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Y sin mayor ceremonia, comencé a trabajar en un laboratorio de investiga-

ción. Llegados a este punto, la primera persona a la que debo agradecer es a mi

director de PFC y de Tesis, José Marı́a Azorı́n. Él supo ver mis inquietudes e hizo
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Pap. Gracias por vuestra amistad y por formar parte de esas personas que han

dado estabilidad a mi vida. A Jose y a Clara. Bueno que decir sobre ellos podrı́a
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Y finalmente, que mayor constante en la vida que la familia. Debo agradecer a

mis abuelos Pepe, Asunción, Manolo y Concha por ser referentes de futuro en mi

vida. A mis tios, tias, primos y primas Maria Dolores, Inma, Mari Carmen, Pablo,

Jose Antonio, Paco, Alejandro, Mario, Inmaculada, Francisco y Juan por todos

los buenos momentos en familia. Y claro, como no, a mis Padres y a mi Hermana,

cuyos nombres no son en absoluto importantes. Da igual como pudiesen llamarse

porque seguirı́an siendo ellos. Siempre han estado ahı́, compartiendo las alegrı́as

y sufrimientos, ayudando y protegiendo. Me han dado todo lo que tengo y me

habrı́a sido imposible llegar hasta aquı́ sin ellos. Supongo que todo el mundo



quiere mucho a sus padres y hermanos, pero yo sinceramente, creo haber tenido

una suerte especial con ellos. Sin importar los problemas que pueda sufrir o la

distancia que exista entre nosotros, siempre formarán parte de mı́. Gracias.

¿Creı́ais que habı́a acabado? No, no, aún no. No me gustan los finales emoti-

vos en exceso. Dan la sensación de que no hay nada más después de ellos. Por

eso, me he dejado a la última incorporación de mi familia para el final. Gracias a

nuestro perro Mushu, por ser el ser (valga la redundancia) más feliz del universo

y transmitirnos cada dia su emoción incondicional hacia la totalidad de lo que le

rodea.
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2.8.1. Potenciales endógenos . . . . . . . . . . . . . . . . . . . . . . 34
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la marcha humana . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.2.1. Introducción . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.2.2. Participantes y experimento . . . . . . . . . . . . . . . . . . . 55

3.2.3. Identificación de ruidos . . . . . . . . . . . . . . . . . . . . . 57

3.2.4. Caracterización temporal de ruidos . . . . . . . . . . . . . . 59

3.2.5. Caracterización frequencial de ruidos . . . . . . . . . . . . . 61

3.2.6. Conclusiones . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.3. Detección del nivel de atención en la marcha a partir de señales EEG 63
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MEM Método de Máxima Entropı́a Maximum Entropy Method

NB Classificador Bayes Ingenuo Naive Bayes

NIH Instituto Nacional de la Salud National Institute of Health

PSD Densidad de Potencia Espectral Power Spectral Density

QDA Análisis de Discriminación Li-

neal

Quadratic Discriminant Analysis
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Resumen

En este trabajo se pretende evaluar los mecanismos cognitivos que experimen-

ta el ser humano durante el proceso de la marcha partir de las señales electroence-

falográficas (EEG). Uno de los principales objetivos es el desarrollo de interfaces

cerebro-máquina que permitan determinar el estado cognitivo de un usuario de

forma que se pueda utilizar dicha información con fines de asistencia y rehabili-

tación.

El registro de señales corticales durante la marcha es un campo poco explo-

rado en la actualidad y dado que estas señales tienen una relación señal a rui-

do muy pobre, es necesario realizar una evaluación y validación de las mismas

durante la marcha humana. Para ello, esta Tesis Doctoral comienza realizando

una evaluación de artefactos corticales producidos principalmente por presiones

mandibulares que, en última instancia, permiten el desarrollo de dos sistemas

de control bidimensional basados en los mismos: uno donde se controla un cur-

sor por pantalla y otro donde se controla un brazo robótico. Ambos demuestran

una gran eficiencia en el alcance de objetivos pudiendo ser de gran ayuda como

sistemas de asistencia para personas con movilidad reducida.

Con los conocimientos sobre artefactos adquiridos con el trabajo anterior se

realizan mediciones EEG durante la marcha humana y se comparan con medi-

ciones realizadas durante experimentos en reposo. De esta comparación se des-

cubren dos fuentes de ruido que afectan a las señales corticales relacionadas con

fallos de conductividad entre el cuero cabelludo y los electrodos utilizados para

realizar las mediciones. Su evaluación permite el desarrollo de protocolos de ex-

perimentación que reduzcan la influencia de artefactos durante pruebas en mo-

vimiento. Estos protocolos son utilizados posteriormente para realizar una ex-

perimentación en la que se evalúan mecanismos cognitivos experimentados por

humanos durante la marcha.

En este estudio se evalúa el nivel de atención que una persona presta a la

marcha humana. Se realiza un barrido frequencial de las señales registradas pa-

ra discernir a qué frecuencia se produce el fenómeno buscado. Los resultados

muestran una desincronización en la banda gamma (30-90 Hz) relacionada con

X



mecanismos de atención selectiva. Las clasificaciones realizadas proporcionan re-

sultados muy prometedores de cara a la implementación de sistemas en tiempo

real.

En el futuro se pretende diseñar sistemas que permitan obtener estos paráme-

tros en tiempo real para utilizarlos como realimentación en terapias de rehabilita-

ción de miembro inferior. Estudios recientes sugieren que este tipo de trabajos in-

crementa el grado de involucración de los pacientes en sus terapias, potenciando

la plasticidad cerebral y, en última instancia, los resultados de la rehabilitación.
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Abstract

This thesis is focused on the evaluation of electroencephalographic (EEG) sig-

nals in order to improve current understanding of cognitive processes experien-

ced by humans during ambulation. The main goal is to set the basis of brain-

machine interfaces (BMIs) development that provide information about the user

cognitive state during walking. This information could be used as feedback for

assistive and rehabilitation technologies.

Currently, recording of cortical activity during ambulation has not been wi-

dely explored. EEG potentials have a poor signal to noise ratio which makes

their recording difficult during movement. It is necessary to develop protocols

that asses the validity of these signals during walking. Therefore, the thesis starts

with the evaluation of cortical artifacts produced by jaw clenches. This first study

was used to develop a system to control a cursor and a robotic arm in a two-

dimensional workspace through jaw clenches. Both systems show promising re-

sults in the field of assistive technologies oriented to physically impaired people.

In a second study, cortical signals were measured both during ambulation and

movement-free conditions. Both conditions were compared to find unexpected

behaviors during walking. After this comparison, two types of noise were found

in the signals with higher influence on ambulation recordings. Results suggest

that it can be the result of conductivity changes between the scalp and the elec-

trodes during movement. The evaluation of these noises would allow the deve-

lopment of protocols for recording valid EEG signals during ambulation. These

protocols were used to evaluate cognitive mechanisms.

The mechanism evaluated is related to the level of attention paid by humans

in gait process. This work evaluates the whole EEG bandwidth to find eviden-

ce of classifiable cortical information related to this phenomenon. Results show

a desynchronization in the gamma band (30-90 Hz) associated to selective atten-

tion mechanisms. Performed offline classifications provide promising results that

could be implemented as a real time system.

This study showed promising results in detection of cognitive mechanisms

during ambulation. Taken together, these findings could be applied in future

XII



brain-machine interfaces for rehabilitation. This kind of interface would provi-

de, in real time, several parameters related to cognitive state of patients. These

parameters could be used during the rehabilitation strategy to adapt therapies

to patients’ mental state. This would provide patients a way to be involved with

their rehabilitation.
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Capı́tulo 1

INTRODUCCIÓN

En este capı́tulo se presentan las motivaciones que han llevado al desarrollo

de esta Tesis Doctoral, partiendo de la problemática social de la cual provienen. Se

especifican los objetivos perseguidos a lo largo de las investigaciones realizadas

y cómo permiten abordar el problema planteado. Por último, se muestran todos

los trabajos realizados dentro del marco de investigación de la Tesis Doctoral. En

este aspecto se destactan las contribuciones en revista y congresos nacionales e

internacionales, los capı́tulos de libros escritos y los proyectos final de carrera

codirigidos.

1.1. Motivaciones

En el año 1970, la organización mundial de la salud (WHO del inglés World

Health Organization) estimó que el 2011 un 10 % de la población mundial sufrirı́a

algún tipo de discapacidad. Sin embargo, el informe de 2011 mostraba que un

15 % de la población la padecı́a [1]. De estas personas, entre un 2 % y un 4 % ex-

perimentan grandes dificultades a la hora de llevar una vida normal. De estos

datos de discapacidad crecientes ha surgido una preocupación social centrada en

el desarrollo de investigaciones y dispositivos que permitan mejorar las condi-

ciones de vida de estas personas y que contribuyan a la reducción de casos que

deriven en discapacidad.

Una de las principales causas de discapacidad severa son las lesiones de médu-
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la espinal [2]. Estas lesiones se producen generalmente por causas traumáticas

que afectan a la médula y que bloquean los caminos de comunicación nerviosos

entre el cerebro y los músculos. Al contrario que con otras lesiones y enfermeda-

des, uno de los sectores de población con más riesgo de sufrir lesiones de médula

espinal es el de los jóvenes de entre 15 y 30 años. Las personas con estas lesiones

tienen entre 2 y 5 veces más posibilidades de sufrir una muerte prematura, sien-

do el riesgo muy elevado en el primer año de lesión. Las personas que sufren de

estas enfermedades son más propensas a sufrir problemas de salud secundarios

como espasmos musculares, infecciones del tracto urinario, dolor crónico y pro-

blemas respiratorios. Todo esto conlleva un incremento del gasto económico en

terapia y medicaciones por lo que se consideran un factor de empobrecimiento

de la población. Por otro lado, puesto que afecta principalmente a un sector joven

de la población, tiene consecuencias sociales en términos de rendimiento escolar

y desarrollo social.

Al sufrir estas lesiones, se pierde o se ve reducida la comunicación entre zonas

del cerebro y grupos musculares. Sin embargo, el cerebro es un órgano plástico

que tiene la capacidad de generar nuevas conexiones neuronales y reestablecer,

en cierta medida, el control sobre las zonas perdidas [3]. Este proceso se poten-

cia con la rehabilitación fı́sica y cognitiva del paciente, lo que hace de la reha-

bilitación una de las etapas más crı́ticas tras la lesión de médula espinal. Se ha

demostrado que las mejoras más significativas que se producen en pacientes que

sufren estas lesiones se dan durante los 6 primeros meses de recuperación [4].

Por otro lado, los efectos de estas lesiones en cada paciente son muy variables

y, por lo tanto, es necesario que la rehabilitación sea diseñada con un alto grado

de especificidad [5]. Disponer de poco tiempo y tener que evaluar las condicio-

nes especı́ficas de cada paciente ha hecho que la rehabilitación se convierta en un

campo de gran interés para la ciencia.

Muchas investigaciones se centran en el desarrollo de técnicas y dispositivos

que permitan mejorar las terapias de rehabilitación incrementando el grado de

mejora sobre los pacientes y reduciendo el tiempo exigido por las terapias [6, 7].

En este aspecto, el campo de la robótica ha desarrollado multitud de dispositivos

orientados a mejorar la rehabilitación [8, 9]. Concretamente el uso de exoesquele-
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tos que se acoplan a las extremidades de un pacientes y lo asisten en el movimien-

to se ha vuelto muy popular en estas terapias [10, 11]. En relación con este cam-

po, encontramos las interfaces cerebro-máquina (BMI del inglés Brain-Machine

Interface), que tratan de estudiar las formas de utilizar las ondas cerebrales de las

personas para generar comandos para controlar dispositivos externos. Estas in-

terfaces han sido propuestas dentro de la comunidad cientı́fica como forma de

incrementar el grado de involucración de un paciente en su terapia [12, 13]. Se

ha podido comprobar que, de esta forma, se fomenta la plasticidad cerebral y, en

última instancia, los resultados de la rehabilitación.

Actualmente se están comenzando a usar interfaces cerebro-máquina no in-

vasivas en combinación con dispositivos robóticos orientados a la rehabilitación

de miembro inferior [14, 15]. Las lesiones de miembro inferior son una de las

principales consecuencias de las lesiones de médula espinal y suponen una gran

limitación fı́sica a la hora de llevar una vida normal. Sin embargo, la medición

de señales corticales no invasivas durante la marcha resulta muy delicada debido

a la pobre relación señal a ruido de estos potenciales [16]. Por este motivo, en la

actualidad se está intentando abordar esta problemática de forma que sea posible

la medición de parámetros cognitivos durante el movimiento [17]. Esto permi-

tirá ajustar las terapias de rehabilitación al estado mental del paciente de forma

que se fomente su involucración y que, consecuentemente, mejoren los resultados

finales de su rehabilitación.

1.2. Objetivos de la Tesis Doctoral

Bajo este contexto social y cientı́fico, el objetivo de esta Tesis Doctoral consiste

en desarrollar interfaces cerebro-máquina que proporcionen información del es-

tado congnitivo de un usuario durante la marcha humana a partir de sus señales

EEG. Para ello será necesario un estudio que permita validar las señales cortica-

les registradas bajo estas condiciones y, posteriormente, estudiar los mecanismos

corticales cognitivos. Con este trabajo se pretenden cumplir los siguientes objeti-

vos:
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Evaluar las fuentes de ruido que se producen en las señales corticales pres-

tando especial atención a las que se producen de forma especı́fica durante

la marcha humana.

Implementación de protocolos que nos permitan registrar señales corticales

durante la marcha de forma que sea posible la evaluación de estas ondas

durante el movimiento.

Estudio de las ondas corticales orientado a la extracción de información cog-

nitiva que nos permita aproximar el estado cognitivo de un usuario.

Aplicación de los resultados obtenidos a lo largo de la Tesis Doctoral al

desarrollo de sistemas de asistencia y rehabilitación que permitan mejorar

la vida de personas con movilidad reducida, centrándose en especial en los

lesionados incompletos de médula espinal.

Esta Tesis Doctoral se encuentra dentro del marco del proyecto BioMot - Smart

Wearable Robots with Bioinspired Sensory-Motor Skills (con el acuerdo de sub-

vención número IFP7-ICT-2013-10-611695) financiado por la Comisión de la Unión

Europea. El objetivo de este proyecto es el desarrollo de un exoesqueleto de

miembro inferior orientado a la rehabilitación de lesionados de médula espinal

cuyo funcionamiento venga definido por el contexto fı́sico y mental del paciente a

través de una realimentación electrofisiológica. Este proyecto tiene una duración

de 3 aos (del 1 de Octubre de 2013 al 30 de Septiembre del 2016). En el parti-

cipan cinco grupos de investigación europeos (Universidad Miguel Hernández

de Elche, Agencia del Consejo Superior de Investigaciones Cientı́ficas, Hospital

Nacional de Paraplégicos de Toledo, Vrije Universiteit Brussel y Universit degli

Studi di Padova), un grupo de investigación japonés (RIKEN) y dos empresas

(Technaid S.L. y Ossur hf). El proyecto está dirigido por Juan C. Moreno, perte-

neciente al Instituto Cajal del Consejo Superior de Investigaciones Cientı́ficas de

Madrid (CSIC).
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1.3. Trabajos publicados

Esta Tesis Doctoral consta de una serie de publicaciones divididas en dos gru-

pos:

Publicaciones en revistas impactadas. Se presentan tres trabajos que conforman

la lı́nea de investigación seguida durante la Tesis Doctoral. Dos de ellas

están clasificadas en el primer cuartil (Q1) del ranking JCR por ı́ndice de

impacto mientras que la tercera está clasificadas dentro del segundo cuartil

(Q2).

Contribuciones en congresos. Se incluye una publicación perteneciente a una

contribucion en congreso internacional que apoya el trabajo realizado.

Además, durante la realización de esta Tesis Doctoral se realizaron otros tra-

bajos que se vieron representados con contribuciones a congresos nacionales e

internacionales, capı́tulos de libro y proyectos final de carrera codirigidos.

1.3.1. Publicaciones en revistas impactadas

Autores: Á. Costa, E. Iáñez, A. Úbeda, E. Hortal, D. Planelles, J. M. Azorı́n

Tı́tulo: Supplementary System of a Brain-Machine Interface based on jaw artifacts

for bidimensional control of a robotic arm.

Ref. revista / Libro: Plos One

ISSN: 1932-6203

DOI : 10.1371/journal.pone.0112352

Índice de impacto (JCR 2014): 3.234

Lugar que ocupa en el área de MULTIDISCIPLINARY SCIENCES: 7/56 (Q1)

Clave: A Volumen(número): 9(11) Páginas: 1-13

Fecha de publicación: 12 Noviembre 2014

Editorial: PUBLIC LIBRARY SCIENCE

Lugar de publicación: Estados Unidos

5



Autores: Á. Costa, R. Salazar-Varas, A. Úbeda, J. M. Azorı́n

Tı́tulo: Characterization of Artifacts Produced by Gel Displacement on Non-invasive

Brain-Machine Interfaces during Ambulation

Ref. revista / Libro: Frontiers in Neuroscience

ISSN: 1662-453X

DOI : 10.3389/fnins.2016.00060

Índice de impacto (JCR 2014): 3.656

Lugar que ocupa en el área de NEUROSCIENCES: 82/252 (Q2)

Clave: A Volumen(número): 10(60) Páginas: 1-14

Fecha de publicación: 25 Febrero 2016

Editorial: FRONTIERS RESEARCH FOUNDATION

Lugar de publicación: Suiza

Autores: Á. Costa, E. Iáñez, A. Úbeda, E. Hortal, A. Del-Ama, Ángel Gil-Agudo J.

M. Azorı́n

Tı́tulo: Decoding the attentional demands of gait through EEG gamma band fea-

tures

Ref. revista / Libro: Plos One

ISSN: 1932-6203

DOI : 10.1371/journal.pone.0154136

Índice de impacto (JCR 2014): 3.234

Lugar que ocupa en el área de MULTIDISCIPLINARY SCIENCES : 9/57 (Q1)

Clave: A Volumen(número): 11(4) Páginas: 1-21

Fecha de publicación: 26 Abril 2016

Editorial: PUBLIC LIBRARY SCIENCE

Lugar de publicación: Estados Unidos
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1.3.2. Contribuciones en congresos

Autores: Á. Costa, E. Iáñez, A. Úbeda, D. Planelles, E. Hortal, J.M. Azorı́n

Tı́tulo: Experimental Setup and First Results of a BCI System for Attention Levels

Classification During Gait

Ref. revista / Libro: 2014 International Conference on Autonomous Intelligent

Systems (IAS-13). Workshops Proceedings. Workshop on Neuro-Robotics for Patient-

Specific Rehabilitation.

ISBN: 978-88-95872-06-3

Clave: CL Páginas: 470-473 Fecha: 15-19 de Julio

2014

Congreso: Internacional

Editorial: Padova University

Lugar de publicación: Padova, Italia

1.3.3. Otras contribuciones en congresos

Se incluye el resto de contribuciones a congresos publicadas durante el desa-

rrollo de la presente Tesis Doctoral:

Á. Costa, R. Salazar-Varas, E. Iáñez, A. Úbeda, E. Hortal, J.M. Azorı́n. Stud-

ying cognitive attention mechanisms during walking from EEG signals. IEEE In-

ternational Conference on Systems, Man, and Cybernetics (SMC 2015), Spe-

cial Session on Robotic Exoskeletons with Bioinspired Skills Hong Kong, 9-12

Oct 2015. Páginas: 882-886. ISBN: 978-1-4799-8697-2. 9-12 Octubre 2015.

Á. Costa, G. Ası́n-Prieto, S. Shimoda, E. Iáñez, J.C. Moreno, J.L Pons, J.M.

Azorı́n. Integración de interfaz cerebro-computador y exoesqueleto de miembro in-

ferior orientado a la rehabilitación. Actas de las XXXVI Jornadas de Automáti-

ca, Bilbao, España, Páginas: 766-772. 2 4 Septiembre, 2015.

Á. Costa, E. Iáñez, A. Úbeda, Daniel Planelles, E. Hortal and J.M. Azorı́n. Fre-

quency and Number of Neighbors Study for Attention Level Classification Using

EEG Signals. International Workshop on Wearable Robotics (WeRob 2014),
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Baiona, Spain, Páginas: 14-19 Septiembre 2014.

Á. Costa, E. Iáñez, A. Úbeda, D. Planelles, E. Hortal and J.M. Azorı́n. Experi-

mental Setup and First Results of a BCI System for Attention Levels Classification

During Gait. NeuroRob-2014, Padova, Italia, 18 Julio 2014.

Á. Costa, D. Planelles, A. Úbeda, E. Iáñez and J.M. Azorı́n. Arquitectura para

el análisis de los estados cognitivos relacionados con la marcha. Cognitive Area

Networks, proceedings of 6 Simposio CEA Bioingenierı́a, Granada, España.

Vol. 1, Páginas: 19-24. ISSN: 2341-4243. 12-13 Junio, 2014.

Á. Costa, E. Iáñez, E. Hortal, J. M. Azorı́n, A. Rodrı́guez, D. Tornero, J.A

Berná, J.M. Cano. Movimiento bidimensional de un cursor mediante el uso de

artefactos en señales electroencefalográficas. Actas de las XXXIV Jornadas de

Automática. Terrassa, España, Páginas: 108-114. ISBN: 978-84-616-5063-7, 4-

6 Septiembre 2013.

1.3.4. Capı́tulos de libro

En el marco de esta Tesis Doctoral se ha publicado un capı́tulo de libro rela-

cionado con la misma temática:

I.N. Angulo-Sherman, Á.Costa-Garcı́a, E. Monge-Pereira, R. Salazar-Varas,

R.Zerafa, BCI Applied to Neurorehabilitation. Book: Emerging Therapies in

Neurorehabilitation II, 169-196 (27 páginas). Springer International Publis-

hing Suiza, 10 Diciembre 2015. ISBN 978-3-319-24899-8. dx.doi.org/10.1007/978-

3-319-24901-8
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1.3.5. Proyectos final de carrera codirigidos

Por último, se ha codirigido el siguiente proyecto final de carrera durante la

realización de la presente Tesis Doctoral:

Tı́tulo: Control de un brazo robot en 3D a partir de artefactos en señales EEG

Alumno: Javier Alarcón Domı́nguez

Tutores: José Marı́a Azorı́n Poveda, Álvaro Costa Garcı́a

Titulación: Ingeniero Industrial

Universidad: Miguel Hernández de Elche

Calificación: 9

Lugar y Fecha: 5 de Septiembre de 2014

9



10



Capı́tulo 2

ANTECEDENTES

En esta sección se describen todos aquellos términos de relevancia dentro del

marco conceptual de la presente Tesis Doctoral. Su comprensión facilitará el se-

guimiento de las investigaciones descritas. Se especifican, en mayor detalle, las

preocupaciones sociales y cientı́ficas que motivan el desarrollo de esta lı́nea de in-

vestigación, principalmente las lesiones que producen movilidad reducida y sus

consecuencias. Se describen las bases de los sistemas de adquisición de señales

corticales más usados, centrando la atención en la electroencefalografı́a. Además,

se abordaran las ventajas de estas tecnologı́as en el campo de la rehabilitación y

su combinación con otros dispositivos como brazos robots y exoesqueletos. Final-

mente se describen los desafı́os a los que se enfrenta en la actualidad la ciencia,

en relación a estos sistemas.

2.1. Lesiones que producen movilidad reducida

Las lesiones que afectan a alguna de las partes del sistema nervioso reducen,

en mayor o menor medida, la capacidad de movimiento de una persona. El siste-

ma nervioso puede dividirse en sistema nervioso central y periférico. El sistema

nervioso central está formado por el cerebro, encargado de la toma de decisiones,

y la médula espinal, que transmite los comandos del cerebro a los nervios del

resto del cuerpo. El sistema nervioso periférico, por su lado, está formado por las

terminaciones nerviosas finales que reciben los impulsos nerviosos y provocan

los movimientos musculares. Es posible clasificar las lesiones que causan movi-

11



lidad reducida en función de la parte del sistema nervioso a la que afectan. En

este aspecto podemos diferenciar entre lesiones nerviosas periféricas, lesiones de

médula espinal y accidentes cerebrovasculares.

2.2. Lesiones nerviosas periféricas

Estas lesiones afectan a las terminacones del sistema nervioso periférico. En

función de su severidad se pueden dividir en 3 tipos de acuerdo con el sistema

de clasificación de Seddon [18]:

Neuropraxia (leve): consiste en una interrupción temporal de la conducción

eléctrica de un nervio sin que se haya producido una rotura en las conexio-

nes nerviosas. Su principal causa son los golpes sobre fibras musculares y

fibras óseas nerviosas que, a su vez, provocan una presión prolongada sobre

un nervio. Esta lesión causa parálisis completa o parcial del segmento del

cuerpo que el nervio afectado controla. Por lo general, el paciente recupera

la movilidad en un corto periodo de tiempo tras el tratamiento médico de

la lesión que haya causado la presión nerviosa [19].

Axonotmesis (intermedia): consiste en la degeneración de las vainas mielı́ni-

cas y los axones sin la pérdida de continuidad en el nervio. Su causa suelen

ser golpes o contusiones de mayor grado que en la neuropraxia. El nervio no

llega a romperse pero los tejidos internos se dañan. De nuevo, se manifiesta

como parálisis total o parcial de la zona del cuerpo controlada por el nervio

afectado. Los casos más leves permiten una recuperación completa tras va-

rios meses de regeneración nerviosa. Otro casos, sin embargo, requieren de

cirugı́as de reconstrucción y, en última instancia, el uso de dispositivos de

asistencia para compensar la pérdida de movilidad [20].

Neurotmesis (grave): consiste en la rotura total o parcial de un nervio tras un

traumatismo severo. Entre sus efectos está el dolor intenso, la disestesia, y la

pérdida completa de funciones motoras y sensoriales de la zona afectada. El

principal tratamiento es el uso de medicamentos para reducir el dolor. En

algunos casos es posible reparar la lesión mediante cirugı́a, bien uniendo
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los extremos nerviosos dañados o transfiriendo nervios de otras parte del

cuerpo [21].

2.3. Lesiones de médula espinal

Se trata de una lesión en el sistema nervioso central, concretamente en la

médula espinal (SCI del inglés Spinal Cord Injury). Estas lesiones se registran prin-

cipalmente en personas jóvenes y sanas como resultado de algún traumatismo

provocado por un accidente. Su tasa de mortalidad tiende a ser mayor en los

niños pequeños con lesiones de columna [22].

2.3.1. Causas de lesión de la médula espinal

Las lesiones de médula espinal pueden estar causadas por traumatismos fı́si-

cos asociados con impactos y agitaciones bruscas de la columna vertebral [23]. Las

principales causas son los accidentes de tráfico, las lesiones deportivas, las agre-

siones fı́sicas, las caı́das y las heridas de bala [24]. También pueden producirse

por negligencias médicas como inyecciones mal realizadas en la médula espinal

[25]. Estas lesiones también pueden tener un origen no traumático. Entre el 30 %

y el 80 % de lesiones de médula espinal tienen orı́genes no traumáticos depen-

diendo en gran medida de la zona del mundo en la que nos fijemos [26]. En los

paı́ses desarrollados tienen mayores porcentajes de lesiones medulares debido a

enfermedades degenerativas y tumores [27]. En paı́ses en vı́as de desarrollo es

más común que estas lesiones se originen por infecciones como el virus de la in-

munodeficiencia humana (VIH), la tuberculosis o la poliomielitis [24]. También

puede estar causada por enfermedades que afecten a la columna vertebral (her-

nias) o al sistema vascular, bloqueando la llegada de sangre a zonas de la médula

espinal [28].

2.3.2. Efectos de la lesión de médula espinal

El efecto principal de la lesión de médula espinal es la pérdida total o parcial

de movilidad y sensibilidad por debajo de la zona lesionada de la médula. En
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función de este factor se considera la lesión completa o incompleta, respectiva-

mente. Las áreas de afectación y otros efectos dependerán en gran medida de la

zona de la columna vertebral donde se haya producido la lesión (ver figura 2.1):

Zona lumbar y sacra: se reduce la movilidad de una o ambas piernas y la

cadera. Además es común la pérdida del control sobre los músculos que

controlan los intestinos y la vejiga [29].

Zona torácica: desaparece la movilidad y sensibilidad en piernas y cadera

(paraplejia). Presenta diferentes grados de severidad en función del punto

torácico afectado. Las lesiones entre las vértebras T9 y T12 mantienen el

control sobre los músculos torácicos. Sin embargo, esto no es ası́ en las que

se producen entre T1 y T8, haciendo difı́cil o imposible el control del tronco

[30].

Zona cervical: estas lesiones suelen resultar en tetraplejia total o parcial de-

pendiendo de la zona donde se produzcan. Las lesiones entre C7 y T1 per-

miten mantener un control parcial de los brazos aunque el control de las

manos es muy reducido. Entre C4 y C6, el control sobre los brazos se redu-

ce drásticamente, manteniendo algún débil control sobre muñecas, bı́ceps

y hombros (según el nivel de afectación). Por último, las lesiones sobre C3

y superiores, producen una pérdida en la función del diafragma. Esto pro-

voca la incapacidad de respirar por voluntad propia y la necesidad de un

ventilador mecánico [31].

Existen otras afectaciones como el sı́ndrome del cordón central (parálisis so-

bre brazos y manos) [32], sı́ndrome del cordón posterior (pérdida de la capacidad

propioceptiva) [33], sı́ndrome de Brown-Sequard (parálisis de un lado del cuer-

po) [34], esclerosis y mielitis transversa.

