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[Abstract]

This study proposes an SVM+PUK-LSTM hybrid model for EEG-based emotion recognition and
evaluation of generalization to unseen subjects. Raw EEG signals from the DEAP dataset were resampled
to 256Hz and processed into 3-s non-overlapping epochs, from which a 160-dimensional PSD feature
vector was constructed using 32 EEG channels and five frequency bands; emotional states were defined
into four Arousal-Valence-based classes: HAHV, HALV, LAHV, and LALV. The proposed model
achieved an Accuracy of 98.42+3.82% and a Macro Fl-score of 97.55£6.31% under 10-fold
cross-validation, and an Accuracy of 90.11+7.91% and a Macro Fl-score of 88.38+11.04% under 32-fold
subject-independent LOSO evaluation. Under the same LOSO protocol and random seed of 1, comparisons
with standalone LSTM and SVM+RBF-LSTM showed statistically significant differences in Accuracy using
the Wilcoxon signed-rank test with Holm—Bonferroni correction. These results demonstrate the proposed

model's 4-class EEG emotion classification performance and potential for generalization to unseen subjects.

» Key words: EEG-based Emotion Recognition, SYM-LSTM Hybrid Model, DEAP Dataset,
Subject-Independent Evaluation, Leave-One-Subject-Out(LOSO)
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I. Introduction

_4

EEG(Electroencephalography) 718k ZFAQIA]
(Emotion Recognition) A= 7774 S&(type)Q] Tt
93 U 94t g HEg aotely] gfsto] 1A
(Machine Learning)it @2{'d(Deep Learning) oo
A 6] ZleiE] o] $iTH1,2]. 1990dH] £7] A-tollM=
g2 Zaty 9 EX](Theta, Alpha, Beta, Gamma)
2 F&ctel MzE  HE  B(Support Vector
Machine, SVM), k-NN(k-Nearest Neighbor) 59] A&
ARl 71AIsNs 71 A&ste YAo] 2/E olFL
H[3,4], o]% Faid 7= Wy I o ALY
(Convolutional Neural Network, CNN), A7 t22]
(Long Short-Term Memory, LSTM) 7|8t 2to] EEG
WAl Wy wgeos A2 PYCHSS. E
Russell[7]9] Valence-Arousal &3t 248 7|gtog st
WY BY AVISH AHUALS Bush 4RA(03 2)0) x
=1t y&=2 UYER}E Arousal-Valence HWH[8,9], 12]aL
2=3813(Confusion Matrix)2 =95t B& Asic =
=0l AH10,11]50] 5| o]FojRch

EEG Alsx v]AAMA(Non-stationary)o]al 7HQIX}7}
30 TAFAC] EAlY} ChoFst ARS8 mEkst T Qlo], At
& 24 B5E deNE aedel B4 2E0 23 /1Y
o] @€t} o]o Dataset(t|o]8] NIE)S| FojA} et
B259 e AEshL 7S] st WHoRr 1)
SA19] tefet, 2) FATEY] AREds), 3) AushiMel o
Sots feste WHEol AAIEC] fTH8,10]. A HARy
L SVM, CNNit 7o Aakg Abs upo] Alohn} o]2
25 NEFS AFAA]7|= vprlo|t) & BIKj= EEG Al
59 o EME giKor EE5t0 A AEIE 9
g517) Aolste o] %astct. DEAP Dataset{11] of
A= Valence, Arousal, Dominance ¥ Liking =9] A}
71987} A4S Al5stH, o] & Valence?}l ArousalS 7t
A e 281U 70014 Bdste o el F8ET &
eh SRR g2 B m(Accuracy) R et ofet Y

% (Precision), Af&-&(Recall) ¥ F1 /\:'01(F1—score)
59| R|EZ o|gste] WY 2 9lov], OF 2
FolME 222 st i3z By Macro average),
oto] 3 2 H(Micro average) ¥ 7R HHWeighted
average)g I/ WO 2N wHol R E4g A
g 2 9k

St EEG Alat 52 7R 7 SRS siRne,
<Y TR dlojEf7t shgat Hoto] oA 2E= ¥

SHAl
'O

=

o

<

2l

7F A= A2 TRl digh dvtel A
5] &Rls7] ofF.

