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TABLE |
NUMBER OF TRIALS RECORDED FOREACH SUBJECT AND EACH EVENT

subject | L R F sum
A4 73 73 77 223
B6 55 54 64 173
B8 37 48 39 124
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and the AR coefficientg,a} )r=1...,, are used afeature vectorrepre-
senting the data in this one channel during a time interval of 1 or 0.5 s
during one trial.

The optimal AR model ordeg;, can be determined by information
theoretic methods [9]. The classification result of our classifier is al-
ready an information measure, however. Thus, the optimal valye for
is the one yielding maximal classification success, once that has been
defined.

00:0:0
0z0:0s0:0s

B. Artificial Neural Network as classifier

An artificial neural network (ANN) is a general-purpose function
F|g 1. Electrode positions on skull and Corresponding numbering_ Chan%proximator for multidimensional functions of several variables [10]
26 corresponds approximately to position C3 in the international 10-20 systéfe used an ANN consisting of three perceptrons, one perceptron for
channel 32 to C4, channel 2 to Fz, and channel 29 to Cz, respectively. each of the classes L, R, and F. (Initially, we used ANNs with one
hidden layer, but an investigation of their weights after training indi-

values/s to be stored. Data was recorded for at least 8 s. The E%Ed that the simpler perceptrons wouild be as efficient, and they actu-

signals were amplified between 0.15 and 60 Hz (3 dB points, y were better [11]. This indicates that simpler, purely linear schemes

dB/octave) with two coupled 32-channel amplifier systems (BESIF?ay Work as well, e.g., independent comppnent an_aIyS|s [12]) The
) p-dimensional feature vectors were used as input variables. The output
Fa. Grossegger, Austria).

The experimental orotocol d to obtain th EEGs foll of a perceptron was supposed to be positive if a feat_qre vector at its

P protocofused fo obtain these sisasfto ov?’r?putencoded the movement that the perceptron classified for, and neg-
Two seconds aﬁer regordlng was begun, the subject was alerted bﬁ‘[i@e if it did not. An output value close to zero indicated that the per-
short begp\_{/arnlng §t|mulus(WS)]. One second after the beep, & ptron did not have much of an “opinion,” while a numerically larger
arrow pointing left, right, up, or down appeared on a screen for 3

ms, indicating that the left (left arrow) or right index finger (right), the tputindicated a stronger opinion.

trical signals from the movement itself, and were excluded from l‘urth(a(r:mt subset of trials, thealidation setAs training proceeded, the clas-
a_maly5|s. The remaining threg events we refertoasL, R, and F, 'eSRSfication success on the validation setfirst increased, but eventually de-
_tlvely. The subject had been mStrUCte.d to move the fe'e"a”F eXtrem(':%ased when the ANN started over-learning [10]. We stopped training

na br!sk movement, but only some tiraéter a sec_ond acoustreac- when the classification success on the validation set had reached its
tion stimulus(RS) had sounded at 5 s [4]. The time between RS a aximum, in order to ensure the ANNs generalization ability.

onlsetthgf moveger;t7v¥a}slo.5 015 S'd dqf hofL R and Ff The ANNs success on the validation set does not represent its true
thrn 'St\)’yayt’ r_f r n;‘ts Wer’emrle(éog endol?r,sei)cl 3\/ ’f ,Talgl | r'(l)' eneralization ability. The latter is lower because the validation set was

ee subjects, reterred fo as A4, 5, a elow (cf. Table ). uged for optimization. Consequently, we used a third, indepentsit,

subjects were all healthy, right-handed students, aged 23-29, two M&Fon which we evaluate the classifier's success rate. The partitioning
(A4 and B8) and one female (B6). of the available experimental trials on training, validation, and test sets
was done at random. The training set and the validation set must both
consist of an equal number of trials from classes L, R, and F. Otherwise,
the classifier will be biased toward the class from which it has seen most
A. Autoregressive Models and Feature Vector Extraction feature vectors. For subject A4, e.g., we usee- 50 + 50 trials in the
training set16 + 16 + 16 trials in the validation set, and+ 7 + 11

We use standard autoregressive (AR) models as power specti@]s in the test set, for each of the classes L, R and F, respectively.
estimators, and use their coefficients as feature vectors: Each EEG-

channel’s signat(t) at timet is estimated by a linear combination ofC. Multichannel Signal Processing: The “Committee” Method
its values at the former instantsi(t) = >-7_ | al »(t—k-At), where

At = 1/, is the sampling time anglis the AR model order. The AR d
coefficients(a? ).=1...,, are obtained by minimizing the squared error,
S e} =3 {a(t)—=(t)}°. The difference (t) = x(t)—2(t) is
assumed to be white noise with variance Consequently, the power
spectrum is estimated by

Ill. SIGNAL PROCESSING

For each individual channel in the EEG, an ANN was trained as just
escribed. Each ANN gave a three-dimensional output vector with its
opinion” about a given input. These output vectors were summed up,
and the sum was used to classify the input, according to which compo-
nent in the output vector sum was largest, i.e., “received the strongest
vote.”

