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ABSTRACT
Electro-encephalography (EEG) is unique among functional
brain imaging methods in that it promises a means of pro-
viding a cost-e�cien t, safe, portable and easy to use brain-
computer interface (BCI) for both healthy users and the
disabled. While an already extensive corpus of EEG-BCI
experimental work has demonstrated that , to a degree, a
person's mental states can be detected in single-trials using
sophisticated mathematical tools, clear challenges for the
use in human-computer interaction applications have also
been outlined. He we discusschallenges,which are relevant
for the use of BCIs in wider range of applications beyond
rehabilitation.

1. INTRODUCTION
The proof-of-concept of Brain-Computer Interface (BCI) sys-
tems ([12, 22, 17]) was given decades ago (e.g.[13]), and
machine learning based approaches (e.g.[15, 1, 11, 2]) have
cont ributed substantially to improve the information trans-
fer rates. Neverthelessseveral major challenges are still to
be faced. Here we discusstwo of those challenges,which are
relevant for the use of BCIs in wider range of applications
beyond rehabilitation. To present, the useof machine learn-
ing based EEG-BCI systems involves two time-consuming
preparational steps at the beginning of every new session.
The �rst one, the montage of an EEG cap, which can take
up to one hour for 128-channel caps, and the second step

� The studies were partly supported by the Bun-
desministerium für Bildung und Forschung (BMBF),
FKZ 01IBE01A, by the European Union's Marie Curie
Excellence Team project MEXT-CT-2004-014194, entitled
�BRAIN2R OBOT� and by their IST Programme under the
PASCAL Network of Excellence, IST-2002-506778. This
publication only re�ects the authors' views. This paper uses
material of [20, 16, 8].

Permissionto make digital or hard copiesof all or part of this work for
personalor classroomuseis grantedwithout fee provided that copiesare
not madeor distributedfor pro�t or commercialadvantageandthatcopies
bearthisnoticeandthefull citationon the�rst page.To copy otherwise,to
republish,to postonserversor to redistributeto lists,requiresprior speci�c
permissionand/ora fee.
ACM SIGCHI2008,April 5–10, 2008,Florence,Italy.
Copyright 2008ACM ...$5.00.

is the recording of calibration data, which takes usually be-
tween 20 and 40 minutes. These issue will be discussed in
this paper.

Another challenge is to develop BCI applications which take
the speci�c characteristics of BCI communication into ac-
count (high bandwidth from the computer to the user, low
bandwidth from the user's brain to the computer) is dis-
cussedin [7].

The Berlin Brain-C omputer Interface (BBCI) is an EEG-
based BCI system which operates on the spatio-spectral
changes during di�eren t kinds of motor imagery. It uses
machine learning techniques to adapt to the speci� c brain
signatures of each user, thereby achieving high qualit y feed-
back already in the �rst session ([8, 2, 3]).

2. CHALLENGE EASY PREPARATION OF
MEASUREMENT

The most elementary obstacle of EEG-BCI is that standard
EEG practice involves the tedious application of conduc-
tiv e gel on EEG electrodes in order to provide for accurate
measurements of the micro-volt level scalp potentials that
constitute EEG signals. Without `dry-cap' technology the
proper set-up of BCI sessionsin, say, a home environment,
is too tedious, messy and therefore impractical. In [20] we
present a novel dry EEG recording technology which does
not need preparation with conductive gel, see Fig. 1. In
the reported study wit h good BCI subjects, feedback per-
formance was about 70% of the approach with conventional
EEG caps. Notably , for several subjects the performance
was at the same level, which indicates that the novel tech-
nology might be at the present state not �exible enough
to �t optimally with various head shapes. Most dry-cap
challenges remaining are of an engineering design nature,
excluding perhaps the computational reduction of artifacts
produced not by unrelated electro-physiological activit y but
by measuredlow-frequency voltage variations causedby the
physical movement of the head.

Note that the system only uses6 electro desand can thus be
miniaturized to run with a tin y EEG ampli�er and a pocket
PC.



Figure 1: Signal spectr a and electro de placemen t. Left: Illustration of the dry cap. Midd le: T ypical
signal spectrum from prop osed dry electr ode (each t race corresp onds to averaged spectra for one motor
imagery class). R ight: Comparable signal from conventional electro de with electrolyte gel (same sub ject,
same conditions). Figure tak en from [20], doi:10.1371/journal. pone.0000637.g001.

3. CHALLENGE FAST CALIBRA TION OF
THE SYSTEM

One drawback of machine learning basedBCI systemsis the
need to record calibration data at the beginning of each ses-
sion [5]. In [16] we studied to what extent this calibrat ion
period can be omitted. In other words, is it possible to suc-
cessfully transfer information from prior BCI sessionsof the
samesubject that may have taken place days or even weeks
ago? While this question is of high practical importance to
the BCI �eld, it has so far only beenaddressedin [21] in the
context of transfering channel selection results from subject
to subject. In contrast to this prior approach, we will focus
on the more general question of transfering whole classi�ers,
resp.individualized representations between sessions. Note
that EEG patterns typically vary strongly from one session
to another, due to di�eren t psychological pre-conditions of
the subject. A subject might for example show di�eren t
states of fatigue and attention, or use diverse strategies for
movement imagination acrosssessions.A successfulsession
to session transfer should thus capture generic `invariant'
discriminativ e features of the BCI task (see [6] for another
view on this).

