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Abstract  The brain–machine interface (BMI) or brain–computer interface (BCI) is 
a new interface technology that utilizes neurophysiological signals from the brain to 
control external machines or computers. We used electroencephalography signals in 
a BMI system that enables environmental control and communication using the P300 
paradigm, which presents a selection of icons arranged in a matrix. The subject 
focuses attention on one of the flickering icons in the matrix as a target. We also 
prepared a green/blue flicker matrix because this color combination is considered the 
safest chromatic combination for patients with photosensitive epilepsy. We showed 
that the green/blue flicker matrix was associated with a better subjective feeling of 
comfort than was the white/gray flicker matrix, and we also found that the green/blue 
flicker matrix was associated with better performance. We further added augmented 
reality (AR) to make an AR-BMI system, in which the user’s brain signals controlled 
an agent robot and operated devices in the robot’s environment. Thus, the user’s 
thoughts became reality through the robot’s eyes, enabling the augmentation of real 
environments outside of the human body. Studies along these lines may provide 
useful information to expand the range of activities in persons with disabilities.

Introduction

The brain–machine interface (BMI) or brain–computer interface (BCI) is a new 
interface technology that utilizes neurophysiological signals from the brain to 
control external machines or computers [1, 2]. One research approach to BMI 
utilizes neurophysiological signals directly from neurons or the cortical surface. 
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These approaches are categorized as invasive BMI, as they require neurosurgery 
[3–5]. Another approach utilizes neurophysiological signals from the brain accessed 
without surgery, which is called non-invasive BMI. Electroencephalography (EEG), 
a technique for recording neurophysiological signals using electrodes placed on the 
scalp, constitutes the primary non-invasive methodology for studying BMI.

Electroencephalography-based non-invasive BMI does not require neurosurgery, 
but is thought to provide only limited information. However, Wolpaw and McFarland 
succeeded in achieving two-dimensional cursor control [6] using EEG signals. They 
applied the EEG power spectrum, using the beta-band power for vertical cursor 
control and the m-band power for horizontal cursor control. Motor imagery tasks 
have been used in BMI research, for example, Pfurtscheller et al. used motor imag-
ery tasks and reported event-related beta-band synchronization and m-wave desyn-
chronization [7–9].

Sensory evoked signals have also been utilized in EEG-based non-invasive BMI. 
One popular system, the P300 speller, uses elicited P300 responses to target stimuli 
placed among row and column flashes [10]. Recent studies have evaluated the use 
of systems relying on sensory evoked signals in patients with amyotrophic lateral 
sclerosis and other diseases [11–13].

Our research group has applied the P300 paradigm to a BMI system that enables 
environmental control and communication. We tested the system on both quadriple-
gic and able-bodied participants and showed that participants could operate the sys-
tem with little training [14, 15]. We also looked for better visual stimuli to use in the 
system and found that the green/blue color combination is a better visual stimulus 
for controlling the system [16, 17]. We then added augmented reality (AR) to make 
an AR-BMI system [18, 19]. This chapter introduces a series of our recent studies 
on BMI and discusses how these new technologies can contribute to expand the 
range of activities of those with disabilities.

A BMI System for Environmental Control and Communication

Our research group used EEG signals to develop a BMI system that enables envi-
ronmental control and communication (Fig.  1). We modified the so-called P300 
speller [10], which uses the P300 paradigm and presents a selection of icons arranged 
in a white/gray flicker matrix. With this protocol, the participant focuses on one icon 
in the matrix as the target, and each row/column or single icon of the matrix is then 
intensified in a random sequence. The target stimuli are presented as rare stimuli 
(i.e., the oddball paradigm). We elicited P300 responses to the target stimuli and 
then extracted and classified these responses with regard to the target.

For the visual stimuli of the BMI-based environmental control system (BMI-
ECS), we first prepared four panels with white/gray flicker matrices; one each for 
the desk light, primitive agent-robot, television control, and hiragana spelling. 
These consisted of 3 × 3, 3 × 3, 6 × 4, and 8 × 10 flicker matrices, respectively. We 
tested the system on both quadriplegic and able-bodied participants and reported 
that the system could be operated effortlessly [14]. Based on the experience of this 
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successful preliminary experiment, we began a series of studies to build a practical 
BMI system for environmental control and communication, which could be useful 
for individuals with disabilities.

