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Abstract. This paper presents an overview of the recent BCI reseamtiuoted by scientists from Inria Bordeaux. It
aims at designing practical BCI systems and applicatioasdbuld be used outside laboratories. More precisely we
describe 1) our work on signal processing and machine legutoi make BCI more efficient, robust to noise and with
minimal calibration times, as well as 2) practical applicas in the research fields of spatial cognition and gaming.
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1 Introduction

Although Brain-Computer Interfaces (BCl) have demonstiaheir tremendous potential in numerous applications
[van Erp et al., 2012], they are still mostly prototypes, nsed outside laboratories. This is mainly due to the follow-
ing limitations: 1) Performancesthe poor classification accuracies of BCl make them incoieverio use or simply
useless compared to available alternatii@®sStability and robustnesshe sensibility of ElectroEncephaloGraphic
(EEG) signals to noise and their inherent non-stationanie the already poor initial performances difficult to main
tain over time;3) Calibration time:the need to tune current BCI to each user’'s EEG signals makéscalibration
times too long. At Inria Bordeaux, in team Potioc (teamarfripotioc), we notably aim at addressing these limita-
tions, to design practical BCI systems, usable and usefisidrilaboratories. This is part of our general research
objective to make human-computer interfaces, in particdlaones, usable and useful for everyone. We describe here
our recent work on signal processing to reach this objeetinepresent two practical BCl applications we designed.

2 Signal processing contributions

Performances. To improve BCI performances, we explored and designed naturfes to represent EEG signals. We
notaly explored multifractal cumulants and predictive ptewity features [Brodu et al., 2012], as well as waveform
length features together with an optimal spatial filter twvat designed for such features [Lotte, 2012a]. All such
features proved useful to classify EEG signals, and, mopitantly, increased BCI classification performances (by
2 to 4% on average) when combined with the gold standardriestnamely, band power features.

Stability and robustness:. To make BCI more robust to noise and non-stationarities ¢lvimcidentally also im-
proves their performances), we proposed to integrateatpaowledge into machine learning algorithms. Such
knowledge represents any information we have about whatldh@ a good filter or classifier for instance. This can
be neurophysiological a-priori, data (EEG signals) or nttta (e.g., good channels) from other subjects, etc. This
knowledge is used to guide machine learning algorithmsitdsvgood solutions even with noise and non-stationarities.
We successfully demonstrated this approach to learn relmasstable spatial filters [Lotte and Guan, 2011].

Calibration time:  To reduce BCI calibration times, we have to design BCI fromyyew training EEG signals. We
have explored three approaches to do so. First, we usestis@testimators dedicated to small sample size problems,
such as automatic covariance matrix shrinking [Lotte andrG2010]. Secondly, we used EEG signals from other
subjects (who performed the same mental tasks) to regelaexahine learning algorithms, which proved even more
efficient [Lotte and Guan, 2010]. Finally, we proposed toegate artificial EEG signals from the few EEG trials
initially available, in order to augment the training setesin a relevant way [Lotte, 2011]. All these approaches
enabled us to calibrate BCI systems with 2 to 3 times less ttiaia standard designs, while maintaining similar
classification performances, hence effectively redudiegcalibration time by 2 or 3.

3 BCI applications

So far, most of our application-related work has been arddridal Reality (VR) [Lotte et al., 2013]. Here we focus
on two practical applications: using BCI as a tool 1) to staggtial cognition and 2) for multiplayer gaming.



3.1 BCI asatoal to study spatial cognition

We proposed a new application of BCI: using it as a tool toysgmhtial cognition and transfer from VR Environments
(VE) to Real Environments (RE). In particular, since BCI d@used to navigate a VE without any motor activity
(see Figure 1, left), BCI can be used to assess how much naiteityaand vestibular information is really needed to
transfer spatial knowledge from a VE to a RE. To do so, we coatha motor imagery-based BCl and a treadmill to
make users learn a path in a VE and retrieve it in the real walshtrary to previous beliefs, our results suggested
that motor activity and vestibular information are not resaey to learn a path in VR. Performing an action - even
only a cognitive one (e.g., imagining hand movements) - semmough to enable spatial transfer [Larrue et al., 2012].

3.2 Multiplayer BCI Gaming

We developed and studied a multiplayer BCl-based video gaee Figure 1, right) [Bonnet et al., 2013]. In this

game, players had to collaborate or to compete (dependirigeogame mode) to bring a ball towards a given goal,
using motor imagery of the corresponding hand. Such anagifh proved interesting at two levels. First, players
enjoyed the game, and enjoyed it even more than its singjepleersion. Second, the BCI performances of several
players was improved during multiplayer games as comparsthgle player ones.

=

Figure 1:Left: A user navigating a virtual model of the city of Bordeaux with a BCl riteoto Ie}n a specific path [Larrue et al.,

2012]. Right: Two users playing a competitve BCl-based video gamen@ecet al., 2013]

4 Discussion and Per spectives

In summary, our research work on signal processing has liegpimved BCI performances, robustness and calibration
times. From an application point of view, we have showed Bt could be a tool to study spatial cognition, and
stressed once more the advantages of combining BCI and gabath for BCI and gaming.

However, much work still needs to be done, with BCI perforoesnstill far too low and calibration still necessary.
Moreover, besides signal processing, studying educadtiesearch made us realize that current BCI feedback tiginin
approaches are probably suboptimal and a major cause faliBitdd performances [Lotte, 2012b]. We are therefore
working on the design of more efficient user feedback trgimaradigms. Finally, we are starting a couple of projects
on passive and affective BCI, a very promising applicaticradhat deserves more attention [van Erp et al., 2012].
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