2.3.3. Tratamiento de la lesión de médula espinal

Los pacientes requieren de rehabilitaciones especializadas en función del gra-

do de la lesión y de las zonas más afectadas. La fase de recuperación en el hospital

suele durar entre 8 y 12 semanas, tras lo que comienza la fase de rehabilitación
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Figura 2.1: Niveles de lesión medular en función del área medular dañada.

de entre 3 y 12 meses. Las alteraciones que perduran tras los primeros 6 meses de

rehabilitación suelen ser permanentes, por lo que es necesario optimizar la reha-

bilitación durante ese periodo de tiempo [35]. El nivel final de recuperación viene

definido tanto por la eficacia de estas terapias como por la severidad de la lesión.

2.4. Accidente cerebrovascular

El accidente cerebrovascular (ACV), infarto cerebral o ictus es una lesión cere-

bral que se produce debido a una anomalı́a grave en el comportamiento del sis-

tema cardı́aco en el cerebro. Estas anomalı́as bloquean la llegada de sangre a las

células cerebrales produciendo, de esta forma, una falta de los recursos básicos

necesarios para el correcto funcionamiento de las mismas. Dado que el cerebro

es el principal centro de control del organismo, un fallo en un conjunto de sus

células puede tener grandes repercusiones en el cuerpo humano.
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2.4.1. Causas del accidente cerebrovascular

En función de la anomalı́a circulatoria que cause la lesión cerebral, se puede

distinguir entre ACV isquémico y ACV hemorrágico (Figura 2.2).

El accidente cerebrovascular isquémico se produce por una obstrucción en

las vı́as que permiten la llegada de sangre a las células del cerebro. Estas células

nerviosas necesitan un suministro constante de oxı́geno y glucosa. Al cesar el

flujo de sangre, se interrumpe dicho suministro, lo que provoca la muerte de las

células. Cuanto mayor sea el tiempo durante el que se bloquea la respiración

celular, mayor será la zona infartada del cerebro. Esta obstrucción o isquemia de

las arterias del cerebro puede tener tres causas distintas en función de su origen:

Vasoconstricción: consiste en el estrechamiento de una arteria, y la conse-

cuente reducción del flujo de sangre, producido por la contracción del múscu-

lo liso presente en la superficie del vaso sanguı́neo [36].

Trombo: se trata de la detención del flujo sanguı́neo por la coagulación de

sangre en un punto concreto de una arteria cerebral [37].

Embolia: producida por un coágulo de sangre generado en alguna de las

venas del cuerpo que se desprende y viaja hasta el cerebro, provocando en

él la obstrucción sanguı́nea [38].

El ACV isquémico el que más casos de lesión cerebral produce en la actuali-

dad, suponiendo alrededor del 88 % de los accidentes cerebrovasculares.

Por otro lado, el accidente cerebrovascular hemorrágico o hemorragia cerebral

se produce por la rotura de un vaso sanguı́neo encefálico y el consecuente derra-

me sobre las células nerviosas. Este derrame conduce al accidente cerebrovascular

por dos medios: la falta de riego sanguı́neo del área dependiente del vaso roto y

la compresión que la sangre extravasada ejerce sobre las estructuras cerebrales.

Las principales causas del ACV hemorrágico son descritas a continuación:

Hipertensión arterial: se trata de una enfermedad crónica que se manifiesta

como un incremento de la presión del flujo sanguı́neo en las arterias. Este
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Figura 2.2: Los dos principales tipos de accidente cerebrovacular.

incremento aumenta el riesgo de que se produzca en las arterias cerebrales

un derrame y la consecuente lesión encefálica [39].

Aneurisma: se trata de una inflamación que se produce en una arteria debido

a la existencia de una zona dañada. Estas protuberancias acumulan parte de

la sangre que circula por la arteria a la que van anexionadas, pudiendo, en

última instancia, desgarrarse y producir el derrame sanguı́neo al cerebro

[40].

El ACV hemorrágico no solo afecta a las zonas del cerebro dependientes de

la arteria rota sino que, debido al derrame cerebral, se bloquean otros vasos en-

cefálicos. Esto contribuye a un incremento del área afectada por la lesión.

2.4.2. Efectos del accidente cerebrovascular

Un accidente cerebrovascular puede causar la muerte o discapacidad perma-

nente o temporal. Aproximadamente, el 20 % personas que sufren un ACV mue-

ren dentro del primer mes, el 30 % en el primer año, y el 50 % mueren en los

primeros 5 años [41].

Dependiendo de la zona encefálica afectada por el accidente cerebrovascular,

los efectos que causa en el cuerpo humano pueden ser variados. Aunque estas
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lesiones provocan efectos diferentes, existen algunos problemas comunes en las

personas que sufren estos accidentes. Los más visibles son la parálisis muscular

y los dimanantes problemas en el balance y la movilidad, problemas de visión,

problemas para tragar, pérdida de control sobre los intestinos y la vejiga y ex-

ceso de cansancio. También existen otros efectos menos visibles, aunque igual

de importantes, como los problemas de comunicación, tanto verbal como escrita,

problemas de memoria y asociación de ideas, cambios emocionales como depre-

sión y ansiedad y, como resultado de todos ellos, cambios en el comportamiento

de las personas que sufren estos efectos.

2.4.3. Tratamiento del accidente cerebrovascular

El tratamiento de estas lesiones varı́a tanto en formas como en duración de-

pendiendo de la intensidad y áreas de afectación, pero de forma general puede

dividirse en cuatro fases [42]:

Tratamiento: primera fase tras la lesión cerebral. Los médicos determinan el

origen del accidente cerebrovascular y administran las cirugı́as o medica-

mentos oportunos para aliviar sus efectos (eliminación de coágulos, drena-

do de sangre o reparación de arterias rotas)

Recuperación: se deja al paciente unas semanas de reposo bajo cuidados médi-

cos. Durante este tiempo es común que algunas de las capacidades perdidas

retornen gracias a mecanismos naturales de recuperación del organismo hu-

mano.

Rehabilitación: durante este periodo, fisioterapeutas y especialistas trabajan

en terapias de rehabilitación para recuperar las habilidades perdidas del pa-

ciente. Supone el paso más crı́tico de cara al bienestar futuro de la persona,

ya que el paciente advierte grandes dificultades realizando tareas que an-

tes podı́a realizar fácilmente. Es muy importante que los terapeutas sepan

guiarlos a través de estas frustraciones, ya que en la mayorı́a de casos, con

la terapia adecuada es posible recuperar casi todas las funciones perdidas.

Vuelta a casa: el paciente vuelve a casa y mantiene algunas de las terapias

de rehabilitación iniciadas en el hospital. El paciente debe realizar ciertos
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ajustes sobre su forma de vida, ya que sus capacidades fı́sicas no son las

mismas. Algunos de estos ajustes son temporales y otros pueden durar toda

la vida.

2.5. Técnicas y tecnologı́as de rehabilitación

La fisioterapia es un campo muy amplio de la medicina fı́sica. La asociación

americana American Board of Physical Therapy Specialties (ABPTS) certifica ocho

áreas de especialización en función de la orientación de las terapias de rehabili-

tación aplicadas por la fisioterapia: cardiovascular y pulmonar, electrofisiológica,

geriátrica, neurológica, ortopédica, pediátrica, deportiva, y de salud en mujeres

[43].

La rehabilitación neurológica es una parte muy importante en la recuperación

de pacientes que han sufrido alguna lesión nerviosa. Las mejoras fı́sicas más rele-

vantes que se producen en pacientes con movilidad reducida se dan en la fase de

rehabilitación [44]. Para lograr que estas mejoras sean máximas es necesario que

las terapias rehabilitadoras se apliquen cuanto antes después de haber sufrido la

lesión. Las terapias de rehabilitación han evolucionado a lo largo de la historia.

En un principio los fisioterapeutas asistı́an fı́sicamente a los pacientes y con el

tiempo otras tecnologı́as y técnicas han ido añadiéndose a estas terapias.

2.5.1. Fisioterapia de rehabilitación neurológica

La fisioterapia de rehabilitación neurológica está enfocada a personas que han

sufrido algún accidente o enfermedad neurológica, tales como el accidente cere-

brovascular, el alzhéimer, la esclerosis múltiple, el Parkinson y la lesión de médu-

la espinal. Los desórdenes asociados a disfunciones neurológicas incluyen pro-

blemas de visión, balance, marcha humana, realización de actividades cotidia-

nas, fuerza muscular y pérdida de dependencia funcional. Esta especialidad se

basa en la propiedad del cerebro humano conocida como plasticidad cerebral o

neuroplasticidad.
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2.5.2. Neuroplasticidad

Se ha demostrado, tanto en humanos [45] como en animales [46], que un gran

número de experiencias pueden provocar cambios en la estructura cerebral en

términos de interconexiones neuronales. Esta neuroplasticidad supone la base del

aprendizaje y la memoria. La plasticidad cerebral juega un papel de gran relevan-

cia durante la recuperación funcional en pacientes que han sufrido algún desor-

den neurológico. El cerebro es capaz de generar conexiones neuronales perdidas

tras un accidente o incluso crear caminos neuronales nuevos que permitan a los

pacientes recuperar las funciones perdidas. El método que usará el cerebro para

lograr este objetivo varı́a en gran medida dependiendo de la lesión sufrida. En el

caso de un paciente que haya perdido una extremidad, el cerebro generará nue-

vas conexiones corticales que le permitan realizar tareas cotidianas sirviéndose

de otras partes del cuerpo. En el caso de un accidente cerebrovascular, el cerebro

tratará de volver a generar los caminos neuronales que haya perdido y si no es

capaz, creará nuevos.

La rehabilitación neurológica trata de sacar partido de esta propiedad cortical,

utilizando diferentes técnicas que potencian la plasticidad cerebral. Se ha demos-

trado que es posible incrementar los efectos de la neuroplasticidad de tres formas

distintas:

Realización de movimientos: cualquier tipo de movimiento sobre la zona del

cuerpo afectada por la lesión motriz incrementa la plasticidad cerebral. Esto

favorece la recuperación del movimiento perdido. Los movimientos pueden

ser realizados por un terapeuta, por un dispositivo de rehabilitación o por el

propio paciente. Además, cuanto más involucrado se encuentre el paciente

en su rehabilitación, mayor será la velocidad a la que se creen conexiones

neuronales y menor será tiempo de recuperación [47].

Visualización de movimientos: la observación de elementos móviles que pue-

dan recordar a los movimientos que se desean recuperar activan las neuro-

nas espejo de nuestro cerebro que tratan internamente de imitar lo que ven.

Esto, de nuevo, favorece la regeneración de caminos neuronales [48]. Los

movimientos observados pueden ser propios (con lo que se combinarı́a con

20



la realización de movimientos), de otra persona, o de elementos no huma-

nos externos como puede ser un robot móvil o un avatar de un entorno de

realidad virtual.

Imaginación de movimientos: el mero hecho de imaginar un movimiento fo-

menta la reestructuración de las conexiones neuronales [49]. Este método

está muy relacionado con el nivel de involucración del paciente. Si además

de realizar y visualizar el movimiento, el paciente está lo suficientemente

involucrado en su terapia como para concentrarse en la imaginación men-

tal del movimiento, los efectos positivos de la rehabilitación serán mayores.

En este campo, la ciencia se centra en desarrollar técnicas y dispositivos que,

añadidos a las terapias de rehabilitación, permitan estimular las propiedades

plásticas del cerebro.

2.5.3. Dispositivos de rehabilitación

Existen multitud de dispositivos y técnicas orientadas a mejorar las terapias

de rehabilitación. Puesto que se trata de una preocupación social en auge, cada

dı́a surgen nuevas investigaciones relevantes en este campo. Este apartado se

centra en los sistemas de asistencia y rehabilitación y en las interfaces cerebro-

máquina (BMI del inglés Brain-Machine Interface) por tratarse de los sistemas en

los que se basa la presente Tesis Doctoral.

2.5.3.1. Sistemas de asistencia y rehabilitación

Los sistemas de asistencia son dispositivos y programas diseñados para rea-

lizar tareas cotidianas que una persona con movilidad reducida no es capaz de

realizar por s sola, incluyendo desde pantallas táctiles que les permiten comuni-

carse [50] hasta dispositivos robóticos que realizen acciones fı́sicas como acercar-

les objetos, desplazarlos de un sitio a otro, alimentarlos, etc [51].

Por otro lado, los sistemas orientados a la rehabilitación son dispositivos, ge-

neralmente robóticos, que facilitan los movimientos que un paciente debe realizar

durante su terapia de rehabilitación. Dentro de estos sistemas cabe destacar, por
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el gran impacto cientı́fico que están teniendo en los último años, los exoesquele-

tos. Se trata de robots vestibles (WR del inglés Wearable Robots) que se acoplan a

las extremidades de una persona para asistir sus movimientos durante la reha-

bilitación [52]. Se dividen en exoesqueletos de miembro superior o inferior en

función de si están orientados a la rehabilitación de brazos o de piernas.

2.5.3.2. Interfaces cerebro-máquina

Como se ha mencionado con anterioridad, para conseguir grandes mejoras en

los resultados de la rehabilitación es necesario que el paciente se encuentre invo-

lucrado en su terapia. Las condiciones de movilidad reducida que experimentan

los pacientes que deben someterse a estas terapias, pueden llevar a la frustración

y al abandono de la misma si no se dispone de mecanismos que doten al pacien-

te de autonomı́a. Como hemos descrito, las lesiones que sufren estos pacientes

afectan principalmente al sistema nervioso bloqueando de esa forma los caminos

biológicos de comunicación entre las órdenes del cerebro y los músculos del resto

del cuerpo.

Figura 2.3: Esquema de funcionamiento de un sistema BCI.

Las interfaces cerebro-máquina o BMI son sistemas que proporcionan un ca-
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mino de comunicación alternativo entre el cerebro humano y un dispositivo ex-

terno. La figura 2.3 muestra la arquitectura básica de un sistema BMI. Mediante

el uso de diferentes tecnologı́as, es posible extraer señales procedentes de los im-

pulsos eléctricos de cerebro humano. Estas señales responden a diferentes com-

portamientos corticales y, tras su estudio, es posible decodificar, en cierta medi-

da, los estados cognitivos e intenciones de una persona. Para ello, es necesario

someter las señales corticales a una etapa de procesamiento en la que se filtren

y acentúen los fenómenos corticales bajo evaluación. Las señales filtradas pasan

por un módulo de extracción de caracterı́sticas donde se obtienen sus parámetros

más representativos. Estos parámetros se comparan durante la etapa de clasifica-

ción con un modelo (establecido durante una fase previa de análisis), permitiendo

la decodificación del estado mental e intenciones de una persona para su trans-

formación en comandos de control. Finalmente, estos comandos son enviados a

un dispositivo externo que está programado para realizar diferentes funciones de

asistencia.

Estos sistemas permiten que una persona que sufre una discapacidad adquie-

ra un cierto nivel de control sobre su entorno. En [53] y [54] se utilizan sistemas

BMI para permitir a una persona controlar el movimiento de una silla de ruedas.

Estos sistemas también se han empleado para el control de navegadores de in-

ternet y aplicaciones de comunicación [55, 56]. En [57] y [58] se ha evaluado las

ventajas del uso de robots de asistencia controlados por sistemas BMI en pacien-

tes que sufren tetraplejia. Aún con las limitaciones que estos sistemas presentan,

su potencial en lo referente a las tecnologı́as asistivas ha sido ampliamente pro-

bado.

Además de los beneficios funcionales que proporciona esta tecnologı́a, dotar

de este nivel de autonomı́a a personas que habı́an visto reducidas sus capacida-

des fı́sicas provoca sustanciales incrementos en su motivación. Por este motivo

la comunidad cientı́fica ha propuesto el uso de sistemas BMI en las terapias de

rehabilitación [49, 47, 59]. Mediante el uso de BMIs es posible informar a un sis-

tema rehabilitador del estado mental e intenciones de un paciente para adaptar

la terapia a sus necesidades especı́ficas. Cuando el paciente se da cuenta de que

el sistema responde favorablemente a sus intenciones y necesidades, incrementa
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su nivel de involucración en la terapia y, por lo tanto, se favorece el fenómeno de

plasticidad cerebral. En última instancia se mejoran los resultados finales de la

rehabilitación en términos de velocidad de recuperación y de ı́ndice de mejora.

En [48], se compara el uso o no de un BMI en combinación con un sistema de

rehabilitación de miembro superior en personas que han sufrido un accidente ce-

rebrovascular. Los resultados prueban que, para este tipo de pacientes, el uso del

sistema BMI produce una mejora motora superior de la que se consigue sin él. Los

mismos autores en [60] emplean este sistema para la rehabilitación de muñeca y

mano obteniendo resultados similares. Actualmente, han comenzado a surgir es-

tudios que combinan sistemas BMI con terapias de rehabilitación de miembro

inferior [61] y marcha humana [62, 63]. Sin embargo, estos sistemas todavı́a se

encuentran en unas fases muy preliminares debido a los problemas asociados a

la adquisición de señales corticales durante el movimiento humano.

2.6. El cerebro humano

El cerebro es el órgano principal del sistema nervioso central. En él se procesan

todos los datos biológicos de nuestro organismo y la información que recibimos

del exterior. El cerebro utiliza toda esta información para generar los comandos

de control convenientes en cada caso. Este puede dividirse en dos zonas con fun-

ciones concretas dentro del sistema nervioso como se muestra en la figura 2.4:

Zona subcortical: esta zona está formada por una serie de elementos que ya-

cen bajo el córtex cerebral y que se encargan principalmente de todas aque-

llas tareas relacionadas con el subconsciente. Entre ellas, la coordinación

motora, el equilibrio, el control de la presión arterial y la respiración.

Zona cortical: está formada principalmente por la corteza cerebral, se encarga

de experimentar sensaciones y de relacionarlas con experiencias previas.

Además también se encarga de la memoria y el pensamiento. Esta zona

trabaja en asociación con el sistema nervioso periférico. Por ello es posible

relacionar diferentes zonas de la corteza cerebral con funciones propias de

partes del cuerpo concretas.
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Figura 2.4: Niveles corticales del sistema nervioso.

En la figura 2.5a se muestran las partes en las que se puede dividir la corteza

cerebral. Estas áreas se denominan lóbulos y tienen asociadas diferentes tareas de

percepción y control.

Lóbulo frontal: es el más grande de los lóbulos cerebrales, incluye las zonas

corticales motoras y premotoras. Se encarga principalmente de procesar las

funciones cognitivas de alto nivel como la planificación, coordinación y eje-

cución de movimientos. Además también se encarga de la articulación del

lenguaje y la regulación de las emociones.

Lóbulo occipital: es el más pequeño de los lóbulos principales del cerebro y

se encuentra en la zona posterior. Aunque esta zona cortical no tiene la ca-

pacidad de crear imágenes coherentes, es la primera a la que llega la infor-

mación visual haciéndola una parte muy importante en el reconocimiento

de objetos.

Lóbulo parietal: se encuentra entre los lóbulos frontal y occipital. Se encarga

principalmente de procesar información sensorial, ya que contiene la zona

somatosensorial. Por su cercanı́a con los lóbulos frontal y occipital, también
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desarrolla funciones de control de movimientos y crea asociaciones entre

información visual proveniente del lóbulo occipital y otras áreas corticales.

Lóbulos temporales: son dos lóbulos, uno en cada hemisferio cerebral, situa-

dos en los laterales del córtex. Contienen el hipocampo y la corteza cerebral

auditiva lo que hace que jueguen un papel importante en la memoria y el

reconocimiento del lenguaje hablado.

La corteza motora juega un papel fundamental en la planificación y ejecución

de movimiento y se encuentra principalmente en el lóbulo frontal (Figura 2.5b).

Se puede dividir en tres zonas que se encargan de funciones diferentes:

Corteza motora primaria: se encuentra en la parte posterior del lóbulo frontal.

Trabaja conjuntamente con la zona premotora y con otras partes del cere-

bro. Las neuronas que la forman tienen largos axones que se conectan con

las zonas de la médula espinal que controlan movimientos musculares pe-

riféricos. Además recibe información sensorial desde el cerebelo que usa

para perfeccionar los movimientos.

Corteza premotora: se encuentra en el lóbulo frontal inmediatamente antes

de la zona motora primaria. Sus funciones son diversas y actualmente to-

davı́a no se conocen con certeza. Se cree que juega un importante papel en

la planificación, preparación y guiado espacial de movimiento ası́ como en

la comprensión de acciones ajenas.

Área motora suplementaria: se localiza frente de la corteza motora primaria y

trabaja en conjunto con el área premotora. Sus funciones se asocian a control

del movimiento en relación con la estabilización de postura y coordinación

de ambos lados del cuerpo durante tareas que lo requieran.

El papel de la corteza motora en el movimiento hace de ella un área de gran re-

levancia para las investigaciones orientadas a la recuperación de función motora.

Para investigar el comportamiento de esta zona, existen diferentes procedimien-

tos que permiten extraer información de los impulsos eléctricos que se generan

en las neuronas corticales.
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Figura 2.5: (A) Lóbulos en lo que está dividido el cerebro humano. (B) Principales
áreas corticales según su función durantes los procesos motores.

2.7. Procedimientos de medida de la actividad cere-

bral

Todos los procesamientos que realiza el cerebro tienen su base en impulsos

eléctricos que se transmiten entre neuronas. Estos impulsos son señales fı́sicas

susceptibles de ser registradas. Existen diferentes procedimientos para registrar

estas señales que pueden dividirse en métodos invasivos y no invasivos. Dentro

de estos dos grandes grupos, es posible encontrar diferentes procedimientos. La

Tabla 2.1 muestra las ventajas e inconvenientes de los métodos de adquisición de

señales corticales más conocidos.

Tabla 2.1: Métodos de medicin de la actividad cerebral: comparativa (ECoG: Elec-
trocorticografı́a, EEG: Electroencefalografı́a, fMRI: Resonáncia Magnética Funcio-
nal, MEG: Magnetoencefalografı́a).

Sin Exoesqueleto
U1 U2 U3 U4

2.7.1. Procedimientos invasivos

Estos métodos requieren de una intervención quirúrgica durante la cual se

introducen sensores corticales en el interior del cráneo. Estas técnicas permiten

obtener señales cerebrales con gran nitidez y resolución espacial debido a su cer-

canı́a a las fuentes de generación de potenciales cerebrales (tabla 2.1). En función

de la localización de los electrodos implantados se diferencia entre electrocortico-
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grafı́a (ECoG), en la que se colocan electrodos sobre el córtex cerebral que permi-

ten el registro de señales de grupos de neuronas, y las técnicas intracorticales, en

las que se introducen microelectrodos en el cerebro llegando a obtener impulsos

eléctricos de neuronas individuales 2.6.

Figura 2.6: Sistemas invasivos de adquisición de señales corticales

En 1969, se publicó el primer trabajo en el que se registraban señales de neu-

ronas individuales del córtex precentral de monos [64]. Tras varias sesiones en

las que se premiaba con comida y estı́mulos visuales, los monos fueron capaces

de controlar los niveles de actividad neuronal de la zona registrada. En 1980 se

propuso el uso de estos sistemas como mecanismo de control de dispositivos ex-

ternos, con todas las consecuencias positivas que podrı́a tener para personas con

movilidad reducida [65].

No fue hasta las década del 2000 cuando comenzó a haber un auge en este tipo

de investigaciones que se centraban principalmente en la reconstrucción de mo-

vimientos a partir de señales extraı́das de neuronas individuales [66, 67, 68]. En

la actualidad se ha comenzado a realizar experimentaciones en humanos en los

que se consigue que personas con tetraplejia sean capaces de controlar un cursor

en la pantalla de un ordenador [69] o un brazo robótico en las tres dimensiones

espaciales para realizar tareas de alcance y agarre [70, 71].

Aún con los avances mencionados, estos procedimientos son poco usados en

28



la actualidad por múltiples motivos. Los principales son las cuestiones éticas que

plantea y el riesgo al que se expone a los usuarios intervenidos, no solo por la

cirugı́a en sı́, sino también por los problemas de rechazo que se pueden producir

al introducir electrodos en el córtex. Las técnicas actuales requieren de una ex-

tracción de los electrodos pasadas unas semanas desde la intervención, ya que el

cuerpo humano los identifica como una anomalı́a y genera tejido cicatrizante a su

alrededor. Además, los procedimiento médicos que se realizan, dada su singula-

ridad, suelen requerir grandes inversiones de dinero.

Electrocorticografı́a (ECoG)

Esta técnica de registro de señales corticales se basa en la localización de elec-

trodos bajo el cráneo, justo sobre la superficie del córtex. Para ello es necesario

separar temporalmente parte del cráneo del sujeto y dejar el cerebro al descubier-

to con los riesgos que ello conlleva.

El ECoG fue usado por primera vez en la década de 1950 por neurocirujanos

del Instituto Neurológico de Montreal [72]. Se utilizó para identificar las zonas

del cerebro que en las que se originasen ataques epilépticos y poder extirparlas

durante una cirugı́a. Además también se aplicaban impulsos eléctricos a través de

los electrodos implantados para identificar zonas sensorimotoras que no debı́an

ser extraı́das. Aunque actualmente se sigue considerando la técnica más efectiva

para detectar zonas corticales epilépticas, también se ha usado con otros fines.

En [73] se consiguió el control unidimensional de un cursor a partir de tareas de

imaginación motora recogidas por un sistema ECoG. Este sistema fue mejorado

en [74] añadiendo una segunda dimensión de control. Además, también se han

desarrollado sistemas de inserción de texto [75] y predictores de movimientos de

brazo [76].

Técnicas Intracorticales

Estas técnicas se basan en la medición de señales corticales a partir de electro-

dos insertados dentro del cerebro permitiendo obtener información de neuronas

individuales. Por su nivel de invasión, estos métodos resultan más peligrosos que

otras técnicas invasivas. El primer registro de actividad intracortical en monos se

realizó en 1996 [77] y no fue hasta 2004 que se probó en humanos [78]. La infor-
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mación cortical recogida con estas técnicas permite un control rápido con muy

poco entrenamiento. Estos sistemas se han utilizado en para diseñar sistemas de

control y escritura orientados a personas con tetraplejia [79, 80, 81].

2.7.2. Procedimientos no-invasivos

Existen multitud de sistemas no invasivos. Se trata de los más usados en la

actualidad, ya que conllevan un menor coste económico y no plantean los di-

lemas éticos propios de los sistemas invasivos. En esta sección se definirán los

tres métodos más utilizados en la actualidad: Imagen por resonancia magnética

funcional (fMRI del inglés functional Magnetic Resonance Imaging), magnetoence-

falografı́a (MEG) y electroencefalografı́a (EEG). Este último procedicimiento se

describirá en mayor profundidad por tratarse del método utilizado en esta Tesis

Doctoral para la adquisición de actividad cortical.

Imagen por resonancia magnética funcional (fMRI)

Esta técnica se basa en la relación que existe entre la actividad eléctrica corti-

cal y el incremento de oxı́geno en la sangre de las vı́as circulatorias encefálicas.

Los vasos sanguı́neos del área cerebral que experimenta un incremento de su

actividad neuronal sufren una dilatación, lo que provoca una mayor llegada de

oxı́geno. Cuando las moléculas de sangre cargadas de oxı́geno (oxihemoglobina)

lo ceden al resto de células, provocan cambios en el campo magnético convir-

tiendo a estas moléculas en micro imanes [82]. Estas variaciones magnéticas son

detectadas por el resonador magnético del sistema fMRI (ver figura 2.7).

Su principal ventaja es que permite obtener señales con alta resolución espa-

cial en comparación con otras técnicas no invasivas. Sin embargo, su resolución

temporal es más baja y existe un retardo importante entre las señales obtenidas y

las señales eléctricas corticales reales, ya que la medición se realiza sobre el flujo

sanguı́neo (tabla 2.1). Este sistema se usa principalmente para localizar las zo-

nas corticales asociadas a funciones cerebrales crı́ticas en pacientes que requieren

cirugı́a cerebral [83]. Aunque se usa principalmente para caracterización de res-

puestas cerebrales [84, 85, 86], existen estudios basados en esta tecnologı́a orienta-

dos al control de dispositivos [87, 88], al entrenamiento en el control de actividad

cortical por parte de un usuario [89, 90] y a la monitorización de movimientos
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Figura 2.7: Dispositivo de resonancia magnética funcional.

[91, 92].

Magnetoencefalografı́a (MEG)

Este procedimiento se basa en la medición de los pequeños campos magnéti-

cos producidos en las neuronas mediante el uso de un magnetómetro (figura

2.8). La comunicación entre neuronas se lleva a cabo a través de una transmi-

sión sináptica de corriente entre ellas. De acuerdo con las ecuaciones de Max-

well, cualquier corriente eléctrica induce la aparición de un campo magnético.

Sin embargo, los campos magnéticos inducidos por la actividad cortical son apro-

ximadamente 107 veces más pequeños que el ruido magnético en ambientes ur-

banos. Para obtener mediciones válidas es necesario que el registro se haga bajo

estrictas condiciones de aislamiento magnético y que se realice sobre las neuronas

piramidales que conforman los centros de máxima activación cortical [93]. Esto

último reduce la resolución espacial que el sistema puede ofrecer. Por otro lado,

puesto que los campos magnéticos que se registran están directamente relaciona-

dos por las leyes de la inducción con la corriente eléctrica de las neuronas, este

procedimiento presenta una buena resolución temporal [94] (tabla 2.1).
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Figura 2.8: Magnetómetro para la adquisición de magnetoencefalografı́a.

