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Introduction 

In the past, there have been numerous attempts to design and build 
full-bodied humanoid robots. 

The realization of a robotic system that understands human 
intentions and produces complex behaviors is needed, for disabled 
or elderly persons.  

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 
thinking while using this system.  

The active BCI can control an application using consciously 
intended brain signals without external events.  

BCI methods using sensorimotor rhythms belong to the active BCI.  

These methods classify specific motor images in a general sense 
through the power over the frequency ranges [e.g., mu (8–12 Hz) or 
beta (18–22 Hz)]. 
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Introduction 

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). 

One main goal of EEG-based BCIs for human robot interaction is 
being able to command a robot directly by thinking.  

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.   

Their 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. 
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Methods 

Their proposed system has four key features. 

First, low-level commands make the humanoid turn at any angle and 
walk to any position. 

Second, five complex humanoid motions are controlled by three 
intentional mental states. 

Third, the subject can command the humanoid using asynchronous 
protocol.  

Fourth, their system does not employ a reactive but rather an active 
system. 
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Methods(System Description) 

The system consists of three main subsystems: the BCI system, the 
interface system, and the humanoid control systems.  

The BCI system classifies four user mental states. 

The non-control state is referred to as “rest” and the three MI states 
are referred to as “left hand”, “right hand”, and “foot”. 
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Methods(Experimental Protocol) 

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 

5) Real-time humanoid navigation 
control experiment 
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Methods(Experimental Protocol) 
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To verify the navigation 
performance of system, an indoor 
maze was designed.  

It was aimed to reduce the bias 
through an order of experiments 
(manual control or BCI control). 

If they missed any waypoints, they 
could skip them.  

Each subject conducted the 
experiment 3 times using the BCI 
system and one time through 
keyboard control for comparison.  
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Methods(Data acquisition & Feature Extraction) 
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In this paper, they applied this signal 
processing protocol to filter and detect 
the sensorimotor rhythm. 

An electrode at the vertex of the head 
was used as a reference, and extra 
electrode was used as a ground.  

The impedances of all of the electrodes 
were lower than 5 kΩ. 

For the real-time process, a total of 21 
electrodes around the sensorimotor 
cortex were used to apply the large 
Laplacian filter over the nine 
frontocentroparietal locations based on 
the international 10-20 system as show 
in fig. 
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Methods(Data acquisition & Feature Extraction) 
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To extract amplitude features, every 250ms observation segment 
recorded for 2 s (500 samples) from nine channels was analyzed by 
the autoregressive algorithm, and the square root of power in 1Hz 
wide frequency bands within 4-36 Hz was calculated. 

In the offline training session, 32 feature vectors with 288 dimensions 
(9 channels * 32 frequency components) were collected within the MI 
and rest periods ( 4 s for each) for one trial. 

These feature vectors were used to select informative feature 
components and train the classifiers. 

During the online testing and real-time control session, the feature 
vectors were sampled from the selected informative feature 
components and these were used to produce real-time feedback and 
classification for the motion commands. 
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Methods(Feature Selection) 
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In this study, the Fisher ratio was used to select 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    .and     denote the mean and variance, respectively, of the 
amplitude feature set from the “rest” state, and let       and       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 as follows: 

 

The Fisher ratio is a measure of the (linear) discrimination of two 
variables, and it can also be considered as a signal-to-noise ratio.  
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Methods(Feature Selection) 
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Methods(Classification) 
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To translate the intended EEG data into appropriate movement 
commands for the humanoid robot, the intentional activity classifier 
(IAC) and movement direction classifier (MDC) were employed. 

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. 

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 segments 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.   
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Methods(Classification) 
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Methods(Dynamic Fading Feedback rule) 
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Because the classification results of the sensorimotor rhythm based 
active BCI could generate the misclassification results, some 
normalization 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 classifications, as shown in fig. 
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Methods(Dynamic Fading Feedback rule) 
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1) the candidate decision produced during the online feedback 
testing session and the real-time control session 

2) the selection level associated with the confidence measurement of 
selected classifications. 

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

 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. 

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

 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. 
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Methods(Dynamic Fading Feedback rule) 
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Fig. 8 illustrates an example of the 
command selection procedure. 

For the first 1 s, the consecutive 
“rest” commands appear. 

At 1.25 s, the four consecutive “left-
hand” classifications increase 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). 
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Methods(Evaluation) 
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1) Performance of the Brain–Computer Interface System: (ITR) 

 

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

2) Navigation Performance 
 Total Time: total time taken to accomplish the task (in seconds); 

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

 Forward Steps: number of walking steps during forward movement; 

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

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

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

 Waypoint: number of waypoints on which the robot 
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Results(Feature Selection) 
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The Fisher ratios for the channel and frequency components and 
averaged discriminant values for the offline training period for each 
motor imagery and subject are illustrated.  

Table I describes the selected feature components of the five 
subjects. 
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Results(Navigation Performance) 
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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. 

Table III shows the online testing performance achieved using the 
fading feedback rule for the given mental tasks. 
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Results(Navigation Performance) 
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The results of the real-time navigation experiments of the humanoid 
robot. 

During the manual control experiments, all of the subjects controlled 
the robot to pass through all five waypoints without any collisions 
during navigation. 

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. 
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Results(Navigation Performance) 
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Fig. shows the sequential snapshots taken during an experiment. 
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This paper has described a new humanoid navigation system that is 
directly controlled through an asynchronous sensorimotor rhythm-
based BCI system.  

Their approach allows for flexible robotic motion control in unknown 
environments using a camera vision. 

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 different reactive approaches (e.g., P300 or steady-
state visually evoked potentials) and active approaches to improve 
the overall performance of BCI system. 

Another extension of this study is to realize human–robot interaction 
that can recognize high-level human cognitions, such as affective 
states. 

Discussions 
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Thank you! 


	슬라이드 번호 1
	Introduction
	Introduction
	Methods
	Methods(System Description)
	Methods(Experimental Protocol)
	Methods(Experimental Protocol)
	Methods(Data acquisition & Feature Extraction)
	Methods(Data acquisition & Feature Extraction)
	Methods(Feature Selection)
	Methods(Feature Selection)
	Methods(Classification)
	Methods(Classification)
	Methods(Dynamic Fading Feedback rule)
	Methods(Dynamic Fading Feedback rule)
	Methods(Dynamic Fading Feedback rule)
	Methods(Evaluation)
	Results(Feature Selection)
	Results(Navigation Performance)
	Results(Navigation Performance)
	Results(Navigation Performance)
	Discussions
	슬라이드 번호 23

