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Abstract � Brain­computer� interfaces� (BCIs)� promise� to�

promote�a�novel�access�channel� for� functional� independence� for�
individuals�with� severe� speech� and� physical� impairment� (SSPI)�
that�can�occur�as�a�result�of�numerous�neurological�diseases�and�
injuries.�Current�BCI�systems�lack�the�robustness�and�accuracy�to�
allow� individuals� with� SSPI� to� complete� tasks� required� for�
independent�living�(e.g.�communication�or�navigation).�We�aim�to�
develop� a� noninvasive� hybrid� BCI� relying� on� two� imaging�
modalities:� Electroencephalography� (EEG)� and� functional�
transcranial� Doppler� sonography� (fTCD).� Such� hybrid� BCI� is�
expected�to�be�sufficiently�robust�and�accurate�to�be�operated�in�a�
real­life�environment.��
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I. INTRODUCTION 
Brain Computer Interfaces (BCIs) are newly evolving 

technology that acquire and process mental activity to carry out 
thought-controlled actions [1]. Typical BCI users suffer from 
motor and/or speech impairment that occur due to different 

amyotrophic lateral sclerosis (ALS) [2], therefore a BCI system 
can assist such individuals to communicate with the outside 
world. 

Several modalities have been introduced to design BCI 
systems including electroencephalography (EEG) [3], 
functional magnetic resonance imaging (fMRI) [4], functional 
transcranial Doppler ultrasound (fTCD) [5], near-infrared 
spectroscopy(NIRS) [6] and magnetoencephalography (MEG) 
[7]. Although these modalities have been used for BCI 
applications [8][9][7], most of them suffer from certain 
drawbacks that prevents them from being reliably and 
consistently used in real-life environments by individuals with 
severe speech and motor impairments.  For example, fMRI and 
MEG based BCIs employ bulky equipment with expensive 
running costs. Such equipment can perform well only in highly 
controlled environments [10]. Moreover, current NIRS-based 
systems  study the slow hemodynamic response and lack the 
speed necessary to be considered for real-life applications [11] 

Great strides in BCI development have been made using 
EEG as the input modality. Steady state visual evoked potentials 
(SSVEPs) are a type of EEG-based BCI control signals elicited 
by the  [12]. The power spectrum of the 
EEG in case of SSVEP BCI shows increased power at stimuli 
frequencies and their harmonics. Recently, functional 
transcranial Doppler ultrasound (fTCD) has been introduced as 
an input modality for BCI systems. It measures the cerebral 
blood flow velocity[5]. Changes in the fTCD signal are  

associated with mental tasks, and it was shown that it is possible 
to design BCI based on fTCD using certain mental tasks [13], 
[14]. 

Considering the limitations mentioned earlier, EEG as well 
as fTCD provide promising sensing methods that have low setup 
complexity and relatively fast response times. The basic idea is 
to combine both modalities in a BCI system that can afford a 
decision with higher accuracy and speed compared to single 
modality based BCI. In this paper, we design two different 
binary BCI systems based on EEG and fTCD input modalities. 
To examine the possibility of integrating both systems, we 
evaluated each system separately to check if they showed 
comparable performance in terms of accuracy and speed.  If their 
performance is comparable, the possibility of using both of them 
to build a hybrid BCI is more likely to afford a system with 
higher performance measures. In addition, we proposed a 
presentation scheme for the hybrid system with mental tasks that 
could be differentiated through both EEG and fTCD. Moreover, 
the hybrid system we introduced was extended to include 3 
classes. 

For the EEG based BCI, an ensemble learning technique 
named as Learn++.NSE which deals with nonstationarity in data 
is used. To reduce the calibration requirements, transfer learning 
is utilized to allow including data sets of other users with the 
data set of the current user by using mutual information for data 
set selection purposes. To investigate the feasibility of 2-class 
fTCD based BCI, three classification problems were studied. 
Statistical features for the wavelet coefficients derived from a 
five level wavelet transform were extracted. The nonparametric 
Wilcoxon test was used for feature selection while support 
vector machines (SVM) classifier with a linear kernel was used 
for classification. 

