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Abstract—The brain–computer interface (BCI) technique is a
novel control interface to translate human intentions into appro-
priate motion commands for robotic systems. The aim of this study
is to apply an asynchronous direct-control system for humanoid
robot navigation using an electroencephalograph (EEG), based
active BCI. The experimental procedures consist of offline train-
ing, online feedback testing, and real-time control sessions. The
amplitude features from EEGs are extracted using power spec-
tral analysis, while informative feature components are selected
based on the Fisher ratio. The two classifiers are hierarchically
structured to identify human intentions and trained to build an
asynchronous BCI system. For the performance test, five healthy
subjects controlled a humanoid robot navigation to reach a target
goal in an indoor maze by using their EEGs based on real-time
images obtained from a camera on the head of the robot. The ex-
perimental results showed that the subjects successfully controlled
the humanoid robot in the indoor maze and reached the goal by
using the proposed asynchronous EEG-based active BCI system.

Index Terms—Asynchronous direct control, brain–computer in-
terface (BCI), electroencephalograph (EEG), humanoid robots, re-
habilitation robotics.

I. INTRODUCTION

OVER the past couple of decades, there have been numer-
ous attempts to design and build full-bodied humanoid

robots. Advances in mechanics, electronics, and computer sci-
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ence technology have allowed for the development of humanoid
robots, such as ASIMO, HUBO, and HOAP-2 [1]–[5]. The
developed robots have successfully demonstrated skillful behav-
iors, such as walking or running, dancing, and playing musical
instruments. Since interactions with humans are very critical for
humanoid robots, various kinds of interfacing technologies with
humans using speech, gesture, or facial expression recognition
have been suggested [6]. The realization of a robotic system that
understands human intentions and produces accordingly com-
plex behaviors is needed, particularly for disabled or elderly
persons.

On the other hand, a novel interfacing technique used be-
tween humans and machines was intensively studied based
on neural responses to stimulation or thought, which is called
brain–computer interface (BCI). This system either invasively
or noninvasively obtains neural responses from human brains
and interprets human intentions by classifying the neural re-
sponses into several mental states. This mind-reading technique
can transmit human intentions into machines as a form of appro-
priate command. BCI studies have successfully demonstrated
the feasibility of invasive BCI techniques that rely on intracra-
nial neural responses recorded from implanted electrodes in
the motor cortex of monkeys or paralyzed patients [7]–[11].
Recently, noninvasive BCI methods using an electroencephalo-
graph (EEG) have been extensively examined because they are
applicable to healthy subjects for general purposes [12]–[14].

The EEG-based BCI system for robots has been suggested in
robotics and neural engineering fields because some elderly or
disabled people can control robots naturally and intuitively by
merely thinking while using this system. The ultimate goal of
this BCI-based robot control system is to generate and transmit
stable, sophisticated motor, or even emotional, intention into
robots and let them perform various complex tasks according
to human intentions. The BCI-based control system for robots
using the EEG has been suggested for mobile robots [15], robotic
arms [16], wheelchairs [17], [18], and humanoids [19]. These
previous studies have promisingly demonstrated the possibility
of EEG-based BCI systems for robot control.

For practical human–robot interaction applications, proposed
brain-controlled robotic systems using an EEG-based BCI em-
ployed different kind of electrophysiological brain signals, such
as P300 potentials and sensorimotor rhythms. According to the
properties of brain signals, the system can be categorized as
either a reactive BCI or an active BCI [20]. The reactive BCI
enables users to control an application by detecting indirectly
modulated brain signals related to specific external stimulation.
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The P300 potentials are typically used for reactive BCI-based
robotic applications. These signals are produced when the brain
is visually simulated by a target of interest through certain meth-
ods, such as sudden flashes [21]. Meanwhile, the active BCI can
control an application using consciously intended brain sig-
nals without external events. BCI methods using sensorimotor
rhythms belong to the active BCI. These methods classify spe-
cific motor images in a general sense through the power over
the frequency ranges [e.g., mu (8–12 Hz) or beta (18–22 Hz)].
Although the speed and accuracy of applications using these
systems can be affected by the system design and individual
conditions, the results of recent BCI spelling systems based on
different EEG signals, including the sensorimotor rhythm [22],
[23] and the P300 [24], reveal that these systems perform within
a similar general range between 2.3 and 7 characters/min. In ad-
dition to the system performance metrics, there seems to be pros
and cons in the training scheme and user experience. In general,
sensorimotor rhythm-based active BCIs have disadvantages in
longer training time, but these have advantages in the usability
and controllability from the direct and intuitive interface de-
sign without external stimulation. In addition, the sensorimotor
rhythm-based active BCIs may provide several advantages over
systems that depend on complex cognitive operations [25]. In
this sense, active BCIs may be a better choice for the natural and
intuitive control interface to translate complex human cognitive
operations into humanoid motions.

Among the previously demonstrated brain-actuated robotics
systems, there was a remarkable brain-actuated humanoid robot
navigation control proposed by Bell et al. [19]. In that paper,
a Fujitsu HOAP-2 humanoid robot chose a target box between
a green and a red box by detecting P300 signals and then con-
veyed the box to a predefined location using a machine learning
technique. Although the result demonstrated successful brain-
actuated control of the sophisticated humanoid robot, there was
some room for improvement to develop a more natural and in-
tuitive interface. From a controllability viewpoint, their system
relied on P300 potentials as the feature signals from which to
detect the desired commands. Due to the properties of the reac-
tive method, the control capacity was restricted in the number
of targets (two boxes). From a communication viewpoint, the
approach provided cues in a synchronous way. In a synchronous
BCI system, sequential cues are provided at a fixed rate. Because
a user cannot control the timing of motion commands, it tends
to lower the information transfer rate (ITR). Furthermore, the
synchronous BCI system requires the user’s unceasing concen-
tration on sequential cues.

