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Abstract— Action observation (AQO) therapy is a promising
rehabilitative treatment for motor and language function in
individuals recovering from neurological conditions, such as
stroke. This pilot study aimed to investigate the potential of hu-
manoid robots to support AO therapy in rehabilitation settings.
The brain activity of three healthy right-handed participants
was monitored with electroencephalography (EEG) while they
observed eight different actions performed by two agents, a
human actor and a robot, using their left and right arms.
Their event-related spectral perturbations (ERSPs, changes in
the spectral power of neural oscillations in response to an event
or stimulus, compared to baseline) in sensorimotor regions
were analyzed. The single-subject analysis showed variability
in ERSP patterns among all participants, including power sup-
pression in sensorimotor mu and beta rhythms. One participant
showed stronger responses to ’robot” AO conditions than to
“”human” conditions. Strong and positive correlations in ERSP
across all conditions were observed for almost all participants
and channels, implying common cognitive processes or neural
networks at play in the mirror neuron system during AO.
The results support the feasibility of using EEG to explore
differences in neural responses to observation of robot- and
human-induced actions.

I. INTRODUCTION

Action observation (AO) therapy is a promising reha-
bilitative approach rooted in the principles of action per-
ception and execution, designed to harness the inherent
neural mechanisms involved in motor learning and recovery.
AO is effective in improving motor functions in the upper
extremity and the gait of individuals recovering from neu-
rological conditions, such as stroke, traumatic brain injury,
and Parkinson’s disease [1], [2]. AO therapy is based on
understanding the mirror neuron system (MNS), a neural
network originally identified in primates that includes the
ventral pre-motor area F5 and the inferior parietal area PFG
[31, [4], [5], [6], [7]. Mirror neurons in visuo-motor areas
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activate during the observation and execution of a motor act,
thus observing actions performed by others produces a motor
activation similar to those produced when one is involved in
executing those actions. The underlying mechanism is that
the observed action is mapped onto the observer’s own motor
representation, facilitating a comprehension of the action
goal [8]. Studies on observations of goal-oriented actions in
humans showed increased cortical responses in visual areas,
as well as in the ventral premotor cortex (PMv) and in several
other sensorimotor areas [9], [10], [10], [11], [12].

A recent review identified multiple factors that influence
the patterns and strength of neural responses in the MNS
during AO [13]. Factors that involve action stimuli such
as transitivity and degree of realism and factors involving
the actor such as similarity to humans, were identified as
having neuromodulation effects on the MNS [13]. Since
the discovery of the Mirror Neuron System (MNS), there
has been one question of interest regarding whether artifi-
cial agents like robots can activate the MNS and how the
responses of the MNS to robotic agents compare to those
elicited by human agents. Addressing this question is crucial
for advancing the integration of robots into rehabilitation
practices, particularly in AO therapy. EEG have been used
to examine the neural response to robot actions vs. human
actions in brain regions involved in AO [14], [15], [16].
In particular, a well-established EEG pattern referred to as
power suppression of mu (u) band (i.e., a sensorimotor
rhythm that occurs in the frequency range of 8 to 13 Hz)
is found to be elicited during AO, indicating activation of
the mirror neurons [17]. Analyzing mu rhythm suppression,
also known as event-related desynchronization (ERD), allows
the evaluation of the functional integrity of the MNS. An
EEG study by Oberman et al. found equivalent mu rhythm
(8 13Hz) suppression when a human arm or a robotic arm
performed grasping actions [14]. This result is also consistent
with the findings of an fMRI study by Gazzola et al. [16]
which found no significant differences in responses to the
two types of agents. The findings of an EEG study by
Urgen et al., which examined mu suppression during the
observation of humanoid robots with a more human-like
appearance, also suggest that human MNS is unlikely to
be selective only for the human actor [15]. Cross et al.
found that the action observation network can be strongly
activated by actions that are unfamiliar to individuals, such
as robotic movements, and tends to have a more robust
response to robotic movements than to human-like move-
ments [18]. These results suggest that observing robots can
potentially modulate neural activity in regions associated



with movement; however, more studies investigating neural
responses during observations of actions performed by a
humanoid robot compared to a human agent are needed
to conclude the efficacy of robot-assisted AO therapy. To
contribute to the existing body of knowledge and lay a
foundation for long-term future research exploring the use
of social robots in neurorehabilitation, we conducted a case
study with three healthy participants undergoing AO tasks
with different conditions, using videos featuring a humanoid
robot and a human actor as two types of actors, and actions
performed by left and right hands. In contrast to most prior
studies, we employed videos of a humanoid robot to match
the conventional AO therapy setup, which generally features
videos of a human actor. We collected EEG data during AO
and analyzed the event-related spectral perturbation (ERSP)
between different AO conditions to explore influence of
humanoid robot in AO and verify the feasibility of the EEG-
based approach to identify sensorimotor activity.

