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Abstract:    This paper presents a hybrid brain-computer interface (BCI) control strategy, the goal of which is to expand control 
functions of a conventional motor imagery or a P300 potential based BCI in a virtual environment. The hybrid control strategy 
utilizes P300 potential to control virtual devices and motor imagery related sensorimotor rhythms to navigate in the virtual world. 
The two electroencephalography (EEG) patterns serve as source signals for different control functions in their corresponding 
system states, and state switch is achieved in a sequential manner. In the current system, imagination of left/right hand movement 
was translated into turning left/right in the virtual apartment continuously, while P300 potentials were mapped to discrete virtual 
device control commands using a five-oddball paradigm. The combination of motor imagery and P300 patterns in one BCI system 
for virtual environment control was tested and the results were compared with those of a single motor imagery or P300-based BCI. 
Subjects obtained similar performances in the hybrid and single control tasks, which indicates the hybrid control strategy works 
well in the virtual environment. 
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1  Introduction 
 

Brain-computer interfaces (BCIs) can provide a 
direct communication and control channel between 
the brain and external devices, independent of the 
brain’s normal output pathways of peripheral nerves 
and muscles (Wolpaw et al., 2000). Non-invasive 
BCIs work by detecting and translating electroe-
ncephalography (EEG) signals into machine com-

mands. There are two main types of EEG signals used 
in BCI: spontaneous signals generated by mental 
tasks and evoked signals resulting from stereotyped 
sensory stimulation (Wolpaw et al., 2002). Motor 
imagery (MI) related sensorimotor rhythms fall into 
the former type (Pfurtscheller and Neuper, 2001), 
while P300 event-related potential and steady-state 
visual evoked potential (ssVEP) belong to the latter 
(Farwell and Donchin, 1988; Middendorf et al., 
2000). 

Recent research tends to combine virtual reality 
(VR) with BCI systems. VR can provide safe, com-
plex, and controllable experimental environments for 
BCI training and testing (Bayliss, 2003; Velasco- 
Álvarez and Ron-Angevin, 2009). Also, the variety of 
VR designs makes an interesting environment  
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possible (Bayliss and Ballard, 2000), which may 
motivate the user and serve as a good feedback me-
dium (Ron-Angevin and Diaz-Estrella, 2009). 

Several EEG controlled navigation paradigms in 
virtual environments by MI have been developed. 
Early navigation was realized by mapping imagina-
tion of hand/foot movements to stop/forward com-
mands in one direction (Leeb and Pfurtscheller, 2004). 
Later, a self-paced paradigm was proposed (Leeb et 
al., 2007b), and three-class MI-based BCIs with 
self-paced operations were further developed, where 
the system could detect MI-related brain activities 
and discriminate amongst different MI tasks (Scherer 
et al., 2008; Zhao et al., 2009). However, due to the 
complex dynamics of sensorimotor rhythms related to 
hand/foot movements and other mental tasks, several 
studies have reported that the best classification ac-
curacy is achieved when only two tasks are dis-
criminated (Obermaier et al., 2001; Kronegg et al., 
2007). Recently, a system allowing subjects to move 
freely in three directions by the use of only one 
mental task was developed (Velasco-Álvarez and 
Ron-Angevin, 2009). Nevertheless, commands were 
selected by controlling a rotating bar, which is not a 
natural and direct way. 

Since MI-based BCIs provide relatively low 
degrees of freedom, in applications with a large 
number of discrete commands such as spelling or 
remote control, P300-based BCIs are more efficient. 
Bayliss (2003) first used the P300 potential to control 
several objects or commands in a virtual apartment. 
Other P300-based virtual environment control sys-
tems were also developed, such as the smart home 
with different control elements (Edlinger et al., 2008) 
and four-directional control of a wheelchair (Piccione 
et al., 2008). Chen et al. (2010) used the P300 to 
select different movements of a virtual hand. 

Most recently, several hybrid BCI systems 
combining MI and ssVEP signals have been reported. 
They detected the two EEG signals in a simultaneous 
(Allison et al., 2010; Brunner et al., 2010) or a se-
quential (Pfurtscheller et al., 2010b) manner, and both 
MI-based and ssVEP-based systems achieved per-
formance improvements. Another hybrid BCI system 
detects P300 and MI signals simultaneously and in-
dependently to control a 2D cursor (Chen et al., 2010). 
With the use of two or more source signals, hybrid 

BCIs should achieve specific goals better than the 
conventional BCI systems (Pfurtscheller et al., 
2010a). 