Effects of Color Combinations

Subjective Feeling of Comfort

The P300 speller has used mainly white/gray flicker matrices as visual stimuli  
[20–22]. It is possible that such flickering visual stimuli could induce discomfort. 
Parra et  al. evaluated the safety of chromatic combinations in patients with 
photosensitive epilepsy [23]. They used five single-color stimuli (white, blue, red, 
yellow, and green) and four alternating-color stimuli (blue/red, red/green, green/blue, 

Fig. 1  A BMI system for environmental control and communication (color online)
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and blue/yellow with equal luminance) at four frequencies (10, 15, 20, and 30 Hz) as 
the visual stimuli. Under the white stimulation condition, flickering stimuli at higher 
frequencies, especially those greater than 20 Hz, were found to be potentially pro-
vocative. Under the alternating-color stimulation condition, as suggested by the 
Pokémon incidence, the 15-Hz blue/red flicker was most provocative. The green/
blue chromatic flicker emerged as the safest and evoked the lowest rates of EEG 
spikes. Following the study of Parra et al., we conducted studies that applied a green/
blue chromatic combination to elicit visually evoked responses.

In the first study, we prepared panels with 3 × 3 and 8 × 10 matrices, which were 
intensified using two color combinations (green/blue or white/gray), and these 
were used for the desk-light control and hiragana spelling. We compared the green/
blue and white/gray flicker conditions, and the order of the experimental conditions 
(type of flicker matrix) was randomized among subjects. The flicker consisted of 
100 ms of intensification and 75 ms of rest in both conditions (Fig. 2). After the 
experiments, the subjects were required to evaluate the conditions by their subjective 
feeling of comfort using a visual analogue scale. Eight non-trained able-bodied 
subjects (age 25–47 years; four females; all right-handed) were recruited.

This series of studies was approved by the institutional review board, and all sub-
jects provided informed consent according to institutional guidelines. The data record-
ings and analyses that we applied were rather conventional. We recorded eight-channels 
(Fz, Cz Pz, P3, P4, Oz, PO7, and PO8 of the extended international 10–20 system) of 
EEG data using a cap (Guger Technologies OEG, Graz, Austria) [24, 25]. All channels 
were referenced to the Fpz, and grounded to the AFz. The EEG was band-pass filtered 
at 0.1–50 Hz, amplified with a g.Usbamp (Guger Technologies), digitized at a rate of 
256 Hz, and stored. For the analyses, recorded and filtered EEG data were down-sam-
pled to about 21 Hz. Data from 800 ms of the EEG were segmented according to the 
timing of the intensification. Data from the initial 100 ms were used for baseline cor-
rection. Data from the final 700 ms were used for classification purposes, using Fisher’s 
linear discriminant analysis. First, we asked the subjects to input six letters to gather 
data to derive the feature vectors for the subsequent test session. The EEG data were 
sorted using the information on flash timing, and Fisher’s linear discriminant analysis 
was then performed to generate the feature vector to discriminate between target and 
non-target. Feature vectors were derived for each condition. In the test session, visually 
evoked responses from EEG features were evaluated by the feature vectors. The result 
of the classification was construed as the maximum of the summed scores.

In the first study, the measured subjective feelings of comfort for the white/gray 
and green/blue flicker matrices were 55.0 and 89.0%, respectively, for the desk-light 
control and 38.7 and 65.1% for the hiragana spelling. The differences under each 
condition were significant (p < 0.05). We also evaluated online performance. In this 
experiment, each command was selected in a series of ten sequences. In addition to 
the observation that the green/blue flicker matrix was associated with a better 
subjective feeling of comfort than was the white/gray flicker matrix, the accuracy 
rates for the white/gray and green/blue flicker matrices were 55.8 and 80.8%, respec-
tively, for the desk-light control and 50.8 and 75.0% for the hiragana spelling (n = 8, 
Fig. 3) [16]. The differences under each condition were significant (p < 0.05).
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Effects of Luminance and Chromatics