II. METHOD

We collected data from three healthy participants, all right-
handed as assessed by the Edinburgh Handedness Inventory
[19]. The participants were between the ages of 21 and 28
years (1 Asian male, 1 black male, and 1 white female) and
reported no history of neurological or psychiatric disorders.

A. Experimental Design

The stimuli for both experiments comprised eight 5000-
ms videos, depicting various uni-manual arm movements
such as air punching, backward-forward arm swing, lateral
arm swing, reaching forward, reaching to the side, covering
eye, touching head, and waving. Each video clip showed in
sequence: 1000 ms pre-action interval, in which the actor’s
arm is either in resting position or moving to starting position
of the main action; 3000 ms action observation interval;
1000 ms post-action in which the actor’s arm returns to
the resting position. These actions were performed by two
types of actors, human and social robot, utilizing both their
left and right hands, and were recorded in an allocentric
perspective (Fig. 1A). A total of thirty-two videos were cap-
tured and subsequently categorized into four distinct experi-
mental conditions. These conditions were determined by the
combination of two different actors (human, robot) and two
observed hand (right, left): (1) human-left; (2) human-right;
(3) robot-left; (4) robot-left. The administration of stimuli
followed a block design design and was counterbalanced to
ensure robust experimental control (Fig. 2). Each stimulus
video was repeated three times and organized into blocks
consisting of eight stimuli of the same condition (human-
left, human-right, robot-left, robot-left). The presentation
of stimuli consisted of a total of 12 blocks. To alleviate
possible interference during baseline EEG acquisition due
to the momentarily decrease in the subject’s attention or the
influx of miscellaneous waves, an 8000-ms fixation cross
period was used at the beginning of each block, in which
participants were instructed to fixate on a white cross on a
black screen [20]. The fixation cross period was followed by

the sequential presentation of eight randomized video stimuli
of the same condition, which was interleaved with countdown
intervals of 3000 ms. Visual stimuli were administered using
open-source software PsychoPy [21].

(B) ©

Fig. 1: (A) The human actor alongside the humanoid social
robot Flo, in their respective configurations used for AO
task demonstrations (B) One of the subjects participating in
the experiment, observing a video clip of “robot” condition
(C) The humanoid social robot Flo, mounted on its custom
telepresence base.

The participants were positioned 150 cm away from a 24-
inch LCD computer screen (Fig. 1B). They were asked to
keep their hands still on their lap while observing the video
stimuli from the four experimental conditions mentioned
above. Before starting the EEG recording, participants un-
derwent a brief training session in which they were presented
with the fixation-cross screen and two videos, each from the
“robot” and “human” conditions. They were instructed to
fixate on the center cross and observe the video clips.

B. Robot Demonstrator

The robotic system employed for the illustration of AO
tasks encompasses a bespoke social robot named Flo (for-
merly known as Lil’Flo) designed and fabricated in the
Rehab Robotics Lab at the University of Pennsylvania [22]
(Fig. 1C). Flo is a humanoid social robot, possessing both
an expressive facial interface and articulate upper limbs [23],
[24]. Tt has been specifically engineered for the purpose of
illustrating upper extremity rehabilitation tasks in preceding
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Fig. 2: Block design of the video stimuli administration. There were a total of 12 blocks of AO task, each block consisted
of 8000 ms of fixation cross and a sequence of eight 5000-ms video stimuli of the same AO condition.

experimental investigations. It is part of a telerehabilitation
system that allows a remote operator/clinician to interact
with patients and use the robot as an aid to demonstrate
rehabilitation activities. In our previous studies, it compared
favorably to classical telepresence methods and, thus, was
considered suitable to compare against a human to study
MNS activation during AO [25], [26].

