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Abstract— Cognitive conflict is a fundamental phenomenon of
human cognition, particularly during interaction with the real
world. Understanding and detecting cognitive conflict can help
to improve interactions in a variety of applications such as in
human-robot collaboration (HRC), which involves constantly
guiding the semi-autonomous robot to perform a task in given
settings. There have been several works to detect cognitive
conflict in HRC but without physical control settings. In this
work, we have conducted the first study to explore cognitive
conflict using prediction error negativity (PEN) in physical
human-robot collaboration (pHRC). Our results show that
there is statistically significant (p = .047) higher PEN for
conflict condition compared to normal condition, as well as a
statistically significant difference between different levels of
PEN (p = .020). These results indicate that cognitive conflict
can be detected in pHRC settings and, consequently, provide a
window of opportunities to improve the interaction in pHRC.
(Abstract)
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l. INTRODUCTION

Cognition can be defined as a process of acquiring
information through thought, experience, and senses.
Intellectual functions such as reasoning, memorising,
thinking, and learning is considered as part of cognition [1].
However, there is another aspect of intellectual function that
has been studied extensively by researchers, that is, the
ability to predict a result using experiences from the past.
Whenever humans are performing a task, the human brain is
constantly predicting the actions and outcomes of that task
[2]. This prediction process that simulates the response of a
task to estimate the outcome is known as the internal model
[3]. However, inevitably, there will be a mismatch between
the internal model and reality, and this phenomenon is
known as cognitive conflict [4]. Studies about cognitive
conflict have been investigated for a long time — the first
research conducted about three decades ago by Falkenstein
et al. [5] in 1991, found a negative response in event-related
potentials (ERP) [6] using electroencephalogram (EEG) in a
bimanual-choice reaction task, this response is known as
error-related negativity (ERN). After this first work, there
have been several works that came in light using different
terminology depending on the task that is performed. For

example, visual mismatch negativity (vMMN) is used to
define cognitive conflict in the experiment of visual effect
monitoring [7], and N2 or N200 is another ERP feature
elicited by visual stimuli [8]. Feedback related negativity
(FRN) had demonstrated its presence in the experiment of
price or reward prediction. Recently, prediction error
negativity (PEN) was discovered in an experiment involving
active motor movement [9]. Even if PEN is part of the same
family of negativity, due to being caused by an erroneous
behaviour, it is significantly different in terms of behaviour
and is invoked during the task rather than after the end of
the task or its observation.

Understanding and detecting cognitive conflict can help to
improve interactions in a variety of applications. One such
application is human-robot collaboration (HRC), which
involves guiding a semi-autonomous robot to perform a task
in given settings. In any HRC, there are several possible
instances where a user might invoke cognitive conflict due
to the unexpected behaviour of the robot. There have been
several experiments conducted to evaluate cognitive conflict
during HRC. The researchers conducted studies where
participants needed to observe and judge the actions
performed by a robot as either correct or incorrect [10, 11].
The authors found negativity around 400 ms in ERP after
incorrect action. They also developed a reinforcement
learning method in a way that minimizes cognitive conflict
information. In another study [12], an experiment using the
EEG signal conducted to use ERN to trigger the safety
measure of a robot when a human operator observed an
unexpected event during a robot navigation task. In a study
[13], the participant needed to observe robotic actions,
which included random context-dependent erroneous
behavior. The authors detected ErrP (Error-related
potentials) in ERP caused by erroneous behavior of a robot.
Similar work shows in [14], where authors utilize the ErrP
due to the erroneous task to correct the robot behaviour.
Although these works have great potential, participants
observe and/or control the robot passively (limited motor
movement), which is not common in real-world settings. In
the passive state experiment, the participants either only
observe robot movement from a distance or provide input to



the robot using button pressed on keyboards/joysticks [15].
In our proposed work, however, the participants performed a
task that requires active physical human-robot collaboration
(pHRC), i.e. active physical control of the semi-autonomous
or guided robot to perform a task. Studies that address
interactions based on active motor movement are rare in
EEG related works due to several other possible
confounding factors and artifacts [16]. A study by Singh et
al. [9] successfully provided the first proof to find cognitive
conflicts in a scenario that involved active motor movement.
They conducted an experiment where the participants
performed a 3D object selection task with tracked hand
motions in an immersive virtual reality (VR) environment
and found a new signature of cognitive conflict in ERP
known as PEN. In the line of this research, we have
conducted a pilot experiment in pHRC settings, and our
results show [17] clue toward the existence of similar
negativity effect in pHRC.

Following the pilot experiment, we have conducted
further experiments to investigate the cognitive conflict
caused by forces exchanged during pHRC tasks. We
hypothesized that erroneous behaviour of a robot during
pHRC will invoke PEN in ERP.

Il.  EXPERIMENT AND METHODOLOGY

A. Participants

EEG data were recorded from ten participants (including
two females). The mean age of the participants was 30, with
a range of 25-39 years, and no history of any psychological
disorders. All participants were instructed not to consume
any drinks or drugs containing chemicals that can alter brain
activity at least three hours before the experiment. Following
the explanation of experimental procedures, all participants
provided their consent before participating in the experiment.
This experiment obtained approval of this human research
ethics committee at the University of Technology Sydney
(ETH18-3029).