EQt 7]E9] EEG 7[8F QA A= 4 SdA A
9], EX 7 U MWy} 12 EZ(Protocol)o] A& Eat B

=
K

0
il

VE B3 H5S 5Ust 204 AR H|wshe= o] A
7t Qlck. oJo] & HFoA= PUK Hg(Pearson VII

function-based Universal Kernel) 7]8F SVM¥} LSTM
S ZAgst SVM+PUK-LSTM(SupportVectorMachine+
PUKkernel-LongShort-TermMemory) sto]H2|t @&
(Hybrid Model)2 1431, Arousal-Valence A3
2 d-class@) 2ejs) AW BRON mWER =7
(Subject- dependent) 4¥tet d55 HS3tLAL gitt.
DEAP Dataset[11]9] 32 m]3@XAtof tfjst Y& EEG O
olE| g AMgstlony, EEGLAB[12] 7|9t AX2]& &5l
512HzO] ¥A] A5 =5 2h6Hz2 2JA#==)5t S FIR(Finite

impulse response) filtering, CleanLine ¥ =Hdd&=

1

A(Independent component analysis, ICA) 7]¥to] 9l
SAlE(Artifact) A2] 375 85100t o] % 327} EEG
gt 57 Fm cjelozRE 160719 SA32

Ftol 25 2
ZefjA= Arousaldt

channels X 5 frequency bands)<
q olaﬂi /\}_Q_ }0111:)f 7D1-7g

Valence® 7]&0% HAHV(High Arousal-High
Valence), HALV(High Arousal-Low Valence),
LAHV(Low Arousal-High Valence) % LALV(Low

Arousal-Low Valence)?] Y| 7}X] At HIEFA QI Alefj =2
Aojstoich. & A7 50 7lole cheat 2ok A,
SVM-PUK¥} LSTME ZAgst slojlEaje RS
Arousal-Valence 718t 4-class EEG 4R E20] X85}
of uE HR7I9H AT VI Beolol AT Hsae
AESIITH  EA), 10-fold wAFAZ(10-fold
cross-validation) 219} 34| DEAP Dataset®] %A
328 IS gitoz  32-fold LOSO(Leave-One
-Subject-Out) 71819] oA} =4 o7t
(subject-independent evaluation)S 4385to] TFPA}
F ol 552 iRt 27 o] dish dytet 7
5SS 7A5stYnh AR, =Ast LOSO(Leave-One-Sub
ject-Out) &t 3E A =(Random Seed) 27104 ©
4 LSTM, SVM+RBF-LSTM(SupportVectorMachine+
RBFkernel-LongShort-Term Memory) % A|QFst
SVM+PUK-LSTMS v|wsta, TdRE Aso ojjst o
S 32 E7 v|w(Paired statistical comparison)g &
stol Aot Blat v HR 7} A% Alolg SAKCR
Azsiect ol o ¥ o7 ek d-class o)

71E
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II. Related works

1. DEAP Dataset
DEAP Dataset[11]& EEG 7|8t Z2AQIAl HLofA] d
2] &85 &7 glofe| MEo|tt. Koelstra -5{13]0] +
55 DEAPS % 32%0] maAp} 717} 407} 8ot ule]
o AFS AR §9 A3 32202 EEGE} 53 AR
Al 3 (Peripheral Physiological Signals)2 =T
Al EEG Alg+= 512Hz2 4A1E]9] o0, DEAP Dataseto]|
Me Bez 128Hze AEdsh, ot Ay A=
(Electrooculogram, EOG) @ Ql-3AM=(Artifact) A2] &
2 88 AR HolEE A2t 7 A3 AR & )
A= Valence, Arousal, Dominance ¥ Liking 59]
A JEHIE AP7187E Ao V)55t of2igh Hlo]
Bl f12 & BEG 7|9F 27014l ndo] A45g7to] 28] &
RH_’ 9Jom, B 1& DEAP Dataset[11]9] =8 JAQ
£ et & ¥ LoA= DEAP Dataset®] A1 A
Kia Oo]g)7} opd 512HzO] ¥& BDF(BioSemi Data
Format) tlo|el2 ALalion), TAI=el Aixle] 2 &

A FE P2 AgYgeld et

Table 1. The DEAP Dataset structure
Item Value
Dataset DEAP Dataset
Number of Subjects 32
Number of EEG 32
Channels
Peripheral 8
Physiological Signals
Stimuli 40 Music Video Clips
Total Trials 1,280 (32 Subjects x 40 Trials)
Sampling Rate 512 Hz
. EOG Artifact Removal, Noise
Preprocessing )
Removal, Downsampling
Emotion Labels Valence, Arousal, Dominance, Liking
Rating Scale 9-point Self-assessment Scale(1-9)

