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Abstract: Two distinct signal features suitable to be used as input to a Support-Vector Machine (SVM) classifier in
an application involving hands motor imagery and the correspondent EEG signal are evaluated in this paper.
Such features are the Power Spectral Density (PSD) components and the Adaptive Autoregressive (AAR)
parameters. Different classification times (CT) and time intervals are evaluated, for the AAR-based and the
PSD-based features, respectively. The best result (an accuracy of 97.1%) is obtained when using PSD com-
ponents, while the AAR parameters generated an accuracy of 94.3%. The results also demonstrate that it is
possible to use only two EEG channels (bipolar configuration ar@grahdC,), discarding the bipolar con-
figuration aroundC;. The algorithms were tested with a proprietary EEG data set involving 4 individuals and
with a data set provided by the University of Graz (Austria) as well. The resulting classification system is now
being implemented in a Brain-Computer Interface (BCI) used to guide a robotic wheelchair.

1 INTRODUCTION chine (SVM) classifier. The SVM is supposed to be
able to distinguish two mental tasks related to hands
A Brain-Computer Interface (BCI) is a system thatin- motor imagery, based on these two features extracted
cludes a way of acquiring the signals generated by thefrom the EEG signal. Two data sets (a proprietary
brain activity, a method/algorithm for decoding such one acquired in the University of Alcala and one pro-
signals and a subsystem that associates the decodegided by the University of Graz) are used to evaluate
pattern to a behavior or action (Sajda et al., 2008). the implemented algorithms. Configurations of three
The BCI and its inherent challenges, involving areas EEG channels (bipolar aroud, C, andC,) and two
such as signal processing, machine learning and neU£EG channels (bipolar aroui@ andC,) are tested.
rosciences, have been the focus of several important  The preliminaries and the results of such evalua-
research groups. The results of this new technology tion are hereinafter presented as follows: Section 2
could be applied to improve the quality of life of many  contextualizes this work, introducing some previous
people affected by neuromotor disfunctions caused by works involving a robotic wheelchair commanded by
diseases, like amyotrophic lateral sclerosis (ALS), or a BCI; the methodology used to reach the objective
injuries, like spinal cord injury. is explained in Section 3, where the feature extraction
A basic structure of a BCI, according to the previ- and the classifier are described in details. The results
ous definition, is presented in Figure 1. This paper is obtained with the two data sets aforementioned and
related to the phases fd#ature extractiorandfeature some comments are presented in Section 4, which is
translationor classification both indicated in the fig-  followed by Section 5, where the main conclusions of
ure. The objective here is to evaluate Power Spectralthis work are highlighted.
Density (PSD) components and Adaptive Autoregres-
sive parameters as inputs for a Support-Vector Ma-
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BRAIN COMPUTER INTERFACE SVM. The system is supposed to classify two differ-
COMPUTER ent mental tasks related to hands motor imagery, aim-

ing at allowing to implement a BCI to be used to com-
. mand a robotic wheelchair (Pons, 2008). In order to
d v

perform such evaluation, the following methodology

N

BIO-FEEDBACK

)

was carried out:
EEG ACQUISITION FEATURE
EXTRACTION 1. evaluate two different approaches: PSD-SVM and
AAR/RLS!-SVM, according to the sketch of Fig-
ﬁ Y ure 2;
- M . evaluate different channel configurations:
Q [C3 C, C4] and [Cg C4]2;
M communication 3. PSD approach: evaluate for different time inter-
INTERFACE vals (3-55, 4-6s, 5-7s, 6-8s and 7-98);
Iy] 4. AAR/RLS approach: evaluate for different Clas-
sification Times (CT) (Schlogl et al., 1997). The
< oL s CTs used are 3s, 4s, 5s, 6s, 7s and 8s;
Dl 5. evaluate the algorithms using the proprietary
_ _ _ UAH dataset and search for the best configuration
Figure 1: Brain-Computer Interface available at UFES. (feature extractor and SVM classifier);
6. apply such configuration to the Graz dataset and
evaluate the results.