 

II. MATERIALS AND METHODS 

A. EEG­based�BCI�

1) System�Description�
We designed an SSVEP-based BCI with 
checkerboards at frequencies of 6 and 20 Hz . The stimulus 
presentation was implemented in MATLAB 2015a using 
Psychtoolbox  which is an online free toolbox for designing 
time-accurate stimuli. All the experiments were conducted using 
a Lenovo ThinkPad W541 laptop with 64-bit Windows 7. 
 
2) Participants�

In this study, we recruited 10 healthy participants including 2 
females and 8 males. None of the participants were less than 18 
years old or have a history of epilepsy. 
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3) Experimental�Procedure�
At each trail, the participants were asked to focus their attention 
randomly on one of the two checkerboards. Each trial contained 
a 5-second ickering checkerboard with total of 100 trails per 
session. For each participant, four data collection sessions were 
held including 3 calibration sessions as well as 1 test session. In 
both the calibration and the testing phase, the chosen 
checkerboard was selected using an arrow that pointed randomly 
to one of the checkerboards.  
 
4) Data�Analysis�

The EEG data was 
with corner frequencies of  2, and 45 Hz. To 

analyze the preprocessed data, we employed two methods 
including canonical correlation analysis (CCA) as well as an 
ensemble learning based approach. 
 

a) Canonical Correlation Analysis (CCA)�
Canonical correlation analysis is a technique that suits healthy 
users who are able to control and focus their attention towards 
all the available stimuli[15][16]. CCA gets the correlation scores 
between the EEG signal and artificial reference signals that are 
generated based on frequencies of the shown stimuli. Each 
reference signal corresponds to a specific stimulus and contains 
sinusoids with frequencies same as stimulus harmonics.  
Determination of the stimulus that possess 
attention is based on the maximum correlation score.�For simple 
CCA application in which different stimuli have different 
frequencies, no training is needed as the decision is made based 
on the maximum correlation at each trail. 

 
b) Ensemble Learning�

 For a BCI to be used by patients with disabilities, a machine 
learning approach may achieve better results compared to CCA 
[16]. Challenges in such approach include EEG nonstationarity 
and high calibration requirements[17]. For classification 
purposes, we employed Learn++.NSE ensemble which is an 
algorithm used for nonstationary learning. It detects 
nonstationarity and generates a new classifier for new data 
originating from the statistically changing environment[18]. 
     To reduce the length of calibration sessions, we apply 
transfer learning to make use of data sets for other users with the 
current user. In general, transfer learning is a type of machine 
learning that is used to improve the performance of a learner by 
applying knowledge from one domain to another. In this case, 
the objective is to use data sets of previous users with the current 
user to enhance the accuracy of the system. To identify the data 
sets that will help in classifying current EEG data, we employed 
an information theoretic approach by utilizing mutual 
information.  
     Mutual information [19] is a measure of the amount of 
information that one random variable can provide about another 
random variable. In this paper, mutual information was used to 
find previous data sets best represented the current data set. 
After, the mutual information between previous data sets and the 

current data set was calculated, the data sets with the highest 
mutual information were selected to train the Learn++.NSE.  
     
 A 4-dimensional feature vector was formulated using the power 
spectral density estimate at 
frequencies. Such od 
[20]. 
     (LDA) was used as the base 
learner in the Learn++.NSE ensemble to reduce computational 
complexity. For every participant, ensembles were formulated 
using groups of 
contained Learn++.NSE ensembles ( LPP-MI) that are based on 
the mutual information. The first 3 data sets with the highest 
mutual information were added to the Learn++.NSE. The data 
set with second most mutual information was added first then 
the data set with the most mutual information, and finally the 

 data set. The second group consisted of the standard 
Learn++.NSE ensembles (LPP-S) that did not employ the 
transfer learning. For every participant, LPP-S was formulated 
using the three data sets collected during the calibration sessions. 
 