This paper combines P300 and MI signals to 
create a hybrid BCI control strategy, the goal of which 
is to augment control functions of a single MI or P300 
BCI in the virtual environment. MI and P300 poten-
tials are detected in a sequential manner according to 
the control state of the virtual environment. High-
lighting the advantages of two EEG patterns under 
specific scenarios, the control strategy uses P300 
signals to operate the control panel of virtual devices 
with discrete commands, and MI signals to continu-
ously navigate in the virtual environment.  

 
 

2  Materials and methods 
 
The system consists of a virtual apartment en-

vironment running on a standard computer, an EEG 
amplifier (Neuroscan SynAmps, USA), a system 
controller, and a signal processing module for MI and 
P300 detection running on another computer. The 
virtual 3D apartment environment is built up by 
OpenSceneGraph (OSG), which is an open source 
graphic engine based on Open Graphics Library 
(OpenGL). The controller implemented in C# deter-
mines the onset and offset of operation or system state, 
and transfers commands amongst different system 
components. The signal processing module is based 
on a Microsoft Foundation Classes (MFC) application 
which calls Matlab engine to handle the EEG signal. 
It detects signal patterns and sends decoded com-
mands to the virtual environment via the controller. 
Communication between the components is realized 
by sockets, so the system can be distributed on dif-
ferent computers like the BCI2000 platform (Schalk 
et al., 2004). 

2.1  Hybrid control strategy 

A hybrid BCI control strategy in the virtual en-
vironment is proposed to expand the application 
scope of single MI- or P300-based BCI by using the 
two patterns as control signals in different system 
states. With the proposed control strategy, subjects 
can finish more complex tasks in the virtual envi-
ronment than by a single pattern BCI. This goal is 
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different from the recently reported hybrid BCI stu-
dies, which combined MI and ssVEP to improve the 
system performance (Allison et al., 2010; Brunner et 
al., 2010; Pfurtscheller et al., 2010b). 

In the current study, the virtual environment has 
two states: device control and navigation. The former 
requires a large number of discrete control commands, 
which can be realized by implementation of the P300 
oddball paradigm. Commands in the navigation state 
can be translated from the detection of continuous MI 
signals. By highlighting the advantages of MI and 
P300 patterns under specific scenarios, the proposed 
control strategy provides a natural and effective in-
teraction with the virtual environment. Also, detec-
tion of the two EEG patterns is in a sequential manner 
depending on the system states where either MI or 
P300 detector is active in either system state. 

Areas in the virtual environment are divided into 
two types representing device control and navigation 
states. The system is initialized in the navigation state, 
where MI patterns are detected and translated into 
navigation commands continuously. The navigation 
commands result in position updates in the virtual 
environment, and every update triggers a detector. 
The detector checks whether the current position falls 
into areas corresponding to the device control state 
and if it reaches this type of area, the controller stops 
MI detection and switches to a system state. The 
system switches to the device control state, and the 
control panel of the virtual device in the current area 
is presented to the subject as P300 oddball paradigm. 
The system reverts to the navigation state when the 
subject selects ‘quit’ command in the control panel. 
Fig. 1 shows this hybrid BCI control strategy in the 
virtual environment. 

 
 
 
 
 
 
 
 
 

 
 

2.2  Hybird BCI control system 

The virtual apartment consists of several rooms 
and each room contains certain devices and furniture. 
Navigation commands such as turning left/right and 
moving forward/backward are provided by the virtual 
environment. Besides, virtual devices like television 
(TV) and stereo are designed with a control panel, 
which is presented to the user in the P300 controlling 
phase. With the above functions integrated in the 
virtual apartment, the hybrid BCI control system 
simulates natural interaction in the real world. Sub-
jects can be trained by this system to walk and to 
operate device panels in the virtual apartment, and 
later to control real world applications such as a 
wheelchair or phone panel by MI and P300 signals. 