This procedure was based on the observation that perceptrons with a
, “strong conviction” (large output value) tended to be right, while per-
IXan(f)2 = a _ ceptrons with a weak conviction (output near zero) more often were
‘ |1 — 5P ab-e—m(/fa)k wrong. Thus, by weighting an opinion by its strength, the emphasis is
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! ; - ' - T T TABLE 1I
THREE-STATES CLASSIFICATION RESULTS OBTAINED WITH VARIOUS SPATIAL
0.95 | 1 AND FREQUENCY FILTER SETTINGS FORSUBJECTA4
o
s
g oo 1 subject A4 spatial filters
S band pass | CAR Laplace LAT none
g 085 1 0-6Hz 97 96 78 84
K 8-12Hz 97 97 77 83
ﬁ 08| g 19-26Hz 97 97 83 87
3 38-42Hz 92 96 77 81
0.75 | 1 none 98 98 84 87
EEG data were extracted in the period of the onset of
07 L ! : . . . movement, between 5 and 6 s. Classification was done

5 10 15 20 25 30

number of channels in committee on coefficients of AR (10) models fitted to data in each

channel. Results given are percent of trials in the test

. | ificati d ials f h lidati set correctly classified by the committee. Differences of
Fig. 2. Classification success averaged over trials from the validation set as more than 2% are statistically significant.

function of committee size. The results shown were obtained by averaging over
5000 random partitions of available trials in training, validation, and test set.

Laplace filtered data (Section IlI-D1) from subject A4 were used, analyzed Sécause we onlv studv three subiects in total. our results should not
AR(10) coefficients computed in the period from 5 to 6 s. No bandpass filt - y y | - ’ X k
(Section 111-D2) was applied. be considered conclusive. More subjects need to be studied, in a more

general search for optimal parameter settings. For now, we observe that
o ) ) - ] ~such a wider search for optimal performance only can yield higher suc-
placed on opinions that are correct with a high probability, while opinsess rates than those obtained here, everything equal and assuming our
ions that are less probably correct are de-emphasised and left to cagggle subjects typical.
each other. Since the latter’s contribution mainly is noise, we CcONse-1y gpatial Filtering: The 56 channels do not provide independent
quently left the decision to a committee that excluded them, as followystormation. We computed the correlations between channels in subject
According to the classification success on the trials in the validatigty's EEG. and found channels as far as 15 cm apart were 60%—70%

set, the 30 channe]s were rank-order¥emember “‘committees” were corelated. Spatial filtering can remove much of this correlation. With
formed from theN ANNs with the best classification success, withye notationz (¢) for the signal in channet, the spatial filters con-

N ranging from one to 30. The classification success rate, averagé§ered wereommon average referenoar CAR (2} () = x4 (t) —

over the trials in the validation set, was computed as a function of thg; 5 S35 2:(t)), andLaplace filter (245 = w26 — (1/4){x15 +

committee sizeV. Fig. 2 shows this function. 225 + a7 + w37 }). In addition, we studied mcal average technique
The committees’ classification accuracy dependsvorthe number . | AT (€.9.,whs = (1/5){x15 + 225 + 226 + 227 + 237})
of committee members. The accuracy rises first quickly with increasinggoth CAR and Laplace filtering remove the influence of the refer-
N, then very S|9W|Y .forA > 10. The average clas.sn‘lcatlon SUCCES@nce electrode. Laplace filtering additionally removes any linear spatial
does not vary significantly for committee sizes bigger than 15: Theymponent, and has hence some high-pass filter characteristics. On the
channels above this size do not contribute any additional informatiQfiner hand, LAT introduces a spatial low-pass filter. For both LAT and
Henge, we deC'de{i to use a committee of size= 20 Laplace filter, only the 30 electrodes with four nearest neighbors could
With the committee size and the corresponding member-ANNg, analyzed, of course.
chosen, our design procedure for a classifier is complete (for giveny) Frequency Filtering: Even before actual movement, EEG ac-
pre-processing; see following section): We have a particular setQfity in characteristic regions are synchronised or desynchronised in
chan_nels with associated trained ANNs, and a rule fo_r how to Comb'Qﬁecific frequency bands [14]-[16]. Low and high frequency activity
and interpret the outputs of these ANNs. The predictive power of thi$ surface EEGs is not related to movement [17]. We used a causal
committee is then testeq on the trlfils in the test set. ~ Kaiser filter of lengthNx = 25 (=200 ms at ourf. = 128 Hz) and
The whole procedure just described was repeated 100 to 500 timgsg;ser parametesx = 2 [18]. We filtered the data in théneta(0—6

each time partitioning the set of trials in a random manner on trainingy) thealpha(8-12 Hz), thebeta(19—26 Hz), and thgamma(38—42
validation, and test set, and each time initiating each ANN with newz) frequency band.

random weights before training.