One main goal of EEG-based BCIs for human robot inter-
action is being able to command a robot directly by think-
ing. Therefore, an active BCI approach that interprets voluntary
brain activities of the user without any stimulus is more appli-
cable than a reactive BCI approach. This paper describes a new
brain-actuated humanoid robot navigation system that allows
for asynchronous direct control of humanoid motions using the
active BCI system. We extend our preliminary works [26], [27]
by improving processing techniques, conducting more experi-
ments, and analyzing the results more deeply. A user can explore
the environment by controlling the robot head and body orien-

tation, as well as move the robot in any desired direction. Our
system provides five low-level motion commands (e.g., “stop,”
“turn the head to the left,” “turn the head to the right,” “turn
the body,” or “walk forward”) by combining the classification
of three motor imagery (MI) states (e.g., “left hand,” “right
hand,” or “foot”) with a posture-dependent control paradigm.
To evaluate the proposed system, a humanoid robot navigation
experiment in a maze was conducted with human subjects.

II. METHODS

Our proposed system has four key features. First, low-level
commands make the humanoid turn at any angle and walk to any
position. For example, the “turn the head to the left” command
changes the orientation of the robot’s head left by three degrees
from its original orientation, and the “walk forward” command
makes the robot walk forward to a specific position from a
starting position. Second, five complex humanoid motions are
controlled by three intentional mental states. The system is de-
signed with an aim of natural and direct navigational control of
the humanoid. Hence, our system employed posture-dependent
control architecture that can perform walking and turning with
respect to the appropriate user’s intentions. For example, the
bipedal motions of the humanoid, such as walking forward and
turning the body, are associated with the “foot imagery” state.
Moreover, the limited control capacity of BCI (three MI states)
was extended to the five humanoid motions. Third, the subject
can command the humanoid using asynchronous protocol. An
asynchronous BCI system has no global cues; it instead contin-
uously detects not only intentional control states, i.e., MI states,
but also noncontrol states, formally called the rest state. Thus, it
enables users to regulate the timing of control and show a higher
ITR than a synchronous system [28]–[31]. In our proposed sys-
tem, the BCI system processes the user’s ongoing EEG signal at
every 250 ms to decide whether the user intended the humanoid
control or not. If the system classified the signal as a control
state, an appropriate MI state (left hand, right hand, and foot
state) was determined. Fourth, our system does not employ a re-
active system, but rather an active system. Mu or beta rhythms,
which are classified as specific motor images in a general sense
through the power in the frequency bands [e.g., mu (8–12 Hz)
or beta (18–22 Hz)], are used as the feature signal for the BCI.
Because the system relies on direct control by the user to se-
lect low-level motion commands instead of high-level motion
primitives (e.g., go to a limited target place) in a menu-based
system, the users can control the humanoid robot by using rapid
and complex movements in any given environment.

A. System Description

As illustrated in Fig. 1, the system consists of three main
subsystems: the BCI system, the interface system, and the hu-
manoid control systems. The BCI system classifies four user
mental states. The noncontrol state is referred to as “rest” and
the three MI states are referred to as “left hand,” “right hand,”
and “foot.” The interface system displays three types of data:
1) training cues from the BCI system obtained during the of-
fline training session; 2) classified feedback cues that indicate



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

CHAE et al.: TOWARD BRAIN-ACTUATED HUMANOID ROBOTS: ASYNCHRONOUS DIRECT CONTROL USING AN EEG-BASED BCI 3

Fig. 1. System architecture.

the mental states from the BCI system during the online testing
sessions and real-time control sessions; and 3) environmental vi-
sual images from a monocular camera on the humanoid’s head.
The humanoid control system mediates the five complex hu-
manoid motions (e.g., “stop,” “turn the head to the left,” “turn
the head to the right,” “turn the body,” or “walk forward”) ac-
cording to motion commands from the BCI system. To enhance
the mobility of the humanoid, the data (i.e., the visual images
from the humanoid monocular camera and motion commands
from the BCI system) are transmitted using wireless TCP/IP
communication between the humanoid and other systems.

B. Experimental Protocol

The overall experiments consisted of the following protocols:
1) offline training session;
2) selection of informative feature components and training

of two classifiers;
3) online testing sessions;
4) checking the accuracy of the online session;
(Repeat 1)–4) until the accuracy criterion is satisfied.)
5) real-time humanoid navigation control experiment.
During the offline training session, the interface system dis-

played a training cue, which indicated one of the four mental
states. Among the three MI states, for the “foot imagery,” the
subjects were instructed to consistently select one side of the
foot to prevent confusion. They sat on the chair and comfortably
looked at the display. For the first 4 s, a cue text (e.g., “rest”) and
a solid circle appeared on-screen to notify the beginning of a trial
to the users. After the rest period, the MI trial began with one of
three MI cues. The subjects tried to imagine the motor task. To
prevent forecasting, the cues were block-randomized. After one
trial of an MI task, a 2 s intertrial interval was allocated using a
blank screen. Fig. 2(a) illustrates the offline training procedure.

Fig. 2. (a) Offline training protocol: After the rest sessions, the subject is
asked to imagine a motor imagery indicated by a static cue. (b) Online feedback
testing protocol: 6 s are allowed to test the performance of the classification with
dynamic fade-out feedback. (c) Dynamic fading feedback is used to secure a
robust classification of a mental state from the ongoing EEG (see Section II-H).

During the first two days, the subjects underwent three offline
training sessions a day. Therefore, the subjects had to perform
at least six offline training sessions. Each session consisted of
20 trials per MI task. After the training session, the BCI system
1) analyzed the collected EEG data to extract the appropriate
features, 2) selected the informative feature components, and
3) trained two hierarchical classifiers based on the selected fea-
ture components.