In the current study, sensorimotor rhythms re-
lated to imagery of left/right hand movements are 
detected, which provide two navigation commands in 
the virtual apartment. Although a specially designed 
virtual environment can provide navigation through a 
predefined path by imagery of left/right hand move-
ments (Leeb et al., 2007a), it is limited and unnatural. 
Our system maps left/right hand imagery to turning 
left/right in the apartment, and the forward command 
by imagery of foot movement is to be added in further 
work. 

Due to the above system implementation, sub-
jects are restricted to the living room with a TV, a 
stereo, and other furniture in it (Fig. 2a). The par-
ticipant ‘stands’ in the center of the living room and 
can have a view around the room by rotation (turning 
left or right). The TV or stereo control panel will 
pump out when the subject turns direction into a 10° 
angle where the TV or stereo lies. The pumped out 
panel serves as the P300 oddball paradigm where 
control commands flash as the stimuli to elicit the 
subject’s P300 potential (Figs. 2b and 2c). In the 
prototype, the control panels are implemented with a 
simplified design, with only five commands (opera-
tions of ‘stop’ and ‘quit’, and choices of three TV 
channels or songs) available. The selected TV chan-
nel or song will be played by its device and ‘stop’ will 
stop the current channel or song. 

2.3  Signal processing 

MI and P300 detectors were designed inde-
pendently of each other because of the different  

Fig. 1  Hybrid brain-computer interface (BCI) control 
strategy in the virtual environment 
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analyzing procedures of the two EEG patterns. The 
analysis methods are separately described below. 

2.3.1  P300 potential detection 

P300 potential is elicited under an oddball para-
digm, where rare target stimulus is presented to the 
subject dotted in a sequence of non-target stimuli 
(Farwell and Donchin, 1988). In order to obtain stable 
and recognizable P300 patterns, averaging over trials 
is generally adopted (Donchin et al., 2000). In our 
experiment, one target selection consisted of 10 trials 
and each trial contained five stimuli with every 
command on the control panel intensified once. 
Therefore, the detection of the target command was 
conducted with 10 trials’ data of the same stimulus 
averaged. 

1. Preprocessing and feature extraction 
In both online and offline preprocessing and 

feature extraction, a method based on regression 
(Croft and Barry, 2000) was first used to remove 
ocular artifacts in the EEG data. Then, drift correction 
was conducted by a piecewise cubic spline interpola-
tion, followed by a low-pass filter (Butterworth filter 
of order 5, cutoff frequency of 15 Hz). Finally, the 
continuous data were divided into several epochs 
according to different stimuli, and epochs presenting 
the same stimulus were averaged. Each epoch in-
cluded data samples between 100 and 800 ms poste-
rior to the stimulus event onset. 

2. Classification 
A support vector machine (SVM) classifier was 

trained and used as the online P300 detector. SVM 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

proves to be superior under certain circumstances. In 
typical two-class problems, SVM works by finding 
the largest margin between classes, which in essence 
is a quadratic programming optimization problem 
(Cristianini and Shawe-Taylor, 2000). It takes the 
mathematical form as follows: 
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where w and w0 determine the hyper-plane, C is a 
positive constant reflecting penalty, ξi is known as a 
slack variable, xi, yi, and N are input vectors, labels, 
and the number of samples, respectively. After solv-
ing the problem of Eq. (1) and obtaining Lagrange 
multipliers λi and kernel function K(xi, xj), where K(xi, 
xj) represents the inner product of two samples in the 
feature space, the final classifier is given by 
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where Ns is the number of support vectors. The input 
feature x is the averaged epoch data. 

In each target selection, one out of M stimuli 
corresponded to an epoch containing P300 wave (M is 
the stimulus number in the oddball paradigm), while 
the rest of the stimuli were labeled with non-P300 
wave epochs. The training samples consisted of epoch 
data labeled as P300 and non-P300 (two classes), not 

Fig. 2  Parts of the virtual apartment 
(a) Living room (up-down view); (b) TV 
control panel as the P300 oddball para-
digm (first-person view); (c) Stereo con-
trol panel as the P300 oddball paradigm 
(first-person view). ‘1’, ‘2’, and ‘3’ cor-
respond to three TV channels or songs. 
The white button above ‘1’ represents 
‘quit’ and the black button above ‘3’ is 
‘stop’ 

(a) (c) 

(b) 
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labeled as M stimuli. Thus, one SVM classifier for a 
two-class problem was trained for each subject. In 
P300 recognition, averaged epoch data of M stimuli 
were handled via Eq. (2). Since there might be more 
than one epoch satisfying g(x)>0, the epoch with the 
largest g(x) was assigned as the target event. Stimulus 
command representing the target epoch was returned 
to the virtual environment in real time, causing the 
corresponding operation on the control panel (like 
switching to the selected TV channel) to be executed. 