El empleo de este método fue introducido por David Cohen en 1968 [95]. Este

sistema se usa principalmente para medir con precisión la evolución temporal de

la actividad cortical, ya que puede detectar eventos temporales con una precisión

de 10 milisegundos. Mediante el uso de MEG es posible localizar áreas motoras,

somatosensoriales y auditivas primarias [96, 97, 98]. Estudios más recientes han

sido capaces de utilizar esta técnica para identificar respuestas corticales de pa-

cientes con esquizofrenia [99] y respuestas psicológicas como dependencia emo-

cional y comprensión del lenguaje [100]. Por estos motivos se plantea su uso co-

mo método de diagnosis de diferentes enfermedades como esclerosis múltiple,

Alzheimer y sı́ndrome de Sjögren [101].

Electroencefalografı́a (EEG)

La electroencefalografı́a es una técnica para adquirir señales eléctricas cortica-

les a partir de electrodos situados en el cuero cabelludo. Estas señales tienen su

origen en la corteza cerebral y se transmiten a través del cráneo y la piel gracias

a las propiedades conductivas del cuerpo humano [102]. La principal ventaja de

este sistema, además de su precio relativamente económico, es su gran resolu-

ción temporal ya que las señales registradas provienen de forma directa de los

impulsos eléctricos de la capa superficial del cerebro. Por otra parte, los impulsos

eléctricos que se generan en zonas concretas del córtex, al transmitirse, se mezclan

con las contribuciones de áreas adyacentes provocando una disminución consi-
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derable de la resolución espacial de la información registrada (tabla 2.1).

Figura 2.9: Sistemas 10-20 y 10-10 de posicionamiento de electrodos corticales en
los sistemas de adquisición EEG.

Para registrar la actividad cerebral existen modelos estandarizados en los que

se define la distribución y separación entre electrodos en función de la fisionomı́a

craneal. El sistema internacional 10-20 y su modificación 10-10 (ver figura 2.9)

son los modelos de distribución más conocidos internacionalmente. Este sistema

se definió para asegurar la reproducibilidad experimental entre estudios realiza-

dos con diferentes sujetos. La localización de cada electrodo está directamente

asociada con áreas concretas del córtex cerebral. Los valores 10-20 y 10-10 se re-

fieren a los porcentajes de distancia entre electrodos adyacentes con respecto a

las longitudes craneales inion-nasin y mastoide-mastoide, respectivamente. Ha-

bitualmente los sistemas de adquisición EEG emplean un gorro elástico en el que

se encuentran distribuidos los electrodos para facilitar su correcta distribución en

el cuero cabelludo. Las señales EEG registradas son del orden de las pocas dece-

nas de microvoltios,7 por lo que se requiere de una fase de amplificación tras la

adquisición. Además, para mejorar la relación señal a ruido durante el registro es

necesario mejorar las propiedades conductivas entre los electrodos y la superficie

de la cabeza. En este aspecto es posible diferenciar entre 2 tipos de electrodos:

Electrodos húmedos: estos electrodos requieren de la aplicación de un gel con-

ductivo, normalmente con base salina, situado entre el electrodo y el cuero
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cabelludo. Este gel dieléctrico mejora las propiedades conductivas entre el

cuero cabelludo y los electrodos haciendo al sistema más resistente a ruidos.

Sin embargo, complica la instrumentación del sistema y, hace necesario la-

var y secar los sensores tras cada sesión de registro.

Electrodos secos: son electrodos acabados en varios salientes que permiten

sortear el pelo y entrar en contacto directo con la piel del cráneo. Estos sis-

temas requieren de una fase de amplificación mayor que los basados en

electrodos húmedos. Además, su robustez ante ruidos fisiológicos es me-

nor. Su principal ventaja es que su instrumentación es mucho más rápida y

no requiere la limpieza de los electrodos entre registros.

La información obtenida de las señales EEG se describe habitualmente en

términos de ritmos corticales. Estos ritmos van asociados a diferentes rangos de

frecuencias en los que vibran los diferentes potenciales cerebrales. El ancho de

banda de las señales EEG está contenido aproximadamente en el rango de entre

1 y 100 Hz. En este aspecto es posible diferenciar entre cinco bandas frecuencia-

les: delta (<4 Hz), theta (4-7 Hz), alfa (8-15 Hz), beta (16-31 Hz) y gamma (>32

Hz) [103]. En función de los rangos de predominancia frecuencial de las señales

que se registren, se diferencia entre multitud de fenómenos corticales asociados a

distintas respuestas neurológicas.

2.8. Potenciales EEG

Los potenciales corticales adquiridos mediante señales EEG se pueden dife-

renciar en dos grandes grupos en función de sus orı́genes y del control que tenga

una persona sobre ellos: potenciales endógenos y exógenos.

2.8.1. Potenciales endógenos

Los potenciales corticales endógenos o espontáneos son aquellos cuya ampli-

tud es susceptible de ser controlada a voluntad por una persona a través de la

práctica. Por este motivo es común el desarrollo de sistemas BCI endógenos para
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el control voluntario de dispositivos. Estos potenciales pueden dividirse a su vez

en tres grandes grupos en función del tipo de acción o tarea que los provoque.

Ritmos sensoriomotores (SMR del inglés Sensorimotor Rhythms): se trata de po-

tenciales que vibran en la banda alfa (8-15 Hz) y se registran principalmente

en las zonas sensoriomotoras del córtex cerebral. Estos potenciales se mani-

fiestan como una variación de potencia frequencial durante la ejecución de

movimientos en las áreas corticales contrapuestas al mismo. Estos fenóme-

nos se denominan sincronización (ERS del inglés Event-Related Syncroniza-

tion) y desincronización (ERD del inglés Event-Related Desyncronization) (ver

figura 2.10A) y se ha demostrado que la imaginación de tareas motoras tam-

bién los provoca [104]. Mediante la práctica es posible adquirir un alto gra-

do de control sobre estos ritmos y por ello se han empleado ampliamente

para el diseño de sistemas de asistencia orientados a personas con discapa-

cidades [105, 106, 107].

Potenciales corticales lentos (SCPs del inglés Slow Cortical Potentials): se trata de

variaciones eléctricas negativas y positivas asociadas al incremento y decre-

mento (respectivamente) de la actividad neuronal. Se producen en la banda

delta (<4 Hz) y por lo tanto se caracterizan por su amplia extensión tem-

poral, de entre 300 milisegundos y varios segundos (ver figura 2.10B). La

aparición de este tipo de potenciales está asociada a la anticipación de una

persona a un evento cercano en el tiempo, como por ejemplo, la prepara-

ción para iniciar un movimiento [108] o la intención de reaccionar ante un

obstáculo [109]. Los sistemas BMI basados en estos potenciales suelen pro-

porcionar eficiencias bajas de detección, dado que hay que esperar al menos

la duración completa del potencial para poder detectarlo. Además, al estar

relacionados con eventos que suceden puntualmente, el control de los fal-

sos positivos en este tipo de sistemas es crucial para aplicaciones en tiempo

real.

Tareas cognitivas: existen multitud de tareas relacionadas con mecanismos

cognitivos como la realización de operaciones matemáticas, la lectura o el

nivel de atención que producen variaciones en los potenciales corticales a
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diferentes frecuencias. Aunque se trata de un campo menos explorado, en

la actualidad se están dando importancia a estos estudios por su utilidad

como método para involucrar a pacientes en sus terapias de rehabilitación

[110, 111, 112]. Se han encontrado evidencias de mecanismos cognitivos en

multitud de rangos de frecuencia dependiendo en gran parte del proceso

neurológico que se esté estudiando [113].

Figura 2.10: Formas de onda de los potenciales endógenos. Ritmos sensorimoto-
res (A) y potenciales corticales lentos (B).

2.8.2. Potenciales exógenos

Los potenciales exógenos o evocados son cambios de la actividad cortical que

aparecen como respuesta a un estı́mulo externo. Estos potenciales pueden apa-

recer en un amplio rango de frecuencias. La mayorı́a de sistemas BCI exógenos

se utilizan para caracterizar la respuesta cerebral durante la diagnosis. Aun ası́,

también existen BCI exógenos orientados a tareas de asistencia, como la imple-

mentación de teclados digitales. Existen multitud de estos potenciales en función

del estı́mulo externos que los cause. A continuación se describirán los tipos de

potenciales más comunes en investigaciones BMI:

Potenciales visuales (VEP del inglés Visual Evoked Potential): se trata de señales

corticales que se registran principalmente en el córtex occipital (zona visual)

en respuesta a estı́mulos luminosos (ver figura 2.11A) [114]. Un parpadeo

luminoso a una frecuencia determinada genera un incremento de la poten-

cia de las señales EEG del cortex visual en la misma banda de frecuencia.
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Este fenómeno se conoce como potencial visual de estado estacionario (SS-

VEP del inglés Steady-State Visual Evoked Potential) y se ha empleado para el

diseño de BMIs de toma de decisiones [115].

Potenciales auditivos (AEP del inglés Auditory Evoked Potentials): son cambios

en la actividad cortical producidos en respuesta a un sonido externo (ver fi-

gura 2.11B). Dentro de estos potenciales cabe destacar el potencial auditivo

de latencia media (AMLR del inglés Auditory Middle Latency Response) y el

potencial auditivo de estado estacionario de 40 Hz (40Hz- ASSR del inglés

40 Hz-Auditory Steady-State Response), principalmente usados para la eva-

luación de los efectos de la anestesia en humanos [116]. Los potenciales au-

ditivos se emplean mayormente para la diagnosis de problemas auditivos y

de otros trastornos como la demencia o el déficit de atención [117, 118].

Potenciales cognitivos: existen multitud de potenciales relacionados con es-

tados cognitivos que aparecen en respuesta al nivel de atención prestada a

diferentes estı́mulos externos como pueden ser parpadeos de luz, sonidos

u otros estı́mulos sensoriales. El potencial P300 es uno de los más estudia-

dos de este campo. Se presenta como una deflexión positiva (P) unos 300

milisegundos (300) después de que se haya presentado el estı́mulo que lo

dispara [119]. Existen otros muchos potenciales similares como el N70, el

N150 o el P100. Un potencial que se usa para el estudio de los mecanismos

de atención selectiva es el N2PC. Se manifiesta como una deflexión negati-

va 200 milisegundos después del estı́mulo [120]. Por último, otro potencial

ampliamente estudiado es el denominado potencial de error (ErrP del inglés

Error-Related Potential). Este potencial aparece como una deflexión positiva

cuando se introduce un estı́mulo que rompe con la lógica de una sucesión

de eventos sensoriales presentados a una persona en un orden considerado

correcto [121].
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Figura 2.11: Formas de onda de los potenciales exógenos visuales (A) y auditivos
(B).

2.9. Artefactos en sistemas BMI basados en EEG

En el ámbito del registro y análisis de señales, se denomina artefacto a cual-

quier señal que aparezca acoplada a la señal de interés que estamos evaluando y

que no nos proporcione información útil en nuestro análisis. La identificación de

artefactos es un punto clave en el análisis de señales EEG. Cualquier sistema BMI

basado en señales EEG debe preveer las posibles condiciones adversas relaciona-

das con aparición de señales indeseadas para tratar de reducirlas o eliminarlas.

De no hacerlo se corre el riesgo de obtener una caracterización no válida de los

fenómenos EEG bajo evaluación.

2.9.1. Tipos de artefactos en los sistemas BMI basados en EEG

Para la identificación de artefactos es muy importante caracterizar todas las

propiedades y condiciones de nuestro sistema. En el caso de los sistemas BMI

basados en EEG hay que tener en cuenta tres factores de gran importancia. El

primero es la conductividad del cuerpo, que además de reducir la resolución es-

pacial de las señales EEG, hacen a estos sistemas susceptibles del acople de otras

señales fisiológicas de origen no cortical. Por otro lado hay que tener en cuenta los

dispositivos que se utilizan para el registro y para la realización de experimentos,

que en ocasiones, resultan en fuentes de ruidos eléctricos y fı́sicos. Y por último,
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el entorno ajeno al experimento en el que se realicen las mediciones también juega

un papel fundamental. Al ser las señales EEG del orden de microvoltios, los cam-

pos eléctricos y magnéticos o incluso las vibraciones cercanas pueden provocar

deterioro en la calidad de las señales registradas. En función de estos tres facto-

res se definen tres tipos de ruidos: de origen fisiológico, de entorno y de equipo

experimental.

Artefactos fisiológicos: son todas aquellas señales indeseadas que produce

nuestro propio cuerpo. Algunas de ellas tienen un origen no eléctrico como

la presión sanguı́nea o la tensión de la piel. Estas señales suelen tener una in-

fluencia baja y constante en las señales EEG, por lo que el uso de un sistema

de tierra y referencia robusto es suficiente para eliminarlas. Por otro lado,

existen muchas señales de origen eléctrico que se mezclan con las señales

EEG de forma más errática y por lo tanto resultan más problemáticas. Los

movimientos oculares y los parpadeos generan una diferencia de potencial

entre la córnea y la membrana de Bruch. Cuando los movimientos oculares

son bruscos, estas señales electrooculográficas (EOG) son muy susceptibles

a acoplarse a las señales EEG dada la cercanı́a fı́sica entre el cuero cabelludo

y los ojos [122, 123] (ver figura 2.12). Los impulsos eléctricos de activación

muscular (EMG del inglés Electromyiographic) también suponen una fuente

de ruidos en las señales EEG, sobre todo aquellos que se producen en la

zona facial como gesticulaciones o presiones de mandı́bula [124, 125] (ver

figura 2.12). Por último, dada la propia definición de artefacto, puede suce-

der que una señal EEG inesperada, como potenciales evocados sensitivos,

contamine los fenómenos EEG bajo evaluación. El campo de los artefactos

fisiológicos es muy amplio y por ello existen muchas investigaciones orien-

tadas a caracterizarlos y eliminarlos o reducir su influencia. Se han diseñado

técnicas de regresión lineal [126] y de análisis de componentes independien-

tes (ICA del inglés Independent Component Analisys) [127] para encontrar y

eliminar artefactos EOG y EMG.

Artefactos de entorno: son señales cuyo origen se encuentra en el entorno en

el que se realiza la adquisición de datos EEG. Parpadeos luminosos o soni-

dos externos pueden provocar la aparición de potenciales corticales inde-
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seados [128]. Sistemas ajenos al experimento pueden provocar la aparición

de campos eléctricos y magnéticos que distorsionen las señales eléctricas

registradas por el equipo EEG. Este tipo de artefactos son los más fácilmen-

te evitables durante la fase de investigación, ya que basta con realizar los

registros en un entorno controlado libre de señales externas.

Artefactos del equipo experimental: se trata de señales cuyo origen es el equipo

y los métodos usados para la adquisición de señales EEG. Estos artefactos

suponen un reto mayor, ya que los elementos que los producen son nece-

sarios para la obtención de las señales deseadas. El ejemplo más claro de

este tipo de artefactos es la interferencia de la red eléctrica. La red eléctrica

introduce una corriente con una alta potencia a 50/60 Hz (dependiendo de

la región mundial). El método más común para lidiar con esta interferen-

cia es el uso de un filtro Notch elimina banda, aunque también es posible

usar un aislador eléctrico al que se conecten todos los dispositivos. Otros

muchos factores pueden influir en la aparición de este tipo de artefactos y

por lo general están asociados a las condiciones especı́ficas del equipo que

se esté usando, entre ellos, las pérdidas o contaminación de datos por el uso

de equipos inalámbricos, cables en mal estado, fallos en el hardware de los

equipos, etc.

2.9.2. Artefactos EEG durante el movimiento

En la historia de los sistemas BMI, la mayorı́a de estudios realizaba la adqui-

sición de datos sobre usuarios inmóviles o bajo condiciones de movimiento muy

reducidas. En los últimos años se ha comenzado a estudiar la evolución de las on-

das corticales durante la marcha humana con el objetivo de comprender mejor los

mecanismos cognitivos que se producen durante este proceso. Con estos conoci-

mientos se pretende mejorar las terapias de rehabilitación de miembro inferior.

Cuando se realizan registros EEG durante la marcha humana, existe un mayor

riesgo de acople de señales EMG musculares, ya que el cuerpo se encuentra en

un continuo movimiento [129]. Además aparecen otros artefactos a los cuales la

literatura se refiere como artefactos de movimiento que, están directamente aso-
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Figura 2.12: Artefactos electrooculares y musculares acoplados a las señales EEG
registradas en 31 canales

ciados al movimiento al que se ve sometido el usuario y el equipo [130]. Estos ar-

tefactos tienen su origen en variaciones de conductividad, que se producen entre

los electrodos y la cabeza por desplazamientos y asentamientos del gel dieléctri-

co usado en los sistemas BMI [131]. Se trata de un tipo de artefactos que afectan

principalmente a los registros EEG durante movimientos complejos y que, hasta

la fecha, han sido poco estudiados. En [132, 133], tras registrar señales EEG du-

rante marcha humana, el 47.41 % de los datos tuvieron que ser eliminados por

la afectación de artefactos de movimiento. En la presente Tesis Doctoral se eva-

luarán los artefactos producidos por cambios de conductividad durante la mar-

cha humana con el objetivo de caracterizar sus efectos y evitar grandes pérdidas

de datos durante los registros en movimiento [131].
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Capı́tulo 3

RESUMEN DE LAS

APORTACIONES

En este capı́tulo se describe de forma resumida cada una de las publicaciones

en revista que conforman las investigaciones realizadas en el marco de la presen-

te Tesis Doctoral. Además, también se describe una contribución a conferencia

internacional en la que se publicó los primeros resultados de uno de los trabajos.

Cada trabajo va acompañado de las figuras y tablas que se han considerado más

relevantes para comprender los objetivos perseguidos y los resultados obtenidos.

Todas las publicaciones pueden ser consultadas en los anexos B y C.
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3.1. Sistema de control bidimensional basado en ar-

tefactos electromiográficos como sistema suple-

mentario a un BMI

En este apartado se describen los primeros estudios que se realizaron sobre

algunos de los artefactos que afectan a las señales EEG y cómo se emplearon para

el diseño de un sistema de control bidimensinal. Esta parte de la Tesis Doctoral

cuenta con la siguiente publicación en revista impactada [134]:

R1: Á. Costa, E. Hortal, E. Iáñez, J. M. Azorı́n, A Supplementary System for

a Brain-Machine Interface Based on Jaw Artifacts for the Bidimensional Control

of a Robotic Arm, PLOS ONE, 9(11), Páginas: 1-13, 2014. Factor de Impacto

(2014): 3.234. Posición 9/57 en el área de Multidisciplinary Sciences (Q1).

DOI: 10.1371/journal.pone.0112352

3.1.1. Introducción

Este trabajo comienza como una primera toma de contacto con los artefactos

más comunes en las señales EEG. Estos artefactos son los de origen EMG pro-

ducidos en el área facial por gesticulaciones o movimientos mandibulares. Las

presiones de mandı́bula generan alteraciones en las ondas EEG registradas. Estas

alteraciones son de gran amplitud en comparación a las señales EEG no contami-

nadas, lo que las hace fácilmente detectables. Se trata de señales muy fáciles de

modular por un usuario, por lo que se decidió diseñar un sistema basado en ellas

que permitiese a una persona controlar el movimiento bidimensional de un cur-

sor en la pantalla y el movimiento bidimensional de un brazo robot para probar

su utilidad en el campo de la asistencia.

3.1.2. Materiales y Métodos

Inicialmente se realizan registros de señales EEG ante diferentes tipos de pre-

sión mandibular. La figura 3.1 muestra el paradigma utilizado durante estos re-

gistros que consta de varias repeticiones en las que al usuario se le pide, de
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forma pseudo-aleatoria, que realice diferentes tareas en periodos de 15 segun-

dos. Las tareas consistén en leves presiones de la zona izquierda y derecha de

la mandı́bula. Este paradigma tiene como base uno similar utilizado en trabajos

previos [135, 136].

Figura 3.1: Esquema del paradigma utilizado durante la adquisición de señales
EEG para gestionar la petición de tareas experimentales al sujeto.

Figura 3.2: Configuración de electrodos utilizada. Se obtiene la información prin-
cipal de los electrodos C3 y C4. Se utiliza la información cortical de los electrodos
de alrededor para aplicar un filtrado espacial.
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La adquisición se realizó con la distribución de 10 electrodos que se muestra

en la figura 3.2 donde C3 y C4 se comparan para diferenciar presiones a derecha e

izquierda. Los electrodos de alrededor se utilizan para aplicar un filtrado espacial

y resaltar las componentes de interés de C3 y C4. Para la adquisición señales EEG

en este experimento se utiliza el amplificador comercial de la compañı́a g.Tec (ver

anexo A.1)

Figura 3.3: Estudios frecuencial de la diferencia de potencial entre los electrodos
C3 y C4 ante presiones mandibulares a derecha e izquierda.

Se evaluá todo el ancho de banda de las señales mediante el método de máxi-

ma entropı́a de cálculo espectral (MEM del inglés Máximum Enthropy Method)

[137]. La figura 3.3 muestra que el pico de máxima diferenciación entre presión

a derecha e izquierda se produce alrededor de 75 Hz. El análisis de este rango

de frecuencias permite la diferenciación de 5 tareas diferentes relacionadas con

movimientos mandibulares (ver figura 3.4):

Presión derecha fuerte (Hard R).

Presión derecha suave (Soft R).

Relax (Relax)

Presión izquierda suave (Soft L).

Presión izquierda fuerte (Hard L).
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Figura 3.4: Diferencia de potencia entre C3 y C4 ante las diferentes tareas mandi-
bulares pedidas al usuario durante los experimentos.

Figura 3.5: División de tareas clasificables en función de los cuatro umbrales de-
finidos.

Además, es posible clasificarlas mediante el uso de los cuatro umbrales de-

finidos en la figura 3.5 (HR thr, SR thr, SL thr y HL thr). Tras ser capaces de

diferenciar entre 5 tareas se diseñan dos sistemas de control bidimensional basa-

dos en su clasificación.

3.1.3. Sistema de control de cursor

Este sistema permite controlar el movimiento de un cursor por la pantalla del

ordenador. Las presiones suaves a derecha e izquierda controlan los movimien-

tos en ambos sentidos de un eje y las presiones fuertes se utilizan para conmutar
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entre los ejes X e Y. La figura 3.6 muestra la máquina de estados de control de este

sistema y la figura 3.7 muestra la interfaz de movimiento del cursor. Este sistema

fue validado por 4 usuarios que realizaron 8 repeticiones de un experimento en

las que debı́an alcanzar 10 objetivos mediante el cursor. La tabla 3.1 muestra el

porcentaje de objetivos alcanzados por cada usuario en cada repetición. En la ta-

bla 3.2 se representa un coeficiente que indica el porcentaje de tiempo necesario

para alcanzar cada objetivo en relación al tiempo mı́nimo necesario para alcan-

zarlo con el sistema diseñado.

Tabla 3.1: Número de objetivos alcanzados por cada usuario en cada una de las
repeticiones del experimento.

Run 1 Run 2 Run 3 Run 4 Run 5 Run 6 Run 7 Run 8
Usuario 1 30 70 90 90 100 90 100 90
Usuario 2 100 100 100 100 100 100 100 100
Usuario 3 40 80 90 90 100 100 80 100
Usuario 4 80 80 100 100 90 90 100 100

Tabla 3.2: Coeficientes que indican el porcentaje de tiempo necesario para alcan-
zar cada objetivo con el cursor en relación al tiempo mı́nimo necesario para al-
canzarlo con el sistema diseñado.

Run 1 Run 2 Run 3 Run 4 Run 5 Run 6 Run 7 Run 8 Avg
1 0.636 0.688 0.815 0.790 0.784 0.824 0.733 0.801 0.759

2 0.868 0.915 0.891 0.927 0.856 0.802 0.900 0.914 0.884
Usuarios

3 0.657 0.768 0.812 0.740 0.739 0.791 0.825 0.784 0.765

4 0.834 0.742 0.838 0.814 0.727 0.801 0.767 0.820 0.793

Media 0.749 0.778 0.839 0.818 0.777 0.804 0.806 0.830 0.800

3.1.4. Sistema de control de un brazo robótico

Este sistema está basado en el control bidimensional del brazo robótico Fanuc

LR Mate 200iB (ver anexo A.2). Para ello es necesario implementar un sistema de

comunicación entre los algoritmos EEG de toma de decisiones y el controlador del

brazo robótico utilizado. La figura 3.8 muestra la máquina de estados de control

del brazo robótico a partir de las tareas detectadas por el sistema.
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Figura 3.6: Máquina de estados de control del cursor a partir de las tareas de
presión de mandı́bula.

Figura 3.7: Usuario realizando un experimento con la interfaz gráfica para el con-
trol del cursor.

Este sistema es validado por los mismos 4 usuarios que el sistema de control

del cursor. En este caso se pide que alcanzasen 8 objetivos localizados en el es-

pacio de trabajo (ver figura 3.9) y se calcula el ratio de tiempo necesitado para

alcanzar cada uno de ellos (ver tabla 3.2)
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Figura 3.8: Máquina de estados de control del brazo robótico a partir de las tareas
de presión de mandı́bula.

Figura 3.9: Espacio de trabajo del brazo robótico y localización de objetivos.

3.1.5. Resultados

En el primer sistema se puede observar un rápido incremento del control por

parte de los usuarios durante las primeras 3 repeticiones (Tabla 3.1). Tras estas

repeticiones, en la mayorı́a de casos, se alcanzan sin problemas todos los objeti-
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vos en tiempos muy cercanos al óptimo (Tabla 3.2). En el segundo sistema, dado

que los usuarios contaban con la experiencia adquirida en el primero, consiguen

alcanzar todos los objetivos en porcentajes de tiempo similares al caso anterior

(Tabla 3.3).

Tabla 3.3: Coeficientes que indican el porcentaje de tiempo necesario para alcan-
zar cada objetivo con el brazo robótico en relación al tiempo mı́nimo necesario
para alcanzarlo con el sistema diseñado.

Run 1 Run 2 Run 3 Run 4 Run 5 Run 6 Run 7 Run 8 Avg
1 0.856 0.768 0.931 0.894 0.680 0.904 0.833 0.816 0.835

2 0.904 0.955 0.707 0.669 0.904 0.899 0.855 0.859 0.844
Users

3 0.879 0.990 0.837 0.946 0.837 0.938 0.821 0.911 0.895

4 0.994 0.837 0.890 0.755 0.788 0.764 0.988 0.622 0.830

Avg 0.908 0.890 0.841 0.816 0.802 0.876 0.874 0.802 0.851

A parte de estos resultados, se realizá una comparativa en términos de velo-

cidad entre el sistema diseñado y otros sistemas desarrollados por nuestro grupo

de investigación: un sistema de control electrooculográfico (EOG) [138] y un sis-

tema BCI jerárquico basado en la detección de tareas mentales [105], ambos orien-

tados al control bidimensional. La comparación muestra que el sistema desarro-

llado en este trabajo es 1.4 veces más rápido que el sistema de control EOG y 24.78

veces más rápido que el BMI de tareas mentales.

3.1.6. Conclusiones

Los sistemas diseñados son aportaciones novedosas de la tesis, teniendo un

gran potencial como tecnologı́as asistenciales orientadas a facilitar las condicio-

nes de vida de personas que sufren problemas motores.

Las interfaces desarroladas se plantean como sistema suplementario a un BMI,

ya que emplean el mismo set de electrodos. La figura 3.10 muestra como el siste-

ma desarrollado durante este trabajo interactuarı́a con un sistema BMI. El sistema

BMI se encargarı́a de funciones no relacionadas con el control como la monitori-

zación de parámetros cognitivos del usuario y mediante una presión de mandı́bu-

la se cambiarı́a el control al sistema suplementario propuesto. Este sistema suple-
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mentario estarı́a orientado a tareas de control como seleccionar mediante una

interfaz otros modos de funcionamiento del BMI. Para devolver el control al sis-

tema BMI bastarı́a con relajar la mandı́bula durante unos segundos.

Figura 3.10: Esquema de la iteractuación entre el sistema suplementario desarro-
llado en este trabajo y un sistema BMI.
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3.2. Análisis de artefactos de movimiento en las señales

EEG durante la marcha humana

En este trabajo se comparan señales EEG de experimentos realizados durante

la marcha humana con otros realizados sin movimiento. Esta parte de la Tesis

Doctoral cuenta con una publicación en revista impactada [131]:

R2: Á. Costa, E. Iáñez, R. Salazar-Varas, A. Úbeda, J. M. Azorı́n, Characteri-

zation of Artifacts Produced by Gel Displacement on Non-invasive Brain-Machine

Interfaces during Ambulation, Frontiers in Neuroscience, 10, Páginas: 1-14,

2016. Factor de Impacto (2014): 3.656. Posición 82/252 en el área de Neu-

roscience (Q2). DOI: 10.3389/fnins.2016.00060

3.2.1. Introducción

Con los conocimientos adquiridos en el trabajo anterior sobre artefactos en

señales EEG se comienzan una serie de investigaciones que requieren de medi-

ciones EEG durante el movimiento. Esto genera la aparición de nuevos tipos de

artefactos que, hasta la fecha, han sido poco estudiados y que se pretende abordar

durante este trabajo.

3.2.2. Participantes y experimento

Se parte de registros de cuatro experimentos distintos. El primero se trata de

un experimento de imaginación de tareas motoras realizado por usuarios que

permanecen sentados en una silla sin realizar movimientos durante las pruebas.

