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Abstract — Brain computer Interface (BCI) has gained a lot
of attention recently, as a means to detect individuals’ intents
using brain signals such as electroencephalographic (EEG) for
control of machines. In order to achieve the possible use of BCI
in stroke rehabilitation, computational intelligent algorithms
are important for reliable separation of shoulder versus elbow
movement intentions. Efforts have been made on developing
data processing and classification algorithm for such task.
Differently, this paper investigates the optimal use of electrodes
and signal channels, which is formulated as a data-driven
feature selection problem. 163 EEG electrodes are used to
collect scalp recordings to predict shoulder abduction and elbow
flexion intentions in healthy and stroke subjects. We combine
the support vector channel selection with a time-frequency
synthesized classification algorithm and examine the
performances of using different subsets of channel inputs.
Preliminary results show that 1) a reduced number of electrodes
can be used to achieve the same or better performance than
using the full set of signal channels; 2) besides the fact that the
accuracy on able-bodied subjects is expectedly higher than the
stroke subject, the stroke subject tends to need more electrodes
to achieve the best performance; 3) visualization of spatial
distribution of channel rankings shows reasonable connection
with functional motor cortex areas.

I. INTRODUCTION

As an approach to detect an individual’s intents and to
convert brain signals such as electroencephalographic (EEG)
into usable control commands, Brain Computer Interface
(BCI) has been gaining much attention [1][2]. Recently,
there has been study exploring the possibility of applying
BCI for clinical use to help patients with moderate to severe
motor impairment due to stroke [3][4]. In order to
potentially use EEG signals to control a neural prosthesis or
other devices for rehabilitation of  arm movement
discoordination after stroke, it is critical to provide reliable
prediction of subjects’ motor intentions of shoulder or elbow
movements. Effort has been made to explore suitable signal
processing and classification algorithms [3][4]. Differently,
in this paper, we examine the optimal use of EEG electrodes
for the task of classifying mental states for shoulder or
elbow movements. In a typical EEG-based BCI study, a
number of electrodes are arranged at specific locations of a
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cap to get scalp EEG recordings. In early studies of BCI, a
relatively small number of electrodes are used in the
experiments [5][6]. Advancement of multi-channel EEG
hardware systems has made it possible to have larger amount
of electrodes in recent BCI studies (e.g., 64 electrodes are
used in [7] and, in our experiment, scalp recordings were
made using a 163-channel EEG system with active
electrodes, as shown in Figure 1). Despite that neural-
scientists have been using such multi-channel electrode
ensemble, most decisions on number of electrodes are based
on cost or other ad hoc factors and the determination of the
number of channels using computational models has not
been systematically explored, especially in the context
involving stroke subjects.

Figure 1 163 electrodes are used for EEG signal recording.

In this paper, we study the channel selection in order to
find out input EEG signal channels that are most relevant to
the classification task of shoulder abduction and elbow
flexion intentions for healthy and stroke patients.

We formulate the problem as a feature selection problem
in computational intelligence. The EEG signal channels are
thus analogous to features (also called variables in Statistics
learning). The input EEG signal is represented by a multi-
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dimensional pattern vector p = (p,, ... p,)', with n as the
number of channels used in the experiment.

Channel selection brings several important advantages to
BCI study including:

1) Finding out an optimal number of channels. It is known
in the theory and practice of feature selection that multiple
features in an input vector typically represent redundancy
[8][9]. Feature selection can obtain a subset of features of
reduced redundancy yet still retain enough distinguishing
information. So in BCI, we can use a subset of channels that
are as effective as the full set. In other words, instead of
using an unnecessary large number of electrodes, the number
of electrodes used in EEG signal collection can be optimized
and subsequently the investment on experimental costs can
be maximized.

2) Achieving the optimal prediction accuracy. Extending
from the above advantage, while redundancy can be reduced
by feature selection, we can also select the most relevant
features to the prediction task and potentially increase the
accuracy compared with using the full set of channels. Such
effort can help achieve the best accuracy of classifying
mental intentions. It is important for improving the feasibility
of applying BCI to clinical use such as stroke rehabilitation
since the state-of-the-art EEG-based BCI algorithms for such
tasks are yet to be improved.