2.3.2  Motor imagery detection 

In the current system, imagination of left/right 
hand movements is detected and classified to index 
rotations (turning left/right) in the virtual apartment. 
The procedure for detecting MI signals is shown in 
Fig. 3. It is based on analysis of multiple band-pass 
filtered signals. 

An epoch with n EEG channels was the input to 
the MI detector. Preprocessing contained ocular arti-
fact removal and drift correction, the same as the 
method used in P300 detection. Then, the signal was 
band-pass filtered into multiple frequency bands 
(F-bands) (m bands) and spatial filtering was applied 
to each band, after which k (k≤n) channels were left. 
Finally, the log band power ( )log var( )=i i

j jP x  was 

extracted, where var( )i
jx  is the variance of signal 

from the jth channel of the ith F-band. i
jP  (i=1, 2, ..., 

m; j=1, 2, …, k) formed the signal features, which 
were further transformed with Fisher’s linear dis-
criminant analysis (FLDA) into a control command 
by mapping negative/positive output to left/right 
turning. 

Before the online experiment (with feedback), 
spatial filtering and FLDA parameters were trained 
and the F-bands were specified for each subject to 
accommodate his/her EEG characteristics. Data  
 

 
 
 
 
 
 
 

 

collected in the training experiment (without feed-
back) were split into training and testing samples. 

1. Spatial filtering and FLDA classifier training 
Training samples were used to determine spatial 

filtering and FLDA parameters. The spatial filtering 
was undertaken by a common spatial pattern (CSP). 
CSP finds a transition matrix WT that linearly trans-
forms the data matrix S of each F-band to another 
matrix X, where differences between power features 
of left/right MI are maximized in X and X=WTS. 
Details of CSP can be found in Blankertz et al. 
(2008). 

After obtaining a transformed signal X and fea-
tures extracted from X, an FLDA classifier was 
trained to distinguish between imagination of left and 
right hand movements. FLDA is a common linear 
classifier by projecting original samples into one 
dimension that maximizes the ratio of between-class 
variance to within-class variance (Bishop, 2006). 

2. Frequency band selection 
The F-bands used in the experiment are decided 

by the following steps: 
(1) The testing samples were preprocessed and 

filtered (Chebyshev I filter of order 4) into 17 over-
lapping F-bands (1–5, 3–7, …, 33–37 Hz, with a 
width of 4 Hz and overlap of 2 Hz) between 1 and 
37 Hz. 

(2) For each F-band, procedures of spatial fil-
tering, signal power extraction, and FLDA classifier 
in Fig. 3 were applied. The FLDA outputs were used 
to compute both classification accuracies and Fisher’s 
linear discriminant criteria (FDC). Accuracy depicts 
significance of each F-band contributing to final 
classification, while FDC reflects the separability of 
outputs. These two indexes evaluate the fitness of an 
F-band for classification. 

FDC is the ratio of between-class distance to 
within-class distance, which is defined as follows: 

 
 
 
 
 
 
 
 Fig. 3  Sensorimotor rhythms detecting procedure 
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motor tasks, and 2
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variations. 
The computation of accuracy and FDC was 

five-fold cross validated in this study. 
(3) The 17 F-bands were sorted by their FDC in 

descending order: FDC1, FDC2, …, FDC17, and the 
number of selected bands, t, was determined by 

 
17

1 1

arg min | FDC 70% FDC .
= =

⎧ ⎫
= ≥ ×⎨ ⎬

⎩ ⎭
∑ ∑

l

i i
i i

t l        (4) 

 

It is the minimum number of F-bands whose sum 
reached at least 70% of the overall FDC sum. 

