emotions, or eye gaze to achieve effective communication.
Multimodal communication makes the system redundant and more
robust to unexpected noise and perturbations [33]. A cognitive
model (or architecture) and behavioral block are built by train-
ing a machine learning model using the collected data. The robot
uses this model to shape its behavior. Machine learning techniques
in HRC can be grouped as follows: unsupervised learning, rein-
forcement learning (RL), and supervised learning. These techniques
have been applied to different collaborative tasks, such as collabora-
tive assembly, object handover, object handling, and collaborative
manufacturing. Collaborative tasks can be evaluated using met-
rics categorized as precision of robot movement, robustness, proof
of concept, performance improvement, and reduction of physical
workload [40].
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Figure 1: Average of the difference between signals of ErrP
and Non-error. Figure modified from [14]
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HRC reduces human workload by optimizing the strengths of hu-
mans and robots in a specific task. Biofeedback can enhance HRC
systems. The robot accesses the human physiological response
information and interprets the human state, which can increase
awareness within workplaces and HRC efficiency. Biofeedback can
be provided from multimodal sources, such as EEG, electrocardio-
gram, electromyogram, electrodermal activity, skin temperature,
and respiration. Biofeedback has been used for different purposes,
such as control, mental state assessment, stress level detection, and
emotion recognition [36]. The stress level is related to the mental
workload, which reflects mental fatigue. It results from carrying out
a task under demanding conditions. Automation can generate new
stressors for humans by reducing task control and social interaction,
and increasing work pace and psychological pressure due to perfor-
mance monitoring. The complexity of HRC can increase the mental
workload. Robot efficiency could cause concern about job security
among workers. Another issue is that the robot’s proximity to the
workers generates fear because it is potentially harmful. However,
collaborative robots can alleviate humans from performing heavy
or dangerous tasks, which will achieve optimal levels of mental
workload and improve task performance [4]. Mental workload is
affected by robot-related factors, such as robot features (dimen-
sions and speed), social touching (human-like communication and
interaction), and robot movement trajectory (unpredictable possi-
ble damage). These factors depend on human perception, which
influences the evaluation metrics of collaborative tasks [32].

2.3 BClIs Based on Error-Related Potentials

The most used applications of BCI using ErrPs are Spellers, where
ErrPs increased P300-based BCI performance (7, 43, 47]. ErrP de-
tection has been used in other applications, such as cursor control
[17, 38], rehabilitation [29, 30, 42], HRI [6, 9, 12, 15, 20, 26, 35, 37, 45],
adaptation in HRC [3, 8, 10, 11, 24, 25], control in HRC [2, 16, 39],
neuroergonomics in HRC [18, 22], and ErrP decodification in HRI
[27, 31, 34, 41]. In this review, we focused on HRC applications,
such as adaptation, control, and neuroergonomics. These studies
are detailed in section 4. We did not include works about the de-
codification of ErrPs because they are machine-learning articles.

3 Methods

In the following section, we will detail the methodology adopted
(PRISMA protocol [44]) to elaborate this review to answer the
research questions. Fig. 2 shows the matic review process.

o Identification. The search was conducted in April 2025
in four databases: Web of science, IEEEXplore, Scopus, and
Google Scholar. They are the most commonly used to cover
the different technological areas involved with this review.
Keywords related to HRI, BCI, and HRC features were grouped
into three sets (Table 1). The three sets were combined using
the Boolean logic operation “AND" between each set and
the Boolean logic operation “OR" within each set. Articles
only aimed at modeling decoders for ErrP detection were
excluded. This search resulted in a total of 39 publications.

e Screening. In this stage, all articles were examined by read-
ing the title and abstract. The article’s content was also exam-
ined when the abstract was not well-detailed. The criteria for
including articles in the next stage were as follows. Articles
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should be written in English, not review or survey papers,
mainly related to HRC, and listed only once.

o Eligibility. The whole content of each article was examined
in this stage. The criteria for including articles in the next
stage were as follows. Articles should be written in English,
not review or survey papers, mainly related to HRC, and
available in full text.

¢ Included. Parameters were extracted from the included ar-
ticles to be shown in the next section 4. The parameters
were the following: type of error to elicit ErrPs, HRC con-
figuration, ErrP-Based BCI metrics, and Collaborative task
metrics.