2. A Hybrid Model for EEG-Based Emotion
Recognition

Z| EEG 79 478 A oM =
B3] sl AR O dugs
(Hybrid) 22 8}Al[14]0] &hts] d1E] 7 9lct. 3o]

E 2 9(Hybrid model)& £4] F%&(Feature extraction),
EX] Mel(Feature selection), A€ £ (Time-series
analysis) 59 Z&& 2Ystol 45 P& TR It
Zhong[15]& 3417394 Convolutional
CNN)at  «@A17d%HRecurrent  Neural
stojHa|e A%

Neural
Network,
Network, RNN) 225 Zgsh A5
(Deep Hybrid Network)s A|Qtoroict. g A4t CNN
2 olgslel BEGY] 3014 542 25011, 28 742
E3 AP EMQ sHsEEo 2 &
7R 2= H=9 Y sttt o= EEG HlolE|7t 37
A7 EANS =0

1 o= .
Nguyen|14]2 DWT(Discrete Wavelet Transform)e} s}
ojuz]t X|=3 7|¥H(Hybrid Intelligent Method)S ZAgt
3t EEG 7/Al01Al wele glotstolct, o] ¢l FEG Als

=

R N ECERLLEREE DR P
A

=
e TAZ ALgsIol PN Y PR st

ﬂ: (<]

III. Experimental Procedure

1. Experimental Workflow

& A-ol|A= DEAP Dataset[11]0]A Al&sh= d2
BDF EEG gJo]E|(raw data)S o]&3sto] EEGLAB[12] 7]
gko] x2|g a4stoitt. d2 EEG 420 MEY S
S b12Hzo|H, 2 AolA= 32719] EEG Aidg &l
S B AEde 256Hz2 2|A1E (resampling)s 4
sHitt o] 29] A2} E’EJ % oA 256Hz

Eolel EEG Al Agsidon],  ZEspAlol
downsampling& OW ATt 2EFE EEG 4l
39] Zuts e _]_._a Q)5 EEGLAB[12]9] Basic FIR
filter(pop_eegfiltnew)2 A 85}9ict, 12 1.2 XMF|AQl
AR gAstoct

7t o 9] 2E2 S0 Ui stet »ope(Lower
edge of the frequency pass band)et £t tfd Alst
Z~}4:(Higher edge of the frequency pass band)ZE 0]
g3lo] BAVY s dlolo] T ZAge st
dhalo g 2385ttt FIR filter?) Abg(Filter order)=
Heo WS 5oz AFSHA pop_eeg

Q

-|>1

|_ﬂ_| Ooll l-olt

e o,
filtnew()9] 7]& A}z AA(Default automatic filter
order)& A-&stict. 25402 KEHTheta), 24T}
(Slow Alpha), ¥ Alpha), H|EHBeta) @ 7Y0HGamma)
o 7] Z4 rjolg Bl ALRsigion], 7t Fuks o
olo] AR Wele & 20] A5t
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Table 2. EEG Signal Bands Used in This Study

225 Sopsl Frequency Emotlon/Cognltlon
(Hz) Processing
Cognitive Load,
Theta 4-7Hz Emotional Processing,
Memory
Relaxation, Attention
Slow_Alpha 8-10Hz Shifting
~ Arousal Regulation,
Alpha 8-12Hz Emotional Stability
Attention, Arousal,
Beta 13-30Hz Cognitive Activity
Higher-order Cognitive
Gamma 31-45Hz Processing, Perceptual
Integration
EHE EEG 429 Zua O 225 sl

EEGLABY] Basic FIR filter(pop_eegfiltnew)& X85}
o}, Zh pupa tjq9] F&2 EEGLAB[12]o|A A&t
St shet b4t Fat O] Aok fFupeE o]&sh
of £85I o, FAUA Futa tio] T2t sig Al
U MdAsto HEHSHYT FIR filter9] Xp(Filter
order)= B=9 WS 5oz AASHA
pop_eegfiltnew()o|A] Al&ste 7] AFs A% (Default
automatic filter order)s %-8-5}%iCt.