Therefore, t F-bands were selected for each 
subject and those with accuracies lower than 75% 
were discarded. The thresholds of 70% and 75% were 
determined empirically. Finally, selected bands were 
merged if they overlapped. 

2.4  Experiments 

2.4.1  Experimental setup and data acquisition 

Four healthy adults (one male and three female, 
aged 25, 24, 23, and 23) voluntarily took part in this 
study. All of them had some experiences with a 
P300-based Chinese typewriter (Su et al., 2008), and 
three of them were familiar with MI BCIs. The sub-
jects were sitting 0.8 m in front of a 22-inch computer 
screen and 26 channels of EEG signals were recorded 
by the NeuroScan SynAmps amplifier. Fourteen 
channels (Fz, FC3, FCz, FC4, C5, C3, Cz, C4, C6, 
CP3, CPz, CP4, Pz, and Oz) were used for P300 de-
tection, and 22 channels (Cz, Fz, FC3, FC4, C3, C4, 
CP3, CP4, C5, C6, F1, F2, F3, FC1, FC2, F4, C1, C2, 
CP5, CP1, CP2, and CP6) were used in MI. All EEG 
signals were low-pass filtered at 40 Hz and digitized 
at a sampling rate of 250 Hz. All channels were ref-
erenced to the nose, and grounded to the forehead. 
During the P300 control phase, the subjects were 
asked to count silently in their minds when the target 
stimuli flashed, while in the navigation state, the 
subjects imagined left/right hand movements ac-
cording to the instructions. 

All subjects went through an experimental ses-
sion with one training run for MI and 22 testing runs 
for both hybrid and single pattern BCIs. 

The training run at the beginning of the session 
was conducted to train detector parameters of MI. 
This run consisted of 80 trials, and each trial started 
with a left or right cue on the screen and lasted 2 s. 
The 80 trials were presented to the subject consecu-
tively, with 40 left cues for left hand movement 
imagination and 40 right cues for right hand move-
ment imagination. The personal parameters were 
computed from the training run data and implemented 
into the system for later online use. 

For P300 detector training, datasets collected in 
four sessions under a P300 Chinese typewriter from 
previous P300 BCI studies were used. Runs in the 
first session were without feedback and the data were 
used to train a template matching classifier. Then in 
the next three sessions, template matching served as 
the online classifier and feedbacks were given in real 
time. Around 200 target selection data with feedback 
for each subject were collected and used to train the 
SVM classifier. A 10-fold cross validation was con-
ducted and accuracies between 92%−98% were 
achieved offline. The trained SVM classifier for each 
subject was integrated into the current system for 
online P300 detection. 

2.4.2  Experimental tasks 

The 22 testing runs were divided into three 
blocks. Block 1 contained eight runs for the hybrid 
control testing, block 2 consisted of eight runs for 
testing MI-based navigation, and block 3 was made 
up of six runs for testing P300-based device control. 

In the experimental runs with online feedback, 
inter-stimulus interval (ISI) of the P300 oddball pa-
radigm was 200 ms, with every stimulus on the device 
control panel intensified for 50 ms and 150 ms be-
tween intensifications. Every command selection 
required 10 trials, and in every trial each command on 
the control panel was intensified once. During the 
navigation state, feedback was given every second 
and each feedback caused a 7.5° turning to the 
left/right. A quicker update (2 updates/s) was tested 
but all subjects reported that it was too quick and 
unstable. Classification results of FLDA were trans-
lated into navigation commands by mapping the class 
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affiliation of FLDA to left/right (negative number 
represented ‘left’ and positive number represented 
‘right’). Unlike the training run, no cues were given to 
the subject for instructions of MI in the testing runs, 
so the movements were continuously presented. Each 
subject needed to decide what command to generate 
or select in real time according to the current outputs 
and the clearly predefined task given by the operator. 

Before block 1 began, a free testing run of MI 
(10 min) was given to the subjects, so that they could 
try and test initial imagination of left/right hand in the 
virtual apartment with online feedback. Results of this 
testing run were not included. 

Tasks in block 1 for testing the hybrid control 
strategy in the virtual apartment are described as 
follows: 

Task 1: start from the initial position, turn left for 
90° to reach the TV control panel, select one TV 
channel by P300, and then turn right back to the initial 
position. 