2 BACKGROUND

Feature
A robotic wheelchair commanded through a BCI is Extrgin Classifier
being developed at the Federal University of ESpirito channel c3
Santo, Brazil. The users of such BCI can select move- > > _
ments to be executed by the wheelchair from a set of estiRn';ztes ;e“igl”'Tzei
options presented in the screen of a PDA connected tochannel cz > AR > svm e”;a as
the BCI, as illustrated in Figure2. 7 (p)
A drawback of this approach is the need of eye- PSD
closing to generate the desired pattern, in this case arfhannel c4 >
ERS (Pons, 2008). An user who is not able to close

the eyes for a while to select an option of movement,
for examp|e’ will not get any prof|t using the current Figure 2: A representation of the systems being evaluated.
version of the BCI implemented in the wheelchair. In

order to overcome such problem, other EEG informa- 3.1 Graz Dataset

tion should be used.

In such a context, hands motor imagery is being The Graz dataset was provided by the Department
tested here, in connection to a SVM-based classifier, of Medical Informatics, University of Graz (Austria),
to check the possibility of using this approach to im- - qyring the BCI Competition 2003. It is nam&hta
plement a BCI to be used to command the robotic set || and is related to motor imagery. In this pa-
wheelchair aforementioned. The idea underlying this per, 140 trials of this dataset, and the respective la-
study is to use imaginary hand movements, instead ofye|s, were used, 70 related to left hand motor imagery
eye-closing, to generate recognizable EEG patterns. ang 70 related to right hand motor imagery. Each trial

lasts 9 seconds, with a sampling rate of 128 Hz, re-

sulting in 1152 samples/channel/trial. The data was
3 METHOD obtained using a bipolar configuration around the po-

sitionsCz, C, andC4, according to the 10-20 Interna-

The focus of this paper is to evaluate the use of PSD tional System, as presented in Figure 3. In the same

components and AAR parameters, associated to EEG  IRrecursive Least Squares
signals acquired in the region of the motor cortex of  2actually, the channels are bipolar, with electrodes
the human brain, as inputs of a classifier based on aplaced around these positions, as shown in Figure 3
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figure (on the right side), an illustration of the proto- The PSD is estimated here via he Welch’s Method,
col used during the experimental phase is presented.computed over sections of 1 s, averaging spectral es-
After the 2 initial seconds, a beep sounds and a crosstimates of 3 segments of 0.5 s each (64 samples, sam-
is presented in the center of the screen, calling the pling rate of 128 Hz) with 50% of overlap between
subject’s attention to the beginning of the experiment. segments. The maximum size of each segment is im-
One second latett & 3 s), an arrow pointing left or  portant in order to consider the stationary behavior of
right is presented to the operator, suggesting which the EEG signal (Mourifio, 2003; McEwen and Ander-
mental task should be accomplished, and lasts for 6 son, 1975). A weightingdanningwindow is applied
seconds (until = 95s). The data was filtered, keep- to the signal due to its considerable attenuation in the
ing the spectrum ranging from 0.5 Hz to 30 Hz, and side-lobes. The spectral components extracted from
visual feedback was used (more details can be foundthe signal and used as features spans from 8 Hz to
in (Schlogl, 2003)). 30 Hz, with a frequency resolution of 2 Hz. Thus,
12 components are generated, in connection to each

+ channgl. j’his feature extraction procedure is illus-
,, . trated in Figure 4.

