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Analyzing EEG Signals Using the Probability
Estimating Guarded Neural Classifier

Torsten Felzer and Bernd Freisleb&fember, IEEE

Abstract—This paper introduces a neural network architecture  them, often with the help of a neural network classifier. There-
for classifying feature vectors symbolizing portions (or segments) fore, the goal is to identify and to recognize recurrent patterns

of an electroencephalogram (EEG) trace of a human subject. This i, {he EEG signal and to associate those with a limited number
classification task is the one that is typically required when devel- -
of categories or classes.

oping a so-called brain—computer interface (BCI), which analyzes o
the EEG signals of a subject in order to “understand” the sub- In general, artificial neural networks (ANNs) may be seen as

ject’s thoughts. However, instead of merely saying which “category an implementation of a mappingfrom ann-dimensional input
of thoughts” (i.e., which class) the respective input feature vector yector spacel onto anN-dimensional output spade. Due to
belongs to, the network described here estimates the probabilities the distributed structure of ANNs, the imag#&;) and f(i»)

of an EEG segment being associated with each individual class. . . . . . .
The network, which is called PeGNC (for probability estimating '€ similar (i.e., not too far apart in Euclidean space), if the input

guarded neural classifier), is tested with two kinds of experiments. Pafterns;; and:, themselves are similar.
In the first experiment, the a-rhythm associated with a human For classification tasks, it is very common to encode the rec-

subject closing the eyes is detected online with the help of a fre- ognized class in a so-called “1-&f-vector,” which means that
quency-based representation. Since the EEG signal is, in general,one component of the output vector is set to 1 (sometimes, that

always a mixture of numerous action potentials generated simul- tout ¢ tai val | t0 1.0 hile all
taneously and it is, thus, very likely that mental activities resultin OUtPUt component contains a real value close to 1.0), while a

overlapping classes, it is reasonable to believe that the PeGNC net-Other components yield O (or values close to 0.0). The interpre-
work—which does not select any one single class, but determinestation of this is pretty obvious: let there Bé “output classes;”

probability values for each mental category—is particularly suit-  then the output vector marks which one of these the input vector
able for this kind of EEG analysis. The second experiment deals belongs to
with this issue on the basis of an offline analysis of simulated data. . ) . w . L.
The internals of the mappingare “programmed” in an initial
Index Terms—Brain—computer interface (BCI), counterpropa-  training phase The network is trained with a finite number of

gation, electroencephalogram (EEG) analysis, human—computer nqyvn example patterns, and the actual operation of the network
interaction. . L S

consists of applying it to a possibly infinite number of unknown

input patterns in theecall phase

|. INTRODUCTION It is the aforementioned property of preserving similarities

NSTEAD of the standard communication channel betweeﬁ'éat allows the ANN to prpduce “useful” output _for u_nl_<nown
%put vectors by generalizing from the patterns in tizning

human being and a computer involving keyboard and mou¢ . o
. 'ng puter involving key . t and thus makes ANNSs ideal for pattern recognition tasks.

physically disabled individuals who are unable to reliably u ; ; .
their hands depend on alternative solutions. One possibility -SS.upposez for example_, the task is to recognize handwritten
given by systems that are based on the analysis of signals 'egr'ts' I_n this case,_the ln_put spaebcorres_ponds to a set of
lated to muscular activity (see, e.qg., [1] or [2]). With the newe pints in the two-dimensional (2-D) Euglu_jean v_ector Space,
progress in modern computer technology, the attempt to devise ™ 10 is equal to the total number of digits adilis the set

a direct link between the human brain and a computer—whi all 1,'0f'10 vectors. ) -

was first mentioned in [3]—became more and more popular Lets; andsp be the two pqtterns erlcted In Fig. 1.' The
over the last 10-15 years. A brain—computer interface (BCI)ti 0 patterns. seem to be sufflc_lently similar, 50 that_the |_mag.es
a system that analyzes the brain-electrical activity of a subj c(t“) and f(iz) shoulpl _be“ s”|m|lar as well (or even identical):
[e.g., represented by the corresponding eIectroencephangrl oth cases, the digit 9" should be recognized. However,

(EEG) signal] and tries to generate appropriate feedback n1en looking at the patterns in Fig. 2, the situation is not that

tions, thus enabling the user to communicate with a compu par. Thg P"’?“e”‘ in F|g 2_(b) is definitely an "8,” but the one in
by wilfully altering his or her brainwaves [4][8]. i9. 2(a) is either an “8” with a much too short lower left arc or

In most cases, analyzing the brain-electrical activity typicalfpi'/n L:]r_lfortrl]matethg t[_ciqmpare tt(') Fig. 1(?)]' ht v h
means translating consecutive segments of the EEG signal intcT IS shows that It 1S sometimes not enough 1o only have a

meaningful feature vectors and trying ¢ategorizeor classify 1-01-10 vector |nd|cat.|ng. itis a 9" or “itis an 8 Instead, the
output vector should indicate how probable it is that the respec-

tive input pattern is an “8” and—simultaneously—how probable
Manuscript received September 7, 2001. that it is a “9.” The architecture introduced here is designed to
The authors are with the Department of Mathematics and Computer Scier}gpoduce exactly this kind of output vectors.
University of Marburg, D-35032 Marburg, Germany (e-mail: freisleb@infor- . . . . T
Since brainwaves consist of a mixture of numerous individual

matik.uni-marburg.de). . o . .
Digital Object Identifier 10.1109/TNSRE.2003.819785 signals, itis very probable that EEG analysis based on the classi-
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precise output values based on the relative frequencies within
the training set. Experimental results on EEG classification
tasks will be presented to demonstrate the performance of our
proposed approach.