Task 2: start from the initial position, turn right 
for 180° to reach the stereo, select a song to play by 
P300, and then turn left back to the initial position. 

Task 3: start from the initial position, turn 
left/right for a circle (360°), and select one channel or 
song when the virtual devices (TV and stereo) are 
presented. 

Tasks 1 and 2 were repeated three times and 
Task 3 was completed twice with a turning left run 
and a turning right run. After selecting a TV channel 
or a song, the subject needed to select ‘quit’ to switch 
the system back to the navigation state. Since switch 
to P300 control occurred whenever the position fell 
into areas corresponding to device control state, there 
were unintentional switches from misclassification of 
MI in the critical region of the two states. 

Tasks in block 2 were the same as tasks in block 
1, except that the virtual device control panels were 
not evoked when the subject turned into its corre-
sponding position, only MI signals were detected. 
Runs in block 3 tested only P300 performance, where 
no navigation was available and the control panel of 
the virtual device (TV or stereo) was presented to the 
subject. Task 1 (runs 1 to 3, same task repeated three 
times) was to select each command on the TV control 
panel once whilst task 2 (runs 4 to 6, also repeated the 
same task) was with the stereo control panel. Thus, a 

total of 30 selections of control commands were made 
in block 3 (6 runs×5 selections/run). 

 
 

3  Results 
 

Table 1 summarizes the selected F-bands and the 
offline classifier accuracy from the cued training run 
of MI for each subject (subject sx had no experience 
with MI before the experiment). The offline analysis 
achieved high accuracies for all four subjects, and the 
selected F-bands vary. For comparison, classification 
results by a common F-band between 8 and 30 Hz 
(Ramoser et al., 2000) were also computed and were 
listed in Table 1. 

 
 
 
 
 
 
 
 

 
 
 
 
Since the subject needs to select ‘quit’ command 

to switch the system back into the navigation state, we 
set a threshold at the device control state that after six 
continuous selections of non-‘quit’ commands, the 
controller would automatically switch the system 
state. In the experiments, although some of the ‘quit’ 
selections were mistakenly recognized, all subjects 
succeeded in selecting ‘quit’ before the automatic 
state switch in all the tasks. 

Table 2 summarizes all performance measures in 
the hybrid BCI control (eight runs in block 1). Time 
cost for both MI and P300 in each task and the num-
ber of unintentional switches in each run are also 
listed (time for P300 includes several P300 selections 
in each task). In this study, unintentional switches 
counted only the number of erroneous switches from 
the navigation state into the device control state. For 
MI, accuracies are computed as the ratio of the 
number of correctly executed commands to the total 
number of executed commands. 

Table 1  Offline analysis of motor imagery training data 

Classifier accuracy (%) 
Sub. Selected 

F-band (Hz) Selected F-band Common F-band*

sq 9–17, 21–29 100.00   97.50 
sg 9–17, 19–29 100.00 100.00 
sx 9–17, 23–35   96.25   92.50 
sz 13–31 100.00 100.00 

* Common F-band: 8–30 Hz. Sub.: subject. F-band: frequency 
band 
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Blocks 2 and 3 were conducted for comparison 

with the hybrid control strategy. Experimental results 
are summarized in Table 3, and they are the averaged 
accuracies over the same task runs. Results obtained 
in the hybrid control block are relatively close to the 
results in the single BCI testing, which indicates the 
combination of P300 and MI in the proposed hybrid 
BCI strategy for the virtual environment control is 
practical for further development. 

 
 

4  Discussion 
 

This paper addresses a hybrid BCI control 
strategy in a virtual environment, which utilizes MI to 
navigate and P300 potential to control virtual devices. 
Preliminary testing results show that subjects can 
achieve simplified navigation and device control in 
the virtual apartment. Comparison results between 
hybrid and single BCI controls demonstrate that the 
use of the hybrid control strategy with MI and P300 in 
the virtual environment did not bring any notable 
decrease of single EEG pattern recognition. Therefore, 