EEG Aleof =gd A F={Line noise)g 2|5}
7] ¥Joll EEGLAB[12]9] CleanLine 7]'5g A-&3}l3ict.
AR A& Aol AlA TRl A8 A Fuk4(Line
noise frequency)s 50Hz ¥ 120Hz2 AAsty, S9]st
A A8 Z&(Sinusoidal component detection)
QJst p-valueZ 0.01, k4 t9=(Bandwidth)E 2Hz
2 AR5t

&ofoldd A =@ Zo](Sliding window length)?} o]=
{HA(Step  size)> 27t 4s °F 2s2 AASIYICH
CleanLine} ICAZ o] 8t 28 % Q1242 2] &, A

A
ES

£/32 #1511 2 triale]

=

%L,

Al kg dstgh 2RE SRt
= 7t trial®] EEG Als& 9F 3% Zo]9
(Epoch)o2 AHA59lon, Epoch A34E 9I5h ¥
Zoto|gd Yr=f Ex 574 (Overlap)> A-8sHA] Ui

1 Data Import
(DEAP raw data)

2 Channel Check ‘@,

3 Resampling
(512 Hz — 256 Hz)

v
4  FIR Filter g
(Band-pass filtering) =
Freq. (Hz)
v
50 Hz 120 Hz
5 CleanLine & ! !
(Line Noise Removal) < A l
—_————
Freq. (Hz)
v
Independent ° ... ==
6 Component Analysis (ICA) @ ®—! e )
(Artifact Component Identification) g 5 ° N2
v
7 Time-Frequency Inspection £ m
(Frequency Characteristtics Check) g b :
Time (s)
v
i 1 1 1
| | ! |
8  Epoch / Segmentation LAM.'&.!';‘J'MWMM
(3-s Epochs, 768 Time Points) ! H ! !
' 3s 1

7

Q  Feature Extraction
(32 Channels x 5 Bands = 160 Features)

v

10 Model Training
and Evaluation

Fig. 1. Data processing and experimental procedure

shtel B4 J17Re- oF -1,000~1,996.0938ms=2 A4
siRon, 256Hz0] B Fukag 7|E0R shie) 3%
A 2 768709 AIRTE AET 21 E(Time-point
samples)2 FAA5HTH 7|4 7682 DEAP Dataset?]
KA 1,280 trials & 768719] trial-2 AEisIAL LA
triale Aelstgicke joj7} ohct,

DEAP Dataset[11]9] 72491 Clo]H Fx& 32
subjects X 40 trials = 1,280 trialso]d, 7682 sh}9] 3
X EEG 24 F17tollA 256Hz0] A& Zutaof ofsh A3
Fee AME BEY EJAEC] (256 samples/s X 3 s
= 768 time points)g 2Jugttt. WA A& HlojE AlE
o] 1280 trialse} 2t B4 774 okt T68700] WS
° M2 o2 folg AYS Uitk Theta, Slow
Alpha, Alpha, Beta @ Gamma®] 571 a2 s &
Rzkel 7h Zub4 tjd2 3271 EEG Afdol] thsh EAlgko.
2 deug, shel #A Tefo dish 4 EA2 3
160 feature

ol

N

EEG channels X 5 frequency bands =
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valuesZ JASIFTE  FEE 160719
CSV(Comma-Separated Values) @Alo g HHzlsto] 0]
$ W4 B 2oo] g2 dojsz HEsIATH16]
TS AA2]Y EEG Al59] Zuly AERS &Qlsh] ¢
s EEGLAB[12]2] AIZ-Z0t #l 841 7158 ol &5t
Q. ol Ve BEG Aol ATk S4E B
95t BAlo g Adislolon], W wo] A|7F-Zujs vigh A
T2 AAste] B2 golo] olad EXjo 2 AMRSHA| Qo
o meby & 70) £4) olojel M2 EEG AlS
o 74 Ao Sk oot SgE pashe A
2 MAsleIth 25 EEG 4 glo|El= o] &30 7IAl
HE UES 2ASUCh WA AIQISHs SVMPUK-
LSTM sfojdel= Belo] 7|2xj] B3 452 H7FP]
olsto] 7]1& Adm £A3t 10-fold WAPAZS(10-fold
cross-valida tion)S 438513t} XA EA Ho]gH £ 10
719} fold2 2&star, 7F BHEof|A 9719] foldE sh U
ofEl2, Uoix] 1] foldE 7} Holel2. ALgalel &
< fold7h 3 W4 Brlol AHBEIES siick. ol E5
Aot =] 71E W7t A70Ne] B A5e A
C}. 2eiU} EEG dolsolis 5% MRtz e Ay
Nt M2 gARE S92 P8 4 9looz gyl
10-fold cross-validationof]A] T&AA} THejo] Bajrt B
AR R A9 59 MaExte] doje7t sk foldet B
7} foldol] SAlol ZaE k5ol k. Tty 2 A7
oA=& 10-fold cross-validation 235 7|& =7t 27
of B2 dso= AAlskL, o]F A2 mAAto| st
autel ds= UEidle= oAt {KSubject-indepe
ndent) g7te} SLZ5ct.