This paper is organized as follows. Section Il presents
previous work on neural classification of EEG signals. In
Section 11, the architecture of the PeGNC network is described
in detail. Experimental results on EEG classification tasks are
presented in Section IV. Finally, Section V concludes the paper
and outlines areas for further research.

(@) (b) Il. RELATED WORK

. o _ _ _ _
Fig. 1. Two nines? Different network architectures and input representations for

the automatic recognition of EEG patterns have been developed.
For example, Jandét al. [14] examined the use of backpropa-
gation networks for the detection of certain elements (which are
fairly easy to recognize visually) in the EEG traces of rats. In
their approach, the raw EEG data (sampled at a rate of 100 Hz) is
presented to three-layer networks of different sizes, trained with
the backpropagation learning algorithm of Rumelleggtl.[15].
In addition, the fast Fourier transformation (FFT, e.g., [16]) is
used to examine the frequency content of the EEG data.

The best results were obtained with networks containing a
single output cell, which is expected to yield the output value

@) (b) “1” if (and only if) the network “thinks” that the input vector
Fig. 2. Two eights? contains the requested EEG element (and “0” otherwise). In that
case, the classification results were subject to two different kinds

fication of EEG patterns in away belongs to the same type of pge‘_errors—independent of application field, network size, and

tern recognition tasks as the example illustrated previously. TH@Ut representation. On the one hand, the network might detect
means that some particular attributes are always present—otfijn€thing, when there really is nothing (also called a false posi-
more or less dominant (see also [9]). The input signal WouIH‘,’e)- On the other hand, the network might miss the occurrence
thus, contain elements of multiple patterns, and rigorously ¥-the requested pattern (denoted false negative).

lecting one might be misleading. Besides, that property might The most effective configurations produced merely 1%—7%
even be independent of the input representation, i.e., the wayatse negatives and only between 18% and 40% false positives,
which the EEG signal is presented to the network. thus showing the applicability of backpropagation classifiers to

For instance, one way to represent the EEG signal is e problem of EEG analysis.
transform the curve into the frequency domain and to take theAndersonet al. [17] use a backpropagation network as part
amplitudes at certain frequencies as components of the inpfian entire BCI system to associate the brainwaves of a sub-
feature vector. The relevant range of brain-electrical activijgct with one of a limited number of mental states. Using a fre-
is divided intoa waves (8-13 Hz)3 waves (14-30 Hz)§ quency-based inputrepresentation, their network was able to ac-
waves (4—7 Hz), and waves (0.5-3 Hz) (e.qg., [10]). The EEGcurately classify 73% of untrained samples.
activity of an awake, healthy subject exhibits a predominance ofYet another backpropagation approach is the one of Steuer
« andg waves, and in the sleep, longer wavesidd) become et al. [18], where the network is used to classify different
more dominant. Howevery and 3 activity is not completely cognitive processes—e.g., related to conceptual and pictorial
absent when sleeping—the contribution of this activity is merethinking—with feature vectors based on the activity in the
reduced. band and an accuracy of up to about 95%.

In this paper, we introduce a novel neural network archi- A completely different network based on a statistical model
tecture for analyzing brainwaves, which is called probabilitis used by Tsujet al.[19] to examine differences in brain-elec-
estimating guarded neural classifier (PeGNC). It is an eftdcal activity caused by opening and closing the eyes and by
tension of the GNC network described in [11] and [12]. Thetimulating the subjects’ eyes with a flash light. The achieved
GNC network is basically a forward-only counterpropagatioaccuracy varied between about 60% and 90% and largely de-
network [13] together with two special neurons eliminating twpended on the respective subject.
very common problems of ANN classifiers, but still producing Pfurtschelleet al.[20] used a so-called learning vector quan-
discrete yes/no answers. The PeGNC contains modified outpmér (LVQ) to classify EEG patterns accompanying left and
units with additional counters, while the remaining architecturgght hand movement (see also [21]). Their network is based
is identical to the GNC network. Therefore, it benefits from then the Kohonen [22] algorithm, and represents a particular kind
same advantages, but is additionally able to yield much maréa nearest-neighbor classifier: the network contains a number
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Y1 Y2 Y3 YN

of adjustable “codebook” vectors, and the output depends on
those codebook vectors that are the nearest (in Euclidean sense)
to a frequency-based input vector (the basic training and re-
call mechanisms are very similar to those of the FCPN network
described below). The classification accuracy of their system
reached 89%—-100% for the greater part of the subjects partici-
pating in their experiments.
In [23], a distinction sensitive LVQ (DSLVQ) is applied to
the same kind of movement-related data. The innovative feature
of that network is an adjustable weight vector which ultimately
emphasizes the more important components of the input feature
vector. The network is, thus, able to identify optimum frequency
components and electrode positions for the classification task. z T2 a3 T
The asynchronous signal detector, described in [24] and [25],
is designed to distinguish between idle brain states and voldig: 3

tary control signals—i.e., the goal is to facilitate the use of a . ) "
BCl aimed at control applications by removing the necessity &he classification units then enter a sort of competition as to

constantly producing conscious “do nothing” signals, when ti{{1ich one may determine the output of the network. The winner
operator really does not want to issue a mental command (whighflis competition is the classification urdiy, with the highest
probably is the case most of the time). The heart of the systenffdivation, and the output (or stai€) of that unitis set o “1,
again a nearest-neighbor classifier based on vector quantizatfggt Of all others 0 0
ciz{l’ It a; > a;Vj#i i=1,...,k.

