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The Effects of ICA on EEG Classification of Auditory Imagery
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Abstract

While conventional preprocessing methods for Electroencephalogram(EEG) signals can significantly impact signal
analysis and classification performance, the influence of Independent Component Analysis(ICA) on auditory stimulus and
auditory imagery data, as well as its evaluation using deep learning, has not been thoroughly investigated. This study
analyzed the effects of ICA application on artifact removal in actual speech and imagined speech data for auditory
stimuli using Event-Related Potential(ERP), a key characteristic of EEG signals, and evaluated the impact of ICA on
model performance through deep learning models. The findings suggest that I[CA may be effective for artifact removal
in auditory stimulus and auditory imagery data. However, it has limitations in maintaining the temporal consistency of
ERP signals, improving deep learning model performance, and enhancing the extraction of useful features.

Keywords

electroencephalography, event-related potential, independent component analysis, inner speech

* Ay Yisty FAFE TSI wAIA A * Received: Dec. 12, 2024, Revised: Jan. 08, 2025, Accepted: Jan. 11, 2025
- ORCID'": https://orcid.org/0009-0007-7773-9347 + Corresponding Author 1: Sunghan Lee
- ORCID?: https://orcid.org/0000-0001-8488-3733 Cerebrovascular Disease Research Center, Hallym University,
# Az sty 7|23 T4 AYATYFEIAA)  Chuncheon, 24252, South Korea
- ORCID: https://orcid.org/0000-0001-7524-3320 Tel.: +82-33-248-3170, Email: sh.lee@hallym.ac.kr
sk P28 7] AIiehY - Corresponding Author 2: Hyeon Seo
- ORCID: https://orcid.org/0000-0001-5357-4436 Dept. of Computer Science, Gyeongsang National University, Jinju,

ook Qostn WA A=dFAE A7 (AR 52828, Korea
- ORCID: https://orcid.org/0000-0002-8694-7144 Tel.: +82-55-772-1385, Email: hseo0612@gnu.ac.kr


https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2025.23.3.145&domain=https://ki-it.com/&uri_scheme=http:&cm_version=v1.5

o
>
o A
0o

B > |o
ofr
o,
N
2 flo
ot
N
=
dlo
oXx.
re
o
N
Y
N
o2

K we

AEITHT]. 023t 54 HLol EEGE td?t
AR Aol i AARE wee S8k Hl
f3lth. L3k ERP(Event-Related Potential)= EEG Tl
oJe}E g3t A ElolHE HILFO=H o}
HEZ QI3 dloJg} 3t ApolE AAsta, B4 A=
of that A4 ¥ Slske oItk <, |
2 7S AHEE W AaAee] A BHow
A2t A=l ok A dst A AEEE BEG AR
e BA8L s)4ste] BCl ARl &8st e
A77F Y Qloy s drjHom v
T AS=rE BEE I T4 AT olHd EF
T 71 s 9 Held 7HeE AET glo
Azl tigk MAfe] FA4e 2okska ok

EEG tolEle A4 Az
o=, F4 FANA Tt
o, 714 A T T o HETL A
2 5 dT9]. olT
3o Fde TPl S8 SHAATEZAICA,
Independent Component Analysis), high-pass filtering,
referencing 52 g 7]*Ho| dgl AMSHET.
= Delorme ATH[9] FAHoE FHG A=
Eolg A=< AAE & EEG HolHE 3l B4
Aoz from|g Ad e HeS Attete] At

do Al M oft A2

Mz

i

dolEle mX= dFs BT =3, dAAMHE
FHasglele Zlol FYmg A HES EHole
Tgol Ity FA3T Bomatter ATE[10]

7]

o (A
ot

e o o o
iy Mo

o} AgatA & AFE Wawsto,
A7k 714 3 sl MAE FFE 245}
o). o|Hg T EEG ATl Ao Al
1 2 Ag b

]y 3l= BCI A28 A
o 9lo] 23 FAZE mHEH, o] tigh A o]

ot Axz] 71W F ICAE EEG Al&ol|A of
gitH oz AAsE d dEl ARH
B dFdAE 1cAd FFd 71 AT
A7}t 71A 5 mdo Ao mH=
7¥etm, 712 JE AAE As F
BAAT ICAE AT ZAaFTH10]. £ Aol
ol#3t AES uletoZ ICA7} A7 A= AT ¢
oJEolA AR £4& Zsl=A Hrker] Y8
Held Bd9 A vAe IFs gt
it
B AFoMe A4 A5 7a AA L3SHAS,
Auditory Speech)$} 37 2SKIS, Inner Speech) H|©]
S 83l ICA #& HF ERPE AAstL
OlEIHE AA AHE BAIT 5O Z, EEG Al
oA AF AHEskE Helld 24 ICA A& A
SE S5AA, I At BF A= 1)
&g sttt

243
tlo = Mo &
i %
i

=2

A A

S

oo

)

o ™
fr o of

=

I, oA &

It

2.1 ICA =4

A AgE a8 1 Z2o] JPHglen, F 51
o) Id3A HolHE AMTL EEG ElolE=
BioSemi ActiveTwo A2~} Ag/AgCl 4 A=S
AHgate] 712E9lom, 24 10204 28wt
Z 3209 AdS AT



Journal of KIIT. Vol. 23, No. 3, pp. 145-151, Mar. 31, 2025. pISSN 1598-8619, elSSN 2093-7571 147

" "
tree
eak in b‘
HE - B -
"tree"
‘ Fixation | inst. ‘ Auditory Speech inst. ‘ Inner Speech
1.0s 1.0s 3.0s 1.0s 3.0s