B. Experiment Setup

In this EEG based experiment, a 32-channel wireless
EEG system named MOVE (Brain Product GmbH,
Germany) has been used. The placement of the EEG
electrodes was consistent with the 10-20 international system
[18]. The contact impedance is maintained below 25kQ, and
EEG recordings were digitally sampled at 1000 Hz.

The collaborative robotic system, ANBOT[18], was used
to perform the task. It features a UR10 robot arm by
Universal Robots [19], and, between the robot end-effector
and the robotic arm, an ATl mini-45 transducer is mounted
to measure and control the user interaction forces and
torques. The participant is in contact with the robot arm
through a handle placed on the robot end-effector. Figure 1
shows how a participant collaborates with ANBOT to
perform the experiment.

Participant

Figure 1. A participant performing a pHRC task while wearing an EEG cap

C. Experiment design

The experiment task is presented as an interactive game
called the ‘Swing Game’. It is a mono-directional game that
was designed to be as simple as possible in order to avoid
requiring too much input from participants and allow them
to focus on the task. There are three possible targets located
at the center and both sides of the bar. The green circle
represents the current target, where the participant has to
move the blue circle, while the red circles represent the
potential target. To keep the participant more engaged and
use both hands on the task, a paint sprayer scenario was
emulated. The blue circle represents the point where the
nozzle of the robot is aiming. The participant needed to hold
the press button located at the back handle of the robot end-
effector in order to move the robot arm, and the blue circle
while holding the press button located at the front handle
will paint the area blue where the blue circle is. In addition,
a scoring system that calculates the score depending on the
sprayed area and the distance from the target when the trial
ends is implemented to keep the participants engaged in the
game.

Each trial always starts from the center, and one of the two
targets will turn from red to green randomly. Participants
have five seconds to complete the trial, or else the trial will
reset. The center target will turn green to inform the
participant to move the blue circle back, after which the next
trial is started. An invisible obstacle will be placed halfway
to the target with a probability of 40% and stops the motion
of the robot completely. Since the obstacle is invisible,
participants will experience cognitive conflict once they hit
the obstacle during the experiment.

As per Figure 2, it can be seen that there are four different
conditions in this game; these were sudden force normal,
sudden force obstacle, smooth force normal and smooth
force obstacle. Sudden normal and sudden obstacle
conditions presented a resistive force right before the target
or the invisible obstacle, whereas in the smooth normal and
smooth obstacle conditions, the resistance started earlier.
The sudden force obstacle and smooth force obstacle



represent conflict conditions while sudden force normal and
smooth force normal represent normal (non-conflict
condition). For each condition, there was one session of 125
trials, therefore for four-session 500 trials. Participants spent
about 120-150 minutes for the whole experiment, including
EEG preparation time.

Sudden Force Normal Sudden Force Conflict

Invisible obstacle

calculated by the average of the minimum peak happening
in the time range between 150ms-250ms in the extracted
ERP from epochs for all conditions. A flowchart of the
preprocessing pipeline is shown in Figure 3 below.
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Figure 2. Experiment design: The participant moves the blue circle (user
location) from red circle (start location) in the center to randomly left or
right to green circle (ending location) as a task in four conditions of sudden
force normal, sudden force conflict, smooth force normal, and smooth force
conflict.

D. Data processing

EEG data processing was performed using EEGLAB [19], a
toolbox in MATLAB (Mathwork Inc, USA). Raw EEG data
were filtered using a 1Hz high-pass and a 50Hz low-pass
finite impulse response (FIR) filter. Another set of data is
also filtered using a 2Hz high-pass and a 50Hz low-pass FIR
filter. After filtering, the data were down-sampled to 250Hz
and subjected to the visual inspection of the noisy channels.
After the removal of some obvious noisy channels, an
EEGLAB function called automatic channel rejection [20] is
used to remove remaining noisy channels. Subsequently, the
data is re-referenced to average. Artifact Subspace
Reconstruction (ASR) [21, 22] is then applied to the 2-50hz
dataset, followed by Independent Component Analysis
(ICA) [23]. After the completion of ICA, ICA information
matrices (icawinv, icasphere, and icaweights) from the 2-
50hz dataset is then copied to the 1-50hz dataset in order to
avoid low-level frequency noise. Independent components
(ICs) and other noise are then rejected using a function in
EEGLAB called ADJUST [24]. After the rejection of the
bad component, dipole fitting [25] is applied to the dataset
in order to obtain the residual variance. Any component
with a residual variance greater than 15% is also removed.
Epochs are then extracted from 500ms before the onset of
the resistive force (either before the obstacle or before the
target, i.e. green circle) to 1000ms after the same force.
After epochs were extracted, data smoothing, detrending,
and a 4-8hz bandpass FIR filter are applied to epochs in
order to remove data linear trend from the data and filter
within the theta range [26]. Based on previous work [9], the
ERP of each epoch is then extracted at electrode location Fz,
which is a midline frontal EEG channel. The PEN was

than 15% is removed

Extract Epochs

Channel ERP:
Data smoothing, detrending and a 4-8hz bandpass FIR filter are

applied to all epochs to remove data linear trend from the data

Figure 3. Data processing pipeline

All the statistical analysis has been performed using SPSS
(IBM Inc.) over-extracted PEN from EEG data analysis.