ol2{gh mAX} =(Subject leakage)

= ) Xe)
SRS

7sdg 5ot

o o2 o
1 Al2e Haxjd ost 2eo] dute} 452 Hojsl)
9]} ZIMRoR o ﬁ%%ﬂ A|2]
(Leave-One-Subject-Out, LOSO) cross-validation

[16]& £3¥s5t9t}t. LOSO(Leave-One-Subject-Out) H
7= @l LSTM, SVM+RBF-LSTM % A|otsh=
SVM+PUK-LSTM 228 S5t mjglal 23t 571014
B7lstan.

DEAP Dataset[11]9] XA 32% n]adx}of| tfjste] z+
foldojjA] st Bo] W&ALS =y} thjato g A|Q)shy, Uy
x| 31%e] Haxt Holel2 s Holel stk A
e gt Bo mAxtzRE AAdH HolE+ T fold
37t Ho|H 23t ARgstl o, ol AR mdAto] djsh
823510] & 32-fold LOSO H712 28ysteict. o] o

oM 5 HAZRE Py BE BA dojelt 3

O O«

dlolElet 7t tlolEfof] SAlo] THEHA] ofe= THA}
T2 Feforaitt. mEtA ot o mAAre] diolH=
sl LOSO fold9] =7t dlojEjolet e, &5 Hlo]
Eole m3Elx] Es PHsiolr, Eat @] &7lsh
2 st oA WAREE & 9Jh DRlo|Nof mhE AL
WSS slelsh] gistol T LSTM o] chsh A A
E(Random seed)E 1, 42, 3407= Z}Z d7dsto] vh&
24gh LOSO H7Hrepeated LOSO evaluation)g 7}
o0& Aaslelt. 7} yhEolE U5 LOSO HaEAt
Rl gAlstAon, ol B8 Az oie %713

oMY B Y% S st

oo&a T

Ptode 22 4>

o

2. Emotion Classification Based on the
Arousal-Valence Plane

Arousal-Valence HHE 7HA AEIS
(Arousal)¥} AA7HValence)?] & AJPoZ 1
A AFRGo] 7]E=SITH17]. Arousal> A9 &
T 2V B=E UEHUY, Valence: 7ol E3feh 4
BiolA R-3lish LR ol &]of| sigsh=AlE UEL
Wict o]of] ot ¥R =2 Arousalyt W2 Valence,
A 2sHe ko Arousaldt e Valence, S3-0]Ut P&
2 =2 Arousaldt =& Valence, T2 o
Arousaly} =2 Valence o] slidstc}{17].

2 A+ollM= DEAP Hol8 NEJIN Alsste 7t
trial®] A}71H7} A & Valence®t ArousalS 0]-8-5}0]
7 s Astdti11]. =R s9] n¥Al Aley(trial)

off Hoj=l ¥2fje] Valence?t Arousal 7343 2¥7% V. 2k

Aot & o, & Fae R 1M 9F Yz A
*g%cr. # ATodE 59 7129 e YAes
A85t0] Valence?l Arousalg ZH7t WS (Low)et =&
(High) A¥el2 olAlslaiairt. 241 (1] V,, 3t A, ¢
45 0 B 12 WEH olf Ae) waolch. 24] (2
ojFl FE MaE AXI I()=2 F55H B, 4
Al (3)e & o]Al AHEJQ] x¥to 2 Arousal-Valence 7]
4t d-class Y #ol2e Aot AL Liehict

reu
ol
——

— 1% — A

CR RN
(1)

A, =I(A,, =5), V,,=IV,, =>5) (2)

UV —9a  + V., ., ¥4 e<0,1,2,3 (3)
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Arousali} Valence®] oJXl Aef| Zgtof] w2 ZefA
271 77 AEfE Table 30 A8

Table 3. Class-wise Emotional State

Class Arousal Valence SOl
state
Class 0 Asn < 5 Ven < 5 LALV
Class 1 Asn <5 Ven = 5 LAHV
Class 2 Asn = 5 Ven < 5 HALV
Class 3 Asn = 5 Ven = 5 HAHV
LALV= Low Arousal-Low ValenceS 2]n0|s}H,
LAHVE= Low Arousal-High ValenceE 9Jojstct
HALV:= High Arousal-Low ValenceE 9J0|5}al,

HAHV+= High Arousal-High ValenceE 2j0j3it}.