O 1. Y Erdetel

Fig. 1. Experimental time line

A9 Az #Ado ErsH ASHAY
o=z FHEH(Nasion)o|lA FF5F(Inion) Ak] 2]
HEE VI02E e H, 10%9} 20%=E e 79
o A=S wixlste WAolt11]. 4 WIS
A Ao gk AA dsie} A EEE QA
HAE U, JAEAEE AA T3 907l,
sl 9071S Aol F 900702 HolHE AL&a}e]

J2] dAlM= HA] HolEE average reference

53] Azsta, 1-55Hz <] band pass ZE]

59-61Hz W2 notch TEIE Zgatd A

Z AASYGT ©]F, EEGLABY| IClabelS A}

of ¥ 72wl AR w5 o R HuEE ol
_1?_

ol

3}

I %1:0 > o

it

EE3kal A A3FATH13).

Azt TH14][15]. ERP=
el Alaksla, ERP B0 ALE-
FAE A (@) 2ol ZYdnh

N
rr o tlo
X
D
2
ofl

V,, = max(+ Y V(1)) (1)

,max(Vy))

@)

Vewr = max (max (V;), max(V,), ...

T, :argmfx(%z V,(t)) ©)

i=1

T, = argmax(max(V}), max(V;), ..., max(Vy))
t t t t

@

714 v= A5 amplitude, 1= AF 9 A7E N&
trial®] 7isroltt. Zb A& 283 ERP amplitude®]
HRK(V,,,)% AR(T,,), T2 EEG Al5A 9
AWKV, HAdgkel #39 AN(T,,0s &

43k
22 El2id 24

k!
ol wA

A& ICA A§ AF HolEr £7 4
YIS Hrskr] sl TR b
oJEl&= AS9F IS Al37t Foj7l & 3278 A A
55 7|15 02, 7t AFdlA FHH toHE
A=z gy st A dold A, Az A
g AREZ FAAL o] HolHE Z8ste] AS9)
IS 2= 749 o|7l BF/E Syt on, ndo 4
T dSuH A EolE e vnE T3 Bt
SAth B5F 2dolE EEGNet[16], ShallowConvNet,
DeepConvNet[17] Al 714 Held o|EAE &&
Stk EEGNet> thoFsh siguide] Agsid,
EEG 7|9k BCI 8ol #& HAYEE HTh
ShallowConvNet-2 7HHsE 22 gh¢¢

7} whE ¥hE DeepConvNet> &

3 e ARHOR S5d 4 9
94 F) AA dsie} A

fr A

1
£
td

o = =T
o2l ox
b

oHr oM S o



148 ICA7} 37 8 Hot 7l A= 9%

o] WHE HolE/t AL AFME A3
(Overfitting)= B8t Zdo| dwtst 45
Hog Hrpshe WHOE, ATd HelHE &8
O &8 F Slve Aol Uk

A WA AFIE ERP A4, ICA A& A
(Before)?} F(After)] ERP(LH 2)E Hlwg ZH}
ICA 28 & AA] dste} g @3} toly 25
A 127449 amplitude”} Bo| 7H4stE Adko] #
ZAH A

ICA 2& /%ol me v, % v, 9 2]
7,9 7,9 Ao1F EHSFAHIY 3). ICA
7 ARF R ogHES A|Ast dHdE AT
EAE FASHEA AE2A ERPY HUgh(v, )T

The difference before applying ICA (Cz)

Auditory Speech
Inner Speech

Amplitude

Time (seconds)

EEGS| HUgk(V,,,)e AlE vluds
AR AA dB=A ICA °olF v, % v,
o] Aol7} A | AL FAAsHT =3 o
AYAHES] 4H) A= 2 B} %%H‘ii_‘l
= g gAddAE A F BF A FAYL
A3+ o HET} T ZE TFeA S l/\}f&t}.
2 AFELE ofggES 7
vpmkﬂ ERP 54 2 YUehd + JES o3
71EY 1,9 1,9 ARt =
Eh 78t 23y AHY ZP—%OM dAH 7
s Gls] ofEien, 4 +
R =K s b o = 1o s e Oﬂif& éﬂr—t—
ICA7} ERP EA]ollA olE]HE AAo| dA3 &z}
5 Ho|AW, AZHA EA ] fA9F 4159 ﬁHEM
A A BEIE YSE AR,

g
rf
o

=

The difference after applying ICA (Cz)

Auditory Speech
Inner Speech

Time (seconds)

O3 2. ICA 88 ™= ERP H|I
Fig. 2. Comparison of ERP before and after ICA application

; Auditory Speech Inner Speech

[ Before ICA
[ After ICA

I E<fore ICA
[ After ICA

50 50

E
=)

40

w
=]

30

n
o

20

Amplitude Difference (uV)

o

0

Auditory Speech Inner Speech
[ Before ICA I Before ICA
[ After ICA I After ICA
25 25
2 2

Time difference (in seconds)
- o

o
n

]

O 3 ICA Mg MT mAHXAE ERP AE 2 U3 A2t dH|W
Fig. 3. Subject-wise comparison of ERP amplitude and peak timing before and after ICA application



Journal of KIIT. Vol. 23, No. 3, pp. 145-151, Mar. 31, 2025. pISSN 1598-8619, elSSN 2093-7571 149

E 1. ICA M3 offo| e Hold 228 5-Fold uxt 45 Y&T Bl

Table 1. Comparison of 5-Fold cross-validation accuracy by ICA application for each deep learning model
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applied accuracy

EEGNet[16] No 85.33% 83.33% AN 11% 80.28% 82.50% 89.44%
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