
Scientific Abstract Title:  
What are the best motor tasks to use and calibrate SensoriMotor Rhythm 
Neurofeedback and Brain-Computer Interfaces? A preliminary case study 

Fabien Lotte, Andrzej Cichocki 

Submitter information: 
– Name: Fabien Lotte 
– Position: Research Scientist 
– Institution: Inria, France / RIKEN Brain Science Institute, Japan 
– Email address: fabien.lotte@inria.fr 
Other author: 
– Name: Andrzej Cichocki 
– Position: Senior Team Leader 
– Institution: RIKEN Brain Science Institute, Japan 
– Email address: a.cichocki@riken.jp  

What is the motivation of your study? 

SensoriMotor Rhythm (SMR)-based Neurofeedback (NF) and Brain-Computer 
Interfaces (BCI) are among the most used ElectroEncephaloGraphy (EEG) NF/BCI 
systems. Indeed SMR-NF/BCI have proven very promising for numerous applications, 
including attention-deficit and stroke rehabilitation (Sitaram 2016, Ang 2015), 
performance optimization (Gruzelier 2014) and BCI-based assistive technologies and 
gaming (Lotte 2015). Despite these promises, such systems have low performance 
and many of their users are “non-responders” (Sitaram 2016, Lotte 2015). There is 
thus a need to understand the limitations of current SMR-NF/BCI and to improve them. 

What is your hypothesis/goal? 

Many SMR-NF/BCI systems use machine learning. They are typically calibrated on 
EEG signals collected while the users are performing Motor Imagery (MI), i.e., 
imagining limb movements (Ang 2015, Lotte 2015). Once calibrated, they also use MI 
as NF control strategy. However, for many first time users of SMR-NF/BCI, performing 
MI is new and difficult, and they may be unable to perform clear MI. Thus, using MI for 
calibration and/or NF control may result in suboptimal EEG features and corresponding 
real-time feedback. Therefore, we aim at elucidating whether MI tasks are the best 
motor tasks to use for calibration and control in SMR-NF/BCI. 

To do so, we are collecting EEG signals (64 channels, Biosemi Active Two) from 
subjects (so far N=1 subject) instructed to perform four different motor tasks and a rest 
task, for multiple trials. In particular, subjects have to 1) execute real feet movements; 
2) imagine feet movements (walking); 3) observe feet movements (walking), in a first 
person view and 4) observe feet movements while imagining them at the same time.  

We analyze the collected EEG signals using machine learning. More precisely, we 
optimize Common Spatial Patterns (CSP) spatial filters to build four SMR-EEG 
features, and classify these features to distinguish a motor task from the rest task using 
a Linear Discriminant Analysis (LDA) classifier (Lotte 2015). We performed two such 
analyses. First, we optimize both the CSP and LDA on the data of each of the four 
motor tasks separately, to identify which task leads to the strongest SMR modulation. 
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Second, we optimize CSP filters on the data of each of the four motor tasks 
(separately) while optimizing the LDA on imagined movement data, to find out whether 
calibrating EEG features on other tasks leads to higher performance in detecting MI. 

What were the results? 

So far, we recorded 36 trials for each motor task from a single subject. Performance 
was assessed using 6-fold Cross Validation (CV) classification accuracy. The resulting 
CV accuracies (motor task VS rest task) were 93% for the executed movements, 
52.8% for the imagined ones, 72.2% for the observed movements and 73.6% for the 
observed and imagined ones.  Interestingly enough, optimizing CSP filters on EEG 
signals recorded during executed movements lead to an increased performance for 
classifying imagined movements, with a CV accuracy of 61.8%.  

What is the significance of the study? 

These are only results from a single subject. Experiments are ongoing and results from 
additional subjects will be presented at the conference. Nonetheless, this still suggests 
that other motor tasks than MI may lead to stronger SMR modulations, e.g., movement 
observation. It also suggests that, at least for our subject, calibrating SMR-EEG 
features (here CSP) on executed movements can lead to more efficient SMR-NF/BCI. 
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