During the online feedback testing, the trained BCI system
extracted the subject’s mental state from ongoing EEG mea-
surements. The interface system displayed a target cue and a
classified mental state using the fade-out feedback rule. The
details of the dynamic fading feedback rule are described in
Section II-H. During the first 6 s, the subjects were asked to stay
at “rest.” During the next 6 s, the performance of the intended MI
classification was evaluated. After one trial of the MI task, a 3 s
intertrial interval was allocated using a blank screen. Fig. 2(b)
illustrates the online feedback testing procedure. Each online
feedback testing session consisted of 15 trials per MI task and
was also block-randomized. During the first two days, the sub-
jects underwent six offline training sessions. After that, online
testing occurred. If the accuracy of the online test was at least
75%, the subjects were asked to conduct real-time control ex-
periments of humanoid navigation the next day. Otherwise, one
offline training session and one online testing were repeated se-
quentially until the accuracy criterion was satisfied. Additional
features from the repetitive training procedure were added into
the previous training set, and the classifiers were retrained after
each online testing. The two classifiers obtained from the offline
training were confirmed through the procedure and used during
the real-time navigation experiments.

To verify the navigation performance of our system, an indoor
maze was designed, as shown in Fig. 3. The humanoid robot
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Fig. 3. (a) Maze and humanoid used for the real-time control experiment.
(b) Schematic illustration of the maze.

navigates from a departure point to a destination point via five
waypoints to clarify the walking pathway. The size of the maze
was 1.5 m (width) × 3 m (length) × 0.9 m (height). The subjects
can recognize each waypoint by visually detecting a circle on
the wall, and the path direction is presented as an arrow sign
between these waypoints. The subjects did practice trials for
about 15 min. During practice, subjects controlled the humanoid
using both the manual interface and the BCI to get used to
these two interfaces. It was aimed to reduce the bias through an
order of experiments (manual control or BCI control). After this
trial, the subjects went through the real-time navigation control
experiment as follows. All subjects were asked to navigate the
humanoid robot along a designated route in the indoor maze
from a starting position to destination points via waypoints as
fast as they could. If they missed any waypoints, they could
skip them. Each subject conducted the experiment three times
using the BCI system and one time through keyboard control for
comparison. During the manual keyboard control, each subject
controlled the robot motion using three keys, up, right, and left,
on a keyboard. The manual session was performed before the
BCI control sessions.

C. Subjects

Among the candidates that volunteered, selection was made
by a set of inclusion and exclusion criteria to obtain the conclu-
sion of the study from a homogeneous population. The inclu-
sion criteria were 1) users within the age group of 20–28 years;
2) users within the same gender group (either all male or all fe-
male); 3) users within the same laterality (either all left handed
or all right handed). The exclusion criteria were 1) users with a
history of neurological or psychiatric disorders; 2) users under
any psychiatric medications; 3) users with epilepsy, dyslexia, or
experiencing hallucinations; 4) users with any experience with
BCI. As a result of the selection, five healthy volunteer male
subjects participated in the experiment. Their average age was
26.2 ± 2.6 years. The entire protocol and aims of the study

Fig. 4. EEG electrode positions with respect to the international 10–20 system.
Electrode positions marked with gray circles were only used to compute the
spatial filter. The nine black circles indicate the electrode positions used as
the main feature channels. All electrodes are referenced to the left and right
mastoids.

were given before the experiment, and all participants signed
the written informed consent.

D. Data Acquisition and Feature Extraction

In the previous studies, Wolpaw and McFarland [12] proposed
a successful sensorimotor rhythm-based active BCI method to
control the 2-D directional computer cursor movement. They
used a large Laplacian filter for the temporal and spatial filter
to enhance the signal and reduce noise over the sensorimotor
cortex (C4 and C3). Autoregressive spectral analysis was also
used to determine the amplitudes (e.g., the sensorimotor rhythm)
in specific frequency bands. In this paper, we applied this signal
processing protocol to filter and detect the sensorimotor rhythm
over a frontocentroparietal cortex.

EEGs were recorded using an EEG-recording system (Com-
pumedics Neuroscan, Charlotte, NC) with 32-channel Quick-
caps (Ag/AgCl Quick-cap, Compumedics Neuroscan). An elec-
trode at the vertex of the head was used as a reference, and
an extra electrode between Fz, FPz, F1, and F2 was used as
a ground. The impedances of all of the electrodes were lower
than 5 kΩ. The EEGs were digitized at a sampling frequency of
250 Hz and amplified with a 32-channel SynAmps2 amplifier
(Compumedics Neuroscan). We applied a 1–100 Hz bandpass
filter and a 55 to 65 Hz notch filter to remove 60-Hz ac noise.
The raw EEG data were first converted to a reference-free form
by a Laplacian algorithm that uses the set of the four next near-
est neighbor electrodes (e.g., for electrode Cz, these were Fz,
C3, C4, and Pz). [31] This algorithm has spatial filter character-
istics suited to the topographical extent of mu and central beta
rhythms [32], [33]. For the real-time process, a total of 21 elec-
trodes around the sensorimotor cortex (F3, Fz, F4, FT7, FC3,
FCz, FC4, FT8, T7, C3, Cz, C4, T8, TP7, CP3, CPz, CP4, TP8,
P3, Pz, and P4) were used to apply the large Laplacian filter
over the nine frontocentroparietal locations (FC3, FCz, FC4,
C3, Cz, C4, P3, Pz, and P4) based on the international 10-20
system, as shown in Fig. 4. During the overall BCI protocols,
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Fig. 5. Channel–frequency selection using the Fisher ratios from three sets of “rest” versus MI tasks. (a) Channel–frequency distribution of the Fisher ratios of
subject A. (b) Topographical distribution of the Fisher ratios of subject A at the highest frequency bands (12, 14, and 10 Hz, respectively). The first two top-scoring
channels for the “left-hand” imagery tasks were channels C4 and FC4, while channels C3 and FC3 were selected for the “right-hand” imagery tasks, and channels
CPz and Cz were selected for the “foot” imagery tasks. (c) Spectral distribution of the Fisher ratios for subject A. For the “left-hand” imagery tasks, the maximum
Fisher ratio of C4 was 0.15 at 12 Hz, and a 5-Hz window centered at 12 Hz was selected as the optimal frequency region.