IIl.  RESULTS AND DISCUSSION

We have evaluated the ERP based on ‘Fz’, which was
found to be the prominent EEG channel selection in
previous studies [9, 17]. It can be seen in Figure 4 that a
sudden obstacle and smooth obstacle conditions clearly
show negative deflection (PEN) around 150-250 ms
followed by a positive increase (Pe) around 250-400ms. For
the sudden normal and smooth normal conditions PEN and
Pe are not very obvious and visible. The negative deflection
in ERP i.e. PEN occurs when participants could not move
blue circle toward the green circle due to an invisible
obstacle in sudden and smooth conditions. But in the no
obstacle condition (sudden normal and smooth normal), the
participants were able to move the blue circle from the
center to the green circle without any obstacle, therefore no
visible PEN appears in ERP. Although all four conditions
show clear Pe, which is in line with other research related to
visual feedback [27, 28].

To further understand the negative deflection in all four
conditions, we have extracted the PEN amplitude from 150-
250ms for all individuals from their averaged ERP. It can be
clearly seen from Table 1 that 70% of participants show
higher PEN amplitude for conflict conditions (sudden and



smooth obstacle) compared to normal conditions (sudden
and smooth normal). We also analyzed if there is any
difference between sudden obstacle and smooth obstacle
conditions. There was a higher PEN for sudden obstacle
condition compared to smooth obstacle condition.
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Figure 4. Average ERP for all conditions of sudden obstacle, smooth
obstacle, sudden normal, and smooth normal

TABLE I. PEN AMPLITUDE FOR ALL CONDITIONS AND ALL
PARTICIPANTS (SU-OB : SUDDEN OBSTACLE; SM-OB : SMOOTH
OBSTACLE; SU-NOR : SUDDEN NORMAL; SM-NOR: SMOOTH

NORMAL)
o Amplitude (uV)

Participants Su-Ob Sm-Ob Su-Nor Sm-Nor
S1 -1.0786 -0.0066 -0.2839 -0.6513
S2 -0.4405 0.0200 -0.05954 -0.04802
S3 -0.2999 -0.2190 -0.2994 -0.2097
S4 -1.4791 -0.3895 -0.4473 -0.6795
S5 -1.7164 -1.0034 -1.1080 -0.4853
S6 -0.6397 -0.2417 0.3086 -0.6679
S7 -1.1466 -0.2015 -0.2420 -0.4035
S8 -1.6187 -0.4788 -0.2107 0.3536
S9 -0.3459 0.3043 -0.0308 -0.9644

S10 -1.8357 -0.6131 -0.2148 -0.0763

To understand if variation in PEN among all conditions
holds statistically, we have performed repeated-measures
ANOVA on 2 X 2 experiment design conditions, such that
two types of force (sudden and smooth) were combined with
two types of conditions (normal and obstacle). The
statistical results show that there was statistically significant
(F(1,9) = 5.280, p = .047) main effect for sudden and
smooth conditions and also statistically significant
difference (F(1,9) = 8.000, p =.020) for normal and obstacle
conditions. We also looked at the interaction between force
(sudden and smooth) and conditions type (obstacle and
normal), and it was found that the interaction between force
and conditions type is also statistically significant (F(1,9) =
24.160, p=.001).

To further understand whether such statistical difference
exists, we have performed post hoc comparison using the
paired t-test. The test revealed that there was a statistically
significant difference (p = .001) between sudden obstacle
and sudden normal conditions, as well as statistically
significant difference (p < .001) between sudden obstacle
and smooth obstacle. Although there was no statistically
significant difference (p = .510) between smooth obstacle
and smooth normal condition.

The results from this experiment support our hypothesis that
cognitive conflict can be measured by PEN in pHRC
settings, where humans and robots actively exchange forces,
and not just in HRC. Even if PEN shows similar behaviour
as other categories of negativities [29-31], the cognitive
process involved in pHRC requires continuous information
from visual and proprioceptive feedback [32, 33] to perform
the task. In pHRC, the participants do not observe and
decide if the action was correct or wrong at the end of the
task, but instantaneously adapt their strategy, even before
finishing the task. This happens also in the presence of the
invisible obstacle. Those results open up many questions
related to cognitive processes involved in pHRC and similar
settings.

IV. CONCLUSION

We have conducted a study to find if the cognitive
conflict can be detected in pHRC. The Swing Game has been
designed with sudden and smooth forces combined with
normal and obstacle conditions. We have found a significant
difference in PEN in normal and obstacle conditions for both
sudden and smooth forces. We also found that PEN is
significantly higher for sudden force conditions compared to
smooth force conditions. These results conclude that
cognitive conflict represented by PEN can be detected in
pHRC settings and potentially can be used to improve the
interaction and collaboration.
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