Tepa 2 A9 4-class 7+ Arousali} Valence
of E1-g(high/low)e] A0 2 WYE U] 77| Y&
SlEPS 2R Al sk B2 ojEict njey 2
AolH 5 8o 5
Dominance ¥ Liking®] U] A RtPS 717t o &5h=
0% E3(multi-output) +&7F ofYzt, Arousaly}t
Valence®] o]l A} x3+o g MA= 5Hto] 4-class A
o colgelst ol =0 Arousal a7t 70]iL
Valence A7} 39 trial® High Arousal-Low
Valenceo] siEgste2=2 HALV(Class 2)2 AolEH,
Arousal 47} 40]1 Valence 47} 891 trial-2 Low
Arousal-High Valenceo] sigst2& LAHV(Class 1)
2 Aojdn.

W Arousal, Valence,
Q]lo 7W7¢ ]
—

High

HALV HAHV

High Arousal - Low Valence High Arousal - High Valence
Class 2 Class 3

Arotisal
1

Low High

LALV

Low Arousal - Low Valence

LAHV

Low Arousal - High Valence
Class 0 Class 1

Low

Valénce

Fig. 2. Arousal-Valence plane

3. SVM Kernel Function and LSTM Network
SVM(Support Vector Machine) Z0]%]
oA 22 719 ohil(Margin)g Z|djgtsh= 214 274

BAE Staste Alksts 7Ivh 257 Fae|Eolt16].

2 AollM= BEG 57 3300 EAlishs vlIAE A=

2d517] 95to] PUK(Pearson VII Universal Kernel)

7AdS A8st SVMES AFE35HY T} PUK AHEL Pearson

[ gaof 7|8k HE AdeA 7129 Ji FJHIE &

Aot= mefolHE EOH cHJet HIAY HolH 225 =

dd 2 AH{16,18].

PUK #4E-& Pearson VII &hof 7|¥lsto] 29

Blot B2 2T 4 9k vHE AL PRolck £ 54

HE xi, %0 tieh PUK @2 A (4)h 2ol oot

EX 27}
O O w

S

odh

-

2 H x;—x, H /21/1071 >2 )
o

(4)

7N w= PUK 849 #ejs A5t Omega

parametero]y, o @9 Z5 ZHEsl= Sigma

parametero|tt. PUK 3+4:9] Ao A= Omega(w)=1.0,

Sigma(0)=102 Asteic. by & Aol Aest
PUK 7122 Al (5)AH AT 4 Ao

Kpyg(zpz;) = [1+(

1

1+4 | a;—x;|°

SVM-PUK2 ¢ 7182 o]&-sto] 160xHd EEG 574 ¥
Bl 2t9] vl fALEE AlAtsta, o5 Jlute s A
e ARBAE SFScTIe]. Tt 2 AtollA
SVME H=o] At 54 WHE Adste &4 3571
2 ARRER] ko, SVMO] £31gkS LSTMY] Ygioz
N5HR| or=ct. SVM-PUKat LSTME S8t EEG £4)

HElS 217t SYRoR Yol RES Aol T B

#7719 Aaks o] stojHe|E & TN AgE:

LSTM(Long Short-Term Memory)<
I} input, forget Y output gateg o]-8-sto] UH EA
2] O1F BAS st 28 ARolcH4], 2 A7
A= TensorFlow/Keras 2.13.0 7304 sh49] LSTM
AEL FAsIgon, 24 S u(Hidden units)2 1002
A7t GubARl LSTMOM= «%F AlolE &/dst
St (Recurrent  gate  activation)2  A]|1Eo|&
(Sigmoid) AIBO] a7t Fe] ARGEATE 2
A FROIME Keras LSTM A5 248t 42 94

M Oo2 AMEUA(Softmax)2 AA5H0] AlES 4238519

(5)