B. fTCD­based�BCI�

1) System�Description�
Data was collected using two 2 MHz transducers placed on the 
right and left-side transtemporal window positioned above the 
zygomatic arch [21] with 50 mm TCD depth to match the depth 
of the mid-point of the middle cerebral arteries [22]. 
 
2) Participants�

Twenty healthy participants including 10 males and 10 females 
were enrolled in this study. All the participants  a 
history of concussions, migraines, strokes, or any other 
neurological injury. 
 
3) Experimental�Procedure�

The data collection session was divided into 3 parts: 1) 20-min 
baseline period during which each participant was asked to take 
a rest to stabilize the cerebral blood flow.  2) two 15-min tasks 
separated by a 5-min break. Each task included randomly 
alternating five mental rotation tasks and five word generation 
tasks. The duration of each task was 45 seconds with 45 seconds 
resting period separating consecutive tasks. 
     Considering the mental rotation task, a 3D shapes database 
constructed from cubes [23] was used to extract randomly 
selected pairs of images to be displayed on the screen. 
Participants were asked to decide if the displayed image pairs 
were identical or mirrored by rotating the images mentally as 
seen in Fig.1. 
     During the 45 seconds of every word generation task, each 
participant was asked to think of words starting with a randomly 
chosen letter that is displayed on the screen. Such nonverbal 
action was selected to avoid artifacts due to speech or changes 
in intrathoracic pressure [24].  
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4) Data�Analysis�
 
We used the moving window (MW) method to classify the 
cognitive tasks. We started with a window containing the first 
0.5 seconds of the data. This window was used for feature 
extraction, then a decision based on the data from that window 
was made. After that, the window was shifted by 0.25 seconds 
and features were calculated again for that new window of data 
leading to a new classification decision. This procedure was 
repeated until the window reached 45 seconds which is the 
length of each task.  Note that in this scheme, classification 
decision at a certain time was independent of the past samples.  

 
a) Preprocessing�

The data was sampled at 44.1 kHz. A 150th order low pass filter 
with corner frequency of 5 kHz was used for antialiasing 
purposes. The data was downsampled by a factor of 5 to 
decrease computation expenses. 
 

b) Feature�Extraction�
Five level wavelet decomposition [25] employing Daubechies 4 
mother wavelet was applied to each window . Statistical features 
were computed for approximation and detail coefficients at each 
decomposition level. Forty-eight statistical features were used 
for feature selection. 

After applying the wavelet decomposition for each window 
of data, statistical features including mean, variance 
skewness[26], and kurtosis [27] were calculated for the wavelet 
coefficients. Skewness and kurtosis measure deviations from 
Gaussianity. Specifically, kurtosis measures the peak of the 
curve in comparison with the Gaussian while the skewness 
measures the asymmetry of a given probability distribution.  

 
c) Feature�Selection�

Features were evaluated using the nonparametric Wilcoxon test 
[28], which is basically a hypothesis test used to assess 
differences between two groups. The main advantage of this test 
compared to Student-t test [29] is that it does not assume that the 
data follows any parametric distribution. We formulated 3 
binary problems to be assessed using Wilcoxon test with a p 
value of 0.05 including mental rotation versus resting state, word 
generation versus resting state, and mental rotation versus word 
generation.  

 
 

d) Classification�
Support vector machines (SVM) [30] with linear kernel was 

employed  for classification purposes. In this paper, three 
different binary classification problems were formulated. In the 
first two binary problems, two linear SVM classifiers were used 
to distinguish the word generation task from the resting state and 
mental rotation task from the resting state respectively. In the 
third binary problem, one linear SVM classifier was used to 
distinguish between the mental rotation and word generation 
tasks.  