\‘-‘ 1/ ™
¥ N . 34 Feature Extraction: AAR/RLS
t Feedback period with cue
Trigger The other technique used for feature extraction is

Beep

_ _ based on Adaptive Autoregressive parameters (AAR),
Figure 3: _Electrodes Placement and the experimental proto- astimated via Recursive Least Squares (RLS) algo-
col associated to the Graz dataset. rithm, as described in (Schlogl et al., 1997; Haykin,

2001). This procedure is performed according to
3.2 UAH Dataset

Er=Y%—-a (Y1 (1)
Experiments similar to those described in Sec- re=(1-UC) 'A_1Yi1 2)
tion 3.1 were ac_complished at the University of Al- ki = rt/(\(t[lrt +1) (3)
cala (UAH), Spain. The mental tasks are the same of a — a1+ kiE 4)
the Graz dataset, also related to hands motor imagery. . tTt
; ; A= (1-UC) A1 —kir (5)
The dataset was recorded from 4 normal subjects in t t the

different sessions. Each session corresponds to 60 tri-where

als (half to each one of the two mental t_ask_s cons_id- a = |aus. .. ap,t]T (6)
ered) and each trial was 9 s long, resulting in 9 min- T

utes/session. Three subjects participated in 3 sessions Yior = [Yo1.. Yiopl (7)

and one subject participates in 4 sessions, thus result-  The initial values adopted wemo =1, ag =0

ing in 780 trials. The bio-signal amplifiet.BSamp  andUC = 0.007, and the model order was chosen as
and the subsystem.16syscompound they.tecsys- p = 6. Although the RLS algorithm has a higher com-
tem used to record the EEG data, the software beingputational complexity in comparison with the Least
implemented in Matlab. The data was also filtered to Mean Squares (LMS), it has some advantages: the
keep only the spectrum from 0.5 Hz and 30 Hz, but faster convergence, the higher accuracy of the esti-

the volunteer had no visual feedback. mate and the fact that no matrix inversion is neces-
sary. Figure 5 shows the temporal evolution of six
3.3 Feature Extraction: PSD AAR parameters. In this case, the chan@gbf the

first trial included in the Graz dataset was considered.
Due to the fact that EEG rhythms have been de-
fined mainly in the frequency domain, the Power 3.5 Classifier: SVM
Spectrum Density (PSD) analysis of the signal is the
non-parametric technique used for feature extraction. Although the concept of Support-Vector Machines
Other reasons that motivate this choice are the com-(SVM) was introduced in COLT-92 (Fifth An-
putational efficiency involved, the direct relation be- nual Workshop on Computational Learning Theory)
tween PSD and power, power components can be in-(Boser et al., 1992), its evaluation in BCIs is quite re-
terpreted in terms of cerebral rhythms and the esti- cent.
mations (via FFT) of spectral components are not bi- Briefly speaking, the main idea of a SVM is to
ased as those estimated via AR models, as describedind an optimal separating hyperplane for a given fea-
in (Mourifio, 2003). ture set. Given a training set of instance-label pairs
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Figure 4: Example of feature extraction using PSD companedignals related 163, C, andCy (bipolar) during hands motor
imagery. PSD is presented from 8 up to 30 Hz in dB/Hz.
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0.5F

al(t) subject to

yi(wT@(xi) +b) > 1§ 9
& >0. (10)

Training vectorsx; are mapped into a higher di-

a4(t) mensional space (maybe infinite) by the functign

"\\/ﬂaB(t) The SVM finds a linear separating hyperplane with
)

the maximal margin in this higher dimensional space.

“as(y) C > 0 is the penalty parameter of the error term. The

functionK (xi,x;) = @(xi) "@(x;) is calledkernel The
kernel function used in this paper is a Radial Basis

B B0 Function (RBF) defined as
| - - L !
0 1 2 3 4 5 6 8 9
Time [s] K(xi,xj) = exp=y|xi —xj)[?),y> 0. (11)
Figure 5: Temporal evolution of six AAR parameters. The choice of a SVM-based classifier and a RBF
kernel function relies on previous works that consid-
(xi,i),i = 1,...,1, wherex; € R" andy € {1,-1}', ered this configuration (Shoker et al., 2005; Guler

the SVM requires the solution of the optimization @nd Ubeyli, 2007; Khachab et al., 2007). Further-

problem

10

w,b,&

s i=

1
min=w'w+C¥S &,

more, a SVM classifier has improved the accuracy
in 13% when compared to LDA (Linear Discriminant

8) Analysis) and 16.3% when compared to NN (Neural

Networks), using the same features (Nicolaou et al.,
2008).
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Table 1: PSD + SVM (UAH dataset).