Because the green/blue flicker matrix was associated with not only better subjective 
feelings of comfort but also better performance, we further evaluated the effects of 
luminance and chromatics on the visual stimulus combinations. In the second study, 
we prepared an 8 × 10 hiragana matrix for the P300 speller. Three intensification/rest 
flicker combinations were prepared: a white (20 cd/cm)/gray (6.5 cd/cm) flicker (L 
condition) matrix for the luminance flicker, a green (9.5 cd/cm)/blue (9.5 cd/cm) 
isoluminance flicker (C condition) matrix for the chromatic flicker, and a green 
(20 cd/cm)/blue (6.5 cd/cm) luminance flicker (LC condition) matrix for the luminance 
and chromatic flicker. The flicker consisted of 100 ms of intensification and 75 ms of 
rest. Luminance was measured using a chromatic meter (CS-200, Konica Minolta 

Fig. 2  Task timing
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Sensing, Osaka, Japan). The order of the experimental conditions (type of flicker 
matrix) was randomized among subjects. Ten healthy, non-trained naive subjects 
(aged 25–47  years; nine females and one male; all right-handed) who had never 
participated in this study were recruited as participants.

Online performance was evaluated. In this experiment, each letter was selected 
in a series of ten sequences. The accuracy rate was in the order LC: 80.6% >  
C: 73.3% ³ L: 71.3%. The transfer bit rates (bit/min) [26] were in the order LC: 8.14 >  
C: 7.03 ³ L: 6.75. The difference in the accuracy rate between the LC and L 
conditions was significant (t(9) = 2.41, p < 0.05, uncorrected) (n = 10, Fig. 4) [17].

The LC condition was associated with better performance, whereas the isolumi-
nance C condition gave similar results to the L condition. An examination of the 
online performance of each subject showed that one, four, and five of the ten sub-
jects performed most accurately in the L, C, and LC conditions, respectively. This 
information may be used to select the best visual stimuli for situations in which the 
BMI system is actually used.

AR-BMI

A System Operated with a See-Through Head Mount Display

As an extension of the BMI-ECS, we combined AR with BMI. AR is a technique for 
live viewing of a physical real-world environment whose elements are augmented by 
virtual computer-generated imagery. We developed the AR-BMI because the new 
system can provide suitable panels to the users when they come to the area close to 

Fig. 3  Operation accuracy for the desk-light control and the hiragana speller (color online)
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the controllable devices. In this study, a USB camera was mounted on a camera 
platform or see-through HMD, and when the camera detects an AR marker, 
the pre-assigned infrared appliance becomes controllable. The AR marker’s position 
and posture were calculated from the images detected by the camera, and a control 
panel for appliances was created by the AR system and superimposed on the sight of 
the subject’s environment. When the camera detects the AR marker of the TV or desk 
light, a flicker panel to control it is displayed on the screen devices (Fig. 5). The 
AR-BMI system uses ARToolKit [27]. The subjects were required to use their brain 
signals to operate targets on an LCD monitor or a see-through HMD.

Two control panels of the TV and desk light were used. The TV control panel had 
11 icons (power on, seven TV programs, video input, volume up and down), and the 
light control panel had four icons (turn on, turn off, light up, dim). We prepared the 
green/blue flicker matrices [17], and the duration of the intensification/rest was 
100/50  ms. All icons flickered in a random order and it made a sequence. One 
classification was conducted per 15 sequences. Participants were required to send 
five commands to control both the TV and the light. Fifteen able-bodied subjects 
who had not previously participated in this study were recruited (aged 19–46 years; 
3 females and 12 males; all right-handed).

Online performance was evaluated, and the mean accuracy rate for the TV control 
was 88% in the LCD monitor condition and 82.7% in the HMD condition, and these 
were not significantly different. In offline evaluation, these were significantly differ-
ent (two-way repeated ANOVA F

(1,420)
 = 13.6, p < 0.05, Tukey–Kramer test p < 0.05).