0, else

Output layer

Classification
layer (k units)

) Input layer

FCPN.

I1l. NETWORK ARCHITECTURE

As already mentioned, the PeGNC introduced in this papEh® componeng; of the overall output vectay is simply setto
is an extension of the GNC network described in [11], [12f Weighted sum of the inputs of the corresponding output unit,
The GNC itselfis an extension of a counterpropagation netwo?R it iS only dependent on the output weight, belonging to

(CPN) originally developed by Hecht-Nielsen [13]. the winnerCs;,

In addition to the mapping from input onto output space k
mentioned in the introduction, the original CPN approach of y; = Zqﬁ “C =iy, j=1,...,N.
Hecht-Nielsen also involves the inverse mapping. However, i=1

since the inverse mapping is of no relevance for either the GNCAnother interpretation is the following. The vector
network or the PeGNC network, this paper will exclusively con-
centrate on the forward-only variant of the paradigm of counter-
propagation networks, so-called FCPNSs. combining the weights between a classification @iand the

The theoretical foundations, the learning rules, and theinput units will be called input weight vector. Likewise, the
mathematical formulae describing the output calculation @&ctors

the PeGNC network and its predecessors are discussed in the . .
following. @ = (q1i,Q2i5 @3is - - -, qNi)y =1,k

-
w; = (wi17wi27wi37 cee 7win)

containing the weights between the classification layer and the

A. FCPN output layer will be denoted output weight vectors. In other

An FCPN is a network comprising three layers of artificiawords, each classification unit; is associated with an-di-
neurons: an input layer (with sizg; a classification layer (with mensional input weight (or position) vectaf; and an/N-di-
sizek); and an output layer (with siz&) (see Fig. 3). mensional output weight (or simply output) vectpr Like the

An artificial neuron is a simple computational unit with sevinput vectorz, the vectorss;, (i = 1,. .., k) are (initially) nor-
eral inputs and one output. The unit calculates the output dealized to length 1.
pending on a weighted sum of its inputs, and the output of eachThen, the computation of the activatienis simply the cal-
unit in one layer serves as input for each unit in the next.  culation of the dot product between the input vector

As already mentioned previously, an FCPN may be seen— 7=
like any neural network—as an implementation of a mapping
from an input space onto an output space. In this case hexad the position vectaf;. Since both of these vectors are nor-
it works as follows. Each classification un; calculates an malized to length 1.0 in Euclidean spac¢he dot product is
individual activationa; by summing alln components of the equal to the cosine of the enclosed angle. Therefore, the max-
input vectorz (which is normalized to length 1.0 in Euclidearimum possible activation is 1.0 (the maximum of the cosine
space)—each multiplied with a corresponding input weigffignction), and the activation may be seen as a measure of how
wij,(j=1,...,n) close the vectors are (where the maximum is only reached in the

n . 1Since the weights are adjusted during training without further normalization,
a; = wij - Ti, 1=1,..., k. this is not totally correct. However, thg;’s always stay within the unit sphere,
Jj g y y y p
j=1 and the deviation from normalization is thus negligible.
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case of identical vectors—with an enclosed angle9f i Training is stopped—i.e., weights are not changed any
is the index of the classification unit with the largest activatiomore—after a preset number of cycles, or when the weight
then the overall output vector changes become too small (i.e., after the learning rates have
. dropped below a certain threshold), or when the network
7= (y1:92.93.-- - YN) memorizes the associations in the training set reasonably well
is set equal to the output weight vectgy. (with only a small deviation of the actual network output from

In short, the classification unit whose position vector e target output for each training pattern, which means that a
closest to the input vectdthas the right to” determine the certain convergence has been reached).
output of the network, which is set to the output weight vector The outcome of the learning rules is that—after several cy-
of that classification unit. The goal of the initial trainingcles through the training set—the input space is partitioned into
phase already mentioned in the introduction is to adjust tegbspaces with the position vectors representing the average (in
weight vectors, so that the mapping outlined previously yieldsiclidean sense) of all trained input vectors belonging to one
acceptable results. of those subspaces, and the corresponding output vector being
The training consists of initializing the components of ththe mean output vector among the associated target outputs.
weight vectors with random numbers, normalizing tigs, New untrained input vectors activate the classification unit be-
cyclically presenting pairs of possible input and correspondif@nging to the subspace they fall into, and the associated output
target output vectors—comprising the training set—to théector is expected to represent the most reasonable classifica-
network, and adjusting the weights after each presentation. tion result.
The weight adjustment involves two steps. First, the input )
weights are adjusted in an unsupervised, competitive w8y Introducing Guards
(see, e.g., [22]) employing the winner-take-all principle. Let The standard FCPN as described previously has to face two
(#5 and £5) be the pair of input and target output vectorserious problems, one of them referring to the training phase,
presented to the network at any poittandi, be the index of the other one affecting the recall phase.
the classification unit whose position vectot, is closest to  First, suppose there are two training paits,,,) and
7y (at time P), thenwy;, is adjusted according to (1), while all (3, £, ). If the two input vectors?, and; are sufficiently close
other input weights remain unchanged to each other—in Euclidean sense—and, thus, belong to the
- - - - same cluster (or subspace) of the input space, the presentation
Wiy (P4 1) =y (P) + 1 - (5 — iy (P)) (1) of either one of those vectors will result in the selection of the
with an appropriate learning ratg(with 0 < n < 1). same winning classification unit. This causes problems, if
The geometrical effect of this learning rule is that the “posandfb are too far apart, because the learning rule for the output
tion of the winning classification unit” is moved toward the inputveights (2) then moves the corresponding output vector in
vector, so that the activation of the winner has the tendencyaompletely different directions during the same training cycle.
be even larger for the paif), #o) during the next cycle through  This behavior disturbs the training process considerably, and
the training set. weight convergence becomes almost impossible. In the general
Although the origin of the rule belonging to the second weigl®iase, the training set contains more than two pairs spanning any
adjustment step is Grossberg’s outstar structure [26]—i.e.,aBe cluster, and most of the target output vectors associated with
based on a supervised learning technique—its structure andrifgut vectors belonging to the same cluster are not too distant
geometrical interpretation are completely analogous. The riiehich is why generalization works in the first place). A pair