Este experimento forma parte de diferentes trabajos previos [135]. En los otros

tres experimentos se registran señales corticales durante la marcha humana. En

las figuras 3.11A y 3.11B se pueden observar los entornos experimentales de cada

tipo de registro. Además, en la tabla 3.4 se muestran las especificaciones de cada

uno de los experimentos realizados.
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Tabla 3.4: Número de participantes, runs, duración y condiciones de cada set de
datos.

Set de Edad No Runs Duración
Datos Participantes (media±STD) Total Run (min) Condición

1 3 26.6±4.0 24 5 Movimiento
2 10 26.6±3.9 160 4 Movimiento
3 3 25.6±2.8 48 3 Movimiento
4 12 27.3±4.6 144 4 No Movimiento

Figura 3.11: Entornos en los que se desarrollaron los registros utilizados en es-
te trabajo. (A) Entorno de registros realizados durante la marcha.(B) Entorno de
registros realizados sin movimiento.

Figura 3.12: Configuraciones de electrodos para los experimentos durante la mar-
cha (32 electrodos) y para los experimentos sin movimiento (16 electrodos).

Todos los experimentos se realizan con el el equipo de adquisición cortical de

la compañia g.Tec (ver anexo A.1). La distribución de electrodos utilizada en am-

bos experimentos cubre las áreas motoras y premotoras. Como se puede ver en la

56



figura 3.12, para los experimentos realizados durante la marcha, se utilizaba una

distribución espacial de electrodos mayor (32 electrodos) que para el experimento

de tareas motoras (16 electrodos).

3.2.3. Identificación de ruidos

Tras un primer análisis de todos los registros se identifican dos tipos de arte-

factos de alta amplitud relacionados con fallos de conductividad entre los elec-

trodos y el cuero cabelludo. Estos artefactos se manifiestan como amplitudes por

encima del rango tipico de los potenciales EEG durante repeticiones completas de

algún experimento (primer tipo de ruido denominadoHA noise) y como cambios

repentinos de la amplitud en puntos intermedios de una repetición (segundo tipo

de ruido denominado SA noise) (ver figura 3.13).

Figura 3.13: Tipos de ruidos identificados tras la inspección de las señales evalua-
das.

Se diseña un algoritmo de identificación y clasificación de estos artefactos a

partir de la desviación estándar de cada electrodo. En la figura 3.14 se muestra
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las áreas afectadas en cada experimento por el ruido. Por otro lado, en la figura

3.15 se representan los niveles de afectación de cada tipo de ruido para los experi-

mentos realizados durante la marcha humana, remarcando el nivel de afectación

con respecto al total de datos analizados y las áreas en las que se producen más

ruidos.

Figura 3.14: Áreas afectadas por los fallos de conductividad en cada uno de los
experimentos realizados.

Estos resultados se resumen en la tabla 3.5, donde se muestra para cada expe-

rimento, la cantidad de ruidos de cada tipo y los porcentajes en los que afectan a

las señales EEG.
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Tabla 3.5: Número de cada tipo de ruido encontrado, porcentajes con respecto al
número total de ruidos y con respecto al número total de datos para cada uno de
los sets evaluados.

Movimiento No Movimiento
DS 1 DS 2 DS 3 Media DS 4

HA-N (n◦ canales) 11 107 22 - 66
SA-N (n◦ canales) 39 302 113 - 0

Total-N (n◦ canales) 50 409 135 - 66
Total-R (n◦ canales) 768 5120 1536 - 2304

HA-N vs Total-N ( %) 22.00 26.16 16.30 21.49 100.00
SA-N vs Total-N ( %) 78.00 73.84 83.70 78.51 0.00
HA-N vs Total-R ( %) 1.43 2.09 1.43 1.65 2.86
SA-N vs Total-R ( %) 5.08 5.90 7.36 6.11 0.00

Total-N vs Total-R ( %) 6.51 7.99 8.79 7.76 2.86

Figura 3.15: Nivel de afectación de cada tipo ruido en los experimentos realizados
durante la marcha humana.

3.2.4. Caracterización temporal de ruidos

Además, se analizan los máximos de la señal segmentada (SMA del inglés

Segment Maximum Average) para varias repeticiones consecutivas de los cuatro

experimentos. Se trata de un parámetro desarrollado durante este trabajo que se
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calcula de acuerdo al algoritmo de la figura 3.16 y que proporciona una aproxi-

mación de la amplitud máxima media de la señal durante un periodo de tiempo

concreto. En la figura 3.17 se muestra la evolución de este parámetro para cada

experimento.

Figura 3.16: Procedimiento para el cálculo del Segment Maximun Average (SMA).

Figura 3.17: Evolucin del parámetro SMA a lo largo de repeticiones consecutivas
de cada uno de los experimentos.
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3.2.5. Caracterización frequencial de ruidos

Por último, se calculá el espectro de todas las repeticiones ruidosas y se com-

paran en media con el de las señales no ruidosas mostrando diferencias significa-

tivas a todas las frecuencias entre 5 y 90 Hz (ver figura 3.18).

Figura 3.18: Comparativa de las medias de todos los electrodos ruidosos contra
los no ruidosos. Las areas sombreadas muestran los percentiles 25 y 75 del total
de señales promediadas.

3.2.6. Conclusiones

De estos resultados se comprueba que el HA noise es la única fuente de rui-

do de los registros realizados sin movimiento (tabla 3.5) y que, bajo estas condi-

ciones, los registros permanecen ruidosos durante repeticiones consecutivas del

experimento (figura 3.17). Esto se debe a fallos en la conductividad entre el elec-

trodo y la cabeza por una mala colocación del gel durante la instrumentación.

Por otro lado, estos ruidos son los que menos afectan a los registros durante la

marcha (tabla 3.5), ya que el movimiento inherente a estos experimentos provoca

asentamientos del gel mal colocado mejorando la conductividad a lo largo de re-

peticiones consecutivas (figura 3.17). Por otro lado, se comprueba que el SA noise

es la mayor fuente de ruido de los registros durante la marcha habiendo conta-

minado el 6.11 % de todos los datos obtenidos bajo estas condiciones.
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Con este trabajo se obtuvo una novedosa caracterización de artefactos que se

deben tener en cuenta durante la realización de estudios que impliquen movi-

mientos complejos como la marcha humana. Con ello se pretende evitar que los

resultados que se obtengan al realizar estos experimentos estén condicionados

por los artefactos y puedan ser malinterpretados.
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3.3. Detección del nivel de atención en la marcha a

partir de señales EEG

Este último trabajo se centra en la evaluación del nivel de atención que un

usuario experimenta durante la marcha humana a partir de sus señales EEG con

el objetivo de proporcionar realimentación cortical a un exoesqueleto robótico de

rehabilitación de miembro inferior. Esta parte de la Tesis Doctoral cuenta con una

publicación en congreso [139] y una en revista impactada [140]:

R3: Á. Costa, E. Iáñez, A. Úbeda, E. Hortal, A. J. Del-Ama, Á. Gil-Agudo,

J. M. Azorı́n. Decoding the Attentional Demands of Gait through EEG Gam-

ma Band Features, PLOS ONE, 11(4), Páginas: 1-21, 2016. Factor de Impacto

(2014): 3.234. Posición 9/57 en el área de Multidisciplinary Sciences (Q1).

DOI: 10.1371/journal.pone.0154136

C1: Á. Costa, E. Iáñez, A. Úbeda, D. Planelles, E. Hortal, J.M. Azorı́n. Experi-

mental Setup and First Results of a BCI System for Attention Levels Classification

During Gait. Workshop Proceedings on Neuro-Robotics for Patient-Specific

Rehabilitation. International Conference on Autonomous Intelligent Sys-

tems (IAS-13), Padova, Italia, Páginas: 470-473, 2014.

3.3.1. Introducción

Este trabajo se basa en el diseño de un entorno experimental que permita el

registro de señales EEG asociadas a diferentes niveles de atención. Sobre estos

registros, se aplican los protocolos de eliminación de artefactos presentados en

secciones anteriores y, las señales resultantes, se someten a diferentes algoritmos

de procesamiento, separabilidad de clases y classificación para extraer aquellas

caracteristicas que nos permitan identificar mejor el nivel de atención.

3.3.2. Materiales y Métodos

Para registrar señales EEG que correspondan con diferentes niveles de aten-

ción en la marcha humana se diseñó un experimento basado en el paradigma de
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la tarea dual. Se basa en que un usuario debe realizar simultáneamente dos ta-

reas. Una de estas tareas será siempre fija, en nuestro caso, la marcha humana. La

otra tarea será distinta en diferentes repeticiones con el objetivo de modificar el

nivel de atención que el usuario tiene sobre la primera tarea. En la figura 3.11A se

puede apreciar el entorno experimental. El usuario camina en una cinta de andar

(ver anexo A.3) equipado con el equipo de adquisición EEG de g.Tec (ver anexo

A.1). De nuevo se utiliza la configuración de 32 electrodos mostrada en la figura

3.12.

La figura 3.19 muestra el paradigma experimental. Una repetición del expe-

rimento consta de cuatro tareas en las cuales el usuario siempre se encuentra

andando en la cinta. La primera tarea se considera nivel medio de atención y

consiste en andar sin distracciones mirando una pantalla en blanco situada frente

al usuario. Durante la segunda y tercera tarea se pide al usuario que realice men-

talmente unas operaciones matemáticas (tarea 2) y que vea un video sin audio y

con subtı́tulos que aparecen por pantalla (tarea 3). Ambas tareas se consideran

nivel bajo de atención en la marcha, ya que el usuario centra su atención en ta-

reas externas no relacionadas con el proceso motriz. Por último, en la cuarta tarea

el usuario debe seguir unas marcas situadas en la cinta de correr con un patrón

no estable. Esta tarea lo fuerza a concentrarse en donde poner los pies en cada

pisada, por lo que se considera como nivel alto de atención en la marcha.

Figura 3.19: Paradigma utilizado durante la adquisicin de señales EEG ante dife-
rentes niveles de atención durante la marcha.

Puesto que en la literatura existen multitud de fenómenos EEG asociados con
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el nivel de atención en diferentes rangos frecuenciales se decidió realizar un es-

tudio espectral de las 6 bandas de frecuencias que componen el ancho de banda

de las señales EEG: delta (1-4Hz), theta (4-8 Hz), alpha (8-12 Hz), beta (12-30 Hz),

gamma baja (30-50 Hz) y gamma alta (50-90 Hz). En la figura 3.20 se pueden

apreciar las distribuciones espaciales de cada una de las 4 tareas a las diferentes

bandas frequenciales.

Figura 3.20: Distribución espacial de la media de las caracterı́sticas frecuenciales
para cada una de las bandas de frecuencia y las tareas de atención

Este experimento fue realizado por 10 usuarios sanos y 3 pacientes con lesión

incompleta de médula espinal del Hospital Nacional de Parapléjicos de Toledo.
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Las señales fueron evaluadas de acuerdo al protocolo definido en la sección 3.2

en busca de electrodos ruidosos. La información contaminada, que supuso un

2,71 % de los datos, fue sustituida utilizado información de electrodos vecinos no

contaminados. Tras extraer las caracterı́sticas de cada rango de frecuencia se cal-

culó la distancia de Bhattacharyya entre las clases para saber dónde se producı́a

la máxima separabilidad. La tabla 3.6 muestra que las bandas gamma baja y alta

presentaban los mejores valores de separabilidad, por lo que se usaron para una

etapa de clasificación.

Tabla 3.6: Distancias de Bhattacharyya para cada combinación de tareas:A es an-
dar sin distracciones, B es andar realizando operaciones, C es andar viendo un
video y D es andar siguiendo las marcas.

AB AC AD BC BD CD
1-4Hz 16.62* 17.86* 16.32* 1.68 1.52 1.68
4-8Hz 9.25 9.76 9.63 0.85 1.36 1.20

8-12Hz 8.68 9.32 9.35 1.06 1.84 1.60
12-30Hz 8.82 9.32 9.89 1.35 2.95 2.61
30-50Hz 8.22 8.88 9.64 1.86** 4.96** 4.19**
50-90Hz 9.41** 10.81** 11.40** 3.98* 7.23* 5.91*

En la fase de clasificación se emplearon 5 classificadores diferentes: máquina

de vector soporte (SVM, del inglés Support Vector Machine), bayesiano ingenuo

(NB del inglés Naive Bayes), análisis discriminante lineal (LDA), K-vecinos más

cercanos (KNN) y árbol de decisión (DTL del inglés Decision Tree Learning). Se

aplicó un proceso de validación cruzada para obtener los resultados de clasifica-

ción de cada usuario sano y paciente.

3.3.3. Resultados

En la tabla 3.7 se muestran los resultados medios de clasificación y las des-

viaciones estándar para las caracterı́sticas de las bandas gamma baja y gamma

alta. En ella se puede observar que los valores máximo se obtienen para el clasi-

ficación SVM en la banda gamma alta con un 66.98 % de aciertos. Además en la

figura 3.21 se muestra la clasificación media y desviación de cada clasificador di-

vidido en bandas de frecuencia y usuarios sanos y pacientes. Además, se muestra

el valor matemático del nivel aleatorio (chance level) para un sistema de las carac-
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terı́sticas descritas. Aunque a simple vista se observa que los resultados obtenidos

están por encima del aleatorio, se realizó un test Wilcoxon de significancia entre

cada clasificador y el nivel aleatorio calculado que confirmó esta significancia.

Tabla 3.7: Valores de clasificación y desviación estandar de cada usuario para las
bandas gamma alta y gamma baja.

γlow
SVM NB LDA KNN DTL

H1 77.38±12.38 52.02±12.37 78.10±5.66 73.38±14.03 73.29±6.49
H2 68.86±12.05 44.17±9.60 67.74±9.54 65.99±13.27 59.43±13.36
H3 76.89±6.45 53.52±7.43 72.99±7.38 73.71±9.96 69.76±7.13
H4 68.38±3.99 36.44±3.82 62.74±4.16 66.18±3.59 61.25±4.71
H5 76.37±7.62 60.62±8.01 72.31±8.05 72.73±8.54 66.32±5.81
H6 70.31±15.06 45.79±8.94 69.62±14.81 67.40±14.44 61.31±9.92
H7 59.36±6.47 33.81±6.73 54.52±6.43 58.05±9.09 52.07±6.63
H8 68.74±7.79 37.09±6.28 59.40±5.13 66.60±8.71 60.29±6.77
H9 67.00±6.85 39.22±9.82 63.37±6.16 65.31±8.36 58.94±4.69

H10 57.42±6.57 31.38±7.49 54.87±5.67 52.31±9.84 50.81±5.08
H11 60.51±8.24 47.41±8.93 75.38±9.71 67.24±6.69 62.39±6.86
H12 71.66±9.22 61.37±5.09 72.31±6.65 72.63±7.90 68.00±5.92
P1 53.66±7.00 40.95±4.33 62.72±3.92 54.09±3.94 51.83±6.47
P2 67.56±4.33 37.28±5.65 62.39±10.71 71.12±5.40 63.36±4.42
P3 48.28±2.96 28.99±4.16 50.54±4.18 52.05±6.54 49.14±5.15

Media 66.16±11.54 43.34±12.02 65 .27±10.53 65.27±11.84 60.55±9.95

Sujetos γhigh
H1 77.15±13.33 36.31±11.68 78.47±7.49 74.03±14.94 73.35±7.55
H2 69.89±14.41 41.48±8.54 71.53±12.24 67.79±14.63 62.97±11.89
H3 77.15±7.15 47.11±6.30 74.51±7.22 72.99±10.63 69.79±7.79
H4 68.99±3.20 26.83±2.98 63.80±4.34 67.79±4.25 62.83±4.19
H5 77.65±7.88 62.36±8.19 78.32±7.60 73.31±9.61 68.75±7.78
H6 71.49±16.78 50.18±10.00 71.17±14.90 67.78±14.64 60.83±12.74
H7 59.87±8.66 33.39±6.06 57.39±6.44 56.37±10.95 52.17±8.54
H8 73.88±10.11 33.46±6.57 66.18±10.10 72.32±12.57 67.92±9.48
H9 65.80±7.84 38.87±7.00 63.51±6.74 62.89±8.56 57.00±6.90

H10 58.48±5.70 32.69±5.83 55.66±5.94 56.96±8.24 53.74±9.91
H11 63.63±9.86 60.08±10.63 67.30±8.67 66.43±10.38 61.48±7.91
H12 71.07±10.81 60.67±5.62 75.86±7.47 78.45±10.88 74.46±6.04
P1 50.75±5.27 36.75±5.65 59.81±4.39 58.19±6.96 53.77±6.59
P2 69.94±6.85 39.55±8.42 67.46±9.34 73.81±6.38 68.00±7.02
P3 48.92±2.47 28.34±3.98 53.45±5.89 55.50±6.96 54.20±4.94

Media 66.98±12.46 41.87±11.95 66.96±11.59 66.97±12.52 62.75±10.82
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Figura 3.21: Resultados medios de la classificación de las 4 tareas de atención para
usuarios sanos y pacientes. Se validan caracterı́sitcas de las bandas gamma alta y
gamma baja con 5 clasificadores

3.3.4. Conclusiones

Los resultados obtenidos en este trabajo son una aportación relevante de es-

ta Tesis Doctoral demuestran que existe información cortical relacionada con el

nivel de atención durante la marcha en la banda gamma de frecuencia. También

resultan prometedores de cara al diseño de sistemas en tiempo real que permitan

calcular este nivel durante terapias de rehabilitación. Para ello, sin embargo, es

necesario realizar ciertos ajustes para adaptar el sistema presentado en este traba-

jo. Por un lado, es necesario reducir la cantidad de tareas de cuatro a tres ya que

68



dos de las tareas corresponden al mismo nivel de atención. Con esto, se reducen

los tiempo necesarios para entrenar el sistema y se incrementan los porcentajes

de acierto. También es necesaria la implementación de algoritmos robustos de

eliminación de artefactos en tiempo real para evitar que los resultados de clasifi-

cación pierdan su validez. Y por último se debe proveer un ı́ndice de atención en

función de los valores de clasificación para reducir la influencia de las tareas mal

clasificadas.
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Capı́tulo 4

CONCLUSIONES Y TRABAJOS

FUTUROS

4.1. Conclusiones

Todos los años, entre un cuarto y medio millón de personas en el mundo su-

fren lesiones medulares [2]. En su mayorı́a se trata de personas entre 16 y 30 años

que han sufrido accidentes o caı́das evitables. Estas lesiones se asocian a meno-

res tasas de escolarización y participación económica, lo que supone un costo

importante a la sociedad y a quienes las padeces. En los 6 primeros meses de

rehabilitación, se obtienen los mayores beneficios motores y psicológicos, por lo

que es necesario disponer de herramientas que nos permitan aplicar terapias muy

focalizadas según la lesión especifica de cada paciente. Por todos estos motivos,

existe un interés creciente orientado a mejorar las terapias de rehabilitación de

estas personas y desarrollar investigaciones que les proporcionen una mayor au-

tonomı́a.

Esta tesis se ha centrado en el desarrollo de interfaces cerebrales de asisten-

cia y en la edición de mecanismos cognitivos durante la marcha humana. Estas

herramientas proporcionan mecanismos de asistencia durante las terapias, ası́ co-

mo información sobre el estado cognitivo del paciente, de forma que el sistema

de rehabilitación podrı́a ser reajustado para adaptarse a cada persona.

Las aportaciones más relevantes de esta tesis son las siguientes:

Se han identificado los artefactos faciales que más afectan a las señales EEG.
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Mediante esta identificación, se ha desarrollado un sistema basado en elec-

trodos EEG capaz de detectar 5 niveles de presiones de mandı́bula para el

movimiento bidimensional de un dispositivo. Este sistema ha sido imple-

mentando para el control de un cursor y de un brazo robótico.

Se ha demostrado la existencia de artefactos asociados a cambios de con-

ductividad en los electrodos EEG, cuya contribución se incrementa durante

la marcha humana. A partir de este estudio, se han caracterizado las zonas

del cuero cabelludo donde se originan, en mayor medida, estos artefactos

en función del tipo de experimento realizado.

Se han aplicado estos conocimientos en experimentaciones realizadas du-

rante la marcha con el objetivo de obtener información de los mecanismos

cognitivos humanos a partir de señales EEG.

Se han obtenido resultados de gran relevancia en la clasificación del nivel

de atención durante la marcha humana a partir de la evaluación de las com-

ponentes de la banda gamma. Los resultados son prometedores de cara a la

implementación de un sistema en tiempo real orientado a la rehabilitación.

4.2. TRABAJOS FUTUROS

Dado que el estudio de señales EEG durante la marcha humana es un campo

que ha comenzado a ser investigado por la comunidad cientı́fica en la última

década, todavı́a hay que hacer grandes avances en el mismo. En este trabajo se

han establecido las bases para realizar estas investigaciones teniendo en cuenta la

influencia de los artefactos y se han realizado diversos estudios prometedores en

el campo de la evaluación de mecanismos cognitivos y la asistencia Sin embargo,

es necesario seguir desarrollando las siguientes lı́neas para que, a partir de estos

resultados, puedan desarrollarse aplicaciones reales en el campo de la asistencia

y de la rehabilitacin::

Mejora de la interfaz de control bidimensional: esta investigación permitirı́a

gran precisión en la clasificación de presiones mandibulares. Un estudio

más profundo podrı́a permitir el desarrollo de interfaces de control en 2
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dimensiones de forma simultánea e incluso en 3 dimensiones modulando

el nivel de presión de mandibular a derecha e izquierda de forma individual

referenciándolos a un tercer electrodo.

Estudio de artefactos fisiológicos durante la marcha: en este trabajo se han

evaluado los artefactos producidos por cambios de conductividad. Pero an-

te el movimiento, también se incrementa la actividad EMG. Esta es otra im-

portante fuente de ruido que puede afectar a las ondas corticales registradas

y que debe ser evaluada para dotar de mayor validez a los estudios basados

en señales EEG adquiridas durante la marcha.

Detección de niveles de atención en tiempo real: el objetivo consiste en pro-

porcionar a un exoesqueleto de rehabilitación de miembro inferior, un ı́ndi-

ce representativo del nivel de atención, que pueda ser utilizado para adap-

tar el nivel de asistencia proporcionado al paciente durante su terapia.

Evaluación de artefactos de BMI junto con los sistemas de rehabilitación: es

común el uso de exoesqueletos orientado a la rehabilitación. Estos sistemas

se acoplan a las extremidades de los pacientes para asistirles. Dadas sus

propiedades mecánicas y eléctricas, es necesario evaluar su influencia sobre

las señales EEG en el caso de que se desarrollen sistemas multidisciplinares

en las que se apliquen ambas técnicas.

Evaluación de las terapias: en este trabajo se han realizados pruebas preli-

minares con pacientes, sin embargo, de cara a los sistemas finales de reha-

bilitación basados en estas tecnologı́as, es necesario realizar pruebas con un

mayor número de pacientes. Además los resultados se deben comparar con

una población de control para asegurar los beneficios de estos sistemas res-

pecto a las terapias más clásicas.
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[134] Á. Costa, E. Hortal, E. Iáñez, y J. M. Azorı́n, “A supplementary system for a

brain-machine interface based on jaw artifacts for the bidimensional control

of a robotic arm,” PloS one, vol. 9, no. 11, p. e112352, 2014.
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A.1. Equipo de adquisición EEG: gTec

El g.USBAmp (Figura A.1e) es un sistema de adquisicion/procesamiento y

amplificación de bioseñales de alto rendimiento y precisión comercializado por

g.tec medical engineering. Este equipo permite la adquisición de multiples tipos

de señales como encefalográficas, cardiacas, musculares, electrooculares y respi-

ratorias entre otros muchos parámetros fisiológicos y fı́sicos. Este amplificador

permite la adquisición simultánea de 16 canales. Cada uno de estos canales pue-

de tener una frecuencia de muestreo de hasta 38.400 Hz con una resolución de

24 bits. Las señales adquiridas tienen un rango de voltaje de ± 250 mV, con una

resolución inferior a 30 nV. Internamente, el equipo dispone de filtros hardware

paso banda y notch configurables.

El resto de los componentes utilizados para la adquisición de las señales EEG

son los siguientes:

g.GAMMAbox (Figura A.1f): caja de preamplificacón para los 16 canales.

Hace de interfaz entre el amplificador g.USBAmp y los electrodos.

g.GAMMAconnector (Figure A.1g): cable de conexión entre el amplificador

g.USBAmp y la caja de interfaz g.GAMMAbox. Tiene una longitud de unos

40 cm.

g.GAMMAcap (Figura A.1a): gorro con corte optimizado para un ajuste

perfecto, costuras flexibles para la colocación de electrodos de alta densi-

dad, etiquetado con 74 posiciones estándar (siguiendo el sistema interna-

cional 10-10 o 10-20 extendido) además de 86 posiciones intermedias adi-

cionales. Se puede utilizar tanto con un conjunto de correas en el pecho

como con una correa de la barbilla.

g.LADYbird (Figura A.1b): electrodo de anillo activo que se puede utilizar

con g.GAMMAcap (para señales EEG) o con una arandela adhesiva (para

ECG, EMG, EOG). Está formado por una corona sintetizada de Ag/AgCl,

con una longitud de 125 cm y conector de seguridad de 2 pines.

g.LADYbirdGND (Figura A.1c): electrodo de anillo pasivo para conexión de

tierra. Al igual que el electrodo g.LADYbird se puede utilizar con g.GAMMAcap
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(EEG) o con la arandela adhesiva (ECG, EMG, EOG). El resto de caracterı́sti-

cas también son idénticas a estos electrodos pero de color amarillo.

g.GAMMAearclip Ag/AgCl (Figure A.1d): pinza para sujeción en la oreja

con conector de seguridad de dos polos. Al igual que los electrodos anterio-

res, está formado por una corona sintetizada de Ag/AgCl, con una longitud

de 125 cm.

Tierra ESD (Figura A.1e): pulsera antiestática que permite conectar la muñeca

de un usuario a la tierra del g.USBamp.

Figura A.1: Equipo de registro EEG de g.Tec.
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A.2. Robot industrial: Fanuc

El Fanuc LR Mate 200iB (ver Figura A.2a) es un robot industrial de seis ejes

fabricado por Fanuc Robotics. Se trata de un robot de construccin modular impul-

sado por servos eléctricos. Es un robot para montaje en mesa diseñado para una

amplia variedad de procesos de fabricación y está diseñado para proporcionar

la máxima flexibilidad y precisión con un diseño compacto. Este sistema dispone

de la consola de control manual Teach Pendant A05B-2301-C301 (ver Figura A.2b)

ası́ como de unas librerı́as de C para la programación de rutinas por software.

Entre sus aplicaciones se pueden destacar el manejo de materiales, procesos

de carga y descarga, electrónica y sala blanca, tareas de limpieza de piezas, mon-

taje/ensamblado o extracción de material. Sus caracterı́sticas principales son la

velocidad de 480◦ por segundo de sus ejes, su conector de efector final integra-

do en la muñeca, frenos a prueba de fallos, servomotores sin escobillas AC para

minimizar el mantenimiento del motor, rodamientos y unidades selladas y mo-

tores y cableado ubicados internamente para la protección del medio ambiente.

Además, el sistema cumple con el estándar IP65 para evitar el daño por polvo y

lı́quidos.
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Figura A.2: Robot industrial Fanuc LR Mate 200iB.
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A.3. Cinta de correr: Proform Performance 750

Esta cinta (ver figura A.3) dispone de un potente motor que permite un mo-

vimiento constante y suave. Puede alcanzar una velocidad punta de 18 Km/h en

incrementos de 0.1 Km/h. Permite un cambio rápido de velocidad desde la con-

sola mediante la pulsación de un botón y sin interrumpir el movimiento. Además

hace posible el cambio de inclinación durante el movimiento, entre 0 y 10 % con

intervalos de 1 %. Dispone de una superficie antideslizante de carrera de 51 cm x

140 cm.

Figura A.3: Cinta de correr Pro-form Performance 750.
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A Supplementary System for a Brain-Machine Interface
Based on Jaw Artifacts for the Bidimensional Control of a
Robotic Arm
Álvaro Costa*, Enrique Hortal, Eduardo Iáñez, José M. Azorı́n

Brain-Machine Interface Systems Lab, Miguel Hernández University, Elche, Spain

Abstract

Non-invasive Brain-Machine Interfaces (BMIs) are being used more and more these days to design systems focused on
helping people with motor disabilities. Spontaneous BMIs translate user’s brain signals into commands to control devices.
On these systems, by and large, 2 different mental tasks can be detected with enough accuracy. However, a large training
time is required and the system needs to be adjusted on each session. This paper presents a supplementary system that
employs BMI sensors, allowing the use of 2 systems (the BMI system and the supplementary system) with the same data
acquisition device. This supplementary system is designed to control a robotic arm in two dimensions using
electromyographical (EMG) signals extracted from the electroencephalographical (EEG) recordings. These signals are
voluntarily produced by users clenching their jaws. EEG signals (with EMG contributions) were registered and analyzed to
obtain the electrodes and the range of frequencies which provide the best classification results for 5 different clenching
tasks. A training stage, based on the 2-dimensional control of a cursor, was designed and used by the volunteers to get used
to this control. Afterwards, the control was extrapolated to a robotic arm in a 2-dimensional workspace. Although the
training performed by volunteers requires 70 minutes, the final results suggest that in a shorter period of time (45 min),
users should be able to control the robotic arm in 2 dimensions with their jaws. The designed system is compared with a
similar 2-dimensional system based on spontaneous BMIs, and our system shows faster and more accurate performance.
This is due to the nature of the control signals. Brain potentials are much more difficult to control than the
electromyographical signals produced by jaw clenches. Additionally, the presented system also shows an improvement in
the results compared with an electrooculographic system in a similar environment.
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Introduction

In our society there is an increasing concern about helping and

assisting people who suffer from motor disabilities. Emerging from

this concern, each day, different areas of research are focusing

their efforts on developing Human-Machine systems to help

people suffering from these conditions [1,2]. Brain-Machine

Interfaces (BMIs) are a clear example of these systems. Depending

on the nature of the neural phenomenons analyzed, these systems

can be classified as evoked or spontaneous. On the one hand,

spontaneous BMIs study those brainwaves that can be voluntarily

controlled by a subject. To achieve this control it is usually

necessary to have a training period during which the users learn

how to control their brain potentials. On the other hand, evoked

BMIs rely on the analysis of brain potentials that cannot be

controlled by the users. These potentials appear in response to a

external stimulus like flashlights or sounds among others [3,4].