the Laplacian waveforms were subjected to an autoregressive
spectral analysis [34]. The model order of autoregressive spec-
tral analysis was fixed as 16 based on the previous study [35]. To
extract amplitude features, every 250-ms observation segment
recorded for 2 s (500 samples) from nine channels was analyzed
by the autoregressive algorithm, and the square root of power in
1-Hz-wide frequency bands within 4–36 Hz was calculated.

In the offline training session, 32 feature vectors with 288 di-
mensions (9 channels × 32 frequency components in the band
of 4–36 Hz) were collected within the MI and rest periods (4 s
for each) for one trial. These feature vectors were used to se-
lect informative feature components and train the classifiers.
During the online testing and real-time control session, the fea-
ture vectors were sampled from the selected informative feature
components and these were used to produce real-time feedback
and classification for the motion commands.

E. Feature Selection

Based on the previous experiment [36], researchers found
that different frequency components in the alpha and beta band
provide the best discriminant between the left- and right-hand
motor imagery. In this study, the Fisher ratio was used to se-
lect informative feature components of each subject that can be
interpreted as suitable channel–frequency bands.

For the amplitude feature vector from the “rest” and MI states,
let μrest and σrest denote the mean and variance, respectively,
of the amplitude feature set from the “rest” state, and let μMI
and σMI denote the mean and variance, respectively, of the

amplitude feature set from the MI state. The Fisher ratio is
defined as the ratio of the between-class variance to the within-
class variance [29] as follows:

fr =
σ2

between

σ2
within

=
(μrest − μMI)2

σ2
rest + σ2

MI
. (1)

The Fisher ratio is a measure of the (linear) discrimination of
two variables [37], [38], and it can also be considered as a signal-
to-noise ratio. Among the channel–frequency pairs that were
acquired from the EEG data of the two mental states (“rest” ver-
sus each MI), there was an overlap region between the other MI
states. To prevent an overlapped selection of channel–frequency
pairs, the Fisher ratios of two MI states were subtracted from
the Fisher ratios of another MI state. From these subtracted
Fisher ratios, a channel–frequency pair with the highest value
was considered the most discriminative channel–frequency pair.
Based on the previous research [36] and our experimental results
shown in Figs. 5 and 10, the corresponding channel and a fre-
quency window of 5 Hz centered at the top-scoring frequency
were selected as suitable discriminant bands. The amplitude
value averaged over the window was selected as the first infor-
mative amplitude feature. For the second top-scoring channel in
the Fisher ratio, the same procedure was applied to select the
second informative amplitude feature.

F. Classification

To translate the intended EEG data into appropriate move-
ment commands for the humanoid robot, the intentional activity
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classifier (IAC) and movement direction classifier (MDC) were
hierarchically employed. The IAC classifies the “rest” and MI
states. If the signals are interpreted as the MI state by the IAC,
then the MDC classifies the specific MI state as either a “left
hand,” “right hand,” or “foot” states.

The IAC is a linear classifier constructed through the linear
discriminant analysis (LDA). LDA provides that the distribu-
tion of features in each of two classes is normal with a same
covariance matrix [39], [40]. The LDA finds a linear hyperplane
which separates the two classes. The training feature set for the
IAC consisted of informative amplitude features extracted from
the two channel–frequency components. For the initial training,
the features from the training trials between 0 and 4 s (e.g., rest
period) were assigned to the “rest” class, and the signal seg-
ments between 4 and 8 s (e.g., MI period) were assigned to the
MI class. For the training, the negative output values of the IAC
denote the “rest” classes, while the positive output values of the
IAC denote the MI classes. After the initial training procedure,
an informative time period selection using a LDA distance met-
ric and refinement of the threshold of the linear classifier using
receiver operator characteristic (ROC) analysis were performed
to enhance the performance of the IAC.

According to our system operation scheme, a motor-related
time period lasted for 4 s [see Fig. 2(a)]. However, the informa-
tion distribution over the period can be affected by the condition
of the subjects and the size of the signal segments used for am-
plitude estimation. To avoid any unintentional noisy periods, the
informative time periods were determined using a LDA distance
metric. For each feature, the LDA distance was defined as the
distance between the trained LDA hyperplane and the feature.
For the offline training feature set, the LDA distance was aver-
aged over time, and 1-s intervals centered at the maximum and
minimum LDA distance points were selected as the informative
rest and MI periods, respectively, as illustrated in Fig. 6(b).

To find a suitable threshold that balances the true positives
(TPs) and false positives (FPs), a sample-by-sample ROC anal-
ysis [29] was used. The two axes of the ROC curve consist of
the true positive rate (TPR) and false positive rate (FPR). The
former is a measure of sensitivity, while the latter is a measure
of selectivity. These quantities are defined as follows:

TPR =
nTP

nTP + nFN

FPR =
nFP

nTN + nFP
(2)

where nTP, nFN, nTN, and nFP are the numbers of TP, false
negative, true negative, and FP results, respectively.

The trained linear hyperplane of LDA is expressed as
w0 + wT x = 0, where w, w0 , and x are the slope of the hy-
perplane, the y-intercepts of the hyperplane, and a sample data,
respectively. In the BCI system, a threshold of IAC designates
w0 of the trained hyperplane. As shown in Fig. 6, the points
above the ROC curve were calculated from a given threshold. In
this study, a balanced point was considered as a threshold that
resulted in a TPR value equal to 1 FPR [29], and the threshold
value for that point was used to redefine the IAC threshold.