is shown in (2) containing a target output vector that is very far away from all
. . S, other output vectors within the respective cluster is called out-
Gio (P +1) = g5 (P) + (- (to — ¢, (P)) & lier, and the entire phenomenon described here is often referred
with an appropriate learning rate(with 0 < ¢ < 1). to as the outlier problem.

According to this rule, the Output Weight Vect@:{g of the The second drawback of the FCPN has to do with misclas-
winning classification unit is moved in the direction of the targedifications (i.e., wrong output vectors) due to incomplete and
outputy. As the term “winner-take-all” already indicates, thdnappropriate training sets. As already mentioned, the effect of
weight vectors belonging to the other classification units remaif¢ training phase is the clustering of the input space. Unfor-
(again) unchanged. tunately, the network “assumes” the input space to be spanned

The magnitude of the “movement” of the weight vectors soleRy the training set. Therefore, if—in the recall phase—an input
depends on the learning ratgsind¢, and since the network’s Vector, which is very far away from all training vectors, is pre-
“expertise” in remembering the associations in the training sggnted to the network, the classification result will most prob-
is expected to grow as training goes on, the changes should &ely be incorrect.
come smaller and smaller. Therefore, the learning rates are iniOf course, the network does return an output vector—the one
tialized at the beginning of the training and decreased after @EEOCiatEd with the Winning classification unit. However, the ac-

cycle C through the training set according to (3) tivation of each one of the classification units will be very small,
and merely selecting the unit with the maximum activation does
n(C+1)= M7 ((C+1)= <@ (3) inthis case not lead to a classification that would be based on a
L+¢ L+¢ certain (i.e., sure) decision. Consequently, the tentertainty

with some constarg > 0. problemshall denote this kind of misclassifications.
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The described mechanism is not applied during the first
few training cycles, since the weight vectors are initialized
with random values, so the errdér will be relatively large for
every singleraining pair (at the beginning), which means that
all of them would be regarded as outliers. In order to give the
network a chance to sort of “self-initialize,” the stageof the
G, neuron will not be considered before the completion of a
small number of training cycles (on the order of 3-5).

TheG,. guardis responsible for the uncertainty problemin the
recall phase. As already stated previously, uncertain decisions
are accompanied by relatively small activations of the winning
classification unit. In order to be able to assess the magnitude
of the activations, the minimum winning activation of all clas-
sification units is determined in one additional sweep through
the entire training sét’ after training has been stopped. In other
words, the minimun®; among the activations; = ; - w; for

The outlier problem as well as the uncertainty problem aegl 7, € T that caused classification urtit; to be the winner is
well-known in the ANN community, and the strategy adopted teomputed
overcome these drawbacks often decides on the usefulness of a P, oL
neural network classifier. The GNC network is basically a FCPN 0 = ;{1;%{% (W | @ 2 T -, F 1) ©)
with two additional security output neurons or guards—nameﬁl]
G andG,—which take care of outliersin the training phase ang the total number of used classification neurons (attiaof
uncertain decisions in the recall phase. Furthermore, the cla ia'training).

fication layer of the GNC network contains a pool of initially 1 . valued; then leads to a criterion as to what activations
unused (i.e., initially not taking part in the training and compeg- ’

$ave to be considered as being too small for a winning classifi-

tition process), extra neurons (see Fig. 4, additional units dra‘e'é‘tion unitC;, . The statey, of the recall guard will be set to “1”
in black). ' o

Inord be abl i dh q (informing the user that the classification result is not reliable),
n order to be able to treat outliers, e guard has to detect i¢ o corresponding activatiom;, is less than (or equal t@),
them. This detection involves the computation of the error—i.

the difference between the actual (i#8)) and the target output(?Educed by some tolerance factok 1 (typically r = 0.9)
vector for a particular training pait:, fo ). For simplicity, the Lot (@ - wi, > 27 - i, i # o)

squared error is used, which is equal to the dot product of the gr = A (7 - wig <7 0i,) (7
vector (1; — fg) with itself 0, else

R wherex;. is the input vector presented to the network.