4 Results

The total number of articles found was 39. After the exclusion
criteria in each stage, the articles included in this review were 11.
This section presents these articles into three categories: adaptation
in HRC, control in HRC, and neuroergonomics in HRC. Fig. 3 shows
the number of published articles per year. This figure illustrates the
relevance of ErrPs in HRC in recent years.

4.1 Adaptation in HRC

Six articles were found in this category. In a gaming context [10, 11],
the robot chose one of three objects, and the human guessed the
robot’s gaze pattern. The human and robot’s behavior policies were
updated whenever the human’s guess was incorrect. This adap-
tation was carried out using the ErrP decoded with an average
accuracy of ErrP detection of around 81.80%. In addition, the av-
erage percentage of right guesses increased from 33% to 70-90%
within 10-40 trials. Other studies were focused on robot learn-
ing [24, 25], where the human interacted with the robot through
gestures. The learning algorithm recognized human gestures and
triggered a robot action. If this action did not correspond to the
gesture, the evoked ErrP was used to update the robot’s behav-
ior policy. The performance of the ErrP detection depended on
the human or robot perspectives. The ErrP detection accuracies
reached 87.19% and 86.87% for the human and robot perspectives,
respectively. This analysis revealed a high correlation (p) between
robot’s learning performance and ErrP detection performance. The
p values were between 0.897 and 0.934 (p<0.01) for the human
perspective, and between 0.869 and 0.965 (p<0.01) for the robot
perspective. Other application is the human supervision of robots
to correct mistakes during multiple-choice tasks [8]. In this study,
the autonomous robot selected targets for a drilling operation. The
authors processed multimodal signals (electromyogram and EEG).
ErrP detection triggered the correction sequence, which consisted
of pattern recognition of left/right hand-gestures of the human
supervisor to correct the robot’s choice. This hybrid framework
presented an average accuracy of around 54% of ErrP detection,
while the average accuracy of muscle activity classification for the
left hand-gestures was of 65.8% and right hand-gestures was of
85.2%. The EEG signal classification should be improved to ensure
a reliable hybrid system. In addition, the feasibility of using ErrP to
detect potential emergencies in HRC in a manufacturing context
was approached in [3]. The emergencies were generated by sim-
ulating errors in the robot’s movement execution in an assembly
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Table 1: Keywords used in the Systematic Search.

HRI

(AND) BCI

(AND) HRC Features

“human-robot interaction" OR

“human-robot cooperation"

“error potential" OR
“human-robot collaboration” OR “error-related potential” OR
“error-related potentials"

“adaptation" OR
“coadaptation” OR
“human-centered AI" OR
“Control"

Identification

Web of Science
(n=15)

IEEEXplore Scopus Google Scholar\
(n=13)

(n=2) m=9 |

Screening

Eligibility

Articles Screened

T
Articles Excluded

(n=3)

(n=39)

s N
Articles After Screening Articles Excluded
(n=31) L (n=20)

J

Included

Articles Eligible
(n=11)

J

Figure 2: Flow chart of the systematic review process.
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Figure 3: Publications per year of articles that applied error-
related potentials in human-robot collaboration.

task. There were three object manipulation cases: crush, drop, and
unexpected movement. This study found an optimal time window
of 250 ms to process EEG signals. However, the participants had no
experience in HRI tasks, which contrasted with real robot operators.
This experience difference influences the neural response evoked
in emergencies.

4.2 Control in HRC

Three articles were found in this category. A human-in-the-loop
approach was applied to correct the path planning of assistive mo-
bile robots in a virtual scenario [16]. The user controlled a smart

wheelchair. The robot control algorithm determined the path plan-
ning to reach the target defined by the user. The path was recal-
culated when an ErrP was evoked by the approach of the robot to
the obstacles. The overall ErrP detection accuracy was 78.6%. In
addition, human in the loop of robot learning was based on ErrPs
detection [39]. ErrP detection evoked by the erroneous robot behav-
ior was an input to update the reward in the RL algorithm during
the training stage. This study included feedback conditions, such
as visual and visuo-tactile feedback. The ErrP detection average
accuracies were 60% and 59% for visual and visuo-tactile feedback,
respectively. RL for route learning showed convergence at around
nine iterations for both feedback conditions. However, the number
of iterations was lower for visuo-tactile feedback than for visual
feedback. Regarding more complex control methods, singularity
avoidance strategies with complex dynamics in HRC generated
detectable ErrP [2]. This study reported that the participants pre-
ferred the strategy that produced greater robot predictability (faster
response), which reflected a lower power spectral density of the
ErrPs.