C. EEG Recording and Data Analysis

The EEG recording in this study used the Emotiv EPOC
Flex EEG system (Emotiv Inc.), which comprises 32 Ag-
AgCl electrodes. Each electrode was equipped with saline
soaked felt pads and affixed to an EasyCap™(Herrsching,
Germany), which was configured based on the interna-
tional 10-20 system for electrode placement. There are two
common-mode sensors located at left and right mastoids
for referencing during EEG recordings. The Flex system
featured built-in EEG data pre-processing functionalities,
incorporating a high-pass filter set at 0.2 Hz and a low-
pass filter at 45 Hz. Additionally, the system performed
digitization at a rate of 1,024 Hz and applied a 5th order
digital sine filter for filtering, followed by downsampling to
128 Hz. The acquisition of EEG data was performed using
the Emotiv Pro software. The exported EEG data underwent
further off-line pre-processing and analysis using MATLAB
(The MathWorks, Inc., Natick, MA, USA) and the EEGLAB
toolbox [27]. Raw data was cleaned using both an auto-
mated algorithm (clean_rawdata plugin) and visual inspection
to reject bad channels (i.e., channels with sudden shifts,
excessive high-frequency noise, and excessive voltage am-
plitude compared to other channels) and then re-referenced

to the average following the interpolation of the removed
channels. Artifacts such as ocular, cardiac or muscular were
labeled and removed using Independent Component Analysis
(ICA). The fixation cross period (duration: 8000 ms) and the
stimuli epochs (duration: 5000 ms) were extracted from two
channels of interest (C3 and C4) to examine sensorimotor
mu oscillations. To alleviate the variability of EEG power
due to possible EEG interference during the long interval of
fixation cross, a baseline selection step was performed. For
each fixation cross period, 1000-ms baseline were identified
by computing the correlation of averaged power spectrum
across all segments between the 8000-ms fixation cross and
each of its eight 1000-ms time windows, separately for three
frequency bands: Theta (4-8 Hz), mu (8-13 Hz), and beta
(13-30 Hz). The 1000 ms time window that had the highest
value of averaged correlation coefficient across the frequency
bands served as the baseline for the subsequent single-subject
analysis for each channel.

For each participant and condition, the time-frequency
analysis for the stimuli epochs was performed between 4
and 30 Hz, with a resolution of 0.5 Hz [27], [28]. To take
into account individual differences in overall EEG power,
the spectral data were normalized by dividing each value at
each time-frequency point by the average spectral power of
the baseline at the corresponding frequency. The resulting
data were expressed as absolute power ratios relative to the
baseline activity. For each participant, condition, channel,
and frequency band of interest, the ratio data were averaged
over time. Since the absolute power ratio data had a non-
normal distribution, a loglO transformation was performed
on each absolute power ratio value. A negative logl0 ratio



indicated the event-related desynchronization (ERD), while a
positive log10 ratio indicated a relative EEG power increase
or event-related synchronization (ERS). Correlation coeffi-
cients were computed to assess the relationship between
EEG power ratios for each pair of experimental conditions
for each participant, using Pearson’s correlation coefficient.
Least squares plots were generated to visually represent the
correlation. Event-related spectral perturbations during AO
were also analyzed using visualization of power spectral den-
sity and baseline-corrected power ratio for each participant
and channel.

IIT. RESULTS

A peak within the mu band (8-13 Hz) was visible during
the baseline and stimulus epochs at both the C3 and C4
channels of subjects 1 and 2, but was only visible in the C3
channel of subject 3 (Fig. 3). Two peaks centered around 15
and 21 Hz within the beta band were visible during baseline
in the power spectra at the C3 channel of subject 2 and at
the C4 channel of subjects 1 and 3. For the power spectra
during AO, the peak centered around 21 Hz was visible but
not significant at both channels of subjects 1 and 2, and a
peak in the power spectrum of subject 3 at C4 was observable
for the ”human-right” condition.
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Fig. 3: Power spectra of baseline and stimuli epochs for each
participant and channel.