The mean accuracy rate for the light control was 84% in the LCD monitor 
condition and 76% in the HMD condition, and these were not significantly different. 
These were also not significantly different in the offline evaluation (Fig. 6) [19]. 

Fig. 4  The LC condition, which used the green/blue flicker matrix, was associated with better 
performance (color online)
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Fig. 5  An AR-BMI system operated with a see-through head mount display

Fig. 6  Operation accuracy for the AR-BMI system with a monitor and a see-through HMD (color 
online)
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Fig. 7  An AR-BMI system operated through an agent robot’s eye

The AR-BMI system can be operated not only by using the LCD monitor but also 
by using the HMD.

A System Operated Through an Agent Robot’s Eye

We further prepared an agent robot for the AR-BMI system, because the new system 
can provide suitable panels to the users when the agent robot comes to the area close 
to the controllable devices, even without the appearance of the real users. In the 
system, when the robot’s eyes detect an AR marker, the pre-assigned infrared appli-
ance becomes controllable. The position and orientation of the AR marker were 
calculated from the images detected by the camera, and a control panel for the appli-
ance was created by the AR system and superimposed on the scene detected by the 
robot’s eyes (Fig. 7). To control our system using brain signals, we modified a Donchin 
P300 speller. The AR-BMI system can control both the agent robot and the desk light. 
The robot control panel has four icons (forward, backward, right, and left), as does the 
light control panel (turn on, turn off, make brighter, and make dimmer). We prepared 
green/blue flicker icons [17], and the duration of the intensification/rest of the flicker 
was 100/50 ms. All of the icons flickered in random order, which formed a sequence 
(600  ms). One classification was conducted every 15 sequences. Subjects were 



28 K. Kansaku

required to send 15 command infrared signals to control both the robot and light. 
Before the trials, we checked the commands that the subjects were going to send, and 
then the information was used to evaluate the subjects’ online performance. We also 
performed an offline evaluation using the recorded data.

Ten healthy, non-trained naive subjects (aged 19–39  years; two females and 
eight males) were recruited as participants. Using the EEG-based BMI system, the 
participants were first required to make the robot move to a desk light in the robot’s 
environment. To control the robot, each command was selected in a series of 15 
sequences, and the participants were required to send 15 commands. Online 
performance was evaluated, and the mean accuracy for controlling the robot 
was 90.0%.

When the robot’ eyes detected the AR marker of the desk light, a flicker panel for 
controlling the appliance was displayed on the screen. Then, the participants had to 
use their brain signals to operate the light in the robot’s environment through the 
robot’s eyes. To operate the light, each command was selected in a series of 15 
sequences, and the participants were required to send 15 commands. Online perfor-
mance was evaluated, and the mean accuracy for light control was 80.7%.

Figure 8 shows the offline evaluation of the participant’s performance under 
the robot-control and light-control conditions. The performance for controlling 
the robot and desk light differed significantly, and an interaction effect was 
observed by a two-way repeated ANOVA (F

(1,280)
 = 6.53, p < 0.05). Post-hoc test-

ing revealed significant differences between the robot-control condition and the 
light-control condition (Tukey–Kramer test, p < 0.05) [18]. The difference might 
be related to the differences in the relative locations of the flicker icons on the 
screen [28].

Fig. 8  Operation accuracy for the AR-BMI system (color online)
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Discussion

In our series of studies, we used EEG signals for a BMI system that enables environ-
mental control and communication using a modified P300 speller [10]. In a preliminary 
experiment, we prepared four panels with white/gray flicker matrices, one each for the 
desk light, primitive agent-robot, television control, and hiragana spelling. We tested 
them on both quadriplegic and able-bodied participants and found that both groups 
succeeded in operating the system without much training [14]. We then prepared a 
green/blue flicker matrix for the visual stimuli, because this color combination is con-
sidered to be the safest [23]. As expected, we found that the green/blue flicker matrix 
was associated with a better subjective feeling of comfort than was the white/gray 
flicker matrix. Further, we found that the green/blue flicker matrix was associated with 
better performance than was the white/gray flicker matrix [16, 17].

