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(Invasive, Non-invasive, EEG)
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Brain-machine/computer Interfaces (BMI/BCI)

BUISYSTEM

Wolpaw, Clinical neurophysiology, 2002



The first BMI

Chapin et al., Nature Neurosci., 1999



BMI for monkeys

Velliste et al., Nature, 2008



BMI for human

Hochberg et al., Nature, 2006 Hochberg et al., Nature, 2012



Hochberg LR, Nature, 2012
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Somatotopy in Human




Somatotopy in Monkeys

Schwartz A B J Physiol 2007;579:581-601 The Ournal Of

Physmlogy

©2007 by The Physiological Society
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Time and Spacial resolution (Invasive vs. Non-invasive)
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Non-, Semi-, and Invasive
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Semi-invasive BMls

Electrocorticography
(ECoQG)

Schalk G et al., J Neural Eng., 2008



What ECoG can decode!?
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What ECoG can decode!
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Non-invasive BMIs

Electroencephalography(EEG),
Magnetoencephalography(MEGQG)

NIRS fMRI

(near-infrared spectroscopy) (functional Magnetic
Resonance Imaging)
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EEG

® Hans Berger, (May 21, 1873 - June |, 1941)

® Discovery of XX-wave
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EEG

® Evoked potentials
® Light, Sound, Tactile, ...

® Event-related potentials (ERP)
® Higher-order cognitive processing

® Spontaneous signals (resting-state)
® Personality, ability, ...



Steven Hillyard
(UCSD)

® Research on attention using ERP

® P300: Oddball paradigm




The most popular EEG-based BCls

- P300 (Event-related potentials)
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- Visual

Evoked potential-based BMI

-voked Potentials (VEPS)

Luo et al., J. Neural Eng., 2010
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Spontaneous EEG-based BMI

- @ and B waves » Event Related Desynchronization (ERD)
sl

EEG-controlled Wheelchair
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Neuro-rehabilitation
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Shindo et al., J Rehabil Med, 2011



Neuro-feedback

Slow Cortical Potential

Positivation ‘l'ask o

Strehl et al., 2006



Difficult for EEG?
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Neural origins and EEG signals

Gloor, 1975



Brain-machine interfaces

Hochberg LR, Nature, 2012 |S thiS possible for non-invasive methods?



To control the robot arm by EEG ...

Left Both Right
hand feet hand 00 0 500 1000

- ‘ \ .
6/ Which body parts?
| When?
How much force?

How long?

- Conventional EEG-BMI * Our method

Classify body parts Reconstruct muscle activity signals

Flexor carpi radialis

/ ’\W

Front

Back

msecC




30ch EEG

‘ VBMEG

| 00~200 Current sources

20~30 Current sources

’

Current Sources

2ch EMG



Leadfield matrix

Anatomical
MRI image

Brain cortical model

Electrode positions

Three layer model EEG electrodes
( scalp, skull, CSF ) coordinate position

| .. GSF: cerebrospinal fluid




Current source estimation

B(t) = GJ(t) J(t) = LB(1) B:;eersai;cnhi(cﬁé)

electrodes : ~102 current sources . 103~104 Estimation
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Inverse Problem
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‘ asS a prior

B: electric field, G: Lead Field matrix, J: current, L: inverse filter



S— —

, Reconstructlon of muscle act|V|ty S|gnals

Alwrar @ | ] - 'ng',‘-", "' ‘»

— |5 - e

T T L s o
. | J
H \"“ |/

SN RO Y l,‘
’

L\‘v Y™

-.:"..‘ R — rabenirdr v g ”.‘ & —_ 0'. o
| SETT | e |
I ‘ | | I
Variational Bayesian multimodal encephalography Sparse Regression model
||\ method (VBMEG) http://www.cns.atr.jp/cbi/sparse_estimation/sato/VBSR.html

http://vbmeg.atr




Isometric Contraction Exp.

Five Tasks Still

Flexion (High) Extention (High)
Flexion (Low) Extension (Low)

Flexion Extension

High

Low

Indicator

Yoshimura et al., Neuroimage, 2012 5



EEG and fMRI activation

Flextion (low) Extension (low)

EEG is quite similar
fMRI activation is different

Yoshimura et al., Neuroimage, 2012



Current source signal wave form

Near current source pattern in different
Current source of Flexion / Extension task is different

Yoshimura et al., Neuroimage, 2012



30ch EEG

‘ VBMEG

| 00~200 Current sources

‘ SPR

20~30 Current sources
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2ch EMG

Current Sources




Sparce Liner Regression

[ filtered EMG] estimated current
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Result
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Yoshimura et al., Neuroimage, 2012



Result: Force difference ..
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Brain activity pattern



EMG-based poser assist device ver. |

Stiffness of the joint angle

Flexion

Kawase et al., ] Robotics Mechatronics, 2012



Toward an EMG-driven brain-machine interface robot

Current  EMG ' EEG

Current Souce Estimation

Kawase et al.,Advanced Robotics, 2017



Usabilities ol EEG cortical current Eebhgecs
e
VS.

Yoshimura et al., BCI meeting 2016

‘ Arbitrary Phoneme
(/a/, /1/...)

Yoshimura et al.,
Front Neurosci, 2016

Minati et al., IEEE Access, 2017

Gait intention

i Mejia Tobar et al.,
Emotion Front Neurosci, 2018

Yoshimura et al.,
Acta IMEKO, 2017




Brain signaling visualization

Cooperated by ATR-CBI



EMG based
Interface
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Signal Processing
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Artificial Neural Network

Input: 4ch EMG I
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Summary

Spatial resolution of EEG are computationally increased by
cortical current estimation method based on
variational Bayesian algorithm (VBMEG)

- Muscle activity time-series were successfully reconstructed
from EEG cortical current signals, and the reconstructed
signals were able to control EMG-based exoskeleton robots.

- The cortical current estimation method can be applied to
decode other brain information e.g. speech, emotion...

- Network analysis of the cortical current signals will provide us
interesting insights to understand information processing in
the brain (Thursday’s topic)



