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ABSTRACT

Multi-Functional Brain-Computer Interface Using Deep Learning

Choi, Woo Sung

Advisor : Prof. Yeom Hong Gi Ph.D.
Dept. of Electronic Engineering,
Graduate School of Chosun University

Introduction: Brain-computer interface (BCI) is a technology that controls computers or
machines using brain signals. With this technology, people with various disabilities, such as
neural paralysis, and spinal cord injury can control electric devices or express their
thoughts by simply thinking. The BCI types can be devided based on which
electroencephalography (EEG) characteristic is wused to predict intentions as follows.
P300-based BCI uses amplitudes of P300. P300 is a positive peak of EEG signal that occur
about 300ms after a visual stimulation. SMR is based on the characteristic that the power of
alpha wave (8~13Hz) or beta wave (13~30Hz) on motor cortex is changed according to the
user’s imagination of body movement. Steady state visual evoked potential (SSVEP) based BCI
uses a power spectrum of EEG signal measured on the visual cortex. To use the BCI system
in daily life, the BCI should be able to predict various intentions such as direction of
walking, text typing, and body movements. However, the previous BCI methods have a
limitation that they can predict only one type of intention. In this paper, we propose a

multi-functional BCI method that can predict various intentions simultaneously.

Method: To evaluate whether the proposed multi-function BCI can or cannot predict
multiple intentions, different types of intentions, steady state visually evoked potential
(SSVEP), sensory motor rhythm (SMR) and both of SSVEP and SMR (Multiple Intention),
were predicted by one BCI model. We used EEG data measured during SSVEP and SMR

paradigm, respectively, for 54 subjects. Signal processing of the multi-functional BCI is as
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follows; noise was removed from electroencephalography (EEG) data using common average
reference (CAR) and a band-pass filtering. After that, features that reflect user's multiple
intentions are extracted using power spectrum analysis and normalization process. Finally,

artificial neural networks or convolutional neural network predict multiple intentions.

Results: The prediction accuracy using convolutional neural network was 38.89% for
Multiple Intentions. Chance level of the prediction was 1.56%. These results indicate that
the proposed multi-functional BCI can predict multiple intentions. It also means that users
of the proposed BCI system can control various electric devices simultaneously. Also, this

will enable the application of practical BCI system for daily life in the near future.
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6™ Layer Convolution 440 = 50 (10 x 50, 100) ELU
7" Layer Max Pooling 431 < 100 (3 x 1) -
8" Layer Convolution 143 = 100 (10 x 100, 200) ELU
9" Layer Max Pooling 134 x 200 (3 x 1) -
10" Layer | Fully—connected - Softmax

B
\)
b
\)
N

12 RA AT Tx]

o

_25_

Collection @ chosun




3 7 Al 249 dolwa
9 A4 wee AAg 3
st4o AaAetrt 9l EA A e SAekd SSVEPS

,{
d
=y
o
D
(s}
Qo
(@]
=
jon)
o
ol
-
rr
H
o,

of gt "ol SSVEPZF T XA veive Az #93
, SMRo] F=#AA YeER}=(C174, FC3™4, CP374 |

3AEE Adste] o dHeoly AS wEo] sgd HUEE W

_26_

Collection @ chosun



Multiple Intention
32.96
32.33
277.65
28.51

43.00

44.22
38.85

39.65
1.56 (1/2%)

Accuracy[%]
SMR

SSVEP
57.35
57.98
65.89

67.81

Intention

AFNFY BFAN

3ch

5ch

l1ch

13ch
Chance Level

A3 A2

A1
# of ch

P mun A
m.mm o w = oF T
SO ode RO
o ob B Xy Mg
\wx o O O#E 17.,% 1__/| ,_ﬂE
— %o g o) 5 W o o
K1 ﬂho%mﬂaﬁmo
mﬁ SRR I
HW W i ~ __ﬂr% = mm_
T g E oo W3
° XN N M o=
Et o w0 O# o
=3 S o Wom oo
— = Iy = xﬂ o
3 .hruv of- o hm -
A A NE
- Mok WL
0 =
= EeIZikiwm
X 3 o
= o, o oF o
% T IR G €
L oy H N e s o+
UO ﬂA_rO ﬂmO MM ?L ,D| — Hm 1r1_
iy T o o S ow M % =
< o r & X 1 o ,mﬂ
o o N8l o °
o TO DMu = = X T T o
_
= T oW RN = = omm
A B
B T G R woAF
2 ey de
S oah T o W o
5 K == W
o = ol o N T
R
Lo
SEI R N
Jom B ook T X Ne

_27_

Collection @ chosun



A2d AEFA AET 2727
A7 AA%S &83 oo &7/ A== 1% 3129 2t
Intention Accuracy[%]
Subjects SSVEP SMR Multiple Intention
1 100 92 39
2 97 &5 47
3 98 9 42
4 92 83 57
5 90 98 67
6 95 93 53
7 52 53 13
8 78 30 30
9 39 70 50
10 45 82 24
11 60 63 13
12 61 91 20
13 92 90 21
14 100 92 67
15 65 48 20
16 99 56 46
17 76 50 14
18 93 73 28
19 99 61 53
20 93 67 28
21 24 64 18
22 98 62 36
23 86 73 32
24 100 66 49
25 100 49 54
26 96 49 45
27 83 50 42.9
28 89 54 47
29 40 56 199
30 36 48 40.9
Average 82.53 69.73 38.89
Neural Network 67.81 39.65 28.51
[ 312 AEFA A% &/ AFE]
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