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Abstract-Brain Computer Interface (BCI) systems have gained great visibility in the last years for the possibility they give 

to severly disabled people to have a normal interaction with the external environment. However every group implements its 

own BCI system and this leads to a lack of a common language concerning methods, names of BCI components, file 

formats, tools etc…, with an obvious difficulty in sharing data and resources among labs. This is the reason which induced 

us to develop a set of methods and tools for the optimization and dissemination of resources dealing with BCI systems. 
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1. INTRODUCTION  

 

Brain Computer Interface (BCI) systems are a set of the more general Human Computer Interaction 

(HCI) systems which allow a direct channel of communication between people with severe muscular 

disabilities and the external environment, by translating their brain signals into commands toward 

output peripherals [1]. A lot of disciplines are involved in the BCI research field, including neurology, 

engineering, psychology, informatics, rehabilitation etc…; this requires a separation of the 

competences of the different groups, which could be interested in developing different aspects of BCI 

systems and so need to start from a common model and then have open file formats for data 

exchanging and analysis tool to process them. 

 

2. THE PROBLEM 

 

Among the major issues of the field there are the evaluation and optimization of the performances of 

BCI systems and the standardization of the resources dealing with them: a clear definition of both of 

them lacks to date, even if it is absolutely necessary for a worthwhile comparison of systems and for 

the selection of the most useful system to adapt to the needs of the end user. 

 

3. THE POSITION OF THE DEPARTMENT OF NEUROSCIENCE OF THE “TOR VERGATA” UNIVERSITY  

 

Our laboratory has implemented the Body Language Framework (BF++) [2], a set of C++ routines for 

the design, implementation, optimization and delivery of cross-platforms BCIs, which we hope 

everyone would download for their own purposes and for sharing resources (www.brainterface.com). 

We think that the use of open standards, spanning from file formats to metrics for the evaluation of 

systems and to functional models for the description of the most diffused BCI systems, could help in 

the dissemination of resources and in the communication among labs. 

The framework implemented includes a functional model, a metric, a new file format, software tools 

and a UML model, which will be explained in the following sections. 



 

Functional Model and Metric 

The core of our framework is the functional model described in Mason et al. [3], in wh

are constituted by two main blocks: the Transducer and the Control Interface (Fig. 1).
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Figure 1: Functional model of a BCI system. 
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An XML-based File Format for storing and manipulating BCI data and neurophysiological signals 

We used the XML technology in order to implement a powerful file format for the storage of BCI 

entities and of huge quantities of neurophysiological data and to allow the sharing of data among 

different laboratories. By following some simple strict syntactic rules everyone can define the structure 

of a XML document: XML tags are unspecific, easy to understand and can be extended without 

breaking the compatibility with preexistent data or tools. This technology is supported by a lot of 

platforms and operative systems so that data can be exchanged without errors and with no need of 

special software conversion tools. It also contemplates a lot of technologies which handle data stored in 

a file and which satisfy a huge amount of requirements. 

In our framework all the entities involved in BCI systems such as encoders, ECMs, logical and 

semantic alphabets etc... have been stored with the XML format. Also a flexible file format for 

representing electrophysiological data has been defined. It is also based on the XML technology and 

called NPX (NeuroPhysiological data in Xml) [7]. It supports a virtually unlimited number of sensors 

and events. Data can be stored in various ways with respect to the accuracy (8, 16, 32, 64 bits), the 

internal representation (integer, floating point) and where the data are stored: because XML files are 

not as efficient as binary ones, if the amount of sampled data is huge (e.g. an EEG recording) they can 

be stored in an additional distinct binary file, otherwise (e.g. ERP, spectral data) they can be stored in 

the XML file itself. In both cases the XML file will contain a complete description of the sensors 

(dynamics, number of bits, gain, coordinates, etc…), events (type, occurrence, etc…), processing, 

etc….Source code to read and write a NPX file is available and written in ANSI C++ to allow an easy 

porting under virtually any platform. 

 

Software tools: BF++Toys and NPXLab 

A set of C++ routines have been implemented for the evaluation and optimization of BCI systems, the 

BF++Toys, which also implement methods for computing the metric previously described and are 

formed by some modules which simulate the characteristics of the Transducer, generate new encoders, 

assemble transducers and control interfaces and finally find out the best combination of them, thus 

allowing to build the most performing system.  

NPXLab, instead, is a software tool for the processing and analysis of physiological data stored in the 

NPX format: it allows to perform spectral analysis, to extract ERP from EEG data, to perform 

statistical analysis and the Independent Component Analysis.  

 

The Unified Modeling Language (UML) model 

We have also implemented [8] a UML model for the description of different BCI systems and equipped 

it with a set of definitions of the most diffused and “confused” terms dealing with BCI (for example, is 

the trial the same entity for every research lab?). This model catches all the properties of the most 

diffused BCI protocols (P300, mu-rhythms, Slow Cortical Potentials, Steady State Visual Evoked 

Potentials, fMRI, etc…) and by means of some diagrams it describes both the static (class diagrams) 

and dynamic behaviors (sequence diagrams) of these systems. It can be used as the starting point for 

the implementation of new systems. 

 

4. CONCLUSION 

 

BCI systems are manifold and complex and require the collaboration of different disciplines. At the 

Neuroscience Department of the “Tor Vergata” University of Rome, we think that this collaboration is 

of primary importance for the optimization of these systems. In this regard we have implemented a 
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model of BCI systems, which fits to the BCI protocols most diffused to date and which is the starting 

point for the implementation of standard file formats for the sharing of data and of tools for the 

analysis, evaluation and tuning of systems [9]. All these resources can help in the optimization and the 

dissemination of BCI systems. 

The tools and file formats we implemented can be downloaded for free at www.brainterface.com: some 

of the sources are available there, so that everyone can modify or extend them according to his needs, 

implementation, operative system etc…, as all the resources we place at everyone’s disposal are highly 

compatible with a lot of platforms.  
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