3) Investigating important EEG signal channels for
distinguishing shoulder/elbow movement intentions and their
spatial distribution.  Physical locations of the important
electrodes on scalp can provide feedback on policy of
placement of the electrodes. The results on stroke subjects
may also contain physiological insights to help neuroscientist
and physical therapist to gain more understanding of
mechanisms of motor control on healthy and stroke subjects.

In our study, we apply channel ranking and selection to the
BCT task by combining the support vector channel selection
[10][13] with a weighted time-frequency synthesis
classification algorithm [11][4][3]. The approach is data
driven with no requirement on prior physiological
knowledge. We test the algorithm on two healthy and one
stroke subjects. It is the first time that channel selection is
investigated for the BCI task of EEG-based classification of
shoulder and elbow movement intentions. Same as in [10],
we observed that channel selection can reduce the number
of channels needed without an increase of error. In addition,
we also found that better accuracy may be achieved with an
optimal subset. More importantly, preliminary results on the
stroke subject indicate that healthy and stroke subjects may
require different number of electrodes for optimal
performance. The results can potentially have positive impact
for developing prostheses for stroke rehabilitation.

II. DATA COLLECTION AND SIGNAL PREPROCESSING

We use scalp EEG data collected from two able-bodied
(N1, N2) and one stroke subject (S1) at Department of
Physical Therapy, Northwestern University, Chicago. The
stroke subject has a Fugl-Meyer score of 26/66. Each subject
learned to self-initiate the generation of isometric shoulder
abduction (SABD) or elbow flexion (EF) at a level of 25% of
his’/her maximum voluntary torques (MVTs). EEG and
torques were collected during the generation of isometric
elbow/shoulder torque.

Subjects were cast at the wrist and secured to a six degree
of freedom (DOF) load cell with shoulder at 70° abduction
angle. The tip of the hand was aligned with the median
sagittal plane of the subject and located at a distance from the
body which yields an elbow angle of 90°, with 0°
representing full extension of the elbow, and the shoulder at
approximately a 40° flexion angle. In order to minimize the
effect of trunk muscle activation, subjects were seated in a
Biodex chair with the trunk secured and the shoulders
strapped to the back of the chair. A computer monitor was
placed in front of the subject to provide visual feedback of
the torque generation during the training protocol.

Scalp recordings were made using a 163-channel EEG
system with active electrodes. The electrodes are mounted on
a stretchable fabric based on a 10/20 system positioned as
illustrated by Figure 1. The cap was fitted on the head of the
subject lining the Cz electrode with the intersection of the
planes defined by the nasion, inion, and pre-auricular points.
EEG data were collected at 1000 Hz sampling rate. Anti-
aliasing filtering (100 Hz) was provided before data
acquisition. The system was equipped active electrodes that
provide a first amplification stage, allowing for the recording
of EEG signals with a higher SNR and quicker preparation.

Signals were segmented from -1800ms pre- to -100ms pre-
torque onset, and then were baseline corrected and down
sampled to 256 Hz. Finite difference surface Laplacian (SL)
[14] was applied to signal from each of the channels before
exporting the data for further analysis. peripheral electrodes
were removed and preprocessed EEG signals from the
remaining inner 131 electrodes were exported for BCI
classification.

III. CLASSIFICATION METHOD: SUPPORT VECTOR ENHANCED
TESP

For classification of two mental intentions corresponding
to shoulder abduction and elbow flexion, we use an improved
version of the Time-frequency Synthesized Spatial Patterns
algorithm (TFSP).
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TFSP is a BCI algorithm developed in [4] and [11] that
analyzes event-related desynchronization (ERD) in
spontaneous EEG rhythmic activity by decomposing the
signal into a time and frequency feature space. In our
experiment, a series of 13 frequency bands are obtained, and
time intervals of 55ms each are extracted in temporal
domain. These time-frequency segments are weighed based
on their corresponding contribution and the weights are
synthesized during final classification. While the original
TFSP algorithm has proved itself an effective feature
extraction approach for EEG-based BCI, its prediction power
is constrained since a simple correlation comparison with
minimal training was used for the classification on the grids.
Instead, we use a learning-based classifier to derive weight of
time-frequency grid and obtain labels for a new EEG trial on
each time-frequency segment. We called our improved
method the Classifier-enhanced TFSP. The comparison of the
improved version and the original TFSP has found an
enhanced accuracy by the new algorithm [3]. In this paper,
to facilitate the combination with the channel selection
method, we use the support vector classifier [12] as the
classifier for the Classifier-enhanced TFSP on each grid for
deriving labels and calculating weight of that time-frequency
grid.

