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Communication between the operator and the computer is binary in
the sense that only two control actions are possible. For example, a
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device can be turned on or off, moved left or right, etc. Itis also appr 199 -
priate to describe this BCI as a discrete controller. That is, changes 90 -
the SSVER result in control actions occurring at fixed intervals of tims 80 -
B. EEG Component 70 J

- N
—

The SSVER is elicited using a visual stimulus that is modulated a g 60 - A_./‘v.'\-,._‘-/” -
0 /~.\_ «

fixed frequency. The SSVER is characterized as anincrease in EEG % ‘ \ /
tivity at the stimulus frequency [5]. Typically, the stimulus is generate 8 40 -/

using white fluorescent tubes that are luminance modulated at 13.25% 3¢ , < | =@ Proportional FeedbaCki
and mounted behind a translucent diffusing panel. With biofeedba 20 . ) |
. . . . Discrete Feedback :
training, operators learn to willfully control their SSVER amplitude. 10 .
. . 0 ' ' ' ’ ' ' ' '
C. Communication Protocol 123456 7 8 910111213141516 17 18 19 20
The EEG is acquired using gold-cup electrodes located over occ Session (45 min)

ital sites O1 and O2 (left mastoid as ground). The differential signal be-
tween O1 and O2 is amplified, filtered, and then processed by a lockFilg. 1. Learning curves for an SSVER-based switch selection task under
amplifier system (LAS) that provides a measure of the SSVER amplijt© feedback conditions (n = 4 per group). There was no overall difference
tude. This inf tion i led b ter for feedback and between the feedback groups. However, the data for sessions 1-5 suggest that
uae. Thisin orma lon 1S sampled by a compu er' orree . ackand CQlz continuous feedback may have supported more rapid initial learning.

trol. Control logic based on thresholds and duration requirements trans-
forms the noisy SSVER into smooth, stable control. The threshold an

duration parameters are adjustable for individual operators and spe%ﬁ(gi? anlet._ Tlmethlstory dalt_ar\]/v ((ajr;ahexkamlnedtto co nflkr)m thatt ﬂ;ﬁ athﬁ i
applications. Typically, two thresholds are employed to achieve bin yoied participants accomplisned the xnee extension by controfing the

Ty . . o
control; raising the SSVER above the upper threshold for the requi?%}/ in—FES mte_rface, rather than voluntary muscle_ control. Specifi-
ally, a change in current level preceded a change in knee angle, and

duration results in one control action and lowering the SSVER belaw}
the lower threshold for the required duration results in a different cofSet 9f knge angle movement occur.red atnearly the same currgnt Ie’vel
trol action. each tlme_ (i.e., threshold_ of contra_ct_lon). Data frpm each participant’s
best session were examined. Participants acquired 95.8% of the com-
manded knee angles with average FES on and off latencies of 4.28 and
D. Results 5.93 s, respectively [6].

In general, all operators perform above chance level, although ther8) Effects of FeedbackEight participants were trained to perform
are large individual differences between operators. While some oparswitch selection task under one of two feedback conditions, discrete
ators experience difficulty, others achieve nearly perfect control. Sp@-proportional. Three switches were aligned next to three target fields
cific results are reported below. on a display and the task involved selecting the switch next to the

1) Flight Simulator Control: The roll position of a simple flight field containing a target. To change which switch was selected, par-
simulator was controlled with this BCI. A display in the simulator preticipants increased their SSVER amplitude above a threshold to begin
sented a series of commands (irf 1@crements) requiring the oper- cycling through the switches. To stop the progression, the participants
ator to roll right or left. When operators increased their SSVER amplilecreased their SSVER below the threshold. Changes in the border and
tude above an upper threshold for 75% of the samples in a one-Hilfcolor of the switches indicated whether the SSVER was above or
second interval, the simulator would roll one-half of one degree tmlow threshold in the discrete feedback condition. In the proportional
the right. When similar duration requirements were met for a lowéeedback condition, a dynamic vertical bar with a threshold mark dis-
threshold, the simulator would roll one-half of one degree to the lefilayed real-time SSVER amplitude. Both groups showed significant
When the commanded roll position was reached, a new commandearning, but there was no overall difference due to feedback type (see
position was presented. This process continued for two minutes. M&gg. 1).
new operators were able to achieve some level and sense of control aftd) Mechanisms of Control:The control signal in this BCI is de-

a single 30-min training session, and typically demonstrated fairly dnaved as a differential measure of SSVER activity at O1 and O2. As
matic learning curves over the course of the next few training sessioagesult, operators can change the amplitude of the control signal by
Trained operators were typically able to roll the simulator in the conself-regulating: 1) the relative amplitude of the SSVER activity at O1
manded direction 80-95% of the time. and O2; 2) the relative timing (phase) of the SSVER activity at the