Figure 4 shows the time-frequency decomposition of
ERSP over the stimulus epoch averaged across all conditions
of AO. The ERSP showed the suppression of mu rhythm at
the C3 channel of subject 2 and the C4 channel of subject
3 (Fig. 4). Event-related synchronizations (ERS) of the mu
band at the C3 channel were observed for both subjects 1
and 3. For all participants and channels, the ERD and ERS
patterns of the mu and beta bands were fairly consistent
during the stimuli epoch, except for the early ERS observed
from the onset of the stimuli to approximately 1000 ms in
the C3 channel of subject 3. While only C4 channel of
subject 3 observed event-related desynchronization (ERD)
in the beta band, beta desynchronizations were visible at the

C3 channel of both subjects 1 and 2. Theta synchronizations
were observed at the C3 channel of subjects 1 and 3 and the
C4 channel of subject 2. These phenomena were also seen
in Figures 5(a) and 5(b), which display the averaged log10
power ratio across the stimulus period for each frequency,
AO condition and participant at C3 and C4 channel respec-
tively. The ERD and ERP patterns described above were true
for all AO conditions for the three participants. Interestingly,
the right sensorimotor region of subject 3 showed substantial
ERSs across all frequency bands, specifically theta band (4-7
Hz), mu band (8-13 Hz), and beta band (13-23 Hz), and the
ERD effect of ’robot” conditions of AO were stronger than
the “human” conditions (Fig. 5(b)).
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Fig. 4: Event-related spectral perturbations (ERSP) of C3
and C4 channel of three participants averaged across all
conditions, showing the time-frequency presentation of log10
power ratio relative to baseline activity for the stimuli epoch.
The onset of the video stimuli is at 0 ms. Pink dashed lines
indicate the analyzed frequency ranges, including theta (4-8
Hz), mu (8-13 Hz) and beta (13-30 Hz).

Figures 6(a) and 6(b) show correlations between the power
ratio results of observing human and robot actors using
left and right arms at channels C3 and C4. Overall, the
correlations between pairs of conditions were positive and
ranged from moderate to strong. For the C3 channel, the
correlation coefficients of the loglO0 power ratio between
pairs of conditions showed strong and positive linear rela-
tionships for subjects 1 and 2 (r > 0.88), and moderate
for the corresponding pairs of conditions of subject 3 (Fig.
6(a)) with the weaker correlation between the “robot-left”
and “human-left” conditions (r = 0.655). There were more
frequencies within the mu band (red points) in the left
sensorimotor region that show power synchronisation from
observing human and left-hand actions than from observing
robot and left-hand actions (Fig. 6(a)). Similar to the C3
channel, the logl0 power ratios between pairs of conditions
in C4 were strong and positive for all three participants
(r > 0.87) (Fig. 6(b)).
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Fig. 5: Averaged logl0 power ratio of (a) C3 electrode and
(b) C4 electrode for each frequency during AO period across
all conditions for each participant and the grand-averaged
logl0 power ratio across all participants. Black horizontal
dashed lines indicate the analyzed frequency ranges, includ-
ing theta (4-8 Hz), mu (8-13 Hz) and beta (13-30 Hz).

IV. DISCUSSION

The present EEG case study with three right-handed
healthy participants aimed to investigate neural correlates
during the observation of actions performed by human and
robot actor, using left and right hand. We sought to employ
an EEG-based approach to explore the neurophysiology of
human-robot interaction, which provides a foundation for
long-term future research comparing the neural responses to
human and robot actors in AO and, furthermore, exploring
the neurorehabilitation effects of using social robot aug-
mented telepresence (SRAT) for stroke patients. The EEG
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Fig. 6: Correlation scatterplot of the logl0 power ratio at
each frequency in 4-30 Hz range between pairs of conditions
for each participant at (a) C3 electrode and (b) C4 electrode.
Least squared lines illustrate the linear trend between the
EEG power ratios of the paired conditions, with the cor-
relation coefficient displayed on the plot. Points denoting
values of frequency within each of three frequency bands
have different colors.

responses during AO were analyzed using ERSP at the left
and right sensorimotor regions. Clearly it is premature to
generalize these preliminary results, they provide insights
into the feasibility of the employed EEG methodology and
measures such as power suppression of mu and beta rhythms
to investigate neural responses during observation of both
human and robot actions. The correlation results imply that
neural responses seen in observing robot actions may not
be different from those seen in observing human actions.
The study also showed unique neural signatures among three



participants, highlighting the importance of considering indi-
vidual differences in AO studies, particularly in the context
of human-robot interaction.