Support vector classifier is a popular and powerful
machine learning algorithm that obtains the weight vector wy
and offset b of the separating hyperplane between two classes
by solving the optimization problem that maximizes the
margin, which is defined as the distance between the
bounding planes of the two data sets and equivalent to

2wl

The objective of support vector classifier is thus defined
to minimize %4||wy’. The subset of training samples that
participate in defining the optimal hyperplane are called
“support vectors”.

In support vector enhanced TFSP, for each time-
frequency grid, its conclusion on the class label d for a
testing trial p(z,f) is given by a support vector classifier:

d(t, f)=sign(Y al, <p,(t, ), f)>+b) (1)

ieSV

where P;(1,f) is the spatial pattern of ith training trial in the set
of support vectors SV; /; is the desired label of the ith training
trial in SV. o is the Lagrange coefficient obtained when
using Lagrange theory to solve the above optimization
problem. A kernel function k(pi(t,f), p(t,f)) can replace the
inner product in Eq (1) to map samples from the raw data
space to a feature space for nonlinear problems. In this
paper, linear support vector classifier is used to facilitate the
calculation of channel selection criterion (see next Section).

The weight of the time-frequency grid is then obtained by

(@ ) =Th/[(A=TW*, rt, f)>Th

weS)= { 0, 6 NETh (g

where r(z,f) is the recognition rate calculated on the grid,
and 7% is a threshold used to set weights to 0 for grids with
low recognition rates. The w(z,f) is not to be confused with
the weight vector of support vector hyperplane w;. A final
classification decision for an EEG trial p is obtained using

R(p) =sign(Q. > w(t, /) *d(t, /)]

=1 f=

—_

In our experiment, R(p) = 1 corresponds to the movement
intention of shoulder abduction while R(p) = -1 indicates an
elbow flexion mental intention.

IV. SUPPORT VECTOR CHANNEL SELECTION

A.  Support Vector Channel Selection and Ranking

Many methods can be used to do feature selection [9]. The
simplest approach is to assume all features are independent
and test them individually based on a selection criterion.
However, this approach may not be suitable due to
correlations existing among features. Top-down or bottom-up
feature selection approaches are more powerful since they
can test different subsets of features without assuming
features being independent. Meanwhile they avoid the
expensive cost of exhaustive testing of all possible
permutations.

Support vector channel selection is a top-down approach
that uses the Sequential Backward Elimination to select
features. The method was first proposed in the context of
gene selection for cancer classification [13]. The concept is
to determine the importance of a feature/channel based on the
influence of the channel has on the margin of a trained
support vector classifier. The algorithm starts with the full
set of channels. In each round, after training, the weight
magnitude ||wy| for each channel is calculated. For linear
case, W, 1s calculated as below:

w, = > alp,(t,f)

ieSV

The channel(s) with the smallest ||wy| has the lowest
influence on the change of objective function and is
considered the least important. It is then eliminated from the
list of channels. In next round, the signals with the remaining
features are trained again using support vector classifier and
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the channel(s) corresponding to the smallest ||w|| this time is
again eliminated. This is done iteratively until there are no
channels remaining.

In our experiment, the removed channels are stored in their
order of removal in a vector for ranking. To facilitate
visualization of important channel groups, ranks of 1 to 10
are assigned to the channels with 10 as the highest rank (most
important and last removed from channel list). Each rank is a
group of channels. For example, with total of 131 channels,
each rank group has 13 channels except the group 1 which
has 14 channels.