Spontaneous systems are usually focused on generating commands

to control a device taking advantage of the users capability to

control their EEG signals [5–7]. Regarding evoked systems, there

are studies focused on generating control commands [8,9] and also

on the evaluation of the brain response to different external

stimulus with diagnosis purposes [10–12]. Besides, BMIs (both

spontaneous and evoked) are used on other topics in the field of

human health, such as the measurement of the mental state of a

patient (workload, attention level, emotional state,...) [13] or as

support systems on rehabilitation processes [14].

BMI systems can also be divided into two big groups depending

on the invasion level needed to register signals. Invasive BMI

systems register signals directly from the brain using electrodes

implanted inside the cortex [15,16]. This method provides an

excellent signal to noise ratio because the electrodes used are

placed much closer to the source of the electrical signals. However,

their use is limited due to the risk and ethical questions associated

to the surgery needed to implant the electrodes under the scalp.

On the other hand, for non-invasive BMIs, surgery is not needed.

Instead, a set of electrodes is placed over the scalp in order to

register the EEG signals. Nowadays, there are many studies

PLOS ONE | www.plosone.org 1 November 2014 | Volume 9 | Issue 11 | e112352



focused on helping people with motor diseases based on non-

invasive BMI systems, like [17–19]. The main disadvantage of

non-invasive BMI systems is the quality of the registered signals.

Due to volume conduction which is defined as the property,

associated to biological tissues, of transmiting electric and

magnetic fields from an electric primary source current, the scalp

filters electric signals from the brain and there is mixing of signals

from different sources. This makes difficult to isolate the signals

produced in a single brain area. Due to the localization of those

electrodes, EEG signals are also contaminated by several noise

sources produced by other physiological factors like blood

pressure, skin tension, muscular and ocular movements, etc. All

of these unwanted signals are considered artifacts when the goal of

the study is to evaluate how EEG signals behave. For that reason,

on non-invasive systems, the signal to noise ratio is a critical factor

and detecting and filtering artifacts is a fundamental part of the

data analysis [20–22].

Some signals (usually considered artifacts on BMI systems) can

be controlled by users, like those produced by voluntary

movements of the eyes (electrooculographic (EOG)) and muscles

(electromyographic (EMG)). In this work, the use of EMG signals

generated voluntarily by subjects is proposed in order to

implement a supplementary system for a BMI. The architecture

that appears in Figure 1 shows how this system and the BMI

system will coexist. The main advantage of this architecture is that

they share the same set of EEG electrodes, instead of including

EMG electrodes or other sensors.

The supplementary system proposed uses EMG signals

(extracted from the EEG signals of the BMI), which are generated

by the users clenching their jaws, in order to control the 2-

dimensional movement of a robotic arm. These clench signals

affect a wide range of frequencies (1–128 Hz) according to [23].

For that reason is not possible to use this system simultaneously

with a BMI system. However, it is possible to freely alternate

between both systems (non-simultaneous control). The proposed

system, controlled voluntarily by the user as in a spontaneous

BMI, has a decreased training time, improved classifier stability

and accuracy, and an increased number of the detected tasks.

Since this system allows users a better control of a device, it could

be used as a complement for a BMI focused on solving other

problems also related with the improvement of the quality of life of

people with disabilities. For example, internet browsers based on

evoked potentials [24] can be complemented with the supplemen-

tary system described on this article. Thus the evoked BMI could

be used to write text in the browser, while our system could be

used to control the cursor.

Materials and Methods

Data Acquisition
EEG signals are acquired using an amplifier (g.USBamp, g.Tec,

GmbH, Austria) with active electrodes to increase their signal/

noise ratio by introducing a pre-amplification stage (g.GAMMA-

box, g.Tec, GmbH, Austria). The acquisition of EEG signals is

done using 10 electrodes placed over the scalp with the following

distribution: FC5, FC1, FC2, FC6, C3, C4, CP5, CP1, CP2 and

CP6 (see Figure 2) according to the International 10/10 System,

with a monoauricular reference in the right earlobe and ground in

AFz. Information is digitalized at 1200 Hz. A bandpass filter from

0.1 to 100 Hz has been applied. Also, a 50 Hz Notch filter to

remove the power line interference is used. Finally, all the data are

sent to a computer system where the processing and classification

algorithms are applied. Figure 3 shows an image of the equipment

used for the EEG recordings. Electrodes C3 and C4 are the main

goal of our analysis. Their readings show the best classification

results compared to the other electrodes analyzed. These

electrodes are also associated with the sensorimotor areas where

right and left motor imagery tasks are detected. The other

electrodes shown in Figure 2 (FC5, FC1, FC2, FC6, CP5, CP1,

CP2, CP6) are used in the processing stage to remove their power

contribution from electrodes C3 and C4.

Data analysis
The signals are processed in real time as in [25]. To do that, the

time between data windows must be small enough for the

algorithm to provide feedback to the user in real time. Also, the

Figure 1. Block interconnection diagram. EEG data from the scalp
is acquired, processed and classified in real time. The classification
results are used as control commands for 2 different systems. The
Supplementary System block is the main goal of the present work. It
should be activated and controlled with EMG signals registered from a
BMI set of electrodes. If no EMG signals are detected in the EEG data,
the BMI system is used. When the user wants to use the Supplementary
System, he/she has to generate an EMG signal.
doi:10.1371/journal.pone.0112352.g001

Figure 2. Electrode distribution. FC5, FC1, FC2, FC6, C3, C4, CP5,
CP1, CP2 and CP6 (darker circles) according to the International 10/10
System.
doi:10.1371/journal.pone.0112352.g002

Supplementary System Based on Jaw Artifacts to Control a Robot Arm
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window length should not be too long to avoid delays in the

feedback. Every 50 ms a data window of 400 ms is stored,

resulting in a 350 ms overlap between the windows. This overlap

increases the stability of the classification results by using the

information of previous data windows. Then, a four nearest

neighbor Laplacian algorithm [26] is applied to the temporal data

from electrodes C3 and C4. This algorithm uses the information

received from the four nearest electrodes of C3 and C4 and their

distances from them in order to reduce the unwanted signal

contribution that these electrodes have on C3 and C4. The result

is a smoother time signal where the main contribution comes from

the electrode of interest. The Laplacian is computed according to

the formula,

VLAP
i ~VCR

i {
X

jESi

gijV
CR
j ð1Þ

where VLAP
i is the result of applying this algorithm to the electrode

i, VCR
i is the electrode i signal before the transformation and,

gij~

1

dij

X
jESi

1

dij

ð2Þ

where Si is the set of electrodes that surround electrode i and dij is

the distance between i and j electrodes.

Then, the power spectral density of the Laplacian waveforms is

computed through the maximum entropy method (MEM) [27].

To differentiate between left and right clenches a frequency

analysis is made. For each frequency from 1 to 100 hz, the power

spectral density (PSD) of electrodes C3 and C4 is calculated. The

difference between these 2 values (C4-C3) is computed when the

user clenches the left side of the jaw (C4-C3)L and when the

clench is produced on the right side (C4-C3)R. After that, the

difference (C4-C3)L - (C4-C3)R is calculated and represented on

Figure 4. This initial analysis shows that most differences in the

signal power for left and right clenches were present between 57

and 77 Hz and for algorithm only the integral of power spectrum

between 57 and 77 Hz was calculated.

Classification
We have developed a classifier based on the application of

different thresholds. First of all, each incoming feature is stored in

the first position of a 10 position vector (at first filled with zeros)

and the rest of the vector is shifted so the oldest value is lost. Every

50 ms, when a new data window (400 ms length with 350 ms

overlap with the previous window) arrives, the average of this

vector is compared with four thresholds in order to classify the

signals. Five tasks have been established according to the power

levels received from this average. Each task is associated with a jaw

area and the level of clench pressure, and they are defined as

follows:

- HardR: Hard right clench

- SoftR: Soft right clench

- Relax: Not clenching

- SoftL: Soft left clench

- HardL: Hard left clench

These tasks are classified through the comparison of 4

thresholds defined as HRthr, SRthr, SLthr and HLthr. Horizontal

lines on Figure 5 show a representation of these thresholds, and

the areas represent the 5 possible tasks. In Figure 6, PSD levels of

tasks SoftR, Relax and SoftL are shown. The central graph shows

two vectors of the classifier input from a subject who is not

clenching the jaw (Relax). The right and left graphs display the

waveforms caused by clenching right and left jaw areas

respectively (SoftR and SoftL). This analysis shows that PSD

levels from electrode C3 are higher than PSD levels from C4 when

the clenching occurs on the left side of the jaw. In a similar way,

C4 levels become dominant when clenching is produced on the

right side. On the relax task, the PSD from C3 and C4 are similar

so the absolute value of the factor C4-C3 is considerably lower.

The absolute value of C4-C3 becomes higher when the clench

pressure is higher. If the subjects clench the jaw in such a way that

the thresholds HRthr or HLthr are exceeded, tasks HardR and

Figure 3. Equipment. Amplifier and GammaCap from g.Tec are used to register EEG Signals. Data are processed and classified in the computer,
which is also used to provide visual feedback to the user.
doi:10.1371/journal.pone.0112352.g003

Supplementary System Based on Jaw Artifacts to Control a Robot Arm

PLOS ONE | www.plosone.org 3 November 2014 | Volume 9 | Issue 11 | e112352



HardL (depending on the jaw side) are detected. If the subjects

clench the jaw in such a way that the thresholds SRthr or SLthr

are exceeded without reaching HRthr or HLthr, tasks SoftR or

SoftL are detected depending, again, on the jaw area where the

clench is produced. Finally, if the subject is not clenching his/her

jaw, no threshold is exceeded and the relax task is detected.

User Training
In order to learn how to control the 2-dimensional movement of

a cursor on a screen, two graphical interfaces and a three steps

training program have been defined. Training steps 1 and 2 use

the first graphical interface, while training step 3 uses the second

one. Real time data are processed during all three steps and the

interfaces provide visual feedback to the users. This way, the users

know how the training is progressing in order to improve their

results by adapting the way they clench the jaw. In next section,

both graphical interfaces are described. The model used through

the training is further described on the section Training Steps.

Graphical Interfaces. Two graphical interfaces are de-

signed. Both of them show a red cursor with a diameter of 25

pixels (about 1.2 cm with a screen size of 38.5633 cm). The 2-

dimensional movement of this cursor is controlled by the user.

Depending on the interface, training step and task, the feedback

will be different. This is properly explained on each training step

on the section Training Steps.

First Interface. This interface is shown on Figure 7. A white

cross is shown for 3 seconds on the screen. During this time, the

user rests. Afterwards, an image is shown for 2 seconds to indicate

the required task to the user. During these seconds, the user is

asked to start performing the task. Finally, a red cursor appears on

the screen for 10 seconds. This cursor provides feedback of the task

detected by making different movements (in this case only left and

right movement are used as feedback, which are further explained

in the Training Step section). The control of the cursor depends on

the training step. Over one run, this sequence is repeated 15 times

making each run 4 minutes long. This interface is used to register

data of concrete tasks and create a model adapted to each user.

Second Interface. Figure 8 shows how the second interface

works. First, a white cursor appears on the screen for 3 seconds.

After that, a target appears randomly on the screen and both the

target and the white cursor remain on the screen for 2 more

seconds. Finally, the cursor starts moving depending on the users

commands generated by jaw clenches. The main goal of this

interface is to simulate the bidimensional movement of the cursor

controlled by the user. To do that, the model defined during the

training is used. If the user reaches the target, the cursor becomes

white and blinks several times as a reward.

Training Steps. During these three steps, the user is going to

gradually learn how to control the two dimensional cursor

movement by clenching the jaw. Each step uses one of the

graphical interfaces previously described. All data are processed in

real time. From the beginning of the training, the interfaces

provide visual feedback to the user by generating cursor

movements. In order to produce these movements, a model must

exist along the three steps. At first, a default model is defined.

During the training, this model is modified to be adapted to the

signals of each user.

Step 1: Getting used to the clench. The first step starts with

the default model (set of thresholds) [10000 100 -100 -10000]

(HRthr, SRthr, SLthr and HLthr, respectively from Figure 6). The

first graphical interface is used in order to provide visual feedback.

The user is asked randomly by the interface to clench softly the

Figure 4. Frequency analysis results. The blue line represent the average Power Spectral Density(PSD) difference between electrodes C3 and C4
for each frequency. The red line represents the minimum spectral level required for a frequency to be target of analysis. These results were obtained
from the user 2 (system developer) and compared with the other 3 volunteers to confirm that the optimum range of frequencies does not experience
huge changes between users.
doi:10.1371/journal.pone.0112352.g004
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right and left jaw areas (tasks SoftR and SoftL). The model is not

modified along this step. If the tasks are correctly classified, the red

cursor moves right if the clench is produced on the right side, and

left if it is produced on the left side. If the clench exceeds

thresholds HRthr or HLthr, tasks HardR and HardL are detected

and the cursor becomes blue and stops moving. If no threshold is

reached, task Relax is detected and the cursor remains red and

stopped. During this step, the user gets used to the kind of clench

which feels more comfortable with. It has been found that by using

this default threshold set, after one 4-minutes run, a user who has

never used the system before, is able to control right and left cursor

movements. The fact that this default model provides similar

results in different users means that the signals do not experience

big changes between users.

Step 2: Creating the model. The second step also starts with

the default threshold set [10000 100 -100 -10000]. The same

interface from step 1 is used but, this time, tasks SoftR, SoftL and

Relax are randomly asked. As in step 1, the user has to clench

right and left jaw areas softly when tasks SoftR and SoftL are asked

(respectively) and keeps the jaw released when the system asks for

Relax task. The visual feedback provided by the interface is the

same provided in step 1. Tasks SoftR and SoftL move the cursor

right and left, respectively, task Relax makes the cursor stop, and

tasks HardR and HardL stop the cursor and makes it blue. In this

step, after each 10 seconds performed task by the user, a matrix

Figure 5. Thresholds and Tasks. Horizontal lines represent the set of thresholds used as model to classify the processed signals. Each threshold
represents a level of Power Spectral Density (PSD). Each value on X-axis represents one processed data window. Each data window is classified
depending their position on the Y-axis (PSD). Each area delimited by the thresholds represents one of the 5 possible tasks.
doi:10.1371/journal.pone.0112352.g005

Figure 6. Results obtained for three different tasks during two trials. Signals from the right graph represent two trials (blue and green)
where the user clenches the right area of the jaw (SoftR). Signals from the left graph represent two trials where the user clenches the left area of the
jaw (SoftL). Signals from the center graph represent two trials where the user releases the jaw (Relax). These signals were recorded from user 2.
doi:10.1371/journal.pone.0112352.g006
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like the one shown in Figure 9 is modified. It is a 365 matrix

whose rows represent each requested task, while the columns

represent the number of classified data windows according to the

established set of thresholds (there are three rows because only

tasks SoftR, SoftL and Relax are requested while there are five

columns because tasks HardR and HardL can be also classified).

Each 50 ms a new data window is classified, and the matrix is

updated by increasing in one the value of the position indicated by

the row requested and the column classified. This way, every 10

seconds it is possible to know which tasks were requested and

which tasks were classified by looking at the matrix. According to

the amount of wrong classified data windows, thresholds are

modified to adjust each task area to the users’ skills. If the success

rate is 100%, those thresholds that delimit the requested task are

reduced by 30%. This way, it is possible to reduce the strength of

the clench if the user is able to achieve the same results with softer

clenches. Also, reducing the area of the tasks performed could

allow the inclusion of new tasks above HardR and below HardL in

future works. Otherwise, the thresholds will be increased

according to the percentage of misclassified tasks. This process

makes threshold values converge to their optimal point. However,

this process is endless. Therefore, when thresholds are close to

their optimal values, they oscillate around them. After five 4-

minutes runs, thresholds reach their oscillation point around their

optimal values. The final values are decided by seeing the

thresholds evolution and manually selecting them. On Figure 10

this evolution and the final set of thresholds selected are shown for

all the users. These final thresholds become the model that best fits

the signals produced by each user.

Step 3: 2-dimensional movement. In the last step, the

starting model is the one obtained from step 2 and it does not

evolve during this training step. This time, the second interface is

used. Eight targets (with the same cursor size) are defined in eight

fixed positions and they appear randomly during this step. The

user is requested to reach them by controlling the movement of a

two dimensional cursor before a time limit is reached. A target is

successfully reached when there is less that 15 pixels (0.72 cm) on

each axis (X and Y) between the cursor and the target position.

Figure 11 shows a state machine that describes the behavior of the

cursor depending on the tasks performed by the user. The 2-

dimensional axes are not simultaneously controlled by the user but

he/she is able to alternate between movement axis using HardR

and HardL tasks. This axis alternation is represented by the

change of the color of the cursor from red to blue and viceversa.

When the cursor turns red, the horizontal dimension is controlled

and when it becomes blue, the vertical dimension is controlled.

Tasks HardR and HardL are achieved by making a strong clench

for a short period of time (less than 0.5 seconds, like a quick bite)

on right or left areas of the jaw, respectively. The cursor

movement is controlled by tasks SoftR and SoftL (right and left,

or up and down according to the current selected axis,

respectively). Tasks SoftR and SoftL are achieved by clenching

softly the respective area of the jaw. Task Relax stops the cursor

movement.

During this step, the user gets used to the 2-dimensional

movement of the cursor and learns how to control it. Figure 12

shows the signals produced by a user when the two dimensional

movement is being controlled. It clearly shows the difference

between tasks SoftR, SoftL, HardR and HardL. Eight sessions are

performed during this step and in each run, 10 targets appear. The

user has 25 seconds to reach each target. Otherwise, the target

counts as not reached and a new target appears.

Protocol Summary
Each run is approximately four minutes long, taking one minute

break between them. The total training time needed to control the

two dimensions with the cursor can be computed as:

- Step 1: One start up run to get used to the kind of jaw

movements the system requires.

- Step 2: Five runs where a model is defined for the user

(selection of thresholds).

- Step 3: Eight final runs where the user learns how to control

the two dimensional movement.

Figure 7. First Interface Protocol. The user is asked to relax during
the first 3 seconds, after that, an image appears for 2 seconds to show
the task (one of three possible ones) that the user has to perform. For
the next 10 seconds, the cursor moves left, right or remains stopped
depending on the classified task. After these 10 seconds, the sequence
is repeated.
doi:10.1371/journal.pone.0112352.g007

Figure 8. Second Interface Protocol. The user is asked to relax
during the first 3 seconds, after that, the user is asked to reach a target.
The cursor moves left, right, up, down or remains stopped depending
on the classified task until it reaches the target.
doi:10.1371/journal.pone.0112352.g008

Figure 9. Task classification matrix. Rows represent the tasks
requested by the interface and columns represent the tasks classified by
the system. Only tasks SoftR, SoftL and Relax are requested while all five
tasks (HardR, SoftR, Relax, SoftL and HardL) can be detected. The matrix
is initialized with zeros at the beginning of each run and these values
are updated with every classification. The thresholds are modified trying
to get a diagonal matrix.
doi:10.1371/journal.pone.0112352.g009
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The training process takes approximately 70 minutes. After

that, the user has an accurate control of the system and he/she is

ready to start controlling the robotic arm as it is shown on the next

section.

Robot Control System
After the user is trained in the 2-dimensional control of the

cursor, the system is going to be adapted to control the end-

effector of a robotic arm on a 2-dimensional plane. Two different

Figure 10. Threshold convergence. The evolution of HRthr, SRthr, SLthr and HLthr are shown for all users. Also the final value selected for each
threshold and user is represented with a horizontal line. Y-axis represents the Power Spectral Density and the X-axis represents the number of tasks
requested to the user along the 5 runs.
doi:10.1371/journal.pone.0112352.g010

Figure 11. Cursor State Machine. Each group of 3 states represents one of the dimensions. The left group represents the horizontal dimension
and the right group represents the vertical dimension. Tasks HardL and HardR are used to alternate between horizontal and vertical dimensions. Once
the dimension is selected, tasks SoftR and SoftL control the direction of the movement (on the horizontal dimension, SolfR moves the cursor to the
right and SoftL moves the cursor to the left, on the vertical dimension, SoftR moves the cursor up and SoftL moves the cursor down). Relax task stops
the cursor no matter the dimension selected.
doi:10.1371/journal.pone.0112352.g011
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processes are running simultaneously to achieve this goal. A

Matlab function is in charge of the processing and classification of

signals and it also provides a simple graphical interface to help the

users on their first contact with the robotic arm. A C++ program

translates the classification results into control commands and

sends them to the robotic arm.

Robotic Arm. For the kind of movements wanted on this

research, a 2.5D plotter robot may be a more suitable option but

due to equipment already available in the research facility, the

robotic arm used is the Fanuc LR Mate 200iB. It is a six degrees of

freedom robot that can be moved in a three dimensional

workspace. Figure 13 shows the robot appearance. The robotic

arm is controlled using a C++ program through a local computer

network. This program is used to send movement instructions to

the LR Mate 200iB. It also receives information about the current

position of the robot. Moreover, the C++ program runs a control

panel whose main goal is to provide a set of simple instructions to

control the interaction with the robot [1]. Through this panel, it is

possible to connect and disconnect the robot. It also implements a

function to send the robot to a home position and another function

is in charge of sending movement instructions to the robot in real

time according to the classification results provided by Matlab.

Graphical Interface. A Matlab-based application algorithm

registers, processes and classifies the information recorded from

the sensorimotor scalp areas. The C++ program uses the final data

provided by Matlab in order to send movement instructions to the

robotic arm. A communication system has been implemented to

make possible the interaction between both processes. This

communication introduces a small delay (less than 0.5 seconds)

between the moment when the user executes the task and the

moment when the robotic arm starts moving. For that reason, a

graphical interface has been designed to provide visual feedback of

each classified direction. This visual feedback uses the image

shown in Figure 14. Each circle represents a direction in a two

dimensional plane. This way, it is possible for a user to move the

robotic arm to one of these directions. The full circle correspond-

ing to the direction where the robot is moving gets coloured blue

while the others remain empty. This interface is only used on the

Figure 12. Online results from a user reaching a target (3rd step). SoftR corresponds to the low positive values, SoftL to the low negative
values, HardR to the high positive values, and HardL to the high negative values. Relax task is not used (its power level is lower than SoftR and SoftL).
Y-axis represents the PSD difference between C3 and C4. X-axis represents the number of analyzed data windows (each 50 ms a new data window is
analyzed).
doi:10.1371/journal.pone.0112352.g012

Figure 13. Robotic Arm Environment. It allows movements in a
three dimensional workspace. Z-axis remains fixed during tests. The
spots show the position of the 8 targets defined.
doi:10.1371/journal.pone.0112352.g013
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first run performed with the robotic arm. After that, the user gets

used to the small delay and the interface can be removed.

Real Time Test. Tests have been made over a two

dimensional workspace. Z-axis is fixed and X-axis and Y-axis

are restricted to a rectangle area DIN-A3 size. This way, the users

who trained on a computer screen are familiar with the movement

area. Figure 13 shows the mentioned workspace. As it can be seen,

8 targets have been placed on the workspace. The users were

requested to reach these targets by controlling the robotic arm.

Each user has performed nine runs. In the first run no target is

requested. The user uses this run to get used to the system delay.

The eight remaining runs are used to reach the eight possible

targets shown on Figure 13. On each run, a different target is

requested and the robotic arm movement stops when the target is

reached. Robotic arm movement is controlled by the user through

the five tasks previously described. In order to keep HardR and

HardL as short duration tasks, a state machine (Figure 15) is

designed. As it can be seen, the control of the two dimensional

movement is similar to the one used on training step 3. The

differences are due to the delay limitations introduced by the

robot. Although the movement increment is detected by the

system each 50 ms, the robotic arm cannot respond with such

speed. For this reason, movement commands are sent only when a

change of direction is detected in order to reduce the delay times.

For instance, if a right movement state is detected, the robotic arm

starts a right continuous movement until a new state is detected. At

that moment, the current robot movement is stopped and a new

movement begins.

Results and Discussion
The system was tested with four healthy volunteers (capable of

moving their jaws) with ages between 22 and 28 (24.25 6 2.62)

(three men with previous experience with this kind of tests and one

woman without any, all of them right-handed). All the volunteers

were sat while performing the experiment. They were told not to

blink nor perform neck movements, except in rest periods

indicated during the tests. The results presented on this work

were obtained over a period of 3 months. The data of the cursor

movement were registered in the first month and the robot arm

control data in the third month. Human data presented in this

article have been acquired under an experimental protocol

approved by the ethics committee for experimental research of

the Miguel Hernández University of Elche, Spain. Written consent

according to the Helsinki declaration was obtained from each

subject. Also the participants shown in Figure 3 and on referred

videos have given written informed consent (as outlined in PLOS

consent form) to publish these case details.

Cursor Movement Results
During step 1, all users got used to the kind of clenching that

the system is able to identify. They also achieved a successful

threshold convergence during the 5 runs from step 2. On the

third step, users 1, 2 and 4 noticed that tasks SoftR and SoftL are

correctly detected by making a small jaw movement to the side

the user wants to move the cursor without the need of clenching

their teeth. User 3 kept clenching the jaw. All the users achieved

tasks HardR and HardL by making a quick bite with the right or

left side of the jaw. Table 1 shows the success and fail rate

depending on the number of targets reached by a user in each

run. User 2 is the system developer so it has more experience

than the rest. As a consequence, he reached all the targets under

the time limit. As it has been mentioned, the learning process

takes place from runs 1 to 3. During these 3 runs, success rate

experiences a huge improvement and after that it remains

constant. The control that the user achieves after the third run is

very similar to the control anyone can achieve using a joystick or

other manual control as shown on video S1. In section Protocol

Summary, the training time was estimated as 70 minutes, but by

seeing these results, in 3 runs the control of the system is really

close to its optimum. Thus it is reasonable to say that the training

process could be reduced to 45 min. Table 2 shows the time

efficiency in the reaching of targets where the time efficiency

coefficient has been defined as follows:

Figure 14. Visual feedback. The full circle represents the direction
identified by the algorithm. The robotic arm moves according to the
direction shown on this interface.
doi:10.1371/journal.pone.0112352.g014

Figure 15. Robotic Arm State Machine. When a state changes, a
continuous movement starts in the direction indicated by the current
state.
doi:10.1371/journal.pone.0112352.g015
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CopT~
Optimum Time

Time used
ð3Þ

The time used is the time spent for the user to reach the target,

and optimum time is the time needed to reach the target if the

cursor is controlled manually. To obtain the optimum time, an

algorithm that allows a subject to control the cursor by using the

key arrows is implemented. All users were asked to reach each

target using this manual control. The optimum time for each target

is calculated as the average of the time employed by all users using

this manual control (this average presents a very small deviation

meaning that the optimum times are very similar between users).

The non-reached targets were not computed to obtain these

results. CopT is in average 0.8 throughout the 8 runs for all

subjects. In order to prove the efficiency of this system, the average

value of the obtained CopT is compared with the average CopT of a

BMI system based on motor imagery tasks and a system based in

electrooculography (which usually provides better results than

motor imagery systems). The optimum time is calculated on these

systems according to the methodology previously explained.

Analyzing the results from [27,28] (which are previous works

done by our group in a similar environment with a hieralchical

motor imagery BMI system and a electrooculographic system) the

average CopT obtained in the BMI system is 0.033, which is 30.30

times worse than the optimum time, and the average CopT

obtained in the electrooculographic system is 0.588, which is 1.7

times worse than the optimum time. Using our system to move a

cursor on a screen, the average CopT for all runs and users is 0.8,

which is 24.24 times quicker than the motor imagery BMI system

(0.033) and 1.36 times quicker than the electrooculographic system

(0.588).

Robotic Arm Movement Trials Results
After the training section, users are ready to control the robotic

arm in two dimensions. They are requested to reach eight different

targets. Time required to reach each target is measured. Table 3

shows the values of CopT obtained by the users to reach each target

referred to the minimum time needed by the robot to reach them

(manually controlled) under the same conditions. The strategy

used in the previous section was applied here to obtain the values

of the optimum time. All users were also requested to reach the

targets using the arrow keys. In this case, there is no improvement

along runs due to the similarities between the cursor movement

system (Training section) and the robot movement system. Results

are also compared with the needed time percentages to reach

targets using a system based on motor imagery tasks seen on the

last section (0.033). This time, the improvement is, in average,

0.818, which is 24.78 times better than a motor imagery BMI

system and 1.4 times better than the electrooculographic system.

On videos S2 and S3 are shown 2 subjects who have completed

the training in a free movement test reaching a target with and

without obstacles in the workspace.