For this we �rst transform the EEG feature set from each
prior sessioninto a `standard' format and normalize it. This
allows to de�n e a consistent measure that can quantify the
distance between representations. We use CSP-based clas-
si�ers (see [10]) for the discrimination of brain states; note
that the lin e of thought presented here can also be pursued
for other feature sets resp.for classi�ers. Once a distance
function is established in CSP �lter space, we can cluster
existing CSP �lters in order to obtain the most salient pro-
tot ypical CSP-type �lters for a subject across sessions,see
Fig. 2. To this end, we use the IBICA algorithm [18, 19] for
computing protot ypes by a robust ICA decomposition. See
[16] for more details and the demonstration that these new
CSP protot ypesare physiologically meaningful and further-
more are highly robust representations which are lesseasily
distorted by noise artifacts. The demonstration of the fea-
sibilit y of this approach for online BCI experiments will be
given in a forthcoming paper.
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Figure 2: C lu st ering in the CSP space: The norm of
the CSP �lter vector is irrelev ant as well as its sign.
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Figure 3: Results of a study with 14 naiv e BCI
users. For 13 sub jects a classi�er could be trained
on calibration data. Feedbac k accuracy of all 5 runs
(magen ta dots) and in tra-sub ject averages (blac k
crosses) for those 13 sub jects are shown in the plot.

4. CHALLENGE BCI ILLITERA CY
A long-standing problem of BCI designswhich detect EEG
patterns related to some voluntarily produced brain state
is that such paradigms work with varying successamong
subjects/patien ts. We distinguish mental task based BCI
such as `movement imagination' BCI from paradigms based
on exogenous stimulus related potentials such asP300 which
are limited to very speci�c applications such as text entry
and require constant focus on stimuli extraneous to the task
at hand.

In a recent study, with 10 untrained users, we took a close
look at how fast they achieved `best' performance during
a small number of BCI sessions(by skill acquisition) and
how much this performance varied among subjects. Al-
though machine learning techniques use calibration data
(20�40 minutes of recording) before the BCI system can be
used, the peak performance plateau, even after mult iple ses-
sions, varies greatly among subjects. Using this and other
unreported data by many research groups, we estimate that
about 20% of subjects do not show strong enough motor re-
lated mu-rhythm variations for e�ectiv e asynchronous mo-
tor imagery BCI, that for another 30% performance is slow
(<20 bits/min) and for up to 50% it is moderate to high
(above 20 bits/min). See [14, 8] for two studies reporting
the �rst-session preformance in a larger group of subjects.

It is still a mat ter of debate as to why BCI systems exhibit
`illiteracy' in a signi�can t minorit y of subjects and what can
be done about it. From internal investigations (as well as
the results of BCI Competition I I, data set Ib, [9]) it appears
that `BCI illiteracy' in a subject is not dependent so much

on the algorit hm used but is rather an inherent property
of the subject. As EEG is sensitive to sources in cortical
folds it may be that some motor imagery activit y may not
be readable in some subjects by EEG if the particular cor-
tical region involved is tangential to the scalp. Consistent
with this explanation, it has been observed that in certain
subjects some `classes'(t ypes of imagined movements) are
detectable and others not. Therefore calibration sessions
should select subject speci�c classesalong with frequency
bands necessaryfor feature generation to mini mize the illit -
eracy problem.

5. DISCUSSION
The prospective value of BCI research for rehabilitation is
well known. In light of the work presented here we would
advocate a further point. BCI provides stimulat ion to HCI
researchers as an extreme example of the sort of interaction
which is becoming more common: interaction with `uncon-
ventional' computers in mobile phones, or wit h devicesem-
bedded in the environment. These have a number of shared
attributes: high-dimensional, noisy input s, which describe
intrinsically low-dimensional content; data with content at
mult iple time-scales;and a signi�can t uncontrolled variabil-
it y. The mismatch in the bandwidth between the display
and control channels (as explained in the intro duction) and
the slow, frustrating error correction motiv ate a more `nego-
tiated' style of interaction, where commitments are withheld
until appropriate levels of evidence have been accumulated
(i.e.the entropy of the beliefs inferred from the behavior of
the joint human-computer system should change smoothly ,
limited by the maximum input bandwidth). The dynamics
of a cursor, given such noisy inputs, should be stabilized
by controllers which infer potential actions, as well as the
structure of the variabi lit y in the senseddata. Hex-o-Spell
demonstrates the potential of such intelligent stabilising dy-
namics in a noisy, but richly-sensed medium. The results
suggest that the approach is a fruitful one, and one which
creates the potential for incorporating sophisticated models
without ad hoc modi�cations.

We envisage an EEG BCI scenario in which users purchase
an a�ordable computer peripheral which is simply placed on
the headand requires no gel. Novel usersundergo a one-time
calibration procedure which takes maximally 10 minutes,
ideally even less. They then proceedto use the BCI system
in a game environment, to control a robot or wheelchair, and
the performance of the system slowly adapts to the users'
brain patterns, reacting only when they intend to control it.
At each repeated use,parameters from previous sessionsare
recalled and re-calibration is rarely, if ever, necessary. We
strongly believe such a system, is achievable within the next
few years. Still, some challenges are lik ely to only be par-
tially met, such as the BCI illiteracy , but if this percentage
is decreasedfurther it should not prevent non-invasive BCI
systems from reaching a large user population, healthy or
disabled.
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