Fig. 6. Time period selection using the LDA distance metric and determination
of a classifier threshold. (a) ROC curve determines an appropriate threshold
value and (b) a typical intention level curve of a subject to discriminate the rest
and MI time periods. As the informative time period, a 1-s interval centered at
the maximum and minimum LDA distance points was selected.

The MDC was designed to classify three motor imagery
states. Because the MDC was used for the three-class discrim-
ination unlike the IAC, it requires other type of classifier that
can separate the feature space into the three subspaces. In our
BCI system, the three-class discrimination problem was solved
by combining three discriminant functions using quadratic dis-
criminant analysis (QDA) [39]. QDA is a generalized version
of LDA. Unlike LDA, the assumption that the covariance of
each class is identical is not taken into consideration in QDA.
Therefore, the separated subspaces will be a conic section. In
some previous studies, researchers showed that classification
rules for BCI systems based on the QDA performed better than
those based on the LDA in a complex feature space [41]. Based
on these properties and our empirical results, QDA was adopted
for the MDC.

After the initial offline training sessions, the IAC and MDC
were trained using the features from the 120 training trials for
each MI states. According to the proposed feature selection
method, the four feature vectors (1 s informative time interval
from each MI and rest trial) with two dimensions (two channel–
frequency component pairs) were used to train IAC and MDC.
During the offline training sessions, the classification accuracy
of IAC and MDC was validated via a tenfold cross validation.
During the online testing session, the collected features from the
two channel–frequency component pairs were classified using
the trained hierarchical classifiers and the dynamic fading feed-
back rule. If the accuracy of the online testing was at least 75%,
the real-time control experiments were conducted the next day.
Otherwise, one offline training session (20 trials per session) and
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Fig. 7. Diagram of humanoid navigation control. (Left) Left-hand imagery.
(Right) Right-hand imagery. (Forward) Foot imagery.

one online testing session (15 trials per session) were repeated
sequentially until the accuracy criterion was satisfied. After ev-
ery additional offline training session, the training dataset was
reorganized with both newly collected and original feature sets,
and the classifiers were retrained.

G. Humanoid Robot Navigation Control System

A Nao humanoid robot (Aldebran Inc., France) [42] with 25
degrees of freedom was the robot platform used in this study. The
monocular vision on its head supplied visual feedback informa-
tion, which consisted of a forward view. The control system sent
motion commands to the robot and received visual information
from the robot via a wireless TCP/IP protocol every 200 ms.

The robot walked at a speed of 3.3 cm/s and made turns
at a speed of 0.13 rad/s. To maintain stability, the robot did
not walk or turn itself while rotating its head. To observe the
encountered environment and walk to the target position, five
motion commands (i.e., “stop,” “turn the head to the left,” “turn
the head to the right,” “turn the body,” or “walk forward”) were
programmed. The robot could rotate its head to the left or right
by up to 90◦.

To control the navigational low-level motion of the humanoid,
the three mental states of the BCI were mapped onto three
directional commands (e.g., “left,” “right,” and “forward”). In
the postural-dependent control paradigm, these commands were
used to select an appropriate low-level motion of the humanoid
based on the postural state of the humanoid’s body. Fig. 7 il-
lustrates the state-machine diagram of the postural-dependent
control paradigm. While the robot stays still, either a “left” or
“right” command makes the robot rotate its head by 3◦. If the
body and head face the same direction, detection of the “for-

Fig. 8. Dynamic fading feedback rule. Variation of selection levels and clas-
sifications of a real-time BCI experiment over 8.5 s.

ward” commands the robot to walk forward. Because the robot
takes a relatively long time to walk, for the convenience of con-
trol, the robot is designed to continue walking forward until a
“left hand” or “right hand” state is detected. If the head and
body face different directions, the forward event turns the body
so that it is aligned with the head. A “left” or “right” command
stops the robot if it is walking forward, and continuous left or
right events turn the head to the left or the right, respectively.
A left or right turn is achieved by straightening the body after
making a left or right turn of the head. It should be noted that
our control scheme is different from the state-dependent agent-
based model [15] because its design is based on postural sensing
information and not on environmental conditions.

H. Dynamic Fading Feedback Rule and Interface System

Because the classification results of the sensorimotor rhythm-
based active BCI could occasionally generate the misclassifica-
tion results, as Scherer et al. demonstrated [21], some normal-
ization methods would be used to enable a smooth transition
between class-specific feedbacks. In this study, the dynamic
fading feedback rule was designed to avoid abrupt false clas-
sifications, as shown in Fig. 8. There are two key elements to
this rule: 1) the candidate decision produced during the online
feedback testing session and the real-time control session and
2) the selection level associated with the confidence measure-
ment of selected classifications. Based on the system constraints,
the classifications from the BCI are generated every 250 ms.
Before the BCI system operates, the selection level and the can-
didate decision are initialized at zero and at “rest,” respectively.
The fading feedback cues and appropriate motion commands
are produced by the following rules.

1) Rule 1: When the selection level is zero, the next first
classification is newly set to be the candidate’s decision.

2) Rule 2: Whenever the classification result is identical to
the candidate decision, the selection level is increased by
1; otherwise, the selection level is decreased by 1.
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Fig. 9. Interface system. A subject sees the mental state, which (lower left)
the system interprets from the brain activity and what (lower right) the robot
sees through its camera on the monitor.

3) Rule 3: When the selection level reaches 4, the control
system confirms its decision and generates a motion com-
mand accordingly (i.e., “left,” “right,” or “forward”).