B.  Combining Support Vector Channel Selection with
TFSP

We use Support Vector Enhanced TFSP as our BCI
algorithm.  As explained in Section 3, support vector
classifier is applied to every time/frequency grid. So every
time/frequency grid calculates the margin and comes up
with the candidate channel for elimination. During decision
synthesis, a majority voting is conducted among
time/frequency grids to determine which channel should be
eliminated in current iteration. Only those time/frequency
segments with higher than average w(t,f) are eligible voters.
If there is a tie on the decision, all tied channels are removed
from the set (and added to the rank vector). Table 1
describes the flow of our algorithm of combining support
vector channel selection with TFSP.

Table 1. Pseudo code for Support Vector Channel Selection with
TFSP.

ChannelSet =1, 2, ..., #of channels]
Rank=1]
while ChannelSet is not empty
for t=1 to # of Time Segments
for f=1 to # of Frequency Segments
apply Support Vector Classifier
calculate weight vector w of support vector
hyperplane for each remaining channel in ChannelSet
get the smallest ||w;|| and the corresponding channel
c(t,f): the candidate channel to be eliminated.
calculate r(t,f) and w(t,f) for TFSP
end
end
majority voting to determine the channel ¢ to be
eliminated
remove channel ¢ from ChannelSet.
add c into Rank
obtain R(p), the classification decision for testing trials,
and calculate the error rate.
end //of while
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V. EXPERIMENTS AND DISCUSSIONS

We applied classified-enhanced TFSP and support vector
channel selection to 2 healthy subjects N1 and N2, as well as
1 stroke subject S1. Error rates are reported using 17 fold
cross-validation. 7% in Eq. (2) is set to 0.6. Linear SVM is
used for the combined channel selection with classified-
enhanced TFSP.

Figure 2 depicts the error rates versus number of channels
in the selected set. Polynomial degree-2 fitting is used to get
the trend line of the data. Figure 3 displays the distribution
of ranking of all channels on the scalp. The warmer color
indicates more important channels (e.g. the color red
represents rank 10).
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Figure 2. Error Rates vs. Number of Channels.
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(c) S1
Figure 3. Rank distribution of channels on scalp. The map is a 2D view
when looking down at the top of the head with subject’s left-ear to the
left. The warm colors indicate higher ranks (important channels). The
black dots are the positions of electrodes on the scalp.

From Figure 2, we can see that the proposed classification
algorithm is able to achieve accuracies of higher than 90%
(10% error rate or lower) on healthy subjects N1 and N2.
Expectedly, stroke subject S1 has a higher error rate than
two healthy subjects, which may be explained by the
possible increase of overlap between cortical activities follow
stroke [15]. The trend of error rates versus selected channels
shows that, initially, error rates of all three subjects decrease
while the number of channels increases, which is a
reasonable effect. When the number of channels further
increases, we observe the following:

1. For subject N1, the fitting curve shows that error rates
actually increase after the number of channels exceeds
an optimal point, which is around 90 channels.

2. For subject N2, the fitting curve becomes almost flat
when the size of channels reaches certain number,
which coincidently is also around 90. This indicates that
further increasing number of channels or electrodes
beyond this number may not be very effective for
reducing error rates.

3. For stroke subject S1, the fitting curve also shows an
increase of error rate when the number of channels is
big, yet it happens at around 110 channels, which is
much later than NI1. This suggests that in order to
achieve optimal performance, more electrodes are
needed for S1 than that of N1 or N2.
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In Figure 3, ranks of EEG channels are drawn on the 2D
scalp map to show the spatial distribution of the electrodes
and their relative significance. The distributions of important
channels are consistent among three subjects. Electrodes
positioned close to motor cortex area are marked with warm
colors, which shows connection to the physiological
mechanism despite that the algorithm in this study is purely
computational and data-driven. We also hope that such study
of channel selection can provide feedback for optimal
positioning of electrodes on scalp.

VI. CONCLUSION

This study presents preliminary results of channel
selection on using EEG to separate shoulder abduction or
elbow flexion intentions of healthy and stroke subjects.
Observations confirm the need of exploring important signal
channels, not only for the purpose of optimizing cost-
effectiveness, but also for enhancing the performance of
intention prediction. Current results indicate that healthy and
stroke subjects may require different number of electrodes
for optimal performance. Future work with more subjects
may reveal other differences on optimal electrode usage
between healthy and stroke subjects.
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