System Limitations
The number of states able to be detected on this system is

limited by the behavior of the measured signals. For soft clenching,

the PSD increment can be easily controlled by the user, but when

the clench is higher, the PSD behaves similar to an exponential

function, increasing considerably the control difficulty. Also,

thresholds have been defined in order to benefit tasks SoftR,

SoftL, HardR and HardL, but making hard for some users the
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control of the Relax state. This point should be further studied in

future works.

Conclusion

A supplementary application for a BMI system has been

designed. A very similar system could also be implemented placing

a couple of electromyographic electrodes on both cheeks or

placing pressure sensors on the teeth. However, the goal of this

research is to use the electrodes of a BMI system in order to

implement a supplementary system based on the skill of a user to

control EMG signals produced by clenching different areas of the

jaw. Results prove that the control acquired by users who can

move their jaws is close to the control that a healthy user can

acquire using a joystick or the movement arrows of a keyboard.

On the basis of this study, the architecture shown on Figure 16

is proposed as a future work. A BMI system would work while the

jaw is relaxed. At the moment the user wants to alternate to jaw

control, a quick bite (tasks HardR or HardL) would activate the

jaw control algorithm. The change to the BMI system should be

produced when the user remains several consecutive seconds on

the Relax state. Our supplementary system should be comple-

mented with an appropriate BMI system, i.e. a menu application

that allows a patient to select the rehabilitation strategy desired

while a BMI system measures the mental state of the patient in

order to evaluate how the selected strategy affects the mental

workload of the patient. It is also proposed its use in combination

with a BMI system previously developed by our group [24], where

visual evoked potentials were used to control an internet browser,

allowing a user to write and move the cursor on the screen. The

BMI system provides a quick and fluid writing but the cursor

control can be improved by using the supplementary system

designed. On the same work, the BMI system is used to control a

robot arm in 3 dimensions. For that purpose, the user first selects

the movement plane and then, a 2-dimensional control also based

on evoked potentials is used. Using the 2-dimensional control

implemented in the current work, it would be possible to improve

the performance of the 3-dimensional control described in [24], by

combining the plane selection algorithm of the evoked BMI system

and the 2-dimensional control implemented in our supplementary

system. As a conclusion, this supplementary system allows us to

implement a control system in combination with a BMI system

using the same set of sensors. This system is oriented to help

people who suffer from motor disabilities which deprive them from

moving their arms or legs but still have mobility on the jaw. In the

future, this system should be tested on this kind of patients. The

system might be also adapted for 3-dimensional movement by

alternating between three space axes instead of two. Another

research line would be to compare a third electrode from a central

position (like Cz or CPz) with C3 and C4 in order to measure

separately the level of clench from left and right areas of the jaw so

both dimensions, X and Y, would be simultaneously controlled.

Supporting Information

Video S1 User 2 controlling a cursor on a screen.

(MP4)

Video S2 User 2 controlling the robotic arm.

(MP4)

Video S3 User 1 controlling the robotic arm.

(MP4)
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Figure 16. Block interconnection diagram. The supplementary system is activated with tasks HardR or HardL, while the control is returned to
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So far, Brain-Machine Interfaces (BMIs) have been mainly used to study brain potentials

during movement-free conditions. Recently, due to the emerging concern of improving

rehabilitation therapies, these systems are also being used during gait experiments.

Under this new condition, the evaluation of motion artifacts has become a critical

point to assure the validity of the results obtained. Due to the high signal to noise

ratio provided, the use of wet electrodes is a widely accepted technic to acquire

electroencephalographic (EEG signals). To perform these recordings it is necessary to

apply a conductive gel between the scalp and the electrodes. This work is focused

on the study of gel displacements produced during ambulation and how they affect

the amplitude of EEG signals. Data recorded during three ambulation conditions (gait

training) and one movement-free condition (BMI motor imagery task) are compared to

perform this study. Two phenomenons, manifested as unusual increases of the signals’

amplitude, have been identified and characterized during this work. Results suggest that

they are caused by abrupt changes on the conductivity between the electrode and the

scalp due to gel displacement produced during ambulation and head movements. These

artifacts significantly increase the Power Spectral Density (PSD) of EEG recordings at all

frequencies from 5 to 90Hz, corresponding to the main bandwidth of electrocortical

potentials. They should be taken into consideration before performing EEG recordings

in order to asses the correct gel allocation and to avoid the use of electrodes on certain

scalp areas depending on the experimental conditions.

Keywords: artifact, human gait, brain-machine interface, conductive gel, electroencephalography, rehabilitation

1. INTRODUCTION

Non-invasive Brain-Machine Interface (BMI) technologies have become very popular during the
last decade. These technologies are based on the measurement of brainwaves using electrodes
located over the scalp. Since it is based on passive sensors, this placement does not require surgery
and has no other medical implications. By analysing brain potentials it is possible to decode
several parameters related to the mental state of the subject. Biologically, this process is mainly
performed (in a complex way) in the cerebral cortex, in the cerebellum and in the basal ganglia
(Cisek and Kalaska, 2010; Mirabella, 2014). Normally motor commands are sent to the peripheral
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nerves and muscles through the spinal cord. However, in Spinal
Cord Injured (SCI) patients, these communication pathways
are interrupted at different levels depending on the severity of
the injury. BMIs provide an alternative way to communicate
the brain with external devices or even, indirectly, with the
rest of the body using exoskeletons. In Carlson and Millán
(2013) a BMI is used to control a wheelchair. In Escolano
et al. (2012) a telepresence mobile robot is BMI-controlled
allowing handicapped people to perform daily tasks. Currently,
many works based on this technology have been oriented to
rehabilitation. Classic rehabilitation techniques are based on
therapist-patient interaction (O’Sullivan et al., 2013). Recent
techniques are trying to obtain more natural movement patterns
introducing exoskeletons in the rehabilitation process (Chen
et al., 2013; Metzger et al., 2014). As these emerging systems
are controllable devices , BMIs have been proposed by several
researchers (Daly and Wolpaw, 2008; Pfurtscheller et al., 2008;
King et al., 2013) as a method for increasing the level of the
patients’ involvement in the rehabilitation process. In the last
30 years it has been demonstrated that, both in humans (e.g.,
Elbert et al., 1995) and animal models (e.g., Lebedev et al., 2000),
a wide range of experiences promotes physical changes of the
brain structure. This brain plasticity represents the neural basis of
learning and memory (for a review see Kolb and Gibb, 2014). It
has been hypothesized that neuroplasticity could help functional
recovery following brain injury by maximizing the use of the
spared circuitry. In fact, some works have shown an increase in
plastic changes in patients when they experience higher levels of
involvement on their rehabilitations (Dimyan and Cohen, 2011;
Kaneko et al., 2014). In Ang et al. (2014), a BMI based on motor
imagery tasks is used to control a Haptic Knob robot providing
patients a way to be involved with their rehabilitation.

Notwithstanding the remarkable results achieved with BMIs
(Nicolelis and Lebedev, 2009), this approach still have limitations
which explain why we are still far from approximating
voluntary behavior using external devices. For instance, the
speed of information transfer rates is currently not high enough
(Baranauskas, 2014). Another problem is that the current
understanding of brain processes underlying motor decision-
making is not accurate enough. For example, volitional inhibition
or the ability to cancel pending actions (Logan, 1994) has
been disregarded several times by the BCI scientific community
(Mirabella, 2012). Although there have been attempts to face this
issue (Ifft et al., 2012), the current understanding of volitional
control is not enough to properly adapt behavior to unattended
changes either in the external environment or in our thoughts.
In addition in the last few years, BMIs have been applied on
lower limb rehabilitation. These studies involve the acquisition of
data during gait processes and other body movements produced
during ambulation (Chéron et al., 2012; Duvinage et al., 2012).
The use of BMIs on these conditions involve several issues
that should be addressed. The volume conduction of the scalp
and the consequent smearing of signals produce a poor signal
spatial resolution (da Silva, 2004) during electroencephalografic
(EEG) acquisition. This scalp property produces the appearance
of redundant information on nearby scalp areas. Due to volume
conduction, several signals from other sources (artifacts) can be

coupled to the EEG signals of interest. Usually, BMI research
is performed on movement-free conditions where only electro-
ocular and facial artifacts (Fatourechi et al., 2007) need to be
taken into account. However, when a subject is walking, artifacts
must be properly studied to know if there are new sources of noise
affecting the recorded signals. To understand the importance of
this study it is necessary to have a global view of the possible
noises affecting EEG signals and knowledge of the state of the art
techniques or methods developed to detect, reduce and removal
of such artifacts. Depending on their source, EEG artifacts can be
divided into three large groups: biological artifacts, environment
artifacts, and equipment artifacts.

Biological artifacts are signals from biological sources that
distort the EEG activity. Some of these signals come from
physiological sources like blood pressure or skin tension. They
have low and constant influence on EEG signals so the usual
way of correcting them is by using a reference electrode. Others
have an electrical source like electrooculographic (EOG) signals,
electromyographic (EMG) signals or even other EEG potentials
that mask the signals of interest. The appearance of these artifacts
can lead to misleading results and to the development of systems
that are really not studying the targeted phenomena. For that
reason, there are lots of studies focused on understanding the
nature of these signals in order to learn how to detect and
reduce them. There are studies characterizing the influence of
EMG signals and the scalp areas affected by them (Goncharova
et al., 2003). There are several methods oriented to reduce EOG
artifacts, from their removal by visual inspection to the use of
linear regression techniques (Schlögl et al., 2007). More complex
studies use independent component analysis (ICA) to decompose
the signals into independent components and remove those
related to artifacts (Gwin et al., 2010; Akhtar et al., 2012).

Environment artifacts are produced by the surrounding
conditions of the experimental environment. Loud noises,
flashlights and other visual stimuli can produce the appearance
of evoked EEG potentials (Mitzdorf, 1985) that contaminate
the EEG phenomena under research. Other factors like floor
vibrations or electromagnetic fields produced by external devices
can affect the subject and the equipment devices adding
undesired signals coupled to the recorded data. These artifacts
can be avoided by performing the experiment in a controlled
isolated environment.

Finally, equipment artifacts are produced by those devices
and methods included in the experiment. The most common
is the power line interference which is a 50/60 Hz (depending
on the world region) signal affecting the electrical network that
gets coupled with the recorded data. Current systems include
a 50/60Hz notch filter to remove this interference. It can also
be removed by connecting all the equipment to an isolation
transformer. Most of these artifacts depend on the specific
conditions of each experiment and they should be characterized
to develop a systematic protocol that contribute to their removal
or reduction. Also, current studies (Castermans et al., 2014;
Kline et al., 2015) have found motion artifacts focalized on
low-delta and high-gamma bands on the EEG signals during
ambulation and head movements. In non-invasive BMI systems
based on wet electrodes there is a common source of noise
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shared by many experiments. This technology is based on the
placement of electrodes over the scalp applying a conductive
gel between both surfaces. To easily place the electrodes over
the scalp, an elastic cap that fits the subject’s head is used.
When an experiment does not require head movements, the
conductive gel and the electrodes do not experience changes by
settlement. However, when the experiment is performed during
ambulation, due to the elasticity of the cap, the electrodes and
the gel present displacements that induce undesired changes
of the signals’ amplitude. Both electrode and gel are not fully
fixed elements of the acquisition system, electrode movements
induce gel displacement and viceversa. As a consequence, the
conductivity between the scalp and the electrode change during
these movements producing changes in the signals’ amplitude.
For simplification reasons, hereafter, conductivity changes are
going to be referred as gel movements as they could be seen
like relative changes of position between the three elements that
conform the acquisition system: scalp, gel and electrode. These
artifacts have been considered on other works as artifacts from
unknown sources. To remove them, data rejection techniques are
usually used producing, in some cases, a significant decrease in
the amount of data available for each study. This problem has
become the main motivation to evaluate and understand these
artifacts. Having these artifacts characterized, makes possible
the development of experimental protocols focused on their
avoidance.

The main goal of this work is to characterize, during EEG
recordings, two types of noise produced by the displacement
of conductive gel comparing ambulation vs. non-ambulation
(thereafter referred to as movement free) conditions. These
artifacts can be easily identified by measuring the electrodes’
impedance, unfortunately, not all acquisition devices allow the
computation of this parameter. To obtain the optimal signal, both
noises should be evaluated. The first noise identified is produced
by an initial misplacement of gel, producing a significant increase
in the signals’ amplitude and standard deviation over a whole run.
The second noise is manifested as a sudden amplitude increase in
a long segment of one run. To perform this study, EEG data from
four experiments (three performed during ambulation and one
performed movement-free) are used. To understand the nature
of these artifacts, noisy channels are identified after evaluating
parameters related to the signal’s amplitude. Noisy channels
are isolated and divided into groups depending on the type of
noise, the experimental conditions and the scalp areas evaluated.
The characterization of these noises is necessary to properly
understand how they affect the EEG recordings and to develop
experimental protocols oriented to avoid them in experiments
involving human gait. To our knowledge this is the first study
to carry out the characterization of this artifacts. Current works
usually discard noisy electrodes and signal trials affected by these
artifacts to perform their analysis. This could be a valid approach
for offline analysis but not valid to perform online studies. In
addition, the amount of information loss after applying data
rejection techniques from gait experiments is a factor to take
into account. If the scalp areas affected by these artifacts are
known, it is possible to avoid them during experiments. It will be
also possible to develop gel allocation protocols that reduce their

influence. This approach is also helpful for avoiding unnecessary
trial rejections and the consequent loss of information.

2. MATERIALS AND METHODS

2.1. Experiments and Data Sets
To perform this study, EEG data from four experiments are
analyzed. Data sets 1, 2, and 3 are registers from experiments
performed under the framework of BioMot (Smart Wearable
Robots with Bioinspired Sensory-Motor Skills), an European
project oriented to the development of an exoskeleton controlled
by physiological signals for lower limb rehabilitation. These
experiments were oriented to evaluate several parameters
associated to the human gait. In them, EEG signals were recorded
during treadmill walk. On the other hand, data set 4 is composed
of EEG data related to motor imagery tasks where participants
were not moving. Below, each set of recordings is presented with
the relevant information related to the experiments performance,
the environmental conditions and the procedure.

The evaluated recordings have been acquired from two
different experimental conditions. Figure 1A shows the
experimental condition of data sets 1, 2, and 3. In this case,
participants carried the equipment and walked on a treadmill.
On the other hand, Figure 1B shows the second condition, where
participants sat in front of a computer screen performing motor
imagery tasks. Human data presented in this article have been
acquired under an experimental protocol approved by the ethics
committee for experimental research of the Miguel Hernández
University of Elche, Spain. Written consent according to the
Helsinki declaration was obtained from each participant. Table 1
shows specific participant and run features regarding each
experiment. The specific conditions of the experiments were
defined to fit the main goals of different studies. In the current
study, these data sets are used to evaluate the observed artifacts
produced by gel displacement.

2.1.1. Data Set 1 (Speed and Tilt Changes during Gait)
The participants were asked to change several times their speed
and tilt level. The sequence of tasks was: walk at 2 km/h and 10◦

of tilt, walk at 2 km/h and 5◦ of tilt, walk at 2 km/h and 0◦ of
tilt, walk at 3 km/h and 0◦ of tilt, and walk 4 km/h and 0◦ of tilt.
Each condition was performed for 60 s. Tilts positive values refer
to positive inclinations. During a whole run participants were
always looking forward.

2.1.2. Data Set 2 (Gait Attention Changes)
Participants were asked to walk over the treadmill at a constant
velocity of 2 km/h and 0◦ of tilt. During a run, the participant
performed four activities: normal walk looking to a white screen,
walking while performing mathematical operations shown on a
screen, walking while watching a video, and walking following
some adhesive marks on the treadmill. The duration of each
activity was fixed by the experimenter to 60 s periods each. In
the last activity the adhesive marks were placed to provide an
irregular gait cycle, so the participant had to look down to follow
them.
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2.1.3. Data Set 3 (Obstacle Appearance during Gait)
During this experiment the participants walked while several
visual stimuli were presented simulating the appearance of
unexpected obstacles. The walking was performed at 2 km/h with
0◦ of tilt. Each run was composed of two different tasks. In the
first task, the participants were asked to stop their gait for a
second when a laser projection appeared over the treadmill. In
the second one, they were asked to stop their gait for a second
when they saw a change of the screen color. Each condition
lasts for 90 s. During the laser projection task, participants were
looking down to see the laser appearance.

2.1.4. Data Set 4 (Motor Imagery Task)
The participants were asked to sit in front of a screen and
imagine the performance of different motor tasks. In each run
the participant were instructed to imagine four specific motor
movements related to right and left limbs. During the whole
experiment participants remained seated in a movement-free
condition.

FIGURE 1 | Experimental conditions. Panel (A) shows the experimental

conditions of the experiment performed during ambulation: amplifiers are on

the desk connected by cable to the preamplifiers. Electrodes are placed over

the subject who is walking on a treadmill. A computer screen is placed in front

of the subject to provide, if needed, visual feedback. All unnecessary electronic

devices were disconnected during experiments and signals were visually

analyzed prior to the experiment performance to confirm the absence of

environmental noises affecting the recordings. Panel (B) shows the

experimental conditions of motor imagery experiments: the subject sits in front

of a screen that provides feedback about the experimental procedure. Signals

are acquired using the electrodes placed over the scalp before the

preamplification and digitalization stage.

2.2. Data Acquisition
Data acquisition conditions were similar over all the data sets.
The only appreciable changes were in the number of electrodes
used. Thirty-two electrodes were used on ambulation recordings
(data sets 1, 2, and 3) and 16 electrodes were used during
movement-free recodings (data set 4). The spatial distribution of
the electrodes was the same for all data sets, being smaller the
spatial resolution on data set 4, as shown in Figure 2.

The EEG data were acquired using 32/16 pseudo-active
electrodes to improve the signal to noise ratio with the
distributions shown in Figure 2 according to the International
System 10/10 (Klem et al., 1999) with a monoauricular reference
in the right earlobe using AFZ electrode as ground. The scalp
is measured to place the electrodes on the same anatomic areas
for all participants (Towle et al., 1993). The conductive gel used
to reduce the impedance between the electrodes and the scalp is
a salt-base electrolyte gel (SignaGel, Parker Laboratories, USA).
The electrical signals were preamplified (g.GAMMAbox, g.Tec,
GmbH, Austria) and digitalized at 1200Hz using two commercial
amplifiers (g.USBamp, g.Tec, GmbH, Austria). These devices
were also configured to apply a hardware low pass filter from
0.5 to 100Hz, and a 50Hz notch filter to remove the power line
interference.

2.3. Analysis Procedure
The presented data sets were studied and compared throughout
this section in order to characterize the equipment and set up
artifacts produced on EEG signals during both conditions. In

FIGURE 2 | Electrode distributions. Thirty-two electrode scalp distribution

corresponding to gait experiments and 16 electrode scalp distribution

corresponding to motor imagery experiments. Both distributions cover the

same spatial area with different spatial resolutions.

TABLE 1 | Experiment specifications.

Number of participants Run duration

Data set Male Female Ages(mean ± STD) Sessions Runs per session (min) Total number of runs Condition

1 3 0 26.66 ± 4.04 1 8 5 24 Ambulation

2 8 2 26.60 ± 3.94 2 8 4 160 Ambulation

3 3 0 25.66 ± 2.88 1 16 3 48 Ambulation

4 12 0 27.33 ± 4.67 1 12 4 144 Movement-Free

Specific values of each data set regarding the number of participants, age, number of sessions, runs, and duration. All subjects were right-handed.
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Figure 3, the 16 channels recorded from data set 4 (movement-
free experiment) and the same 16 channels from data set 2
(ambulation experiment) are shown. By comparing both signals,
two phenomenons mostly associated to ambulation data are
described as follows:

1. A sudden amplitude change (hereafter, we call it as SA noise)
as it is seen in electrodes FC5 and CP6.

2. A higher amplitude (hereafter, we call it as HA noise) during
the whole run like those shown in C3 and CP5.

The run shown in Figure 3 has been selected for noise definition
purposes. Not all the runs of ambulation data present both kind
of noises and when they appear, they are not always associated to
the same electrodes. Furthermore, the HA noise appears in some
runs of data set 4 (movement-free). Regardless of their origin,
all visible noise sources are associated to an unusual increase

in the signal’s amplitude. aAccording to literature, typical EEG
amplitudes ranges differ throughout studies a(between 0.5 and
100 µV; Teplan, 2002 or between 50 and 200 µV; Srinivasan,
2007). It is important to characterize the typical amplitude of
the recorded EEG signals in specific experimental and equipment
conditions. In our case, it is clear that the increase of amplitude
presented in electrodes FC5 and CP6, and the amplitude in C3
and CP5 are not produced just by EEG variations. In order
to remove or reduce the appearance of these phenomena, it is
necessary to know their origin. For that purpose, in this paper,
both phenomenons are going to be studied using the four data
sets previously introduced. To study and compare the signals,
three parameters related to the amplitude of the signals are
described:

1. Standard Deviation that measures the amount of variation or
dispersion of a signal.

FIGURE 3 | EEG recordings during ambulation and movement-free conditions. Top left shows EEG ambulation graphs with the data registered on channels

from experiments performed during ambulation. Bottom left shows 2-s trials with detailed amplitudes and vibration of two not noisy channels (FC5 and FC3), two HA

noise affected channels (C4 and CP2) and two SA noise affected channels (PO3 and PO4). Top right shows EEG movement-free graphs with the data registered on

channels from the movement-free experiment. Bottom right shows 2-s trials with detailed amplitudes and vibration of all channels of EEG movement-free. Only the

16 electrodes shared on both distribution are shown to keep the figure dimensionality
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2. Segments Maximum Average (SMA) which is a parameter
developed for this work that obtains the average of the
maximum values of the signal once it has been divided into
smaller segments. This parameter is related to the averaged
maximum amplitudes of the signal during a run. The value
obtained is similar to the average of the signal’s envelope.
The method followed to obtain this value is explained in the
following sections.

3. Power Spectral Density (PSD) which provide a measurement
of the power distribution across each frequency component.

2.3.1. Analysis of the Standard Deviation
The standard deviation of EEG signals is a widely used parameter
due to the statistical properties of this waves. High pass filtered
EEG signals follow a normal distribution with mean zero (Blanco
et al., 1995). Also all channels are referred to a free of noise
electrode consistently gripped to the right earlobe. Under this
circumstances, the standard deviation can be considered constant
for long trials. For that reason this parameter is commonly used
for normalization purposes (Cincotti et al., 2008). Cortical signals
recorded from different scalp areas have similar amplitudes and
constant standard deviations. If a high amplitude noise appears
in a channel during EEG recording, it can be easily detected by
evaluating outliers standard deviation values from an electrode
distribution. This method has been widely used in literature
as data rejection technique (Gwin et al., 2010, 2011; Salazar-
Varas et al., 2015). By studying the standard deviation of EEG
recordings, it is possible to select the noisy electrodes in each run.
Figure 4 shows the standard deviation values for each electrode
of ambulation and movement-free runs from Figure 3. From this
representation it is easy to distinguish the noisy electrodes. To
perform an automatic labeling of the noisy electrodes of a run,

two fixed thresholds and one variable threshold are applied to the
values of standard deviation computed for each run (Figure 4):

• Variable Threshold: It is computed for each run as:

Variable Threshold=SDAverage+(SDAverage−SDmin) (1)

where SDAverage is the average value of the standard deviation
of all the electrodes of one run, and SDMin is the minimum
standard deviation value of all the electrodes of one run.
Standard deviation values above this threshold are labeled as
noisy electrodes and those under it are labeled as not noisy.
This method performs correct classification during runs where
just a few channels present noise contribution.

• High Threshold: It is fixed at 15µV . Standard deviation values
above this threshold are classified as noisy. Its purpose is to
avoid bad classification in the case that all electrodes present
noise contribution. This is an uncommon scenario usually
associated to abrupt conductivity changes on the ground
electrode due to a bad allocation of the conductive gel.

• Low Threshold: It is fixed at 5 µV . Standard deviation values
under this threshold are classified as not noisy. Its purpose is
to avoid bad classification in the case that all electrodes present
not noise contribution. This is a common scenario where all
channels show stable conductivity values between the scalp
and the electrodes.

The range between both fixed thresholds (5 and 15 µV)
correspond to the typical values of standard deviations observed
throughout runs of the 4 data sets. The variable threshold is
defined to select noisy electrodes with standard deviation within
this range.

In Figure 3, only electrodes FC5, C3, CP5, and CP6 from the
ambulation data are labeled as noisy. This labeling is applied to

FIGURE 4 | Standard deviation thresholds. Standard deviations for electrodes FC5 to PO4 from a run of ambulation and movement-free data. High threshold and

low threshold are fixed. Electrodes above high threshold are classified as noisy, and electrodes under low threshold are classified as not noisy. For middle standard

deviation values, the variable threshold is defined dynamically. Electrodes are classified noisy and not noisy depending on if they exceed or not this threshold.
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each run for all data sets. The length of labeled vectors differs
between data sets as they are recorded using different number
of electrodes. Both kind of noises are recognized following this
method. They share similar statistical parameters and the only
difference between them is the moment where the amplitude
changes. For that reason, once a channel is identified as noisy, it is
classified as HA or SA by visual inspection. After performing this
labeling over a set of runs and updating the value of the vector,
it is possible to see which electrodes are more sensitive to the
phenomena under research.

2.3.2. Analysis of the Segments Maximum Average

(SMA) Related with HA Noise
This parameter provides a measure about the average of the
maximum values of the signal amplitudes once a run is divided
into segments (the segmentation is trying to emulate real time
conditions). On each run, the SMA is calculated for each channel.
Figure 5 illustrates how this parameter is computed and the
results provided in a random run and electrode. The length of
the consecutive and non-overlapped segments used (500 ms) has
been selected to fit the usual requirement of real time systems
used in other works performed by our group (Hortal et al., 2015).
This parameter is used to evaluate the evolution of the channel’s
amplitude across consecutive runs.

2.3.3. Analysis of the Noise Power Spectral

Distribution
The PSD of each run and electrode of all data sets is computed
from 5 to 90 Hz with a spectral resolution of 1 Hz using
the pwelch method (Welch, 1967). The output of this process
provides 86 values vector per run and electrode (a total of 9728
frequency vectors counting all channels of all runs for the four
data sets). Using the standard deviation previously described,
these vectors are divided into two groups corresponding to noisy
and not noisy signals. A Wilcoxon Sum-Rank test is performed
with a confidence interval of 95% and applying a Bonferroni
correction for multiple comparisons (Cabin and Mitchell, 2000)

to validate the significance between noisy and not noisy signals at
each frequency (86 statistical comparisons).

2.3.4. Noise Significance between Ambulation and

Movement-Free Data
After dividing between HA and SA (see Section 2.2.1 ), noisy
data are associated to the data set and channel where they were
found. From this classification several parameters related to the
distribution of noise are obtained: The number of HA noises
(HA-N), the number of SA noises (SA-N), the total number
of noises (Total-N = HA-N + SA-N) and the total number of
channels evaluated (Total-R = Total-N + Not noisy channels).
These parameters are used to compute the ratio of each noise
against the total amount of noise (HA-N vs.Total-N and SA-N vs.
Total-N) and against the total amount of channels analyzed (HA-
N vs. Total-R and SA-N vs. Total-R). This ratios are computed
for complete data sets (three values per ratio for ambulation
data from data set 1–3 and one value per ratio for movement-
free data from data set 4) and also for single channels of each
data set (32 × 3 values per ratio for ambulation data and
16 × 1 values per ratio for movement-free data). These last
vectors are used to test the significance in the apparition of the
noises described between ambulation and movement-free data
running aWilcoxon Sum-Rank test (Wilcoxon et al., 1970) with a
confidence interval of 95% and applying a Bonferroni correction
for multiple comparisons.

3. RESULTS

Figure 6 shows the labeled vector of each data set after applying
the thresholds defined on the standard deviation of each run.
Each vector is followed by a spatial representation of the
electrodes in the scalp with different shades of red. The shades are
assigned to each electrode depending on the following coefficient:

Number of noisy classified runs

Total number of runs analyzed
(2)

FIGURE 5 | Segments maximum average (SMA) calculus. The time signal is divided into 500 ms consecutive non-overlapped epochs. The absolute value of the

epoch is computed. The five maximum values for each epoch are averaged and the result is added to a variable called “total value.” This process is repeated on every

epoch. The final value of “total value” is divided into the total number of epochs providing as a result the SMA parameter represented with a red line over the blue time

signal. This value is calculated for all the electrodes and runs.
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where the 0 is represented as white and 1 as black. This coefficient
works as a standardization parameter to compensate the variable
number of runs of each data set.

The addition of both numbers represented inside each
electrode is the total number of noisy runs detected per electrode.
The first factor (green) is the number of noisy runs produced by a
high amplitude (HA) during the whole run, and the second factor
(red) is the number of noisy electrodes produced by a sudden
amplitude (SA) change. A deeper analysis of Figure 6 shows
that data sets related to ambulation present higher numbers
of noisy runs, being the noisiest electrodes those located on
posterior peripheral scalp areas. In addition, ambulation data are
principally contaminated by SA noises while movement-free data
are only contaminated by HA noises.