E = (45 — to) - (40 — to). (4 The ¢-values for (used but) “unidentified” classification

Gr

Fig. 4. GNC.

e computation is done for alle {1,2,3,..., K}, whereK

~ Will always consider a decision based on the win of a
i ' neuronC;, belonging to an “unknown” cluster as “uncertain”
outputs a “1") if the error takes on a value larger than athreshctl&qnceT -9;, then equals 1.0—which is the maximum possible

Ermax during training: activation—g, will thus always yield 1).

g = {17 if B> Emax (5) C. Introducing Counters

0, else
This subsection presents a variant of the GNC network—the

In such a case, the detected outlier is associated with its “owst-called PeGNC network—that is more suitable for classifi-
classification unit by “opening” a new, previously unusedation tasks involving overlapping output classes, such as the
one, whose position vector is set equal to the current inpanhalysis of EEG data.
vector and whose output vector gets assigned the target outputheG,. guard of the GNC produces an additional binary value
vector of the current training pair. From this time on, théhat says whether or notthe network outputis based on a sure de-
corresponding new classification unit will be treated exactly assion. Instead, it would be desirable to have a value between 0
the other (“used”) ones—in particular, it will compete with albnd 1, gprobability, estimating (or “assessing”) the coherence of
other winner-take-all units. the actual output vector and the current input vector, following
As a consequence, the outlier does not disturb the learniingm the associations in the training set.
process concerning the respective input cluster any longer, sinc8esides, the GNC has a problem when outliers are too “sim-
the new classification neuron will win the competition, wheilar” to other patterns. Let there be four “similar” input vectors
the outlier is presented during the next training cycle. This i§,, 73, 7., and 2y in the training set (see Fig. 5, a schematic
because the corresponding activation yields the maximum vakletch projected into 2-D space), which all activate the same
of 1.0 (which is the dot product of any unit vector with itself). classification neuroid’;,, before theGG; mechanism is started.
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™z, Instead of classifying a pattern as an outlier if the classi-
fication unit with the largest activation has a “wrong” output
vector, one now could check all units in the corresponding
winner set one by one, starting with the one having the largest
activation—in decreasing order. Once a unit with appropriate
output vector is found, this one will be declared to be the
(“ultimate”) winner (and the weight update equations will only
be applied to the weight vectors of that unit). The guéftd
then merely complains, if neither unit in the winner set has a
“correct” output vector.
Fig. 5. “Similar” vectors. Employing this proceduréz,, t,) will still be treated as an
outlier in the example introduced eatrlier, but the subsequent pre-

The target output vectors associated with the last three will alsentation ofi;, will yield the expected behavior, i.e., the classi-
be “similar” fication neuronC;, will be declared as the winner, and the pat-
tern (a?b,tZ) will, thus, beno outlier. Therefore, using aetof
winners largely reduces the risk of unnecessarily opening new
classification units—and it will become clear in the following
%u the generation of probability values is only a logical exten-
sion of that idea.

The further addition to the standard FCPN that is discussed
below requires limiting the output vectors to the @atf 1-of-N
vectors

ty ®t. =ty

but the target output of the first orig is completely dissimilar,
so that the corresponding training pattern will be treated as
outlier, onceG, enters the scene.

Let Fig. 5 depict the situation just befo€é, is started. The
vectorzy, is further away from the input weight vector,, than
from z,.

After the initiation of theG,-process, patterfi;, ,) is as- O = {(01,02,...,0on)|Fi:0;, =1N0; =0,Yj # i}

signed to its own classification neuron with input weight vectc?re_’ the set ofV-dimensional vectors with exactly one com-

1, and output weight vectay,. When after that the input vector onent equal to 1, whereas all other components are equal to

43 is presented to the network, this new classification neur% X
. N o . S —the output vectors thus mark oneMdfoutput classes using
(andnotthe “common” one with index,) will win the compe-

tition, but since the obvi.ou.s gncoding. S .
! The limitation to the seD (which in practice is actually
fo sty no limitation, since, for classification tasks, the underlying en-
coding represents the method of choice anyway) facilitates the
as already stated, the gua€8f will also regard the pattern training of the output weight vectors considerably. Itis now pos-
(43, 13) as an “outlier” and “open” a new classification neuromsible to initialize thej;s with all Os, i.e.,
(although; really belongs to the same input cluster s Vi:a(0)=0
- AT : - i:q;(0)=0
andzy). The situation might get even worse, if the training set
contained a fifth patterz,, £, ) with and, since it makes no sense to compute some “mean output
L vector” when using the encoding underlyirigy (2) may be
Te = Tab,c,d changed to
and - . o
. R . — _ Jto € O7 if o (P)=0 '
ta ~ te "7"6 tb,c,d- Tio (P * 1) B { q;:) (P) elseq 0< ) (2)
Admittedly, this example seems to be a bit constructed, anduberei is the index of the winning classification unit.
cannot be experienced in practice too often, but nevertheless, i his makes the paramet¢obsolete, and the training guard
is imaginable theoretically. Fortunately, the cure for the secofiti does not need to compute the error any longer: it suffices to
problem (too similar outliers) almost naturally leads to a soljust check whether certain vectors are equal. If all elements of
tion for the first (the desired probability values): the trick is téhe winner set have output weight vectors unequal to the target
examine not one single winner, but an entire set of winners. output vector, then the current pattern will be treated as an out-
The winner in the GNC network depends on the activatioher (unles§, of course, there is an element in the winner set with
a;,i = 1,..., K, and a set of winners in the PeGNC networf “virgin” 0 output weight vectdr). The statey, of the training
should, thus, do so as well. The winner Setight be defined guardG, (which decides on the question whether or not a for-
as follows. Suppose€;, is the classification unit with the largestmerly unused unit will be opened at poiRtt- 1) can, therefore,

activationa;, be determined as follows:
1, if VO, €8 :((P)#£L)AGP)#0) /m
e Vidi gt:{o, f YOiE S (@) £ )N @GP £0) g

thenS contains all those units with an activation abaye— p ~ Furthermore, the discrete output éemakes it possible to asso-
ciate an “identified” classification uni;, —i.e.,q;, # 0—with
S ={Cila; > a;, — p}