4) Rule 4: The fading feedback cues and the arrow and text
shown on the display are transparentized according to the
candidate’s decision and its selection level.

Fig. 8 illustrates an example of the command selection proce-
dure. For the first 1 s, the consecutive “rest” commands appear.
At 1.25 s, the four consecutive “left-hand” classifications in-
crease the selection level up to 4, and then, the system generates
a “left” command. The robot executes its motion accordingly
through the control paradigm, as described in Fig. 7 (i.e., “head
turn left”). Next, consecutive “left-hand” classifications cause
the robot to keep turning its head to the left up to 15◦ (3◦

per command). In Fig. 8, two “right-hand” classifications af-
ter 3.25 s lower the selection level because they are different
from the candidate’s decision. However, they fail to confirm a
command; therefore, they are regarded as false alarms. Based on
Rule 1, the candidate’s decision has to be changed if the selection
level reaches zero. Therefore, consecutive “foot” classifications
change the candidate’s decision to be “forward” at 4.75 s and
produce “body turn” commands thereafter. This results in a 21◦

left turn of the robot’s body.
To inform the selection level to the user, the interface sys-

tem transparentized the fading feedback cues, as illustrated in
Fig. 2(c). During the online feedback testing sessions, the target
cue on the display was faded out as the selection level increased
because the target cues should be shown before the MI trial be-
gins. On the other hand, during the real-time navigation control
experiments, the interpreted mental state, which is indicated by
an arrow, was faded in as the selection level increased.

Subjects could monitor the robot states through feedback
information on their interpreted mental states and robot states
through the interface system, as shown in Fig. 9. A camera on
the top of the robot’s head acquires images of its environment
at 5 frames/s. For example, arrows on the wall were captured

to indicate the moving direction. The mental states from the
dynamic fading feedback system were displayed every 250 ms.

I. Evaluation

1) Performance of the Brain–Computer Interface System:
The ITR was used [13] to evaluate the BCI system during
the two preliminary sessions (i.e., offline training and online
feedback testing). This evaluation method quantifies a standard
measure of communication systems at a bit rate (the amount
of information per unit time). The bit rate incorporates both
speed and accuracy in a single value. The bits of information
communicated per one minute (ITR) were calculated as follows:

Id = log2 N + p log2 p + (1 − p) log2
1 − p

N − 1
ITR = fd × Id (3)

where Id is the bit rate (bits/trial) for the three mental state
choices (N = 3), p is the accuracy, and fd is the decision rate
(trial/min).

In the offline training sessions, p was estimated by a tenfold
cross validation of MDC that gives the ratio of correctly clas-
sified trials to total trials executed by each subject. fd was set
to 15 (decisions/min) because each trial lasted 4 s. In the case
of the online testing sessions, p was defined as the ratio of cor-
rectly matched trials (i.e., trials that produced correct motion
commands from the feedback rule) to the total number of trials
(i.e., 15 trials per MI task). fd was calculated from the measured
response time Tr according to the following equation:

fd =
1
Tr

. (4)

2) Navigation Performance: To evaluate our system, the hu-
manoid navigation performances through both BCI control and
manual control (keyboard control) were measured using the fol-
lowing metrics over each task trial.

1) Total Time: total time taken to accomplish the task (in
seconds);

2) Traveled Distance: distance traveled to accomplish the
task (in centimeters);

3) Forward Steps: number of walking steps during forward
movement;

4) Turning Steps: number of walking steps to turn the robot
body;

5) Explored Angle: total turning angle of the robot head to
explore the surrounding environment (in degrees);

6) # Trans: number of transitions between the walking mode
and the exploration mode;

7) Waypoint: number of waypoints on which the robot steps;
8) Collisions: number of collisions with the wall.
In addition, the navigation performances obtained using the

BCI control and manual control were compared by the following
metrics.

1) Average Velocity: average distance traveled (in centime-
ters) per second to accomplish the task;

2) Average Angular Velocity: average robot head turning an-
gle (in degrees) per second to accomplish the task;
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Fig. 10. Channel–frequency distributions of Fisher ratios for all subjects for “left-hand,” “right-hand,” and “foot” imagery tasks. (a) Left. (b) Right. (c) Foot.

TABLE I
FEATURE SELECTION RESULTS

3) Average Transitions: number of transitions per minute on
average.

To validate the performance of BCI control in comparison
with manual control, ratios between the metrics from the BCI
control and manual control performances were calculated and
averaged over the trials for each subject.

III. RESULTS

A. Feature Selection

To improve the signal-to-noise ratio and reflect the true men-
tal condition of the subject, a time–channel–frequency feature
set was selected for each subject, as explained in Section II-E. In
Fig. 10, the Fisher ratios for the channel and frequency compo-
nents and averaged discriminant values for the offline training
period for each motor imagery and subject are illustrated. Be-
cause the Fisher ratios of other motor imageries are subtracted
from the Fisher ratios of the target motor imagery, the Fisher
ratio of a motor imagery can be negative. Table I describes the
selected feature components of the five subjects.

For the left-hand feature components, the two top-scoring
channels over the right sensorimotor cortex (i.e., electrode loca-
tions C4, CP4, or FC4) and frequencies around the alpha (mu)
frequency band (i.e., 9–14 Hz) were selected. For the right-hand
feature components, the channels over the left sensorimotor cor-
tex (i.e., electrode locations C3, CP3, or FC3) and frequencies
around the alpha (mu) frequency band (i.e., 8–15 Hz) were se-
lected. For the foot channel components, the channels over the
central area of the sensorimotor cortex (i.e., Cz, CPz, or FCz)
were selected for the subjects. For the foot frequency com-
ponents, 6–14 and 21–32 Hz, the alpha (mu) and beta bands,
respectively, were occupied. The results may indicate that the
optimal feature selection of our algorithm is reasonable and
reflects a dependence on individual subject [43].