Table 3  Online accuracies of hybrid and single BCI
controls 

Online accuracy (%)* 
Sub. Block Task 1 

(3 runs)
Task 2  

(3 runs) 
Task 3 

(2 runs) Mean

1, hybrid/MI 83.33 92.35   92.86 90.00
1, hybrid/P300 90.00 83.33   76.92 82.86
2, MI 68.56 79.27   94.44 78.47

sq 

3, P300 86.67 80.00  83.33
1, hybrid/MI 90.91 86.73   94.44 89.80
1, hybrid/P300 77.78 75.00   81.82 78.57
2, MI 90.91 87.50 100.00 91.49

sg 

3, P300 86.67 86.67  86.67
1, hybrid/MI 75.71 79.27   84.29 79.66
1, hybrid/P300 80.00 66.67   88.89 78.57
2, MI 81.58 86.73   80.38 83.33

sx 

3, P300 80.00 80.00  80.00
1, hybrid/MI 74.32 79.51   80.77 78.47
1, hybrid/P300 90.91 80.00   88.89 86.67
2, MI 68.37 69.46   78.24 71.20

sz 

3, P300 86.67 93.33  90.00
* Online accuracies are averaged over the same task runs. Sub.: 
subject; MI: motor imagery 

 

Table 2  Online hybrid control testing results
Task 1 

 

Task 2 
 

Task 3 
Accuracy (%) Time (s) 

 

Accuracy (%) Time (s)
 

Accuracy (%) Time (s) Sub. Run 
MI P300 MI P300 

US  
(No.) 

 

MI P300 MI P300
US 

(No.)
 

MI P300 MI P300 
US 

(No.)
1 87.50   75.00 32 60 1 

 

87.50 85.71 64 105 1
 

100.00 80.00 48 75 0
2 90.00 100.00 30 30 0 

 

91.38 100.00 58 30 0
 

87.50 75.00 64 120 2
3 76.09 100.00 46 60 1 

 

100.00 66.67 48 45 0
 

    
sq 

Mean 83.33   90.00 36 50 0.67 
 

92.35 83.33 56.7 60 0.33
 

92.86 76.92 56 97.5 1
1 92.86 66.67 28 45 0 

 

92.86 66.67 56 45 0
 

98.00 80.00 50 75 0
2 90.00 100.00 30 30 0 

 

91.38 66.67 58 45 0
 

91.38 83.33 58 90 1
3 90.00 75.00 30 60 1 

 

79.27 100.00 82 30 0
 

    
sg 

Mean 90.91 77.78 29.3 45 0.33 
 

86.73 75.00 65.3 40 0
 

94.44 81.82 54 82.5 0.5
1 70.00 66.67 60 90 2 

 

77.27 50.00 88 60 0
 

91.38 80.00 58 75 0
2 81.58 100.00 38 30 0 

 

82.43 66.67 74 45 0
 

79.27 100.00 82 60 0
3 78.57 100.00 42 30 0 

 

78.57 100.00 84 30 0
 

    
sx 

Mean 75.71 80.00 46.7 50 0.67 
 

79.27 66.67 82 45 0
 

84.29 88.89 70 67.5 0
1 76.09 100.00 46 60 2 

 

81.58 100.00 76 30 0
 

81.58 100.00 76 75 3
2 74.00 100.00 50 30 0 

 

77.27 80.00 88 75 3
 

80.00 75.00 80 60 1
3 73.08 80.00 52 75 2 

 

80.00 66.67 80 45 0
 

    
sz 

Mean 74.32 90.91 49.3 55 1.33 
 

79.51 80.00 81.3 50 1
 

80.77 88.89 78 67.5 2
Mean 81.07 84.67 40.3 50 0.75 

 

84.47 76.25 71.3 48.8 0.33
 

88.09 84.13 64.5 78.8 0.88

Sub.: subject; MI: motor imagery; US: unintentional switch; No.: number of unintentional switches 
 

 



Su et al. / J Zhejiang Univ-Sci C (Comput & Electron)   2011 12(5):351-361 359

more complex tasks can be carried out efficiently with 
the hybrid control strategy. However, all subjects 
reported that hybrid control tasks were more com-
plicated because of the shifting between motor atten-
tion and P300 visual attention. Aiming to expand 
virtual environment control functions, the proposed 
hybrid BCI control strategy is different from the re-
cently reported hybrid BCI combining ssVEP and MI, 
where either simultaneous detection of MI and ssVEP 
(Allison et al., 2010; Brunner et al., 2010) or se-
quential detection (Pfurtscheller et al., 2010b) im-
proved system performance. It also differs from the 
2D cursor control system that detects P300 and MI 
signals independently and simultaneously (Chen et al., 
2010). 

