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A non—merging data analysis method to localize brain
source for gait-related EEG
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Abstract

Gait is an evaluation index used in various clinical area including brain nervous system diseases. Signal source localizing
and time-frequency analysis are mainly used after extracting independent components for Electroencephalogram data as a
method of measuring and analyzing brain activation related to gait. Existing treadmill-based walking EEG analysis performs
signal preprocessing, independent component analysis(ICA), and source localizing by merging data after the multiple EEG
measurements, and extracts representative component clusters through inter-subject clustering. In this study we propose an
analysis method, without merging to single dataset, that performs signal preprocessing, ICA, and source localization on each
measurements, and inter-subject clustering is conducted for ICs extracted from all subjects. The effect of data merging on
the IC clustering and time-frequency analysis was investigated for the proposed method and two conventional methods. As
a result, it was confirmed that a more subdivided gait-related brain signal component was derived from the proposed
“non-merging” method (4 clusters) despite the small number of subjects, than conventional method (2 clusters).
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Fig. 1. Experiment environments and settings. (a) EEG
measurement setup, treadmill, and monitor. (b) 3D
scanner for EEG electrode location measurement.
(c) motion capture camera. (d) Lower body gait
model.
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Fig. 2. Experiment and Measurement protocols.
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Table 1. Number of selected ICs and IC clusters.

E 1 ZEE SEHAE « 2H2H9

(@) Number of selected ICs

Method Subject 1 Subject 2 Subject 3
Method 1 4 2 3
Method 2 4 2 2
Method 3 45 26 21

(b) Number of selected clusters(CLS) and its ICs

Method |Number of CLS Number of ICs in CLS
CLS 1 CLS Z
Method 1 2
2 4
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24 31 18 14
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