To appreciate the influence of each noise, Figure 7 shows
the spatial distribution of both noises separately. For each noise
there are two representations. The first one (Figures 7A,B)
is referenced to the total number of runs of ambulation data

(24 from data set 1 + 160 from data set 2 + 48 from data
set 3 = 232 runs). This representation highlight the level of
contamination that each noise produces in the data. The second
one (Figures 7C,D) is referenced to the highest number of noisy
runs (21 in the case of HA noise vector and 121 for SA noise
vector) to emphasize the most affected areas of each noise.
Figure 7 also shows how SA noise is very focused on peripheral
areas, while HA noise affects most of the scalp with a lower
ratio of occurrence. In the case of data set 4, all the noises
detected are HA noises, suggesting that SA noises are caused by
performing EEG recordings during ambulation. Table 2 shows
the percentage of SA and HA noises against the total number
of noisy electrodes and against the total number of channels in
each data set. On ambulation experiments, HA noise represents
the 21.49% of the noises and the 1.65% of the total amount of
data. On the other hand, SA noises represents the 78.51% of
the noises and the 6.11% of all the data evaluated. Moreover,
on movement-free experiment, the only noise identified (100%)

FIGURE 6 | Noises spatial distribution. Each cell of the vector on the top of each scalp represents the number of times an electrode has been classified as noisy

after the analysis of all runs. Each number is divided into two values. Green and red values correspond to the number of HA and SA noises identified, respectively. The

total number of noisy runs per electrode are spatially represented over each scalp in red shade colors between white and black. (A) Spatial distribution of noisy

channels for runs of data set 1. (B) Spatial distribution of noisy channels for runs of data set 2. (C) Spatial distribution of noisy channels for runs of data set 3. (D)

Spatial distribution of noisy channels for runs of data set 4.
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FIGURE 7 | HA and SA noises emphasizing level and areas of influence. HA and SA noises from data sets 1, 2, and 3 are separately analyzed. On the first

column, the sum of HA noises from data sets 1, 2, and 3 are represented. The same representation is shown on column two with SA noises. In the first row, noises

are represented over the total number of runs analyzed, showing that way the level of influence of the noise along all the runs. In the second row, noises are

represented over the maximum number in the classification vector, emphasizing that way the areas affected by each noise. (A) Spatial distribution of channels with HA

noise referred to the total amount of runs evaluated. (B) Spatial distribution of channels with SA noise referred to the total amount of runs evaluated. (C) Spatial

distribution of channels with HA noise referred to the maximum number of HA noisy channels identified. (D) Spatial distribution of channels with SA noise referred to

the maximum number of SA noisy channels identified.

TABLE 2 | SA and HA noises vs. total number of noisy channels and total number of channels analyzed.

Ambulation Movement-Free Significance (p)

Data set 1 Data set 2 Data set 3 Average data set 4 Ambulation vs. Movement-Free

HA-N (number of channels) 11 107 22 – 66 –

SA-N (number of channels) 39 302 113 – 0 –

Total-N (number of channels) 50 409 135 – 66 –

Total-R (number of channels) 768 5120 1536 – 2304 –

HA-N vs. Total-N (%) 22.00 26.16 16.30 21.49 100.00 4.74 · 10−59

SA-N vs. Total-N (%) 78.00 73.84 83.70 78.51 0.00 4.74 · 10−59

HA-N vs. Total-R (%) 1.43 2.09 1.43 1.65 2.86 5.58 · 10−8

SA-N vs. Total-R (%) 5.08 5.90 7.36 6.11 0.00 3.28 · 10−63

Total-N vs. Total-R (%) 6.51 7.99 8.79 7.76 2.86 1.09 · 10−35

SA-N and HA-N are the number of noisy channels affected by each kind of noise, Total-N is the sum of SA-N and HA-N and Total-R is the total number of channels analyzed. Each
cell shows the relation between the parameters specified in the first column for each data set. Average values for all data sets related to the performed experiments during ambulation
are also shown. In the last column, the confidence p-values provided by the Wilcoxon Sum-Rank Test, validate the significant differences between ambulation and movement-free
experiments in terms of the comparisons performed.
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is the HA, representing the 2.86% of the total amount of data
acquired under this condition. This table is useful to compare
the HA noise results from movement-free data (Figure 6D)
and the noise results from ambulation data (Figure 7A). In the
last column, the confidence p-values provided by the Wilcoxon
Sum-Rank Test, validate the significant differences between
ambulation and movement-free experiments in terms of the
comparisons performed.

As shown in Figure 6, HA noise does not appear in a specific
scalp area neither from ambulation nor from movement-free
data. However, it has higher influence in movement-free data. To
understand this phenomenon, the evolution of the amplitude of
noisy electrodes is measured during a whole session. For each
data set, a session where the HA noise phenomenon appears
is selected and the SMAs of all electrodes are computed and
represented for all the runs as shown in Figure 8. Each line

corresponds to a EEG channel as shown in the legend. Runs of
electrodes affected by HA noise (related to an unexpected high
value of the SMA) are in the highlighted areas. Figures 8A–C
corresponding to ambulation data (data sets 1–3) presents a
similar behavior on their respective noisy electrodes. The noise
decreases after the performance of several consecutive runs. On
the other hand, Figure 8D, corresponding tomovement-free data
(data set 4), shows noisy electrodes presenting an erratic behavior
during the whole session.

Figure 9 shows the average value of the spectral distribution
of noisy signals (670 values per frequency corresponding to
runs labeled as noisy) and not noisy signals (9058 values per
frequency corresponding to runs labeled as not noisy). For
each group, the 25 and 75% of each frequency is represented
showing a clear PSD dominance of noisy signals over not noisy
signals. The Wilcoxon Sum-Rank test is used to compare both

FIGURE 8 | SMA evolution. On each graph, the X-axis represents the number of runs of a single session and the Y-axis represents the value of the SMA. This

parameter is represented from all the runs of a session from data sets 1, 2, 3, and 4 (graphs (A–D), respectively). The SMA values for all the electrodes and runs are

represented. The number of runs on a session depends on the experiment/data set represented (8 runs for data sets 1 and 2, 16 runs for data set 3, and 12 runs for

data set 4). Also, the number of channels is different (32 for data sets 1, 2, and 3 and 16 for data set 4). The orange shadow marks SMAs for electrodes and runs

identified as noisy.
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FIGURE 9 | Noisy vs. not noisy signals spectral distribution. The green and blue straight lines are the average value of the noisy and not noisy signals (from all

data sets), respectively. Green and blue dashed lines represent the 25 and 75% of each distribution. The power spectral distribution is computed from 5 to 90 Hz with

a resolution of 1 Hz.

groups (670 values for noisy signals and 9058 values for not
noisy signals) at each frequency (86 frequencies). All confidence
levels fulfill the confidence interval after applying a Bonferroni
correction showing significance results between noisy and not
noisy electrodes at all frequencies. The power decrease on 50 Hz
is dued to the notch filter applied during the amplification stage.

4. DISCUSSION

We identify two kind of noises (HA and SA) which are
related to equipment artifacts. Interestingly, the main source of
noises in EEG recordings performed during ambulation are SA
noises appearing only during ambulation and representing the
predominant type of noise presented in the EEG signal recorded.
Moreover, this noise is focused on peripheral areas corresponding
to those scalp locations more sensitive to conductivity changes
during head reorientations. These findings are further supported
after comparing the spatial distributions of the noises from data
sets 1, 2, and 3 with the typical head movements from the three
experiments performed during ambulation. The clearest example
can be seen on experiment three. During this experiment
participants were asked several times to keep a normal walk
while they reoriented their heads to the ground in order to see
the appearance of visual stimulus. This reorientation produced
gel displacements on occipital areas of the scalp inducing the
appearance of this noise. The experiment two has a close
relationship with experiment three. In this case, participants are
also asked to look down but this time in order to follow some
marks (with a non-periodic step length) placed over the treadmill
which produce an unsteady gait pattern with the consequent
left and right head movements. These movements also provoked
electrodes displacement over the lateral areas. Experiment one

does not imply any specific head reorientation but it includes
changes on the ambulation speed producing in this case a
different pattern of head movement. Occipital areas are not so
affected as participants do not look down. The appearance of
noise on occipital and frontal areas was probably caused by the
increase of the backward and forward movement of the head
during fast ambulation.

On the other hand, HA noises appear in both ambulation
and movement-free data. They represent, approximately, one
fifth of the noises evaluated. In the case of movement-free data,
they are the only kind of noise appearing in the signal. In
this case, the HA noise has significant and greater effect in
movement-free data than in ambulation data. In addition, this
noise present low intensity affecting all scalp areas. These two
facts support the hypothesized idea that this noise is produced
by a bad gel allocation during the set up of the equipment.
This error is committed in random electrodes when the control
population is big and its effects are gradually reduced on each
run of ambulation experiments. A possible explanation of these
effects is that ambulation provokes gel settlement improving
the conductivity between the scalp and the electrodes. During
movement-free experiment, noisy electrodes present an erratic
behavior during the full session suggesting that the gel was bad
allocated during the first run and it did not settle along runs.
This behavior is supported by the fact that participants kept their
heads still during movement-free experiment.

Finally, the spectral power of the noisy trials shows significant
values (at all frequencies) against not noisy trials. This suggest
that the artifact measured are not directly related to the motion
artifacts described on (Kline et al., 2015; affecting mainly low
frequencies) nor to the delta and high-gamma band rhythms
observed on (Castermans et al., 2014)
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5. CONCLUSION

An analysis of set up artifacts produced by conductivity variations
between the scalp and the electrodes has been performed. During
this work, data from four different experiments have been used:
three of them performed during ambulation, and the fourth one
performed movement-free. Two different phenomena have been
characterized.

An unusual increase in the signal amplitude of some
electrodes (referred as HA noise in the paper) appears in both
ambulation and movement-free data with a low apparition rate
(1.68% in ambulation and 2.86% in movement-free) and a
random scalp distribution. Results suggest that they are provoked
by gel bad allocation during the electrode’s set up. This unusual
amplitude is presented in complete sessions frommovement-free
experiments. On the other hand, in ambulation experiments, the
amplitude experiences a reduction throughout runs of the same
session converging to typical amplitudes.

A sudden change in the signals’ amplitude of some electrodes
(referred as SA noise) appears only in ambulation data with a
higher rate of apparition (21.49%) and focused on peripheral
areas. Results suggest that they are provoked by gel displacements
produced by head movements on areas of the scalp where the
cap presents critical movements due to its elasticity. These areas
change depending on the head movements performed. Looking
down triggers this change on occipital areas, moving the head
forward and backward on occipital and frontal areas, and right
and left head movements affect lateral areas.

These noises can be easily distinguished from other
physiological noises like EOG, EMG or cardiac rhythms.
Contribution of EOG artifacts is only noticeable in a single
trial basis (Elbert et al., 1985) and EMG due to arms and legs
movements and cardiac rhythms do not change the amplitude
of the signal as much as the artifacts described in this work
(Freeman et al., 2003; Moretti et al., 2003). Only EMG signals
produced by continuous jaw clenching or heavy headmovements
have similar effects in the EEG signals but, in this case, these
effects hugely affect all the electrodes and not just a random set
of them as it was found during this work.

So far, most of works related to BMI do not require
the performance of movements. Most studies present artifacts
produced by physiological factors, sometimes unavoidable
during recordings, like blinks. To deal with them, there are
methods like linear regression that allow their removal during
real time analysis. Still, many studies apply data rejection
techniques in offline analysis suggesting that there are equipment
and set up artifacts affecting the electrodes during recordings.
Data rejected is usually discarded. In these studies the amount
of data rejected represents a small percentage of the total data
recorded and it is mostly produced by the noises described
in this work. With the appearance of a relatively new branch
of research where EEG signals are measured during gait,
the amount of equipment and set up artifacts significantly
increases. In Gwin et al. (2011) the electrocortical activity
during the gait cycle is studied, using 248 electrodes array to

measure EEG signals during treadmill ambulation. After an
electrode rejection technique, an average of 117.6 electrodes were
discarded, meaning that the 47.41% of the recorded data was
unused. The same data (again with this 47.41% of rejection)
was used in Gwin et al. (2010) to implement a real time
artifact removal during walking and running. This research is
focused on the study of physiological artifacts (like electrical
muscles activation) providing really useful findings and removal
methods based on independent component analysis (ICA). Even
so, a previous analysis like the one presented in this paper
could help to reduce the number of rejected electrodes and
to avoid the register of noisy areas of the scalp depending
on the kind of movements performed. Future works that
intend to acquire EEG signals during ambulation should take
into consideration the problems addressed on this work to
avoid the processing and storage complications coming from
contaminated data.

As mentioned in the introduction, there are many potential
noise sources during EEG recordings. This paper is focused on
the study of a kind of noise produced by conductivity changes
due to gel displacements which are, at the same time, specific
equipment noises. This study is helpful to design efficient
experiments but it is not enough to ensure the absence of
artifacts from other sources. Many studies have proved the
appearance of EMG contributions in EEG signals during muscle
activation (Brown et al., 1999; Hansen and Nielsen, 2004). These
physiological noises are usually not avoidable during recordings,
however there are studies focussed on removing them with
specific mathematical techniques (Schlögl et al., 2007; Gwin
et al., 2010). Research oriented to evaluate EEG phenomena
should take into account all kind of potential noise sources
and deal with each one of them on the correct stage of the
experimental procedure.
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Abstract
Rehabilitation techniques are evolving focused on improving their performance in terms of

duration and level of recovery. Current studies encourage the patient’s involvement in their

rehabilitation. Brain-Computer Interfaces are capable of decoding the cognitive state of

users to provide feedback to an external device. On this paper, cortical information

obtained from the scalp is acquired with the goal of studying the cognitive mechanisms

related to the users’ attention to the gait. Data from 10 healthy users and 3 incomplete Spi-

nal Cord Injury patients are acquired during treadmill walking. During gait, users are asked

to perform 4 attentional tasks. Data obtained are treated to reduce movement artifacts.

Features from δ(1 − 4Hz), θ(4 − 8Hz), α(8 − 12Hz), β(12 − 30Hz), γlow(30 − 50Hz),
γhigh(50 − 90Hz) frequency bands are extracted and analyzed to find which ones provide

more information related to attention. The selected bands are tested with 5 classifiers to

distinguish between tasks. Classification results are also compared with chance levels to

evaluate performance. Results show success rates of*67% for healthy users and*59%

for patients. These values are obtained using features from γ band suggesting that the

attention mechanisms are related to selective attention mechanisms, meaning that, while

the attention on gait decreases the level of attention on the environment and external visual

information increases. Linear Discriminant Analysis, K-Nearest Neighbors and Support

Vector Machine classifiers provide the best results for all users. Results from patients are

slightly lower, but significantly different, than those obtained from healthy users supporting

the idea that the patients pay more attention to gait during non-attentional tasks due to the

inherent difficulties they have during normal gait. This study provides evidence of the exis-

tence of classifiable cortical information related to the attention level on the gait. This fact

could allow the development of a real-time system that obtains the attention level during

lower limb rehabilitation. This information could be used as feedback to adapt the rehabili-

tation strategy.
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Introduction
According to the World Report on Disability provided by the World Health Organization
(WHO), more than 1000 million people from the entire world suffer some sort of disability,
which represents the 15% of the world population. Between 110 and 190 millions of adults
have significant difficulties to perform daily activities. The number of disabled people is rising
due to the population ageing and the increase of chronic diseases [1]. Spinal Cord Injury (SCI)
is one of the most concerning diseases that lead to motor disability. According to the National
Institutes of Health (NIH), among neurological disorders, the cost to society of SCI is exceeded
only by the cost of mental retardation [2]. These considerable costs come from the rehabilita-
tion devices, clinical staff and the long time periods required to perform the rehabilitation ther-
apies needed by SCI patients. Emerging from these problems, governments are investing on
technologies oriented to improve rehabilitation therapies and many research groups are focus-
ing their studies on this topic [3–5].

In classical physical rehabilitation, patients are rehabilitated by therapists or devices that
induce on them the movements they cannot do on their own. Over the last years, the field of
neurorehabilitation has proved in multiple occasions that this process could be widely
improved by involving the patients in a neurological way [6]. The brain is a learning organ,
capable of restoring lost neural paths during the rehabilitation process. Using this capability,
known as neuroplasticity [7], it is possible to reduce rehabilitation periods and improve the
recovery results. To that end, it is necessary to provide some sort of neurological feedback to
the patient during the rehabilitation. In [8–10], a virtual reality has been used to provide the
patients with visual feedback of an avatar performing, simultaneously, the rehabilitation move-
ments. Results show high improvements in the rehabilitation process and also in the patient’s
motivation and involvement. Another way of providing neurological feedback is through the
use of Brain-Computer Interfaces (BCI) [11, 12]. BCIs obtain neural information from the
brain by acquiring the electrical signals on the scalp. This information can be used to obtain
patient’s intentions and mental state. Using patient intentions to trigger the rehabilitation strat-
egy enhances the effectiveness of the therapy in terms of time and performance [13]. In [14],
an upper limb rehabilitation system is tested on stroke patients showing evidence that, among
this type of patients, a robotic rehabilitation based on a motor imagery BCI result in greater
motor improvement than standard robotic rehabilitation. On the other hand, there are BCIs
designed to obtain parameters related to cognitive mechanisms like concentration, workload
and attention. These parameters play an important role during rehabilitation as the mental
state of the patient has a huge influence over the therapy performance [15].

In the case of lower limb rehabilitation, attention has been proved to be an important
parameter that affects the final performance of the therapy [16, 17]. Slow gait and poor stability
have been also associated to a low attention and cognition capabilities [18, 19]. In [20, 21],
dual-task strategies are also used to test the gait stability and variability in elder people accord-
ing to the attention paid on the gait process showing similar results. In BCI studies, attention
has been a well studied parameter, but it is susceptible to be subjectively understood depending
on the focus of each specific work. Attention and cognitive mechanisms have been related to
different electroencephalographic (EEG) phenomena produced mainly on the alpha, beta and
gamma bands. Power spectral variations on alpha and beta bands have been related to changes
on brain’s attentional demands [22–24] and the increase of theta/beta bands power ratio and
alpha band peaks have been used in [25] to diagnose attention-deficit and hyperactivity disor-
ders. Phase synchronization on gamma band has been related to visual-spatial selective atten-
tion [26–29], which is the act of focusing on a particular object, action or stimulus for a period
of time, while simultaneously ignoring irrelevant information that is also occurring. Also,
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amplitude changes of evoked potentials like P300 have been related to the level of attention
paid to an external stimulus [30, 31].

In the current work, a evaluation study is performed to find a relationship between the
attention level that a user pays to the gait and the EEG brain signals. The main goal of this
study is to set up the basis for a future system capable of classifying in real time the attention
level of SCI patients during lower limb rehabilitation. The development of such system could
have important implications on the rehabilitation strategies, being a first step to a rehabilita-
tion system capable of changing the therapy parameters in order to fit the mental state of the
patient. To perform this study, cortical information from experiments where healthy users
and incomplete SCI patients walk on a treadmill are extracted during several tasks related to
the attentional demands on gait. This study faces two critical points. The first one is to evalu-
ate the validity of the EEG signals measured during walking, which is a subject of controversy
in this field. In [32] it is stated that it is possible to measure good quality EEG signals during
movements like walking, cycling and sitting to measure attention by evaluating P300 ampli-
tudes (1–4 Hz), on the other hand, a recent study [33] claims that, during treadmill walking,
the EEG signals are polluted with movement artifacts that change depending on the subject,
conditions, electrodes and strides, affecting mainly low frequencies (*1 − 8 Hz) and which
cannot be removed just using the current artifact removal techniques. The second point is
to correlate the results obtained with the state-of-the-art studies to find a relationship
between the attention paid on the gait an the current investigations on attention and cogni-
tive mechanisms.

To deal with these problems, all frequency bands associated to cortical signals are evaluated
to find those optimal to classify the attention parameters of interest and, after that, several clas-
sifiers are tested to get the one that provides better results. The experimental conditions have
been defined to avoid the maximum amount of noises and the signals are processed with arti-
fact removal algorithms in order to reduce, as much as possible, their contributions and evalu-
ate only the cortical contribution.

Materials and Methods

Acquisition system
EEG data are acquired through 32 channels using pseudo-active electrodes located on the scalp
through an elastic cap (g.GAMMAcap, g.Tec, GmbH, Austria) with the following spatial distri-
bution: FZ, FC5, FC3, FC1, FCZ, FC2, FC4, FC6, C5, C3, C1, CZ, C2, C4, C6, CP5, CP3, CP1,
CPZ, CP2, CP4, CP6, P5, P3, PZ, P4, P6, PO7, PO3, POZ, PO4 and PO8 according to the inter-
national system 10/10 using AFz position as ground and a monoauricular reference in the right
earlobe. Electrical signals are preamplified (g.GAMMAbox, g.Tec, GmbH, Austria) before their
1200 Hz digitalization using two commercial amplifiers (g.USBamp, g.Tec, GmbH, Austria). A
50 Hz Notch filter is also applied to remove the power line interference.

Experimental environment
Fig 1 shows an image of the environment of the experiments. The user is wearing the EEG cap
which is connected to the amplifiers using a couple of extensor wires. A treadmill is used to cre-
ate a steady gait pattern. An antistatic wrist strap connects the user’s wrist to the amplifier
ground to avoid noises related to the treadmill vibration. In front of the user, a screen placed
on the treadmill is connected to the recording computer to provide visual guidance to the user
during the experiments.
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Fig 1. Experimental Environment. The user walks on a treadmill while a screen located at the eye-level
provides guidance to perform different attention-related tasks. During the experiment, EEG signals are
recorded from 32 channels located over the cortex through the g.GAMMAcap. Electrical signals are
preamplified through 2 g.GAMMAboxes located in the user hip and digitalized in the g.USBamplifiers. An
antistatic wrist strap connects the user’s wrist with the amplifiers ground to remove treadmill’s electrical noise.
The digitalized data are recorded in a computer system.

doi:10.1371/journal.pone.0154136.g001
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Experimental paradigm
The experiment performed is based on the dual task paradigm, commonly used in the literature
to evaluate attention measurements [34, 35]. In this work, users walk on a treadmill at 2 km/h
and 0 degrees of tilt while they are asked to perform 4 different 1-minute tasks that induce
changes in the attention paid to gait. In Fig 2 a graphical representation of a run is shown. Dur-
ing the first task the subject walks normally, looking straight ahead, without any distraction.
This task represents a standard attention level on the gait as the user is not fully focused on the
gait but not distracted by any other task. In the second and the third task, the subject is asked
to perform several mathematical operations and to watch a video on the screen, respectively.
Mathematical operations are composed by simple additions and subtractions with numbers
between 1 and 9 presented to the user in a friendly interface. The video is presented soundless
with subtitles to avoid the appearance of auditory potentials and to keep the interest of the
user. Both tasks represent a low attention level since the user is focusing on a non-related gait
task. Finally, during the fourth task, the user is asked to walk following some marks located on
the treadmill trail. These marks have been consciously located following an unsteady distribu-
tion to force the user to keep a high attention level on the variable gait pattern. The order of
task performance was the same shown on Fig 2 for all sessions and subjects.

A complete session of the experiment is composed of 8 runs with 1 minute breaks between
runs. The final duration of a session is approximately 40 min and it is composed of 32 min of
useful data (8 minutes of each task).

Participants
Twelve healthy users have performed 2 sessions of the experiment, 4 women and 8 men, all of
them right handed, with ages between 22 and 32 (26.3 ± 3.8). Also 3 incomplete SCI patients
have performed 1 session of the experiment, all of them right handed men, with ages between
26 and 58 (44 ± 16.3). Healthy users are degree and Ph.D. students from the Miguel Hernández
University of Elche with no known diseases, and patients are from the National Hospital for
Spinal Cord Injury (Spain) and they have incomplete SCI with motor lesions between C5 and
C6 level. All patients selected were able to walk by themselves or using simple assistive devices
like crutches or walkers. They do not suffer from cerebral injury so their brain processes should
not present huge differences from those manifested on healthy users [36]. All users have been
previously informed about the experimental procedure and they have signed an informed con-
sent according to the Helsinki declaration. The experimental procedure were approve by the
ethics committee of the Miguel Hernández University of Elche (Spain).

Processing and features extraction
This section describes how to obtain the frequency features of the signal for all the bands where
cortical information can be found. According to literature [37] these bands are: delta (δ = 1–4
Hz), theta θ (θ = 4–8 Hz), alpha (α = 8–12 Hz), beta (β = 12–30 Hz), low gamma (γlow = 30–50
Hz) and high gamma (γhigh = 50–90 Hz) bands.

Time processing. Although cortical processes can be described and generalized, electro-
cortical signal’s amplitudes experience huge changes in the time domain depending on the
user and the recording day [38]. Also, recording EEG signals during human walking induces
several sources of noise that contaminate the cortical signals of interest [33]. For these reasons
it is important to apply processing methods to remove the artifacts affecting the brain signals
and also a standardization of the signals to make possible the comparison between users and
sessions.
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First, all data are bandpass filtered between 0.5 and 100 Hz to remove blink artifacts associ-
ated to low frequencies [39] and electromyographic (EMG) artifacts associated to high frequen-
cies [40]. After that, each channel from every session is visually inspected to find outliers. On
Fig 3A, the first session of user 1 is shown to graphically see the artifacts found on some chan-
nels during a recording. The simplest way to deal with these channels is their rejection with the
consequent loss of information. In this work, to keep some information from these channels
and preserve the data dimensionality and the final number of features extracted, the noisy
channels are going to be removed and reconstructed using data from a spatially distributed set
of recordings sites by means of spatial position as in [41]. Using this method no extra informa-
tion is added to the signal (only redundant information from surrounding electrodes), allowing
the recovery of some lost information from a specific scalp area using the information left on
the neighbor areas due to volume conduction [42, 43]. Fig 3B shows the signals after replacing

Fig 2. Experimental Cue. A single run is divided into 4 different tasks related to the attention level during
gait: Normal walking as Standard Attention Level, performing mathematical operation and watching a video
during walking as Low Attention Level, and following marks on the threadmill as High Attention Level.

doi:10.1371/journal.pone.0154136.g002

Fig 3. Noisy channels reconstruction.Graph A shows 100 samples of the 32 electrodes time signals from the first session of User 1. Solid lines represent
the artifact-free electrodes (±50 uV, common range of EEG signals), dotted and dashed lines represent the noisy channels (PO7, C5 and CPZ, out of ±50 uV
range). Each noisy channel is replaced by the average value of the surrounding channels. Graph B shows the reconstructed signal.

doi:10.1371/journal.pone.0154136.g003
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the contaminated areas. The amount of reconstructed information from noisy electrodes is the
2.70% of the total available data from both healthy users and patients.

The next step is the standardization of the signals in the time domain. To do that it is neces-
sary to find a parameter that represents the brain signals and that does not experience huge
variations during a session. Also, an important aspect of this process is to reduce to its mini-
mum the loss of information after applying the standardization processes. The selected
parameter to perform this standardization has been developed during this research and for
simplifications it is going to be referenced as Maximum Visual Threshold (MV Threshold).
This parameter is computed by windowing an EEG channel in L-samples epochs and averaging
the maximum value of each epoch. Eq (1) shows the formula to obtain the MV Threshold for
the electrode e where Xe

ði�1Þ�Lþ1:i��LÞ is the L-samples epoch number i for i = 1, 2, 3. . .N being N

the total number of epochs.

MVThresholde ¼ 1

N

XN
i¼1

maxðXe
ði�1Þ�Lþ1:i��LÞÞ ð1Þ

In Fig 4A a highpass filtered EEG signal is shown in blue. The red line represents the MV
Threshold calculated for L = 1200 samples (1 second). The green dotted line represents the
step-by-step computation of the MV Threshold. During the initial epochs, the average varia-
tion (green line) presents an unsteady behavior but after averaging several tens of epochs, the
variation is very small and it is robust against isolated high amplitude peaks. Since the value of
the MV Threshold depends on the epoch width L, it is important to select this L value taking
into account the width of the epochs that are going to be used to obtain the features of our sig-
nals. Fig 4B shows the MV Threshold for different values of L. The black point shows the one
selected for the current work. For L values close to 1 (0.83 milliseconds), the value of MV
Threshold is really close to the signal average which is almost 0. Prior to L = 110 (92 millisec-
onds) the value of MV Threshold presents an accelerated increase and it becomes more stable
after this point. This phenomenon is closely related to the amount of spectral information of
the signal. The minimum epoch length needed to get all the spectral information desired from
a signal is computed as tmin = 1/fmin, being fmin the minimum frequency of interest in the sig-
nals analyzed. In this case, the L = 110 is associated to low frequencies (*10 Hz) correspond-
ing to the α band, the activation of which is expected from EEG data obtained during motor
tasks, implying that most of signal information appears in this band. However, current EEG
data are bandpass filtered between 1–100 Hz which means that the minimum epoch length to
have access to all the bandwidth is 1 seconds (L = 1200) which also in the range where MV
Threshold presents a stable behaviour.

The MV Threshold is calculated for each electrode and it can be considered constant during
a whole session. For each session, 32 MV Thresholds are computed, one per channel with
L = 1200 samples. The signal standardization is computed according to Eq (2) where V(t)e is
the time domain EEG signal of the electrode e andMVThresholdj is the MV Threshold of the
channel j, with j = 1, 2, 3, . . .Ch being Ch the total number of channels.

SVðtÞe ¼
VðtÞe

1

Ch
�
XCh

j¼1
�MVThresholdj

ð2Þ

The values of the MV Thresholds are different on each session and user, but they remain
constant during a single session. The use of this standardization makes possible the comparison
of data between users without the loss of information. The bandwidth of interest can be
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recovered from the signals and the variation of spectral power between electrodes is not lost by
averaging the MV Thresholds obtained for each of the channels.