For the informative time period selection of the “rest” and
MI mental states, an LDA classifier was used. For subjects A,
B, and D, the minimum LDA distances were obtained in 3.25,
3.75, and 4.25 s with maximum LDA distances in 7.75, 8.25,
and 8.25 s, respectively, as shown in Fig. 11. For subjects C and
E, the minimum LDA distances were reached before the “rest”
period (2–6 s), and therefore, the informative “rest” periods were
set to the period between 2 and 3 s.

As described in Section II-F and Fig. 6, the IAC’s thresholds
were redefined (see the dotted lines in Fig. 11). The LDA dis-
tances of the redefined thresholds were 1.1 for subject A, 1.8
for subject B, 1.9 for subject C, 1.7 for subject D, and 1.8 for
subject E, respectively.

B. Performance of the BCI System

Tables II and III provide details about the performance of the
two hierarchical classifiers (IAC and MDC) for the five subjects.
Table II shows the number of offline training trials per mental
task, the TPR and FPR of the IAC, and the accuracy of the MDC
for each task. Subjects A, B, D, and E carried out one or more
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Fig. 11. Averaged discriminant values (solid line) over the time and adjusted threshold (dotted line) of IAC for all subjects, as described in Section II-E. The
gray rectangular area indicates the informative time periods of NC and MI.

TABLE II
OFFLINE TRAINING RESULTS

TABLE III
ONLINE FEEDBACK TESTING RESULTS

additional offline training sessions (20 trials per session) to sat-
isfy the test accuracy criteria. For the offline training, subject C
had an average accuracy and ITR of 87.3% and 13.6 bits/min,
respectively, and both values were the highest among all sub-
jects. For subjects A and D, the accuracy of the foot task was
relatively lower than the others. This affected the performance
in controlling the turning of the body or walking during the
real-time navigation experiment. For subject D, the average ac-
curacy and ITR were 70.7% and 6.4 bits/min, respectively, and
both values were the lowest among all subjects.

To ensure robust classification, the dynamic fading feedback
rule was applied to the online feedback testing sessions. The
BCI control performances of the testing sessions and real-time
control sessions rely on the operation of the rule. Table III
shows the online testing performance achieved using the fading
feedback rule for the given mental tasks. The accuracy was
defined as the ratio of the number of correctly matched trials to
the total number of trials for each task. If a subject produced
correct motion commands using the rule within an MI period

of 6 s, the assigned trial was regarded as a correctly matched
trial. The intentional response time T1 was defined as the time
(in seconds) taken until the occurrence of the first MI command
became identical to the target cue. The control response time
T2 indicated the time (in seconds) taken until the confirmation
of the first motion command from the fading feedback rule. To
calculate the ITR, this study assumed that T2 was the decision
rate. The average T1 for all subjects was 1.84 s, and the average
T2 for all subjects was 3.18 s. The difference between the two
was 1.34 s. This is slightly longer than the ideal delay (i.e.,
1 s) of the fading feedback rule, probably because false alarms
can delay the command confirmation until the selection level
reaches 4, as illustrated in Fig. 8. While the delay lowered the
decision rate of the BCI system, the accuracy was improved.
Consequently, a higher ITR was attained than the offline training
case.

For subject C, who showed the best performance during the
online testing, the average accuracy and ITR were 93.3% and
26.5 bits/min, respectively. During online testing, the ITRs of
all subjects were comparable with the current maximum BCI
ITRs, i.e., 10–25 bmp, which has been reported in previous
studies [44].

C. Navigation Performance

The results of the real-time navigation experiments of the
humanoid robot, as explained in Section II-B, are summarized
in Table IV. The performance metrics from the BCI experi-
ments were averaged over three trials. During the manual con-
trol experiments, all of the subjects controlled the robot to pass
through all five waypoints without any collisions during navi-
gation. During the BCI control experiments, the robot stepped
on 3.2 waypoints with an average of 0.3 collisions, while the
robot always successfully reached the final position. All sub-
jects attained a BCI-based navigation performance for passing
through all the waypoints without any collisions at least once
out of the three trials. Subject C missed a waypoint only one
time with no collisions over the three trials. Fig. 12 shows the
sequential snapshots taken during an experiment. Each subject
recognized the direction of the robot based on the information
provided from the robotic camera.

The traveled distances were 439.8 cm during the manual con-
trol and 382.3 cm, on average, during the BCI control. The
ratio was also 0.88. Because the waypoints were placed near
the edges of the maze, longer traveled distances were required
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TABLE IV
REAL-TIME NAVIGATION CONTROL RESULTS OF THE HUMANOID ROBOT

Fig. 12. Navigation task is to make the robot move from a starting position to destination regions, while passing through the five waypoints at the corners of the
maze. The first row shows snapshots taken during a trial, and the second row shows images acquired from the robot camera at each position.

to pass through all of the waypoints. The results of subjects
A, D, and E verified this claim. They missed about half of the
waypoints on average. Those subjects tended to have low accu-
racy in the right hand or foot imagery during the online testing
(see Table III). In contrast, the other two subjects controlled the
robot through all of the waypoints in most cases. In terms of the
average total time, the BCI control took 1.27 times longer than
the manual control. A longer time was spent on environmen-
tal exploration or robot motion selection. The average explored
angle during BCI control was 1.86 times greater than during
manual control, and the average number of transitions during
BCI control was 1.49 times more than during manual control.
This implies that subjects rotated the robot head more frequently
by generating the left or right commands during the BCI con-
trol. This may indicate that the subjects used more commands
to more accurately align the robot along the desired direction.
For subjects B and C, the ratios of the explored angles between
the two control schemes were 2.97 and 1.61, respectively, while

the ratios of distances traveled were 1.06 and 1.10, respectively.
They navigated the robot without collisions. This indicates that
the two subjects, B and C, controlled the robot through the BCI
system along almost the same distances as through the manual
control, while requiring more attempts to find accurate target
angles when using the BCI system.