4.3 Neuroergonomics in HRC

Two articles were found in this category. Cognitive workload af-
fects the error awareness of a user in HRC [22]. This resulted in
reduced ErrP. In this study, the participants evaluated two different
workload conditions by performing two tasks. The primary task
consisted of interacting with a game by controlling a robot arm
end-effector of two degrees of freedom. The secondary task was
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a mental calculation with varying difficulty. The ErrP was gener-
ated by an unexpected stop of the robot movement in 33% of the
trials. A high mental workload mitigated the ErrP amplitude, which
evidenced a reduced error awareness. In addition, there was an
increase in the theta band power in the frontal cortex and a trend
to increase the power of alpha and beta bands in the central cortex
after the unexpected stop, compared to the regular stop when the
robot reached its target. Another worrying factor is boredom, which
negatively influences the performance of collaborative tasks when
user engagement is reduced [18]. This work assessed the mental
state of participants while they performed an exploration task to
reach a target in a large-scale maze in collaboration with a robot in
a simulated environment. The robot was programmed to change
its direction in 30% of the trials and generated ErrPs. There was an
increase in the theta band power and a decrease in the beta band
power. In the second half of the task, some participants felt bored,
which decreased the ErrP amplitude and the theta band power.

5 Discussion

Regarding ErrPs in HRC studies, an unexpected robot behavior
generated errors caused by wrong signal processing or being out of
the workspace scope of the robot’s sensors. These errors were inde-
pendent of the application. The average accuracy of ErrP detection
was between 54% and 87.19%. In most cases, the robot’s mistake was
programmed to occur randomly between 25% and 35% of the total
trials [3, 8, 16, 18, 22, 39]. In the rest of the cases, the unexpected
action occurred naturally during the robot’s learning process, or
the robot’s interaction with the environment in a collaborative task
[2, 10, 11, 24, 25]. Although it is easier to provoke or program the
robot’s error, the error’s natural occurrence would be closer to a
real case. Usually, the robot’s autonomy algorithm is trained to be
robust and avoid errors. However, natural errors can occur during
the robot’s learning in the adaptation stage. It would depend on
the experimental design and the application. Thus, it answered
the first research question about the type of error. The second re-
search question was about the HRC configuration. HRC studies
used ErrPs in several tasks, such as games [10, 11, 22], gesture
learning [24, 25], supervision [8], assembly [3], navigation [16, 18],
and control [2, 39]. These tasks involved physical and contactless
interactions between the human and the robot. The robots were
humanoid robots, robot arms, or mobile robots. ErrPs were evoked
by visualizing the unexpected robot behavior. In most cases, adapta-
tion was approached in HRC, which was configured as a contactless
interaction or manipulation of an object with humanoid robots or
robot arms. These adaptation applications in HRC illustrated how
human-centered Al of the system updated robot behavior policies
based on ErrP detection. An interesting approach for real applica-
tions that answered the third research question could be contactless
interaction in an exploration or search task, or manipulating an ob-
ject as an assembly task. These scenarios will provide conditions for
the natural occurrence of unexpected robot behavior. An ErrP-based
passive BCI would detect these robot errors to enhance adaptation
in HRC during the robot learning process. Human-centered Al for
the system could use different methodologies for the robot learning
process. In addition, a stage of BCI training to detect ErrPs can be
included before the robot learning process to avoid the variability
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of the average accuracy mentioned in the previous section. BCI
training can be based on studies with high average accuracies. This
approach gives us a wide spectrum of options to improve HRC.

We will continue this work by elaborating strategies to take
advantage of ErrP detection. These strategies will present pipelines
and protocols that will be evaluated in future works.
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