2 channels@s Cy) 3 channels@z C; Cy)

Subject| 3-5s  4-6s 5-7s 6-8s 7-9s3-5s 4-6s 5-7s 6-8s 7-9s
So1 711 711 733 733 66.y73.3 80.0 66.7 75.6 64.4
So2 68.7 80.0 733 733 711 756 756 73.3 733 66.7
So3 68.3 76.7 66.7 66.7 66.7 68.3 70.0 66.7 650 70.0
S4 756 91.1 822 844 84.4 73.3 86.7 822 84.4 756

Table 2: AAR/RLS + SVM (UAH dataset).
2 channels@z Cy4) 3 channels@; C; Cy)

Subject| 3s 4s 5s 6s 7s 8s| 3s 4s 5s 6s 7s 8s
S1 66.7 73.3 66.7 689 622 733|667 733 644 667 711 66.7
02 66.7 68.9 66.7 80.0 57.8 57.8| 689 689 644 733 644 644
So3 60.0 66.7 733 61.7 66.7 733|583 617 683 66.7 650 70
S 66.7 71.1 86.7 822 756 733|667 733 86.7 778 711 75.5

Table 3: PSD + SVM (Graz dataset).
2 channels@z Cy) 3 channels@s; C; Cy)
Subject| 3-5s 4-6s 5-7s 6-8s 7-9s3-5s 4-6s 5-7s 6-8s 7-9s
SGraz 88.6 97.1 857 743 77.1 857 943 857 80.0 71.4
Table 4: AAR/RLS + SVM (Graz dataset).
2 channels@s Cy) 3 channels@s C; Cy)
Subject| 3s 4s 5s 6s 7s 8s| 3s 4s 5s 6s 7s 8s
Seraz | 65.7 743 914 914 829 80.0f 743 68.6 914 914 80.0 80.0

The scripts developed during this work are based
on the librarylibsvm(Chang and Lin, 2001).

4 RESULTS

Taking into account the data distribution, 75% of each
dataset was used for training and validation, while
the other 25% were used for test. After evaluating
two different techniques for feature extraction (based

during the test. Equal values are all highlighted (gray
cells) to show in which situations they can appear. As
in PSD case, the higher classification rates are related
to the middle of the experiment (Table 1 and Table 2
(4-6s)). The best results can also be reached with only
2 channels, taking into account that all the high values
obtained with 3 channels appear on the left side of the
Table 2 (2 channels).

Thus, the best results with the UAH dataset can be
found using PSD+SVM, 2 channel3yC,) and in the
middle of the experiment. A summary of the results

on PSD components and AAR parameters), the re- s nresented in Table 5.

sults are presented in the following four tables. The
first one (Table 1) shows the classification accuracy
obtained for each subject of the UAH dataset, when
PSD+SVM is used. The gray cells represents the
best classification accuracy found for each subject.
The higher values are related to the central period of
the experiment (4-6s) and, except by the subfagt
these values are obtained with only two channels.
Table 2 contains the results for the other explored
configuration (AAR/RLS+SVM). Four subjects of the
UAH dataset are evaluated using different CTs and
channel configuration. Once more, the gray cells rep-

Table 5: Best Results (UAH dataset).

Subject| Accuracy Configuration
S1 80.0 PSD+SVM(C3 C; Cy4,4-6S
So2 80.0 PSD+SVMC(C3 Cy4,4-65
So3 76.7 PSD+SVMC(C3 Cy4,4-65
S4 91.1 PSD+SVM(C; C4,4-65

As the next step of the proposed methodology, this
configuration was applied to the Graz dataset, in order
to evaluate it. The results obtained for this configura-
tion and the other are shown in Tables 3 e 4.

resents the best classification values for each subject

11
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