To increase accuracy when operating the BMI system and to develop better clas-
sification methods [12, 20, 29, 30], some studies have attempted to identify better, 
more-efficient experimental settings by manipulating factors such as matrix size and 
duration of intensification [21], channel set of the EEG [22], and flash pattern of the 
flicker matrix [31]. We proposed a method that combines luminance and chromatic 
information to increase the accuracy of performance using the P300 BMI, and this 
method can be applied with the methods proposed in the aforementioned reports.

Our BMI system equipped with the P300 paradigm was tested on both patients 
with quadriplegia and able-bodied persons, and it worked well for environmental 
control and communication [14, 15]. Note that the participants could use the system 
with little training. The participants only had to input six letters to gather data to 
derive the feature vectors for the subsequent test session, and this took only a few 
minutes. Using adequate visual stimuli, such as the green/blue flicker matrix, also 
helped to improve the system. Note that directed attention is needed to elicit P300-
related responses, and this is not necessarily the direction of eye-gaze; therefore, 
this system may potentially benefit persons who cannot move their eyes freely.

One specific merit of the P300 speller algorithms is that we can easily translate 
the subject’s thoughts as a command pre-assigned to each icon. Therefore, our system 
can be used for various applications in environmental control and communication. 
This should also help to expand the range of options for applications. For example, 
it was possible to combine AR techniques with BMI to make an AR-BMI system 
[18, 19]. The new AR-BMI system provided suitable panels to the users when they 
or their agent came to an area close to the controllable devices. Further, in our recent 
study, in which we used a hybrid BMI platform (a combined platform with a P300-
based BMI and a sensorimotor rhythm-based BMI) [32], we prepared life-sized 
robot arms that could supply driving forces to a wearer’s upper-limb motions, 
such as reaching and grasping, and developed an assist suit for persons with physical 
disabilities and those undergoing occupational therapy (Fig. 9) [33].

To deliver the new technologies to persons with disabilities, we made an in-house 
BMI system for environmental control and communication [32]. The hardware 
system includes an EEG amp, electrodes, cap, PC, programmable IR remote 
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controller, and interfaces for home electronics. The software system has functions 
for EEG acquisition, analysis, classification, stimulus presentation, application 
control (writing, e-mail, home electronics control, etc.). One EEG amp has four data 
channels and can be connected to other EEG amps to increase the number of data 
channels. This EEG amp also has two external input channels. The EEG amp and 
PC are easy to handle and transport. We started clinical experiments for patients 
with paralysis using the in-house set.

For practical applications of the new BMI technologies, ethical issues must also 
be considered, although the system using the P300 speller algorithms may be safer 
than other BMI technologies because it simply elicits implemented brain responses 

Fig. 9  A BMI-based assist-suite for the upper limb

Fig. 10  A diagram of a BMI-based intelligent house (color online)
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and does not require constructing new circuits in the brain with extensive training. 
Our experience developing BMI technology has suggested that it is useful for sup-
porting those with disabilities, and one future direction of study would be to build 
BMI-based intelligent houses (Fig. 10).

Conclusion

We used electroencephalography signals in a BMI system that enables environmental 
control and communication using the P300 paradigm, which presents a selection of 
icons arranged in a matrix. We showed that the green/blue flicker matrix was 
associated with a better subjective feeling of comfort than was the white/gray flicker 
matrix, and we also found that the green/blue flicker matrix was associated with 
better performance. We further added AR to make an AR-BMI system, in which the 
user’s brain signals controlled an agent robot and operated devices in the robot’s 
environment. BMI technology could be used to build BMI-based intelligent houses 
to support those with disabilities.

Acknowledgements	 These studies were conducted with the NRCD post-doctoral fellows 
Drs. Kouji Takano, Tomoaki Komatsu, Shiro Ikegami, and Naoki Hata. I thank Dr. Günter Edlinger 
for his help, and Drs. Yasoichi Nakajima and Motoi Suwa for their continuous encouragement.