For feedback and control purposes, the simulator display containeha sites; or 3) a combination of both. In one experiment three partic-
horizontal bar that presented real-time SSVER amplitude. An indicatpants performed a task that required repeated 2-s periods of SSVER
mark on the bar would move to the right when the SSVER amplitugahancement or suppression. Scalp-wide EEG was recorded. Each par-
increased and to the left when it decreased. ticipant showed interhemispheric shifts of SSVER activity between the

2) Muscle Stimulator OperationA functional electrical stimulator enhance and suppress conditions. Data for one participant are shown in
(FES), a rehabilitation device designed to exercise paralyzed limpsg. 2. These results suggest that modulation of the relative amplitude
was integrated with this BCI. Operators held their SSVER amplitud# the SSVER at O1 and O2 plays a role in SSVER self-regulation. In
above the “on” threshold for one second to activate the FES. Then, theeparate study with four participants, monopolar O1 and O2 signals
current began increasing, gradually recruiting additional muscle fibexgre recorded in addition to the bipolar control signal. Phase and am-
to cause knee extension. Decreasing the SSVER amplitude below ghtide relationships between O1 and O2 were evaluated during periods
“off” threshold resulted in a ramp-down of the current and lowering a¥f sustained SSVER enhancement and suppression. Each of the partic-
the limb. The control algorithm parameters were adjusted to emphasizants showed evidence of phase-based control. As in the topographic
accuracy over speed. analysis above, independent regulation of O1 and O2 amplitude was

Three able-bodied participants with previous SSVER self-regulabserved as well [7].
tion experience participated in 3-5 one-hour sessions. A display proParticipants were not instructed how to accomplish the self-regu-
vided SSVER amplitude feedback, knee angle commands and actatibn, however they were not allowed to close their eyes. This was
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tors are not required to actively increase their SSVER amplitude. This
system uses the naturally occurring SSVER amplitude at two different
frequencies. Cortical scaling as discussed by Sutter [3] plays an im-
portant role in this system. As the subject fixates on the desired virtual
button, the SSVER amplitude increases at the button’s modulation fre-
quency.

C. Communication Protocol

The EEG is acquired using plastic, silver chloride-coated, surface
electrodes (with aloe vera gel to improve conductivity). The electrodes
are held in place over O1, 02, and Oz (ground) using a headband.
The differential (01-02) EEG is filtered, amplified, and sampled by
a computer. Three software LAS’s are implemented for each button.
One LAS computes amplitude at the stimulus frequency; the other two
compute amplitude at frequencies slightly above (upper frequency) and
below (lower frequency) the stimulus frequency. The control algorithm
monitors the LAS outputs to determine if a selection should be made.
The algorithm requires that two criteria be satisfied for a fixed time
duration. First, the amplitude of the center frequency must be above a
threshold value to prevent an unwanted selection due to natural fluctu-
ations in the EEG. Second, the amplitude of the center frequency must
be larger than the average of the lower and upper frequencies, by a fixed
ratio, to ensure that broadband increases in activity do not trigger the
system. When these criteria are met, a red border appears around the
corresponding button. If these criteria are maintained continuously for
0.3 s, then the button is selected. Individual threshold and amplitude
ratio criteria were determined for each operator by a calibration proce-

dure that was performed prior to using the system.
Fig. 2. Topographic maps of 13.5-Hz activity recorded during task-related
SSVER enhancement and suppression for Participant 2. Note the evenly
distributed activity in the O1 and O2 regions of the top map (suppression) abd Results
the asymmetric activity in the bottom map (enhancement).

Two virtual buttons (2.9 by 3.8 cm) were displayed on the left and
right sides of a monitor (separated by 10.3 cm) and modulated at 23.42
monitored by the use of a video camera or by electrooculogram (EOQ%d 17.56 Hz, respectively. The buttons were viewed at a distance of
recordings in some experiments. Interestingly, a variety of eye mover cm, resulting in visual angles of 3.Qertically and 2.3 horizon-
ment and cognitive-based strategies emerged. In the switch selecggqp/_ This system was experimentally evaluated using eight partici-
task three of the eight participants reported using subtle eye movemeidts. Their task was to select the virtual button indicated by a yellow
to control their SSVER amplitude. These eye movements were also g§mmand box. Participants performed 200 trials each, with no training
identin the EOG recordings. In this experiment, the task was projecigg|s. The participants averaged 92% correct selections (range: 83-99)

onto a large screen and the stimulus light source was located behjjith an average selection time of 2.1 s (range: 1.24-3.02) [8].
the participant to illuminate the entire screen. As a result the stimulus

covered 83 of the visual field, however, the stimulus was brightest in

the center of the screen and decreased slightly toward the edges. Al- IV. FUTURE PLANS
though thr_ee Of. the parm:lpants_ u_sed subtlg eye movemgnt, the StlmDespi’[e the success demonstrated with the self-regulation based
ulus remained in their central vision at all times. Interestingly, the%e