The committee yielded better classification accuracy than any in-
dividual channel could provide, and is a way to combine information
from several channels, i.e., from different spatial regions. Thus, a ngn- AR Model Order and Filter Settings
trivial task is solved, that of choosing optimal electrode positions and
the optimal number of channels for an EEG-based brain-state clas- ) . .
sifier.pln the literature, the choice of EEG channels for this purpoﬁglplace filtered segments of EEG data taken in the period from 5

; . : : . o 6 s. The classification was done on the coefficients of @R
is done either by hand, by competent physiologists, or in prellmlnarr\l{odels. withp varying from two to 50. The classification success rate
studies [13]. ' X

increased withp until p = 10, then stayed at approximately the same
level until p = 20, and decreased slowly for larger valuespofwWe
consequently chose = 10. This procedure relied on brute force, of

Before the power spectra are modeled with AR models, some prehich we had plenty, and is intellectually economical by its directness.
processing is necessary to obtain an optimal result. Ideally, the preproTo study the influence of spatial and bandpass filters, we classified
cessing scheme should be tailored to the individual subject, if the g&#G data from subject A4 in the time interval between 5and 6 s, i.e.,
is an optimized BCI for a given subject. Since this is computationallyefore the onset of movements in most trials. The lower right entry
difficult, we did this only for one subject, A4. We changed the algan Table 1l shows that raw data already yield 87% success. The last
rithmic parameters only one by one, keeping the others constant, whi@umn in Table 1l shows that bandpass filtering does not improve the
monitoring our scheme’s classification success. For this reason, autcess rate.

IV. RESULTS

We measured the classification success rate of subject A4, on

D. Preprocessing and Parameter Settings
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Fig. 3. Classification results as function of time for subjects A4, B6, and B8. 0.9 subject B8 ;
Success rate 1 represents perfect recognition. Random guessing would resul 08 ) X
in success rate/3. (a) Classification based on 1 s-intervals. (b) Classification 2 ”-‘ 1
based on 500-ms intervals. The plotting symbols are located in the middle of the é {
corresponding time intervals. Results shown are averages of 500 partitionings §
of the trials on training, validation, and test set. H
§
g
Of the spatial filtering techniques, LAT was worse than no filter. “é
CAR and Laplace filters work equally well in the absense of bandpass 3
filters, yielding 98% success. We chose the Laplace filter because it L ]
works equally well with all bandpass filters. But we might as well have 0.1 R o ]
chosen CAR, because we chose to use no bandpass filter. All results 0 - s F o>
0 1 WS CUE 4 RS movv. 7 8 9 10

reported below were obtained with this choice.

B. Error Reduction

time (sec)

Fig. 4. Classification success rates for individual events: left finger (L), right
finger (R), and right foot (F), for subjects A4, B6, and B8. Rates shown are the

In order to reduce fluctuations due to finite statistics, the randofymber of correctly recognized trials of event X divided by the number of trials
partitioning of trials on training, validation, and test sets was repeatetievent X in the test set.

at least 100 times, and performance results were averaged [19]. This

procedure reduced the standard error on our rates by a factor two,

approximately. This we found by applying the method to synthetfovement, the success rate grows. It peaks at the time of the actual
data sets with known properties. The resulting standard error HPvement, and it is high even 2-aer.

approximately 5% compares well with the fluctuations around the Fig- 3(P) has twice the time resolution of Fig. 3(a) and reveals more

value 1/3 seen in the recognition rates before the cue at 3 s firucture in the EEG. Success rates in Fig. 3(b) are slightly lower than

Figs. 3 and 4.

C. Time Course of Classification

in Fig. 3(a) because the EEG signals used last half as long. But in the
time window 500 ms after the visual cue was presented, the rates briefly
reach a maximum for all subjects. For subject A4 the rate remains near
70% until just before RS, while for subjects B6 and B8 the rate quickly

The classifier's performance on the EEG signal is shown as a furdrops to the randomness level, then grows to a higher maximum at the
tion of time in Fig. 3. Before the subjects have been told which movéme of the actual movement. For subject B8 there is a third, higher
ment to perform, the success rate corresponds to random guessingnasmum in the classification success rate near the end of the EEG
it should. Immediately after they have been told, but before the actuatording period. This increased classification rate in subject B8 after
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movement-offset may be explained by the post-movement beta s$8% for subject B6, and 91% for subject B8, for EEGs measured in the

chronization localized close to the corresponding primary motor artéme interval between 5 and 6 s recording time.