 

C. Hybrid�BCI�

 
To combine both binary BCI systems, we employ the same 
mental tasks used for the fTCD based system. To generate 
SSEVPs necessary for EEG subsystem, a checkerboard texture 
is added to the stimuli as seen in Fig.2 and these stimuli flickered 
with frequencies of 6, and 20 Hz. In addition, the system will be 
extended to include a third class which is a fixation cross that 
resembles the resting state. During each trial, an arrow will point 
randomly to one of the 3 tasks for duration of 9 seconds. A total 
of 150 trials will be presented per session. Each participant will 
attend one calibration and one test session.  
 
 

 
III. RESULTS AND DISCUSSION 

A. EEG­based�BCI�
Table 1 shows the accuracies for the 3 different approaches. 

Performance of standard Learn++.NSE ensemble (LPP-S) and 
Learn++.NSE ensemble based on mutual information (LPP-MI) 
is compared to show if the mutual information boosts the 
performance of the  
CCA in which the reference signals are sinusoidal signals with 

two 
presentation stimuli.  

Figure�1: Random pair of images that each participant was asked to 
mentally rotate to decide whether they are identical. 

Figure�2: Stimulus presentation for the hybrid BCI system. 
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LPP-MI outperformed LPP-S in terms of performance 
accuracy as seen in Table 1. However, CCA showed the best 
performance. The participants enrolled in this study consisted of 
healthy users who were able to focus their attention on the 
targeted checkerboards. For this reason, the success of CCA 
compared to ensemble based methods is expected given its 
current reputation as state of the art for SSVEP BCIs. 

 

B. fTCD­based�BCI�
Tables 2, and 3 show the average of the maximum classification 
accuracy for each participant and the corresponding time at 
different state durations. A state duration is the period during 
which a mental activity occurs before it is assigned to a certain 
class. Time column shown in Tables 2, and 3 represents the 
average time at which the maximum accuracy was achieved for 
each participant within the corresponding state duration. Such 
time is a direct measure for speed of classification. 

 

 
     As seen in Tables 2, and 3, classification of resting state 
versus mental rotation as well as resting state versus word 
generation using MW method achieved high average accuracy 
in a relatively short time of approximately 3 s with average 
accuracy of 80.29%, and 82.35% respectively. In addition, the 

MW method when used for the task versus task problem, 
achieved 79.72% accuracy within 2.24 s of the onset of the 
cognitive task. 

Maximum accuracy of 94.41% was achieved for the mental 
rotation versus resting state problem after the onset of the task 
by 15.57 s. On the other hand, word generation versus resting 
state problem obtained maximum accuracy of 93.24% after the 
onset of the task by 21.22 s. Considering the mental rotation 
versus word generation problem, the MW method obtained 
92.78% accuracy in 15.41 s. 
     The system introduced in [31] obtained average maximum 
accuracy of  82.90% and 85.70% for mental rotation and word 
generation respectively using observation period of 45 seconds 
while the proposed system got average maximum accuracy of 
93.24% and 94.41% for the same tasks within the same 
observation period. Moreover, the system we introduced in this 
paper achieved accuracy of   80.29% and 82.35% within around 
3 s of the onset of the mental activity for mental rotation versus 
resting state and word generation versus resting state 
respectively as seen in Tables 2. Therefore, such system can be 
utilized in a real-time BCI application.  
      

IV. CONCLUSION 
In this paper, we designed two different BCI systems based on 
EEG and fTCD modalities. These systems were assessed 
independently of each other so that in case they showed 
comparable performance in terms of accuracy and speed, the 
possibility of achieving higher performance measures in case of 
combining them in a hybrid system is increased. In addition, we 
designed a presentation scheme for the hybrid system that 
employs both EEG and fTCD. The mental tasks used for the 
hybrid systems were designed so that they could be 
differentiated through both modalities. Our future work will 
focus on recruiting healthy participants to test the hybrid system. 
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