The sensorimotor cortex is active not only during move-
ment execution, but also when observing movements and
actions of others, through activation of the Mirror Neuron
System (MNS) [8]. Desynchronization in mu band is thought
to be an indicator of MNS activation [17]. The mu rhythm
is thought to be spontaneously generated by sensory motor
nerves during rest, indicated by a peak in the mu band
(8-13 Hz) in the EEG power spectra. This phenomenon
was observed in sensorimotor regions in the power spectra
of two of the three participants when observing robot and
human actors. The varied patterns seen in mu rhythm of
subject 3 might suggest the individual variability of mu band,
and the absence of mu rhythm could indicate the states of
heightened attention even during fixation cross which served
as baseline. There is still uncertainty regarding whether
subject 3 genuinely lack a mu rhythm or if we were unable
to detect mu activity in these cases due to factors such as
low signal-to-noise ratio [29]. More subjects are needed to
determine the consistency of this phenomenon.

Mu ERD in the sensorimotor cortex is considered a neural
signature of the engagement of motor-related processes dur-
ing action perception, indicating inhibition of motor neurons
during AO [8]. In our case study, only one participant
(subject 2) showed mu ERD at C3 channel demonstrating
left-lateralized primary motor response during AO for both
robot and human AO, and the other two participants were
right-lateralized to different degrees. These results again
suggest the individual differences in motor activity during
AO of both human and robots. These patterns were consistent
for both “right” and ”left” hand actions. This is in line
with a transcranial magnetic stimulation (TMS) study by
Sartori et al. finding that right-handed individuals exhibited
left-lateralized primary motor responses to observations of
left and right grasping actions from an allocentric perspec-
tive [30]. These findings are inconsistent with a common
belief that representation of observations is in a spatially
compatible (i.e., mirror-like) manner, specifically, the neural
responses to observed right-hand actions are mainly local-
ized in the right hemisphere, while the neural responses to
observed left-hand actions are mainly localized in the left
hemisphere. [31], [32].

The neural responses to “human” and “robot” conditions
of all participants in both channels had similar patterns
of ERDs and ERSs throughout the frequency range of 4-
30 Hz. In addition, nearly all correlations in the loglO
power ratio at the three frequency bands between pairs of
“human” and “robot” conditions for each participant and
channel show strong and positive relationships. This result
appears consistent with previous EEG studies showing that
the observations of human and robot actions, both with and
without object manipulation, induced equivalent mu rhythm
suppression [14], [15]. The exception is the results at the C4
channel of subject 3 which displayed substantial difference
in ERD between “human” (red and magenta curves) and

“robot” (blue and cyan curves) conditions across beta rhythm
(13-30 Hz), specifically more beta power suppression during
“robot” AO conditions. Similar findings were also observed
in an fMRI study, in which both parietal and premotor
regions responded significantly more during observation of
grasping actions performed by a robot compared to a human
[33]. Responses of action observation network are sensitive
to the goals of observed actions, such as target objects and
overarching purposes [34], [13]. The eight actions completed
by our robot and human actor did not involve manipulation
of objects. This highlights the need for our future study to
explore neural responses to robot actions that involve object
manipulation.

Limitations

Due to the small sample size, we are not able to draw
any conclusive and generalizable findings. However, the
exploratory nature of the investigation allows us to examine
the subject-specific variability and patterns of power spectra
and event-related spectral perturbations. Some patterns of
power spectra and ERSP are consistent with findings in
literature, motivating us to employ this approach for further
research with larger scale. Additionally, as suggested above,
the traditional channel-based method for identifying mu-
alpha power might be influenced by residual artifacts and
volume conduction, as well as our inability to separate mixed
signals due to low density EEG and dependence on re-
referencing techniques. Future research should implement
ICA to analyze mu and beta components, which can provide
a more robust approach for mapping neural activity to behav-
ior, surpassing the limitations associated with the traditional
channel-based method [35].

V. CONCLUSION

The study provides preliminary evidence of the feasibility
and potential of using EEG to explore the single-subject
patterns and variability in neural dynamics of AO that
involves human and robot actors. Expected patterns of event-
related spectral perturbation were observed in the mu-alpha
and beta bands (power suppression) across all participants.
One participant showed prominent difference in ERD of
the beta band between “human” and “robot” conditions
of AO, specifically stronger ERD effects of the “robot”
conditions. Nearly all correlations in the logl0 power ratio
at the three frequency bands between pairs of conditions
for each participant and channel are strong and positive,
suggesting consistent ERSP patterns across conditions and
common processes involved in perceiving and processing
observed actions. Future studies should further analyze EEG
data, including ERSP and functional coherence, across all
channels, and involve stroke patients to explore neurocog-
nitive mechanisms in robot-assisted AO therapy for stroke
rehabilitation.
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