[20]-[22]. In another experiment investigating the possibility of a BCI, the ERD
was used to classify three types of movement (L, R, and F) in four

D. Classification Accuracy for Individual Movements subjects, including subject B8 of our study [7]. After a short WS, a

Fig. 4 shows the classification success rates for the individual everfi§ual cue was presented to the subjects for 1.25 s, during which ERD
We note that these rates differ a good deal from each other and betw@@ferns in narrow frequency bands were extracted from chanaels C
subjects. A4 and B8 have some properties in common: Recognitiones @nd G. After the visual cue had vanished, the corresponding L,
foot movement (F) and intention of foot movement is higher than L arfé OF F movement had to be performed. Approximately one second
R recognition; recognition of R is higher than L before the movemerigter, the estimate of the DSLVQ classifier was fed back to the subject.
but lower than L after the movement. Fig. 4 also reveals that the pegke classification result for th.e three movements of that study reached
in Fig. 3 immediately after the CUE is caused by different events fG0%~70% after several sessions. o
the three subjects. Finally, in all subjects the classification of L and R With our method, we obtained 98% correct classification of the three
decreases after the movement, then increases again after approxim&éHpts for subject A4, a maximum of 96% for subject B6, and 75%
7 s recording time. correct recognition for subject B8 before movement, and even 85% in

the interval from 7 to 8 s, see Fig. 3.

Our results raise hope that it may be possible in general to classify
. EEGs according to tasks with quite high accuracy. The data, however,
The electrodes chosen for the committee were mostly 9rouPRR e taken from subjects who were prompted to specific tasks by a

f;]round tthe elictroqri positions Cr:]3 and C4 (Cf'.dF'g'bll)’ _"(ta" ali)%gmputer. With a BCI, one wants the subject to prompt the computer to
'€ molor cortex.  There were, nowever, considerable ntersubjg teoiﬁc tasks. Thus, further progress toward a BCI requires data from
differences. For subject A4, the spatial regions of good recognltl%

ined th during the time f 35108 s th tral real eriments where ttaubjectsdecide which “brain state” to produce,
refThalnek I g_;amtta Iurlng e |mte rtoml - ’?h si e_f_cer;_ ra :eglg_ ., by thinking about a movement as if intending to performit. In such
othe Skull did not piay an important ro'e in the cassiiication tast,, eriments, the classification results could with advantage be fed back
In SbeJeCt 36’ ther_e was a peak at_t_he frontal and cent_ral elegtro he subject, as Wolpaw and McFarland do [2], to help the subject
dur!ng the time period of early cIaSS|f|caF|on (3.5-4 s) which vanl_shq arn to produce a small “dictionary” of distinguishable EEG patterns.
during the m(_)\_/ement. The electrodes S't”?“ed frontally and par_let Ut as the subject through feedback optimizes his performance with
from the posmons_, €3 and C4. are those 'nC|U(.j.ed most often In t e classifier, the classifier should also be reoptimized every so often, it
committee. In subject B8, the first peak of classification at time 3.5 should be “retrained” to the subject's changed EEGs, and the change in

S r(:':f.hFlg. Sg goesl O.Ut Zobm :;]ghth_reglonl_s of trle |SktU”’ Ia phenon:_en%rl]tassiﬁer will provide a measure of the change in the EEGs, including
l'\r'l. 'Ct. can feF_exp4a|ne y the higher L, contralateral, recognition gl change in their information content. The classifier presented here is
Is time (cf. Fig. 4). convenient for this purpose, since retraining can be done automatically

whenever desired, as long as EEGs have been recorded for the purpose.

E. Spatial Analysis

V. DISCUSSION

In this section, we compare our results with other published results
obtained with the same subjects. Because of the high intersubject vari- ) . )
ability of EEGs, this comparison provides the best possible test of our! '€ authors thank W. Bialek, P. Grassberger, and J. Mller-Gerking
classification method against other methods. We also compare our Re fruitful dlscussm_)ns..I.B_. O. Petersthanks the ZentrallnstltutfurAn_ge-
sults with results from different experiments: The subjects providintj2ndte Mathematik, Julich, for generous allocation of Cray T3E time
the data analyzed above have participated in earlier experiments [#3f technical support, and the Danish Research Acade@rgduate
with a slightly different experimental paradigm: Between the visual cueh0ol of Biophysictor hospitality while finishing this article.
on the screen and the reaction stimulus, there was only one second in-
stead of two, and the average time between reaction stimulus and onset
of movement was 500 ms instead of the 1000 ms in our study. Classi+
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