KPUK(.Z' z; ) =

memory cell
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;. Est LSTMO] &4d3st d4x(activation function)dfj=
tanh2 = gatoirt mep 2 ¢le) LSTMOAE w2t
7o] E(Forget gate), 4= 7o]E(Input gate) ¥ &2
Ao E(Output gate)?] Ao]E &35} dh(Recurrent
Softmax’t ALEH, A SHIKCell
ude Hethol=

activation)o]]
candidate) 3 Al AJE|(Cell state)2]
tanh A8} 447} AR8EICE

LSTM AlSollM ABge &2 449 23 =2 4
= P AZZ=(Fully connected layer)of] AEEH, A
% &29%50e LSTM UiR9] APolE &/ds} d4(Gate
activation)?} €2 ATETRA SMGE ShA(Softmax
activation)s A8s5t9ct o]5 Esl| Arousal-Valence
Aoz Mojgl LALV, LAHV, HALV ¥ HAHVO] 47}
Ze2d] O UL At A Y 248 2
RS9 2 AToIAE LSTM Uit Ao £0] 23 24
3t a2 AFRE = Softmax@t 2% 4-class 55 ¢
st £38= Qutput Softmaxs A2 T2 dg =2 A2519
c}. gdo] sk& 278 ou Sui(Hidden units) 4+ 10,
of L 3(Epochs) 303], HjX] Z7]|(Batch size) 64, Adam
ESpSEos 7]H4, &t %E(Learmng rate) 0.001 ¥ EFor

O

4. SVM-LSTM Hybrid Classification Model
2 Aqoja= PUK 79 7|9t SVMI} LSTMO] A&
T =7 5485 287l Yzt SVM-LSTM sfojHe]
2R ST AR mE2 SVMOA A3
L T'\f]_‘% 75 = LSTMJ olaﬂoi 7(11:)——}: |
oz}, Ax m o Ex] A& a¥S £ AlA
#E S SVM-PUKx LSTMOﬂ 72}

27)9] Anl= Asksl=

2

|

Jm A
=il

Pi oo

l'ol‘ —_ |_F|

7

F

:TL

™
B3]
@

il
=
25

e Ny I T A A |
ofn
e
1%
roh J[rn

G
i _‘E_‘

o,

iC)

[

-1 o
n

e

=

SL

8, r
0 4

Output (4-class classification)
(LALV - LAHV - HALV - HAHV)

Softmax
(Output activation)
Fully Connected Layer
(10 - 4)

¢ &)

4 t-1
(Cell state)

Gt
(Cell tate)

hlﬂ

| (Hidden state)

Forget Gate Input Gate Output Gate (Hidden mu-)‘

fe I Ot
t

(Input at time )

Training setings:

+ cpochs =30 » batchsize =64 » optimizer = Adam
+ leaming rate = 0,001 ~ » dropout = 05

| LSTM semngs [Te nsorflo w/K s 2.13.0):
=10 o activ: =tanh + recurrent_activation = softmax

Fig. 3. LSTM Network for 4—class EEG Emotion Classification

Mx2]el EEG Als22E 327) A&7} Theta, Slow
Alpha, Alpha, Beta @ Gamma®] 57} Zut4s tiddof o
gh PSD 718 EA12 F&sto] F 160Atde] £4 HlE] X
eR'™Z gstoict AHE E4 WE= SVM-PUKa}
LSTM &&710] Z472F ==}, SVM-PUKE PUK 74
ol-gsto] 160AMd 57 31te] vy wAlRr 22

B 27715 ol8std 7*‘*6}7,
A5 48 2Uas 28T O
SVM-PUKY} @ LSTME =HA9l 7]
classifier)2 dstil, & 229 &7 2t 54% OJAt
75’8 A E85he WAl SVM-LSTM sfojBa|e

F 2492 AoJolgirt. LSTM 2|5 A&A shte]
LSTM A5} she] £35(Output layer) 2= /35191
o, 24 §H2 10, g5 9H 314= 30 epochsz A2
ottt LSTM Uiiollx= doflA] st bl o]
Activation=tanh®} Recurrent_activation="Softmax =
Hestalon], £F 4-class 7 2HT= B9 4L
EmiA M3 SAS A 25to] LALV, LAHV, HALV ¥
HAHVO] st £=3k2 AHESIoint. ojnff LSTM Wiy 7|
AlolE &/dgt  F<Recurrent
7 238359 Softmax= A= O
A0l LSTM &hs AAuF SVMCQ] PUK
71d mfeiujE e 3-A MAIEH B3-S 5UsHA ALt

At
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) o AN N e A

€ EEG input o T
(Preprocessed Signals) % u; 2R ey 2 b o

\_

CR32 el ittt oA

‘ e PSD-based Feature Extraction
i Lyl e Chil
‘ (32 channels x 5 frequency bands Py

= 160 features) :
ch32 [

¥
9 Parallel Classification Models

(Using the same EEG feature vector)

8 6 a B
feature vector
-~ T

X € RI60

O |

} 160-dimensional

x e R'®

v v
PUK-SVM

(hidden units = 10, activation = tanh,
recurrent_activation = softmax, epochs = 30)