In the offline results of MI training in Table 1, 
subject sx with no prior experience showed a slightly 
lower accuracy than the other three subjects. However, 
in the following testing runs, she achieved a better 
online performance than subject sz in both the hybrid 
and the single control paradigms (Table 3). The off-
line comparison of selected and common F-bands in  
Table 1 indicates that a user-specific F-band selection 
can improve classification accuracy. Due to the va-
riant sensorimotor rhythm patterns among different 
subjects, it is useful to optimize channels and F-bands 
for each individual. 

In the hybrid testing runs, subjects sq and sg 
achieved relatively high performances in MI. Both of 
them had undertaken MI-based BCI experiments 
before the current study, and they reported that after 
training, the imagination of left/right hand movement 
evolved into a more natural imagination of turning 
left/right in the virtual environment. This user-based 
learning may explain the better accuracies they 
achieved than the other two subjects. Subject sq also 
reported difficulty in single MI tasks which required 
shifting between imaginations of left/right hand 
movements; this explains the relatively poor per-
formance in Tasks 1 and 2 of block 2. In addition, 
results in Table 3 show that accuracy of MI in Task 3 
with a single left or right turning is higher than in 
Tasks 1 and 2 where shifting between left and right 
turning was required. 

The relatively large difference between offline 
training and online testing results for both MI and 
P300 detections may be due to two reasons. One is 

that online feedbacks evoke extra brain activities for 
context updating and thus may lead to the decrease in 
pattern recognition. The other reason may be that 
training and testing paradigms for both the EEG pat-
terns are different, where data for P300 classifier 
training was from a P300 Chinese typewriter and the 
training run for MI was cue-based. 

The hybrid control strategy proposed in this 
paper attempts to realize a natural and effective in-
teraction with the virtual environment, by using MI of 
left/right hand movement to turn left/right and P300 
oddball paradigm to control the virtual devices. Al-
though other methods like P300 navigation (Edlinger 
et al., 2008) or one mental task based navigation 
(Velasco-Álvarez and Ron-Angevin, 2009) can pro-
vide a similar function, mapping left/right hand 
movement to turning left/right may be the most nat-
ural way. However, several factors of the current 
system can be improved. The unintentional switch 
numbers in Table 2 reflect the rate in each task by 
which the subject unintentionally changes to the de-
vice control state (an erroneous state switch). A better 
mechanism should be adopted to overcome this 
problem, which can be solved either by introducing a 
classifier to distinguish intentional control (IC) from 
non-control state (NC) as in Scherer et al. (2008), or 
by designing a better protocol to handle the system 
state switch. Also, EEG patterns corresponding to 
moving forward command and self-paced operation 
are necessary to fulfill the free and real navigation in 
the virtual environment (Scherer et al., 2008). 
 
 
5  Conclusions 
 

This paper presents a hybrid BCI control proto-
type where MI and P300 patterns are combined into 
one BCI system and the characteristic of each pattern 
is utilized to constitute a better control strategy for the 
virtual apartment environment. MI patterns are 
translated into virtual navigation commands while 
P300 potentials are mapped to device control com-
mands. The two EEG patterns are detected in differ-
ent system control states in a sequential manner. Pre-
liminary results show that such combination of sen-
sorimotor rhythms and P300 potentials can work well 
in a virtual environment. 
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Despite the great promises shown in research 
combining BCI and VR, much work is needed to 
further the current hybrid BCI control for a virtual 
environment. Three-class recognition for MI of 
left/right hand and foot movements as well as the NC 
and IC classification are required to simulate a more 
realistic virtual apartment navigation and device 
control. Further tests with a head mounted display 
(HMD) or cave-like environment are meaningful, 
since these techniques may achieve better feedback 
effects. Finally, more factors should be taken into 
account when transfer from a virtual to a real world 
environment occurs, where EEG patterns may not be 
generated stably. 
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