] ] o 2In that case, this “unidentified” unit will be declared to be the (“ultimate”)
with an appropriate precision parameger winner.
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one particular of a total ¥ output classes, so the vect@r can ——— 100seconds [ 50uV
simply be represented by an integer numperetween 1 and 0 p--------ooomoiooioooooo
N (g;, denoting the index of the only component equal to 1 in

@i,)-

Finally, the modified “learning” principle as far as the output
weight vectors are concerned makes yet another modification
indispensable. The total error will already be 0 after only two

or three cycles through the training set, because the input pat-
terns will have already found “their” respective classification
neurons, and the output weights will equalto the desired out-

puts. Therefore, the error dropping below a threshold cannot be
used as a convergence criterion any more. Training has to go
on, since in general the partitioning of the input space is not o
finished yet. g

The goal of the PeGNC network is to retuiv probability 2
values )

/
v G=5...,N) ”'""‘|t|||||11|HZ

one for each output class. The computation of those values can 5 10 15
be done with the help of counterg(i = 1,...,K) associ- ()

ated with the used classification unlts_at the e_nd of th_e tramlr&%_ 6. (a) EEG reading with closed eyes. (b) Spectrum belonging to (a).
phase. The counter values are determined during the final sweep
through the training sét’ for the computation of thé-values.

The valuen;, indicates how often the classification uglt, has 1 L00scconds [ 504V
(“ultimately”) won the competition (witld < n,;, <|T}). [~~~ "7 TTTTTTToTTooTTTTTToo
The relative counter frequency of a class within the winner
set (5, as defined previously) can be used as an estimate for the

desired probability value. To compute this frequency, one has to

divide the sum of the counter values of the units resulting in the MWNWWWWWMWWM
output class in question by the total sum of the counter values
of all units in the winnerset L ...

i = 2oC.eSngi=j ni' @
Zcies i

The recall guard?,. (which is still present in the PeGNC net-

work) complains, either if one of the units in the winner set is

“unidentified” or not sufficiently activated or if the maximum
probabilityy’ stays below a certain threshajd or formally

1, if (3C;e€S:a; <71-6)

=1 V() <9) ) A NA AT AA

0, else

Intensity

After determining the maximum output componeg@to,
one can turn the PeGNC network into a “usual” classification (®)
network (though with more detailed output information thafig. 7. (a) EEG reading with open eyes. (b) Spectrum belonging to (b).
when using the “plain” GNC net) by additionally computing

the output vectoff € O according to Half-second portions were transformed into the frequency

Yio = L Ay; = OYj # jo. domain with the help of a fast Fourier transformation, and the
Fourier coefficients belonging to the range 5-15 Hz were used
to compute the feature vectors. The total number of training
samples was 50, and the subject was asked to keep his eyes
In order to demonstrate that the described classifier is suitablesed in about half of those samples and to leave them open in
for the analysis of EEG signals, a simple experiment was carritak rest—the sequence of “closed samples” and “open samples”
out. The network was trained with frequency-based EEG datas chosen at random. The network’s task was, thus, to distin-
originating from one 30-year-old male subject recorded over theish between “closed” and “open”, i.e., the classifier learned
occipital lobe—at electrode sit€3; and O, according to the to recognize whether or not the subject closed the eyes.
international 10-20 system (see [27])—and sampled at a rate oAs can be seen in Figs. 6(a) and (b) and 7(a) and (b), the
256 Hz. frequency spectrum for “closed samples” clearly differs from

IV. EXPERIMENTAL RESULTS
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Classification Correct
Result
(Percentage) output class
. “Closed”
92 D “Open”
87
33
8
“Closed” “Open”
I P
nput Pattern No Decision
. . Wron
Fig. 8. “Eye-closure” experiment. &
12 output cl
put class
—— 1

that for “open samples,” since it reveals a distinct peak at abqyt p .
. . . -ig. 9. “Thresholded” result.
10 Hz. The cursor control device described in [28] used thi
EEG-based signal to switch between two operation modes.
Given the discriminating nature of the training data, it was Percentage

not surprising that the PeGNC network was indeed able to learn

the projected task. To evaluate the performance of the network, 100 —Jo .o o oo 000 o g oo
new untrained samples were generated “on-line.” For this, the 4 I o o
spontaneous EEG of the subject was recorded, and the data cor- D ° e .
responding to aliding windowof length 0.5 s was continuously T et et e
classified. The feature vectors belonging to 100 randomly se- R T T L= 60%
lected EEG segments (50 segments recorded while the subject te e . L. B
. . 50 —
kept his eyes closed and 50 with open eyes) were taken as test * . t . 00
samples. . 100% —¢
. . ] @ “Closed output” for