References

	 1.	Lebedev MA, Nicolelis MA (2006) Brain–machine interfaces: past, present and future. Trends 
Neurosci 29:536–546

	 2.	Birbaumer N, Cohen LG (2007) Brain–computer interfaces: communication and restoration of 
movement in paralysis. J Physiol 579:621–636

	 3.	Hochberg L, Serruya M, Friehs G, Mukand J, Saleh M, Caplan AH, Branner A, Chen D, Penn R, 
Donoghue J (2006) Neuronal ensemble control of prosthetic devices by a human with tetra-
plegia. Nature 442:164–171

	 4.	 Jarosiewicz B, Chase SM, Fraser GW, Velliste M, Kass RE, Schwartz AB (2008) Functional 
network reorganization during learning in a brain–computer interface paradigm. Proc Natl 
Acad Sci USA 105:19486–19491

	 5.	Miller KJ, Schalk G, Fetz EE, den Nijs M, Ojemann JG, Rao RP (2010) Cortical activity dur-
ing motor execution, motor imagery, and imagery-based online feedback. Proc Natl Acad Sci 
USA 107:4430–4435

	 6.	Wolpaw JR, McFarland DJ (2004) Control of a two-dimensional movement signal by a nonin-
vasive brain–computer interface in humans. Proc Natl Acad Sci USA 101:17849–17854

	 7.	Guger C, Edlinger G, Harkam W, Niedermayer I, Pfurtscheller G (2003) How many people are 
able to operate an EEG-based brain–computer interface (BCI)? IEEE Trans Neural Syst 
Rehabil Eng 11:145–147

	 8.	Bai O, Mari Z, Vorbach S, Hallett M (2005) Asymmetric spatiotemporal patterns of 
event-related desynchronization preceding voluntary sequential finger movements: a high-
resolution EEG study. Clin Neurophysiol 116:1213–1221

	 9.	Pfurtscheller G, Brunner C, Schlogl A, Lopes da Silva FH (2006) Mu rhythm (de)synchronization 
and EEG single-trial classification of different motor imagery tasks. NeuroImage 31:153–159



32 K. Kansaku

	10.	Farwell LA, Donchin E (1988) Talking off the top of your head: toward a mental prosthesis 
utilizing event-related brain potentials. Electroencephalogr Clin Neurophysiol 70:510–523

	11.	Piccione F, Giorgi F, Tonin P, Priftis K, Giove S, Silvoni S, Palmas G, Beverina F (2006) P300-
based brain computer interface: reliability and performance in healthy and paralysed partici-
pants. Clin Neurophysiol 117:531–537

	12.	Sellers EW, Donchin E (2006) A P300-based brain–computer interface: initial tests by ALS 
patients. Clin Neurophysiol 117:538–548

	13.	Nijboer F, Sellers EW, Mellinger J, Jordan MA, Matuz T, Furdea A, Halder S, Mochty U, Krusienski 
DJ, Vaughan TM, Wolpaw JR, Birbaumer N, Kubler A (2008) A P300-based brain–computer inter-
face for people with amyotrophic lateral sclerosis. Clin Neurophysiol 119:1909–1916

	14.	Komatsu T, Hata N, Nakajima Y, Kansaku K (2008) A non-training EEG-based BMI system 
for environmental control. Neurosci Res Suppl 61:S251

	15.	 Ikegami S, Takano K, Komatsu T, Saeki N, Kansaku K (2009) Operation of a BMI based envi-
ronmental control system by patients with cervical spinal cord injury. Neuroscience meeting 
planner. Society for Neuroscience, Chicago. Online Program No. 664.16

	16.	Takano K, Ikegami S, Komatsu T, Kansaku K (2009) Green/blue flicker matrices for the P300 
BCI improve the subjective feeling of comfort. Neurosci Res Suppl 65:S182

	17.	Takano K, Komatsu T, Hata N, Nakajima Y, Kansaku K (2009) Visual stimuli for the P300 
brain–computer interface: a comparison of white/gray and green/blue flicker matrices. Clin 
Neurophysiol 120:1562–1566

	18.	Kansaku K, Hata N, Takano K (2010) My thoughts through a robot’s eyes: an augmented 
reality–brain machine interface. Neurosci Res 66:219–222

