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Experiments and Results

o MNLFHIEE:
Q BCI X% 11 HIEEE [Va: 5 BFAE, 118 BiE, M3 MI X% (AFMEH
MDD 82 140 JXiRIE. BEHLIEREE 30 MAEHITIEME, B MAE 3.5 s EEG.
Q BCIZE IV HIEE 2a: 9 BFRXEXREH 22 BiE EEG 1 3 #i& EOG 5.
O MI 1155 (EF. &F. EHMAE MD. 82 MI 8% 144 MK, FEN
%3 38 MAWFHITIEME, B MRAK 3 s EEG.

o ¥IETNALIE: EEG HIREE 8 £ 30 Hz MHRIENISFHITIER, BIERA
IERTERBIRISRIAY 4 XF CSP AN SR EI TSI, FHBIEKE EEG
BREE| 8 HHFHETIE .



Experiments and Results
oe

Experiments and Results

Dataset IVa

Dataset 2a Dataset IV
" p " ase a " Dataset 2a
82
g g J 386 » RS
3 9 — - — - — -
< < D se e i (g [ 3 S S
276 L) - — - H z
£ L. 1 &
g g e ] ™ -
2 Z = <8 N e
" 0 g e S R ——
______ - e T %
o 1 2 3 4 s &% 1 1 3 s 6 0 1 1 3 4 5 6™ 5 i s 6
Number of classifier updates Number of classifier updates Number of classifier updates Number of classifier updates
--- RWOS-ELM —+— IRWOS-ELM - Wit s
3 el e —=— RWOS-ELM —+— IRWOS-ELM
*{E-IR“’;FUf{-FLM-I —— SEIRWOS-ELM-2 SE-IRWOS-ELM-1 —=— SE-IRWOS-ELM-2
—+— SEIRWOS-ELM —+— SE-IRWOS-ELM
(a)

(b)

E: BIRE IVa M 22 LHELMEEZREFN NS IOEBHER (%). (a) FIRMEE
RBFRENIZR L E D 30, (b) MEMRERFRCNIGRERED 110,



Related Works 1

Q@ ETHMNENMET (Naive Bayes) A THMET EEG F89 MI 7&5) [7];

© FBCSP 254 RLDA (IEMMLEZMFIRINHT) Bk /LMD ua L FIL Zim a8
% EEG[5]

O HIHIMHET ELM (SBELM) MI 3E % 2]
Q WMIRFEINFERIBRNA (8]

Q@ TEEFIARY (BLS) SMIRFEIH (ELM). BEHLIEEFEGEMLE (RVFLNN)
XA SEE [1]

0 ETENFEEREF IR 4
Q@ WMEESATHIERESIERR (6]



Reference 1

1]
2]

TEF SRS (Broad Learning System, BLS) - FlERE - BERE.

Zhichao Jin, Guoxu Zhou, Daqi Gao, and Yu Zhang.
Eeg classification using sparse bayesian extreme learning machine for

brain—computer interface.
Neural Computing and Applications, 32:6601-6609, 2020.

Kai J Miller, Gerwin Schalk, Eberhard E Fetz, Marcel Den Nijs, Jeffrey G
Ojemann, and Rajesh PN Rao.
Cortical activity during motor execution, motor imagery, and

imagery-based online feedback.
Proceedings of the National Academy of Sciences, 107(9):4430-4435, 2010.



Reference 11

[4]

Qingshan She, Yukai Zhou, Haitao Gan, Yuliang Ma, and Zhizeng Luo.
Decoding eeg in motor imagery tasks with graph semi-supervised broad

learning.
FElectronics, 8(11):1273, 2019.

Nayid Triana-Guzman, Alvaro D Orjuela-Canon, Andres L Jutinico,
Omar Mendoza-Montoya, and Javier M Antelis.

Decoding eeg rhythms offline and online during motor imagery for
standing and sitting based on a brain-computer interface.

Frontiers in Neuroinformatics, 16:961089, 2022.

Zitong Wan, Rui Yang, Mengjie Huang, Nianyin Zeng, and Xiaohui Liu.
A review on transfer learning in eeg signal analysis.
Neurocomputing, 421:1-14, 2021.



Related Works
ceee

Reference I11

[7] Hua Wang, Yanchun Zhang, et al.
Detection of motor imagery eeg signals employing naive bayes based

learning process.
Measurement, 86:148-158, 2016.

8] EELAFHITEF.
AL IRPREF SIHL (ELM)_ RENEREDR  bilibili.



	Abstract
	Background Knowledge
	Method
	基于RWOS-ELM的基础分类器
	uxiliary classification with online sequential euclidean distance

	Experiments and Results
	Related Works