Fig. 8 shows the average percentages returned by the trained “closed samples”
network tested with these new samples. The network’s output ] . © ot §
for the “closed” class averaged over 50 test samples recorded 10 - O o o
with closed eyes was 67%. For “open samples,” it was even T T ] T 7— Sample no.
better: the network returned 92% for the “open” class—again 10 20 30 40 50

averaged over 50 corresponding test samples.
The superiority of the result for “open samples
fact that the corresponding feature vectors do not really have a
clear orientation (as opposed to the “closed vectors”), so the reThe PeGNC output may be compared to that of “usual” (e.g.,
sulting subspace of the input space representing “open sampliesarest-neighbor) classifiers by ignoring tie guard and as-
is much larger. signing a threshold of e.gt,= 60%—meaning that an output
By the way, the network is sure in only about 14% of all 106lass would be declared to be the sole classification result, if
trials. The reason for this is the stringent behavior of ¢the the PeGNC network returned a probability of 60% or more for
neuron: the recall guard labels a decision as “uncertain” if atlyat class. As illustrated in Fig. 9, this would result in only 1%
one member of the winner set is either “unidentified” or nomisclassifications and merely 12% unclassifiable samples in the
activated large enough. The situation would change a lot (i.experiment illustrated above (distribution see Fig. 10).
the “sureness rates” would go up),Gf. would complain only  The figures outlined previously exemplify a good result, not a
if all members (or, say, the majority) of the winner set hinted agvolutionary one. Any decent nearest-neighbor classifier would
an uncertain decision. most probably yield equally good results (especially the dis-
The values 67% and 92% must not be mistaken for tleiminating nature of the input data justifies such a statement).
common true positives (TP) performance measure. The resliite true power and superiority of the PeGNC network is re-
for the closed samples, for example, does not mean that tlealed in experiments involving more than two, overlapping
network returned the correct class in only 67% (of 50 samples)asses, where it does not suffice to only pick one single class
One has to consider that the PeGNC network does not retasclassification result.
just one class as network output. Rather, the network returneddne example for that (second) type of experiments can be de-
probabilities for each output class in every single trial, and thized as an extension from the eye-closure experiment. The fea-
average probability for all 50 “closed samples” was 67% fdure vectors underlying the rather elementary first experiment
the “closed” class. for two typical example patterns (one for each output class) are

"is due to tH:ég. 10. Distribution of all test samples.
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Fig. 11. Two feature vectors.

m m the class that belongs to the subspace of the input space that fits

best. So the output will only be one class, at best class 1 or 4
Fig. 12. Four “hills.”

in the example above. Since Fig. 13 is by definition totally dif-
ferent from all training patterns “seen” before, itis even possible
that the network is totally confused and returns one of the other
two classes as classification output (all this depends on the con-
crete training phase).

The GNC network would probably notice that the pattern in
shown in Fig. 11. After a certain preprocessing and data cofig. 13 is too dissimilar from all training patterns, so (&
pression, those 11-dimensional vectors contain the frequergiard would label the network output as “uncertain.” Discarding
contributions between 5 and 15 Hz. those input patterns—which would be the consequence of such

If we define a collection of two or three adjacent vector coman uncertain decision—is definitely better than simply returning
ponents with much larger amplitudes than its environment ase (possibly wrong) class. However, this does not make too
a hill and the rest as valley, we can say that the left patternmiuich sense when the quota of patterns to be discarded is too
Fig. 11 contains one “hill” around the center and “valleys” anyhigh, which probably is the case for EEG-dependent data.
where else. Extending the idea of “hills” and “valleys” might On the other hand, it is not too difficult to give the pattern
lead to the four patterns depicted in Fig. 12, each having its “hilit Fig. 13 a meaningful interpretation. The pattern somehow
at a different place. “overlaps” those for classes 1 and 4, so the result should be

Now, let us assume that these four patterns represent four éifcombination of both, i.e., (in the words of a cursor control
ferent classes, and that it were relatively easy to produce a largevice) the cursor should move vertically and horizontally at the
set of training patterns for those classes. One possible intergi@me time. And since both “hills” are almost equally high, the
tation might be the realization of a 2-D cursor control deviceursor movement should be diagonal with a slope of about 45
(see also [29]) where classes 1 and 2 are responsible for horill this can be realized with the help of the PeGNC network,
zontal and classes 3 and 4 for vertical cursor movement. ~ Which is designed to return a probability of about 50% for the

Of course, supporting a binary information—like in the eyeWo classes 1 and 4, respectively. In fact, an implementation of
closure experimentsufficesfor a BCI, but since translating the PEGNC network actually returned the output vector
complex relationsh!ps into sequences of yes/nq Qecisions i§ aw- (0.48,0.0,0.0,0.52)
fully slow, that solution represents merely the minimum require-
ment. Therefore, the goal in BCI research should always [pea test run based on computer-generated data.
to find multidimensional communication channels, like in the In this second experiment, the trained network was tested
“four-hills problem” described earlier. It is exactly here wherevith a set of 200 patterns: 50 patterns containing one “hill”
it becomes obvious why using the PeGNC network is necessand 150 patterns containing two “hills” (like the one shown in
or at least advantageous. Fig. 13). However, the training set consisted of 200 patterns with