	19.	Takano K, Hata N, Nakajima Y, Kansaku K (2010) AR-BMI operated with a HMD: effects of chan-
nel selection. Neuroscience meeting planner. Society for Neuroscience, San Diego. Online Program 
No. 295.18

	20.	Kaper M, Meinicke P, Grossekathoefer U, Lingner T, Ritter H (2004) BCI Competition 2003–
Data set IIb: support vector machines for the P300 speller paradigm. IEEE Trans Biomed Eng 
51:1073–1076

	21.	Sellers EW, Krusienski DJ, McFarland DJ, Vaughan TM, Wolpaw JR (2006) A P300 event-
related potential brain–computer interface (BCI): the effects of matrix size and inter stimulus 
interval on performance. Biol Psychol 73:242–252

	22.	Krusienski DJ, Sellers EW, McFarland DJ, Vaughan TM, Wolpaw JR (2008) Toward enhanced 
P300 speller performance. J Neurosci Methods 167:15–21

	23.	Parra J, Lopes da Silva FH, Stroink H, Kalitzin S (2007) Is colour modulation an independent 
factor in human visual photosensitivity? Brain 130:1679–1689

	24.	Krusienski DJ, Sellers EW, Vaughan TM (2007) Common spatio-temporal patterns for the 
p300 speller. In: 3rd International IEEE EMBS conference on neural engineering, Kohala 
Coast, Hawaii, USA, pp 421–424

	25.	Lu S, Guan C, Zhang H (2008) Unsupervised brain computer interface based on inter-subject 
information. In: 30th Annual international IEEE EMBS conference, Vancouver, British 
Columbia, Canada, pp 638–641

	26.	Wolpaw JR, Birbaumer N, McFarland DJ, Pfurtscheller G, Vaughan TM (2002) Brain–
computer interfaces for communication and control. Clin Neurophysiol 113:767–791

	27.	Kato H, Billinghurst M (1999) Marker tracking and HMD calibration for a video-based aug-
mented reality conferencing system. In: International workshop on augmented reality, San 
Francisco, USA, pp 85–94

	28.	Cheng M, Gao X, Gao S, Xu D (2002) Design and implementation of a brain–computer inter-
face with high transfer rates. IEEE Trans Biomed Eng 49:1181–1186

	29.	Donchin E, Spencer KM, Wijesinghe R (2000) The mental prosthesis: assessing the speed of 
a P300-based brain–computer interface. IEEE Trans Rehabil Eng 8:174–179

	30.	Bostanov V (2004) BCI Competition 2003 – data sets Ib and IIb: feature extraction from event-
related brain potentials with the continuous wavelet transform and the t-value scalogram. IEEE 
Trans Biomed Eng 51:1057–1061



33Brain–Machine Interfaces for Persons with Disabilities

	31.	Townsend G, LaPallo BK, Boulay CB, Krusienski DJ, Frye GE, Hauser CK, Schwartz NE, Vaughan 
TM, Wolpaw JR, Sellers EW (2010) A novel P300-based brain–computer interface stimulus pre-
sentation paradigm: moving beyond rows and columns. Clin Neurophysiol 121:1109–1120

	32.	Komatsu T, Takano K, Nakajima Y, Kansaku K (2009) A BMI based environmental control 
system: a combination of sensorimotor rhythm, P300, and virtual reality. Neuroscience meeting 
planner. Society for Neuroscience, Chicago. Online Program No. 360.14

	33.	Komatsu T, Takano K, Ikegami S, Kansaku K (2010) A development of a BCI-based OT-assist 
suit for paralyzed upper extremities. Neuroscience meeting planner. Society for Neuroscience, 
San Diego. Online Program No. 295.9





http://www.springer.com/978-4-431-53998-8


	Brain–Machine Interfaces for Persons with Disabilities
	Introduction
	A BMI System for Environmental Control and Communication
	Effects of Color Combinations
	Subjective Feeling of Comfort
	Effects of Luminance and Chromatics

	AR-BMI
	A System Operated with a See-Through Head Mount Display
	A System Operated Through an Agent Robot’s Eye


	Discussion
	Conclusion
	References