- . . . : I, substantial training is required. For this reason, the ACT program
participants shifted their gaze slightly away from the brightest area OP . . 9 q ' prog
the stimulus when thev wanted to enhance their SSVER amplitude will focus its near-term BCI efforts on approaches that use naturally
y P ‘occurring SSVER'’s. The next step with this BCI will be to compare its
performance to that of a standard computer mouse using a Fitts’ Law
paradigm to evaluate the speed and accuracy of the two controllers
A. Communication Task [9]. Other studies will explore the number of virtual buttons that can
The task is to select virtual buttons on a computer screen. Avirtu%? ;lnmultaneously presented_ and thel_r spatial separ_a_tlon. Although
. - . additional buttons and functions will increase usability, this BCI
button is a small area of the screen similar to an icon that can havg 4 ars readv for near-term application as an assistive technolo
control action associated with it. The luminance of the virtual buttonsi$ " y PP 9y-
modulated, each at a different frequency to produce the SSVER’s. The
operator selects the desired button simply by looking at it. At present, REFERENCES
a maximum of two virtual buttons is displayed at one time. Therefore, ) )
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The EEG was recorded using a single reference electrode and two
11-electrode arrays placed over the left and right sensorimotor cortex
(a total of 23 electrodes).

Laplacian operators were applied to estimate local activity at three
sites over left and right sensorimotor cortex. Analysis of mu-rhythm
power in the resulting signals showed that imagined hand movements
could be discriminated from background EEG in six out of seven sub-
jects with a typical accuracy of 70%. The most discriminative electrode
positions were found to be 3 cm posterior to the C3 and C4 positions
in the 10/20 system. Extraction of complexity features [6] showed that,

Abstract—We present an overview of our research into brain—computer N four out of seven subjects, the discrimination accuracy was 80%.
interfacing (BCI). This comprises an offline study of the effect of motor This research was useful in concretely establishing that motor im-
imagery on EEG and an online study that uses pattern classifiers incor- agery signals could be detected by spectral and complexity features
porating parameter uncertainty and temporal information to discriminate  anq that, in principle, they could be used to drive cursor movements. It
between different cognitive tasks in real-time. . oo ..

also identified the best position to place a smaller number of electrodes.

EEG-Based Communication: A Pattern Recognition
Approach

William D. Penny, Stephen J. Roberts, Eleanor A. Curran, and
Maria J. Stokes

Index Terms—Cognitive tasks, electroencephalograph (EEG), pattern
recognition.
[ll. ONLINE SYSTEM

I. INTRODUCTION The above research informed the design of our “online” EEG-based
computer interface. To keep the system as simple as possible our initial
The ultimate aim of this research is to develop an electroeprototype uses only three electrodes, a single isolation amplifier and a
cephalograph (EEG)-based computer interface for use by peopls-MHz PC. The electrodes are placed 3 cm behind C3 and C4 and a
with severe physical disabilities. This would, for example, facilitatgsference electrode is placed over the right mastoid.
interaction with a word-processor package or manipulation of variousSubjectS move a cursor on a computer screen and attempt to hit tar-
environmental controls. gets appearing at the top or bottom of the screen. Cursor movements
Our approach relies less on biofeedback training [8] and more gfe driven by cognitive tasks and, to date, we have studied two dif-
the use of pattern recognition methods where cursor movements gi@nt pairs of tasks; 1) motor imagery versus a baseline task and 2)
generated by the output of a pattern classifier such as a neural netwgilkior imagery versus a math task. For the motor imagery tasks, sub-
Our approach is novel in two important technical respects. First, Wests were asked to imagine opening and closing their hand (right or left
infer not just the parameters of our classifiers (e.g., weights in a neugkording to handedness), and for the maths tasks subjects were asked
net) but also the uncertainty on those parameters. This allows usd@erially subtract seven from a large number. We have also carried out
estimate the uncertainty associated with each subsequent classificatigta{ionary cursor trials” in which the cursor does not move [4].
Second, we use dynamiC ClaSSifierS SUCh that the cursor mOVement @ursor movements were generated by extracting autoregressive

(AR) features from the EEG and classifying them using a Bayesian
logistic regression model.
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