Theoretically spokep presenting a neural network classifielonly one “hill” each. In order to illustrate the multidimensional
trained with a set of training patterns describing the “four-hilleesult, the 200 “trials"—i.e., pairs of input and resulting actual
problem” (with each pattern belonging to one of four classeg)tput vectors—were visually inspected and subjectively classi-
with a feature vector like the one shown in Fig. 13 at recdied into “acceptable” and “not acceptable” trials. The network

time raises interesting questions about the possible netw@&formance is summarized in Fig. 14.
output. The input patterns with only one “hill’—which were new
A “usual” neural network classifier, e.g., an instance of ¥ the network but which corresponded to the training patterns
FCPN classifier, tries to associate the input feature vector wgBNcerning general structure—yielded acceptable output vec-
tors without any exception (i.e., in all 50 cases). This perfect
3'I_'he considerations concerni_ng_ the “four-hills problem” are gntirely hypGesult was accompanied by the fact that the network was very
thetical, because the mental activities allowing to produce that kind of clear and b its decisi in 94% of the hilled” trials. EVi
distinct class-specific patterns, together with an independent control over € about its decisions—in o of the “one-hilled” trials. Evi-

tiple dimensions, have yet to be found. dently, accuracy rates of that kind cannot be expected, when the
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V. CONCLUSION

i |

. A neural network classification architecture for EEG analysis
Subjectively

— Acceptable has been presented. The network estimates how probable it is
- that a certain input feature vector belongs to a particular output
100 ' _ !'Sure Decision class, and since its structure is based on the GNC network, it is

94 called PeGNC.

72 The PeGNC contains a set of input weight vectors, each rep-

resenting a particular subspace of the input space. Every single
subspace coincides with (exactly) one output class, while the
number of subspaces is, in general, greater than the number of
output classes. This means that each output class may be asso-

I
19
!

— N I S}

Unknown Unknown . ) ;
trials with  trials with ciated with several subspace representatives.
two “hills”  one “hill” Partitioning the input space is done by adjusting the weight

vectors in an initial training phase, which consists of repetitive
sweeps through a set of example patterns, the training set.

The probability estimations depend on the relative frequen-
cies following from the training set. After the iterative weight
adjustment process, it is counted how many input patterns in the
training set belong to each subspace. In the recall phase—in-
volving the presentation of new unknown input vectors to the
network—a set of subspaces (also called winner set), which
most probably cover the input vector, is determined by means
of looking at the respective distances between the input vector
and the subspace representatives.

Dividing the counter sum of those subspaces associated with
one particular output class by the counter sum of all subspaces
in the winner set yields the aforementioned relative frequency
Output: (60,40,0,0) Output: (44,0,0,56) for the corresponding output class. The frequency values are
solely dependent on the counters, which themselves depend on
the partitioning of the input space. Therefore, the quality of the
network output follows directly from how well the input space
is covered by the training set.

Since the network does not return one single class as the clas-
sification result, but probability values relating the input vector
to every single class, it is ideal for tasks involving overlap-
ping classes, i.e., tasks where classifying the input vector as be-
longing to only one class would lead to unreliable results.

Itis very probable that the classification of EEG segments be-
longs to this latter type of tasks, regardless of the input represen-
tation, because the EEG signal is always a mixture of numerous
individual signals—variations in the feature vectors, thus, orig-
Output: (0,100,0,0) Output: (0,0,100,0) inate from the fact that certain elements are sometimes more,
sometimes less dominant. Therefore, the PeGNC is suitable for
using it in a BCI, which is based on the analysis and the classi-
fication of EEG patterns.
network is confronted with input patterns that differ in structure The network was evaluated with the help of two simple ex-
from all training patterns—it is no surprise that the network digeriments. The first experiment was based on real-world EEG
not mark its decisions as uncertain in only 19% of all trials witHata, and the classifier had to distinguish between only two
two “hills.” Although not all output vectors in those trials wereclasses describing whether or not a subject kept his eyes closed.
perfect, it can be noted that, in total, the PeGNC returns muglthresholded implementation of the network yielded 87% cor-
better results than “usual” classifiers. The output vectors in 72f#ct classifications with only 12% unclassifiable samples and
of the 150 “two-hilled” trials were subjectively acceptable (exi% misclassifications. The second experiment was an extension
amples shown in Fig. 15). of the first one based on simulated (or computer-generated) data

Trials in which the trained network detects merely one afith four classes. The results of this second experiment demon-
two “hills” or largely overestimates one of two approximatelstrated the superiority of the PeGNC network (over “usual” ap-
equally high “hills” are not acceptable, and Fig. 16 presengsoaches) for tasks with overlapping classes.
some of those 28% problem causing patterns together with theiThere are two open problems to be solved in the future. The
respective output vectors. immediate goal is related to integrating the PeGNC network

Fig. 14. Network performance in experiment #2.

Output: (49,0,51,0) Output: (0,0,57,43)

Fig. 15. “Acceptable” trials.

Output: (85,15,0,0) Output: (100,0,0,0)

Fig. 16. Problem-causing patterns.
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into a complete BCI system, which really means building a BCl[1g]
“around” the net, since the classification of the EEG patterns is
the “heart” of any brainwave-based BCI (a preliminary solution

is described in [30]). The second objective refers to employingi9]
this newly built system in a “trial-and-error” fashion in order to
identify mental activities, which produce “good” classification
results, while still allowing comfortable human-computer com-[20]
munication—possibly yielding patterns with properties as ideal
as in the hypothetical example of the “four-hills problem.” This
particularly includes the search for ways to fully benefit from21)
the superiority of the PeGNC network as far as a certain type of
tasks is concerned.
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