D. Brain–Computer Interface Controllability of the Humanoid
Navigation Control

To evaluate the controllability of the BCI system, we assumed
that the performance of the manual control was nominal and in-
vestigated how similar the BCI-based performance was to the
manual-control-based performance. Therefore, the ratios of the
metrics averaged over the total executed time between the two
schemes were calculated and are shown in Table V and Fig. 13.
The ratios of the average velocity for subjects A and D were
lower than those of the others. As indicated in Table IV, dur-



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

12 IEEE TRANSACTIONS ON ROBOTICS

TABLE V
PERFORMANCE OF THE NAVIGATION TASKS

Fig. 13. BCI–manual ratio of the average velocity, average angular velocity,
and average transition over all subjects.

ing BCI control, the two subjects tended to miss some of the
waypoints, which resulted in shorter traveled distances com-
pared with the manual control case. However, longer total times
were taken to accomplish the task during BCI control.

In the case of subjects A and D, the accuracy of the foot
imagery classification was less than the other imagery classi-
fications (see Table III). This implies that the “foot” intention
could be misclassified as the “right hand” or “left hand” inten-
tions in false alarm cases. The misclassification could induce an
unexpected command, which would execute undesired robotic
motions. Then, the subject would need to put more effort into
recovering the robotic motion as desired by exploring more turn-
ing angles. This may cause high average angular velocities, as
shown in the cases of subjects A and B. On the other hand, the
angular ratios of subjects C and E (1.15 and 1.09) were relatively
lower than those of the others. Consequently, there were rela-
tively large variations between subjects for the angular ratios,
as summarized in Fig. 14. The average transition ratios indi-
cate that the BCI-based performances were comparable with
the manual-control-based performances; the average value of
the metric for all subjects was 1.17±0.14. Among all subjects,
subject C showed the BCI-based performance that was the most
comparable with the manual-control-based performance. In this

Fig. 14. Averaged performance for all subjects within the ratio performance
metrics.

case, the average velocity, angular velocity, and transition ratios
were 0.79, 1.15, and 1.05, respectively.

IV. DISCUSSION

This paper has described a new humanoid navigation system
that is directly controlled through an asynchronous sensorimo-
tor rhythm-based BCI system. Our approach allows for flexible
robotic motion control in unknown environments using a camera
vision. As a result of our online testing, the average response
time T2 for all subjects was 3.18 s, and the average ITR for
all subjects (see Table III) was 14.02 bits/min (in particular,
the average ITR of subject C was 26.5 bits/min). This shows
that the ITR of the proposed BCI system is comparable with
current maximum BCI ITRs, which vary from 10–25 bmp [44].
Real-time navigation control experiments demonstrated that our
direct-control approach is feasible to navigate a humanoid robot
in an indoor environment. The time ratio of the BCI control
to manual keyboard control (BCI/manual) was 1.27. A previ-
ous investigation, which was proposed by Millan et al. [15],
obtained a time ratio of 1.35 by using an asynchronous direct-
control system with a mobile robot. Therefore, our proposed
navigation system is comparable with a previous mobile robot
navigation system that depends on an agent-based model. Our
proposed system includes posture-dependent control architec-
ture, as shown in Fig. 7, to facilitate real-time BCI control.
We agree with Millan et al. [15] that an automated system
is a key feature for efficient BCI control. However, our con-
trol model is different from the one presented by Millan. Their
agent-based robot perceived and executed a command based
on the environmental state. Meanwhile, our command control
protocol relies on the robot’s own postural movements. Hence,
our system has the advantage that decisions are based only on
sensing information with no presumptions about the situation.
Such posture-dependent control architecture is advantageous to
execute various movements. The proposed control architecture,
with the aforementioned ITRs, enables the humanoid robot to
make a turn of any angle.

The proposed system consisted of the BCI system, the inter-
face system, and control systems. Such a division has two main
advantages. In teleoperation, a controlled object (humanoid
robot) can be operated while far away from the subject. Hence,
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localization of the BCI system from the control system is pos-
sible. In addition, the division of systems is amenable to the
implementation of real-time operation. Processing each subsys-
tem separately makes each one less susceptible to delays in the
other subsystems.

This study demonstrates the possibility of a person control-
ling a humanoid robot in a remote place directly by using human
voluntary intentions, as if he or she were mentally synchronized
with the robot. This result is also promising for people with
physical disabilities; they may be able to operate a robot or a
machine as well as healthy people if we assume that their men-
tal performance is fairly similar to that of healthy individuals;
previous investigations support this assumption [12].

Brain-actuated humanoid control by this active BCI could be
further improved in speed and accuracy. Recently, researchers
have introduced hybrid BCIs that exploit the advantages of dif-
ferent reactive approaches (e.g., P300 or steady-state visually
evoked potentials) and active approaches to improve the over-
all performance of BCI system [50]. For example, user inten-
tion might be inferred more accurately during active BCI-based
and/or reactive BCI-based experimental paradigms. From an
application viewpoint, an extension of this study is to realize
real-time control of advanced humanoids or other substitute
systems that could perform complex tasks through a comfort-
able and natural mental control interface. Such dexterous and
sophisticated robots would be able to serve people in the fu-
ture by direct interactions. Furthermore, robotic systems con-
trolled by the proposed system, such as prosthetic actuators or
wheelchairs, would enhance the mobility of physically disabled
people. BCI-based avatars in virtual space could be useful as
effective mental therapy [45].

Another extension of this study is to realize human–robot
interaction that can recognize high-level human cognitions, such
as affective states [46]–[49]. There are also many more possible
applications beyond the few mentioned here [51].
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