Features extraction. Once the signals are filtered and standardized, breaks from each ses-
sion are removed and the remaining data is divided into one minute tasks (4 per run). This
division is performed prior to epoch segmentation to avoid the existence of epoch containing
cortical information of two consecutive tasks. Each task is divided into 1 second epochs (1200
samples) with an overlap of 0.5 seconds (600 samples) between epochs obtaining 3840 epoch
per session (8 Runs � 4 Tasks � 60 Seconds

0:5 Seconds ðOverlapÞ ) and 960 epochs per task (4 attention tasks). Epoch and overlap

values are selected to fit future real time specifications and they are also useful for the analysis

Fig 4. Maximum Visual Threshold.Graph A shows 160 seconds of a single channel EEG signal (in blue) and the MV Threshold computed for that signal
with a epoch width (L) of 1200 samples (1 second) (in red). Graph B shows the evolution of the MV Threshold depending on the width L of the epochs for the
same EEG channel. The black point shows the value selected and shown in graph A.

doi:10.1371/journal.pone.0154136.g004
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proposed in this work related to frequency bands comparison and task classification. After
that, the spectrum of every epoch is computed using the Maximum Entropy Method presented
by Burg in [44]. This method is an autoregressive calculation technique introduced to compute
the spectrum finite-length epochs of real time sampled data. The AR-parameters are computed
by minimizing the sum of the square forward and backward prediction errors [45]. This
method reduces the minimum entropy components of the signal which are associated to those
components than provide less amount of information reducing this way the random compo-
nents (usually associated with electronic noise) and improving the components with more
information. For each epoch the spectrum is computed between 1 and 100 Hz with a spectral
resolution of 1 Hz.

The computed spectrum of the epochs is used to obtain 6 different features sets according to
the frequency bands analyzed. As it was mentioned at the beginning of the processing section,
the frequency bands evaluated are delta δ (1–4 Hz), theta θ (4–8 Hz), alpha α (8–12 Hz), beta
β (12–30 Hz), low gamma γlow (30–50 Hz) and high gamma γhigh (50–90 Hz). For each fre-
quency band and epoch, 32 features are obtained as the sum of all frequencies between the low-
est and the highest frequency of each band (for each channel).

This feature extraction process is performed for each individual session, i.e twice per each
healthy subject and once per each patient.

Frequency band selection. To take an objective decision regarding the optimal frequency
band to classify the attention on the gait, there are several possibilities based on the use of
mathematical parameters and indices that provide information related to class differentiation.
In [46], Millán et al. introduce a coefficient that expresses the separability between 2 classes
according to their mean and standard deviation across all the epochs. To use this coefficient it
is necessary to obtain a single value of mean and standard deviation per class which is difficult
when each task is represented by more than one feature per epoch. A more suitable parameter
for the present study is the Battacharyya distance (Bdist) which was firstly introduced by Batta-
charyya in [47]. This parameter provides a measurement of the similarity of 2 sets of features
and it is closely related to the Battacharyya coefficient which is a measure of the amount of
overlap between 2 statistical samples or populations. According to literature, this measurement
has widely proved its reliability for signal selection purposes [48–50]. As mentioned, Bdist is
used to compare 2 classes, however in the current work, to obtain information related with the
separability of 4 classes, the Bdist has been calculated for all the possible combinations of the 4
classes.

Since the Bdist can provide any value in the range 0< Bdist<1, it is necessary to use a
selection criteria to decide which frequency bands present the higher class separability. In
[51], Choi and Lee have performed a study where they represent the Bayes error [52] of 2 task
classification against the Battacharyya distance between 2 classes. As a result, they obtain a
logarithmic behavior being the Bayes error between*10% and 30% for Bdist = 0.5,*1% and
7% for Bdist = 2 and*0% and 2% for Bdist = 3.5. For this work, 2 classes are going to be
selected as highly separable if their Bdist => 3.5. Only features from healthy subjects are used
in the computation of Bdist values. They represent most of the cortical data recorded during
this work and the attention level paid from patients is expected to be higher during non-atten-
tional tasks. Best features selected by this method are applied to patients data during the clas-
sification stage.

Classification
Five different classifiers have been considered to test the capability of distinguishing between
the 4 gait attention tasks. The classifiers used are properly enumerated below:
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1. Support Vector Machine (SVM) [53] with Radial Base Function kernel with C = 512 and
y = 0.002 (parameters obtained in a previous work [54]).

2. Naïve Bayes (NB)[55].

3. Linear Discriminant Analysis (LDA) which is a generalization of Fisher’s linear discrimi-
nant [56].

4. K-Nearest Neighbors (KNN) [57] with the number of neighbors k = 30.

5. Decision Tree Learning (DTL) [58].

To validate the success rate results obtained by each classifier for each session (2 session x
12 healthy users + 1 session x 3 patients = 27 sessions) an 8-fold cross validation has been used
where each run has been used as fold.

Chance level computation
To validate the results and to select the best classifier, it is necessary to confirm the significance
level between the classification results and the chance level. Applying the simplest mathemati-
cal statement, the chance level for a 4-task classification system assuming class equality (which
is the case of the current study) is 25%. But for real finite data analysis the chance level presents
several variations according to the specific conditions of the data studied. In [59], Müller-Putz
et al. introduce a mathematical method to calculate the range of values corresponding to the
chance level according to the number of tasks classified and the number of epochs used in the
classification stage for a 2-tasks classification system. According to Müller-Putz’s work, the
confidence interval around the expected chance level can be calculated using Eq (3) where n is
the number of epochs, z1�a

2
is the 1� a

2
quantile of the standard normal distribution N(0, 1), α

is the level of confidence required (typically 0.1 and 0.05) and ~p is the unbiased estimator com-
puted according to Eq (4). In this case, n is still the number of epochs and �X is the averaged
probability of all the individual probabilities of a correct classified epoch Xi with a classifier
that performs a random classification. The Eq (5) shows the mathematical formula to compute
�X , which according to the definition provided corresponds to the mathematical value of the
chance level for an ideal random classifier (50% for 2 tasks). For more than 2 classes the model
can be extended as shown in [60].

Chance Level Range ¼ ~p �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
~p � ð1� ~pÞÞ

nþ 4

r
� z1�a

2

ð3Þ

~p ¼ n � �X þ 2

nþ 4
ð4Þ

�X ¼ 1

n
�
Xn

i¼1
� Xi ð5Þ

Results

Features spatial representation
After the signal epoch segmentation and features extraction, a single 32 features vector is com-
puted for each frequency band and task as the average of the epochs of all sessions (from both
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healthy and patients data). This makes 6 frequency bands per 4 tasks, a total of 24 feature vec-
tors. The spatial distribution of these features has been represented in Fig 5 in order to visually
appreciate the difference between each task depending on the frequency range evaluated. On
this representation it is possible to appreciate some differentiation between tasks and frequen-
cies. Focusing on the minimum and maximum spectral power values used to represent each
frequency, it is shown that the spectral power of EEG signals gets lower when the frequency
evaluated increases. These results, based on visual inspection and spectral power level, are quite
subjective in order to decide which frequency bands provides more information to differentiate
between the attention tasks presented.

Frequency band separability
To obtain an objective measurement related to class differentiation, the Bdist is used. In
Table 1 this parameter is shown for each 2-tasks combination and frequency band. The letter
labelling for the class combination is the following one: A for “Normal Walking” class, B for
“Mathematical Operations” class, C for “Video” class and D for “Following Marks” class. All
the tasks combinations that achieve the criteria selected (Bdist => 3.5) have been highlighted
in bold in Table 1. Also the first and second maximum values for each combination are marked
with one or two asterisks respectively.

Table 1 shows high Bdist values for all task combinations that include task A (Normal Walk-
ing) which means that it presents a huge separability from the rest of tasks on every frequency
band. On the other hand, the remaining combinations present a low Bdist for low frequencies
achieving the selection criteria only on γlow band (except for BC combination) and γhigh band.
Another interesting fact obtained from this table is that, for all frequencies, the combination
BC (“Mathematical Operation” class and “Watching Video” class) has the lowest separability
features. Taking into account that these tasks or classes have been defined as the same level of
attention (low gait attention level), these results suggest that, indeed, both tasks present lots of
similarities. For that reason, both γlow and γhigh bands are going to be selected for the classifica-
tion stage where several classifiers are going to be evaluated in the classification of the 4 tasks
mentioned.

Classification results
The 5 classifiers previously described are applied to on the data. The average and the standard
deviation for each user and classifier after an 8-fold cross validation are computed for γlow and
γhigh bands and represented on Table 2. For patients, 1 session is used to compute the success
rate while results from 2 sessions are averaged in the case of healthy users. The total averaged
values for each classifier and frequency band are also computed. These values are computed
using all the single fold values obtained from every subject. From these results it is possible to
approximate averaged classification results, e.g from high gamma band frequency features and
KNN classifier, a 66.79% and a 59.08% of success rate are obtained from healthy subjects and
patients respectively.

Significance against chance level. In the current work, for each session there are 3840
epochs but only 960 are used to test the classification results on each fold iteration. The chance
level range of a single fold (from the 8-cross fold validation) is computed for n = 960, �X ¼ 0:25

(4 tasks) and α = 0.05 (according to Eq 3), obtaining the range 23.9< successrate< 26.3 (Fig
6). Any iteration of the 8-cross fold validation providing a classification result within this range
should be considered random. Fig 7 shows the average success rate of each classifier for healthy
users and patients on both frequency bands (24 sessions � 8 folds = 192 success rate values of
healthy users and 3 sessions � 8 folds = 24 success rate values for patients) and the computed
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Fig 5. Features Spatial Distribution. Spatial distribution is represented for each task and frequency. Features used are computed by averaging the features
of every subject (healthy users and patients) and sessions for each task and frequency band. Tasks are arranged according to the increasing attentional
demand.

doi:10.1371/journal.pone.0154136.g005
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Table 1. Bhattacharyya distance. Values of bdist for the paired combination of tasks on each frequency band. All bdist values > 3 are marked in bold. High-
est bdist values for each task combinations are marked with * and second highest bdist values are marked with **.

AB AC AD BC BD CD

1–4Hz 16.62* 17.86* 16.32* 1.68 1.52 1.68

4–8Hz 9.25 9.76 9.63 0.85 1.36 1.20

8–12Hz 8.68 9.32 9.35 1.06 1.84 1.60

12–30Hz 8.82 9.32 9.89 1.35 2.95 2.61

30–50Hz 8.22 8.88 9.64 1.86** 4.96** 4.19**

50–90Hz 9.41** 10.81** 11.40** 3.98* 7.23* 5.91*

doi:10.1371/journal.pone.0154136.t001

Table 2. Success Rates and Standard Deviation. Success rates for all subjects (10 healthy and 3 patients) and classifiers for both frequency band
features.

γlow

SVM NB LDA KNN DTL

Users H1 77.38±12.38 52.02±12.37 78.10±5.66 73.38±14.03 73.29±6.49

H2 68.86±12.05 44.17±9.60 67.74±9.54 65.99±13.27 59.43±13.36

H3 76.89±6.45 53.52±7.43 72.99±7.38 73.71±9.96 69.76±7.13

H4 68.38±3.99 36.44±3.82 62.74±4.16 66.18±3.59 61.25±4.71

H5 76.37±7.62 60.62±8.01 72.31±8.05 72.73±8.54 66.32±5.81

H6 70.31±15.06 45.79±8.94 69.62±14.81 67.40±14.44 61.31±9.92

H7 59.36±6.47 33.81±6.73 54.52±6.43 58.05±9.09 52.07±6.63

H8 68.74±7.79 37.09±6.28 59.40±5.13 66.60±8.71 60.29±6.77

H9 67.00±6.85 39.22±9.82 63.37±6.16 65.31±8.36 58.94±4.69

H10 57.42±6.57 31.38±7.49 54.87±5.67 52.31±9.84 50.81±5.08

H11 60.51±8.24 47.41±8.93 75.38±9.71 67.24±6.69 62.39±6.86

H12 71.66±9.22 61.37±5.09 72.31±6.65 72.63±7.90 68.00±5.92

P1 53.66±7.00 40.95±4.33 62.72±3.92 54.09±3.94 51.83±6.47

P2 67.56±4.33 37.28±5.65 62.39±10.71 71.12±5.40 63.36±4.42

P3 48.28±2.96 28.99±4.16 50.54±4.18 52.05±6.54 49.14±5.15

Avg 66.16±11.54 43.34±12.02 65.27±10.53 65.27±11.84 60.55±9.95

γhigh

H1 77.15±13.33 36.31±11.68 78.47±7.49 74.03±14.94 73.35±7.55

H2 69.89±14.41 41.48±8.54 71.53±12.24 67.79±14.63 62.97±11.89

H3 77.15±7.15 47.11±6.30 74.51±7.22 72.99±10.63 69.79±7.79

H4 68.99±3.20 26.83±2.98 63.80±4.34 67.79±4.25 62.83±4.19

H5 77.65±7.88 62.36±8.19 78.32±7.60 73.31±9.61 68.75±7.78

H6 71.49±16.78 50.18±10.00 71.17±14.90 67.78±14.64 60.83±12.74

H7 59.87±8.66 33.39±6.06 57.39±6.44 56.37±10.95 52.17±8.54

H8 73.88±10.11 33.46±6.57 66.18±10.10 72.32±12.57 67.92±9.48

H9 65.80±7.84 38.87±7.00 63.51±6.74 62.89±8.56 57.00±6.90

H10 58.48±5.70 32.69±5.83 55.66±5.94 56.96±8.24 53.74±9.91

H11 63.63±9.86 60.08±10.63 67.30±8.67 66.43±10.38 61.48±7.91

H12 71.07±10.81 60.67±5.62 75.86±7.47 78.45±10.88 74.46±6.04

P1 50.75±5.27 36.75±5.65 59.81±4.39 58.19±6.96 53.77±6.59

P2 69.94±6.85 39.55±8.42 67.46±9.34 73.81±6.38 68.00±7.02

P3 48.92±2.47 28.34±3.98 53.45±5.89 55.50±6.96 54.20±4.94

Avg 66.98±12.46 41.87±11.95 66.96±11.59 66.97±12.52 62.75±10.82

doi:10.1371/journal.pone.0154136.t002
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value of the chance level for each group (a 192/24 vector, respectively, with random values
from the chance level range computed). The significance of these success rates is analyzed from
these results. To that end, the chance level is compared to the success rate obtained for each
classifier running a Wilcoxon Sum-Rank Test with a confidence interval of 95% and then
applying a Bonferroni correction for multiple comparisons. This analysis shows that the suc-
cess rates are predominantly above chance levels (p< 0.05) for all 5 classifiers.

Significance between classifiers, features sets and subjects. To test the significance
between classifier outputs, feature sets and subjects, the same statistical approach is applied.
Table 3 shows the significance p values of comparing the same classifier for 4 different condi-
tions: 1) γlow features: healthy against patients; 2) γhigh features: healthy against patients; 3)
Healthy: γlow against γhigh features; 4) Patients: γlow against γhigh features. Table 4, on the other
hand, shows the significance p values for all the classifier combinations for the 4 graphs of Fig
7. On both tables, the significant p values are marked in bold after applying a Bonferroni
correction.

Discussion
On the spatial distribution of the averaged features shown in Fig 5 it is possible to appreciate
some differentiation between tasks and frequencies. Focusing on the minimum and maximum
spectral power values used to represent each frequency, it is shown that the spectral power of
EEG signals gets lower when the frequency evaluated increases. In δ and θ bands, the distribu-
tions present huge deviations between tasks and the main activation is located on the frontal
lobe usually associated to blinks, head movements and other physiological artifacts [61]. These
results fit the statements of Kline et al. in [33] claiming that motion artifacts have higher contri-
butions on lower frequency bands and present huge variations depending on the subject and
the walking speed. α band shows a main activation on the motor area which is an expected
behavior during walking. According to literature, the motor cortex side activated depends on
the real or imagined motor movement performed [62, 63]. For that reason, during walking, left

Fig 6. Chance Level Range. The range of variation of the chance level for a 4-task classification system is shown depending on the number of epochs
classified. The top and bottom lines represent the highest and the minimum values admissible to consider the current classification random. These values are
selected for the number of epochs of the current work (n = 960).

doi:10.1371/journal.pone.0154136.g006
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Fig 7. Chance Level Range. The graphs show the average success rate of each classifier and the computed chance level for 4 equally distributed tasks and
the amount of epochs used during the cross validation. Graph A shows the results for γhigh features, while graph B shows the results for γlow features.

doi:10.1371/journal.pone.0154136.g007
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and right areas of motor cortex are alternatively activated disguising any changes related with
the attention. In the β band, the spectral power is softer in the motor area and experiences a
smooth increase in the occipital area. Finally, for γlow and γhigh bands there is a significant
reduction on the motor cortex where the power and distribution seems to be related to the
attention level classified. Compared with the motor cortex, the occipital area is much more
active suggesting that visual information is being processed. These results and those provided
in Table 1 about class separability suggest that the measurement of the attention level on the
gait is closely related to the selective attention. As it was stated at the beginning of the paper,
selective attention is described as the attention paid to an external object, action or stimulus
while another object, action or stimulus, simultaneously happening, is ignored. In this case, the
gait process and the environmental visual information are the event and action, respectively,
confronted, and the gait attention changes depending on which event is more or less ignored
or attended.

Classification values on Fig 7 and the test performed show that all classifiers tested provide
significant values in the classification of this attention level, confirming the existence of dis-
cernible information related to the attention level on the gait obtained from γ band features.
On rows 1 and 2 of Table 4, each classifier from healthy users is compared with its analog on
patients showing, in most cases, significant differences between them. These results imply that
the classification results from patients are significantly different than those obtained from
healthy. This significance could be a consequence of the inherent increased attention on gait
presented on incomplete SCI patients who are always more focused on the gait than healthy
subjects regardless the distraction event presented to them [18, 19]. Both healthy subjects and
patients performed the same tasks and the classification model was trained according to them,
but patients’ attention on gait was always higher than healthy’s during standard and low

Table 3. Significance between classifiers. Significance values for the paired combination of classifiers for
healthy and patient both using γlow and γhigh features.

Healthyγlow

SVM NB LDA KNN

NB 2.2 � 10−40 - - -

LDA 2.0 � 10−3 5.4 � 10−36 - -

KNN 2.6 � 10−2 4.1 � 10−35 3.5 � 10−1 -

DLT 6.2 � 10−11 1.5 � 10−29 4.9 � 10−4 8.0 � 10−6

Healthyγhigh

NB 2.7 � 10−8 - - -

LDA 5.8 � 10−2 2.0 � 10−41 - -

KNN 4.3 � 10−2 4.1 � 10−38 8.5 � 10−1 -

DLT 8.8 � 10−5 6.4 � 10−35 1.0 � 10−4 1.7 � 10−4

Patientγlow

NB 2.7 � 10−8 - - -

LDA 5.1 � 10−1 7.6 � 10−9 - -

KNN 2.7 � 10−1 5.6 � 10−9 9.8 � 10−1 -

DLT 5.0 � 10−1 2.5 � 10−8 2.0 � 10−1 1.8 � 10−1

Patientγhigh

NB 4.3 � 10−14 - - -

LDA 3.1 � 10−5 3.1 � 10−10 - -

KNN 2.1 � 10−3 8.8 � 10−11 2.0 � 10−2 -

DLT 4.8 � 10−6 2.3 � 10−9 1.4 � 10−4 2.5 � 10−4

doi:10.1371/journal.pone.0154136.t003
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attention tasks. On the other hand, rows 3 and 4 for Table 4 show the same classifier compari-
son but this time between frequency bands, showing no significant values except for classifiers
C2 (NB) and C3 (LDA) on healthy users. These values suggest that the information is similar
in both bands and their combination in the feature extraction stage could improve the final
classification results.

Finally, on Table 3, for each subject group (healthy and patients) and frecuency band (γlow
and γhigh), the classifiers are compared between them showing in most cases no significant
results between them. In that case, the optimal classifiers selection could be performed by the
maximum average success rate. Focusing on Fig 7, classifiers SVM, LDA and KNN provide, in
general the best results, being SVM performance slightly higher on healthy users and LDA and
KNN on patients.

Conclusion
In this paper, different frequency bands extracted from data of 10 healthy users and 3 incom-
plete SCI patients have been evaluated to find a relationship between cortical signals and the
cognitive mechanisms related to the attenton during gait. The study emphasizes the difficulties
to decode cortical information on low frequency (δ and θ) bands due to the artifacts generated
by movement and also to classify the cortical information on α band related to attention which
is covered up by the motor rhythms produced during gait on cortical signals. On the other
hand, information related to selective attention mechanisms that relate the attention to the gait
and the attention to the external environment have been found in the γ band. The band selec-
tion has been performed by computing a separability index between tasks using the Bhatta-
charyya distance and the features extracted have been tested using 5 classifiers with an 8-fold
cross validation. Final results provide an average value of 67% of success rate classification for
4 attention tasks. Success rate values have been compared to chance level, showing clear signifi-
cance. Healthy users have obtained significantly higher classification results suggesting that
there was less class separability on patient’s which is related to the higher level of attention they
pay on non-attentional tasks due to their motor disabilities.

This work settles a basis for gait attention classification. For future works this offline analy-
sis should be performed with a higher patient population. In addition, the features extraction
should be improved combining both low and high γ bands and using mathematical algorithms
for feature selection and reduction. The number of tasks used to train the model should be
reduced to 3, removing one of the high gait attention tasks and improving this way the final
success rate. Current processing algorithms should be changed to fit real time condition in
order to perform online tests with healthy users and patients. Also the the reference electrode
standardization technique (REST) [64] should be tested on the data to improve the quality of
EEG signals in terms of spatial resolution and artifacts’ identification. And, as a final goal, an
online system that provides the attention level of an incomplete SCI patient under exoskeleton

Table 4. Significance between bands and users.Rows 1 and 2: Significance values for both frequency features between healthy and patients. Rows 3 and
4: Significance values for both healthy and patients between frequency bands.

SVM-SVM NB-NB LDA-LDA KNN-KNN DLT-DLT

γlow: Healthy−Patient 1.44 � 10−6 2.90 � 10−3 2.60 � 10−3 3.00 � 10−3 1.50 � 10−3

γhigh: Healthy−Patient 1.64 � 10−6 7.17 � 10−2 6.01 � 10−4 3.30 � 10−2 2.49 � 10−2

Healthy: γlow − γhigh 2.84 � 10−1 1.87 � 10−2 3.46 � 10−2 3.19 � 10−1 7.98 � 10−2

Patient: γlow − γhigh 9.51 � 10−1 5.29 � 10−1 6.13 � 10−1 2.56 � 10−1 1.73 � 10−1

doi:10.1371/journal.pone.0154136.t004
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rehabilitation could be used to change, in real time, the parameters of the rehabilitation to fit
better to the cognitive state of the patients and improve the rehabilitation performance by
involving them in a deeper level.
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Abstract. This paper presents preliminary results obtained in the clas-
sification of attention levels during gait. For that purpose an experimen-
tal environment and equipment is going to be presented. EEG signals
are measured while a user walks on a treadmill. Users are asked to per-
form several activities during walking in order to generate changes in
their levels of attention. Signals registered are processed and analyzed
to extract their features. Several classifiers have been tested using these
features as input. First investigations show a success rate of 65,25% for
the classification of four attention levels.

Keywords: Attention levels, Brain-Machine Interface, Rehabilitation

1 INTRODUCTION

Nowadays, there are people who suffer from several motor diseases that affect
their daily life. When an illness prevents a person from moving their muscles,
tasks, otherwise easy to perform, become a hard challenge to accomplish. Brain-
Machine Interfaces (BMI) allow the communication between humans and ma-
chines using several electrophysiological signals like electro-ocular (EOG) signals
produced by the movement of the eyes or electroencephalographic (EEG) sig-
nals produced in the brain [1]. These interfaces are focusing more and more each
day on helping people suffering from disabilities. BMI systems provide a new
way of interaction between a person and their surroundings [2, 3]. BMI systems
can be classified as either invasive and non-invasive depending on the methods
used to register the brain signals. Non-invasive technologies are more extended
than invasive technologies because they do not bring up ethical questions and
neither have the risk associated with the occurrence of medical complications
during surgeries to place electrodes inside the scalp. Non-invasive BMI systems
are used to treat and help people with different degrees of disabilities from severe
motor limitation, like Locked-in Syndrome and Spinal Cord Injuries [4], or minor
treatable motor injuries like those produced on accidents that can be reversed
through rehabilitation [5, 6].
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This research is part of the BioMot project - Smart Wearable Robots with
Bioinspired Sensory-Motor Skills (Grant Agreement number IFP7-ICT- 2013-10-
611695), which main goal is to develop a wearable robot for rehabilitation tasks
that uses EEG information in order to improve the rehabilitation results on pa-
tients. This paper presents an experimental environment designed to measure
EEG signals from users during gait. Through this environment, several levels
of attention are stimulated on the user in order to evaluate how the attention
mechanism affects the gait of a person. When the gait becomes more natural for
the patient, the attention put on the gait is reduced. For that reason, measur-
ing the level of attention provide useful information about the enhancement in
the rehabilitation, allowing the rehabilitation system to adapt the rehabilitation
process depending on that attention level. First tests have been performed by
healthy users providing results clearly above chance levels for the classification
of 4 different attention levels during walking.

2 MATERIAL AND METHODS

2.1 Setup

EEG register equipment is carried by the user in a backpack to provide he/she
freedom of movement during the gait. This equipment is connected to a computer
where the data are stored. A treadmill is used to simulate a constant gait. A
screen is placed in front of the user to provide visual stimulation to generate
different levels of attention.

2.2 Register and Processing

Signals are registered with 2 commercial amplifiers g.USBamp from g.Tec with
the g.GAMMAcap which has active electrodes to reduce signal/noise ratio. The
acquisition of EEG signals is done using 32 electrodes placed over the scalp with
the following distribution: FZ, FC5, FC3, FC1, FCz, FC2, FC4, FC6, C5, C3,
C1, Cz, C2, C4, C6, CP5, CP3, CP1, CPz, CP2, CP4, CP6, P3, P1, Pz, P2, P4,
PO7, PO3, POz, PO4 and PO8 according to the International System 10/10 with
a monoauricular reference in the right earlobe and ground in AFz. A sampling
frequency of 1200 Hz has been used. A bandpass filter from 0.5 to 100 Hz has
been applied. Also, a 50 Hz Notch filter to remove the power line interference is
used. The time signal is divided into 1000 ms windows with a 500 ms overlap
between windows. On each window a three-nearest neighbors Laplacian filter is
applied. The spectrum of the signals is computed using the Welch method as
in [7]. One feature per electrode is obtained as the addition of all frequencies
from 8 to 40 hz. The complete features vector (32 features) is used as input for
several classifiers listed as follows: Support Vector Machine (SVM), K-Nearest
Neighbor(Knn), Naive Bayes(NB), Linear Discriminant Analysis classifier(LDA)
and Quadratic Discriminant Analysis(QDA). The efficiency of each classifier has
been tested with a cross validation between sessions.
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2.3 Experimental Procedure

The system has been tested with 4 healthy users, all of them right-handed with
ages between 23 and 31 (27,5 ± 3.32). After preparing all the equipment, the
user is asked to start walking on the treadmill with a constant velocity of 2 km/h
and 0 degrees of inclination. First task is walking normally, looking at the front
without any distractions. This task is going to be classified as standard attention
level. During the second task, the screen shows mathematical operations that
the user should mentally solve. On the third task a short video is shown on
the screen. These two tasks simulate a low attention level over the gait. On
the last task, the user is asked to walk following several marks planted on the
treadmill. These marks are not perfectly adapted to the normal gait of the user
and force he/she to increase his/her attention level on the gait. A whole session
is composed of 8 runs with 20-30 seconds between runs. A graphical explanation
of a session is shown on figure 1.

Fig. 1. Time spent during a run. Task 1: Normal walk. Task 2: Perform mathematical
operations. Task 3: Watch video. Task 4: Steps in the marks planted on the treadmill.
Between tasks, a few seconds are waited used by the user while the task performed
changes.

3 RESULTS

Results obtained are represented in table 1. Each user has performed two sessions
in order to compare how results differ between session. The model has been
created with the runs of each session and the results have been validated with a
8-fold cross validation. LDA classifier provides the best results in both sessions
for all users. The other classifiers efficiency also remains constant between users
which is an evidence of stable behavior of the signals for each task. The correct
rate mean value for the best classifier (LDA) for every user and session is 65,25%
which is significantly above the chance level of for 4-task classification (25%).
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Table 1. Classification results for 4 users. Correct classification rate for 4 tasks are
shown for five different classifiers

User A User B User C User D

Classifier Session 1 Session 2 Session 1 Session 2 Session 1 Session 2 Session 1 Session 2

SVM 43,88% 54,15% 54,28% 55,23% 66,68% 65,65% 59,80% 54,52%
KNN 40,34% 45,30% 53,81% 49,84% 57,77% 55,33% 53,34% 47,22%
NB 30,51% 40,94% 40,52% 32,51% 55,46% 56,70% 54,36% 26,05%

LDA 50,32% 54,99% 69,07% 62,63% 70,80% 67,88% 64,84% 57,98%
QDA 37,26% 46,38% 46,74% 42,96% 64,71% 60,16% 55,59% 52,13%

4 CONCLUSIONS

The results obtained on this research show that there is a detectable pattern on
the signals registered from the scalp of healthy users who walk over a treadmill
while experiencing different levels of attention. Results obtained are also prelim-
inary, only different classifiers have been tested and compared on this research.
On future investigations all frequencies ,from 1 to 100 hz, are going to be ana-
lyzed to find the frequency range that provides the best results. In the future,
tests will be also done with real patients.
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