LST™ Ls™ [l LsT™
Cell Cell Cell

Probability-Level Fusion
(Weighted Averaging)

4
Psw R R Phybrid = W1 * Psvm + W2 * PLstv
R Phybrid € Wy +wy=1)
Prstm €

¥
e Softmax Output z
(Class Probability Vector) g
= Class
'
@ 4-Class Emotion Classification
HAHV HALV LAHV LALV
(High Arousal, (High Arousal, (Low Arousal, (Low Arousal,

High Valence) Low Valence) High Valence) Low Valence)

Fig. 4. Architecture of the Proposed SVM-LSTM Hybrid Model

3% E504+= DEAP Ho]E 9] Arousaldt Valence
A1} Aol WARkoz mgee] Aol
HAHV(High Arousal-High Valence), HALV(High
Arousal-Low Valence), LAHV(Low Arousal-High
Valence), LALV(Low Arousal-Low Valence)?] 47} 7+
A AT GO BRE 2SR 23 4k A2
2w E-] Wk (Power Spectral Density, PSD) 7§t 160
19 EEG £%) A4, SVM-PUKa} LSTM] ¥Y 52 o
A A% 59 AE d-class 24 Bl ol At
SVM-LSTM stolual= Relo] HF| 752 Uehick

a2

5. Performance Evaluation Metrics

w5 B0l 452 Wikl g8 71E Adolde 1
AR} 2719 10-fold
cross-validationg 3851900, 7801 DA} E
Bl = 32-fold
Leave-One-Subject-Out(LOSO) cross-validation2 4~
gttt F B7F U] s 2ol Accuracy(gE
T), Precision(d2 %), TP-rate(Recall), Fl-score &
A& HRKStandard Deviation, SD)& H7} A5z &8
St} Accuracy+ AR £ & Ul E7Y B2

9]&(subject-dependent)

(subject-independent)

o ugg Uehh AL 4] (67} o] AEsioC,
B TP+ TN

Accuracy(ACC)= (TP+ TN+ FP+ FN) (6)

od7]A  TP(True Positive)}= Positive ClassS

Positive2 28}27] &&sF 742 TN(True Negative)2
Negative ClassS NegativeZ 227 53t FLS
olojstct. ¥tH FP(False Positive)= Negative ClassS
Positivez &% =35t 74 20]0, FN(False Negative)2
Positive ClassS Negativez &% 2=3F 4L oJo|sth
T}, Precisiong 2@0] Positive ClassZ o &3t B & &
AR Positive Classoll sigsh= B22] vlg= Al (7)2h
2ol AFEstgint
. . TP

Precision = TP+ FP (7)

TP-rate= A& Positive Classo]] 8HU6}5 FE 0
o] Positive Class®2 2427 E&3t H]S-2 2J0|5tH
Recallat 5% g0 4 @) 2ol AEsieict

TP
TP+ FN (®)

Fl-scorex= Precisiond} Recall®] &3hgo 2 & M7}
ARE TYA o= gHgsh, A (9)e} Zo] AH=EsIiTH20].

TP—rate(Recall) =

2 % (Precision X Recall) 9)
(Precision + Recall)

O|Xl E20]A= Positive Class®} Negative ClassS
71202 TP, TN, FP, FNS At&31Qit}. ot A &
FoAMe 4 2UAE AR P 2EA(Positive
Class)Z2 AARstay Yozl ZEAE |4 2L
(Negative Class)2 7Frsh= doich WHAl(One-vs-Rest)
< A5ttt o ZeA9 Precision, TP-rate
Fl-scorex 7 2229 #d £E5 7HSAlz W
Weighted AverageS o]-25}o] AM&3619 0 0, Accuracy
= AN ®EEo| ot A E=&(Correctly Classified
Instance s)& 7|50 2 A&

T3 AazATe] WwEge 2aal] 9l Stand ard
Standard Deviation(SD)2 AF35t o, Al (10)et &
o AEstrt

F1— Score =

SDZ\/ L 1 _f)(cl.—o)z
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29| mAAME 10-fold cross-validation Ao F
7toto], & AtolMe St dlolEet F7t glolE 1o
mARt S50z gt HojE #4(Subject leakage)&
WAL ohg Aol PAEA] 2 A2 mAA}
Ojt Belo] Aiet Y52 kst 98 WA 5 B
7HSubject-independent evaluation)S 4385}t

7129] fPAPE 10-fold cross-validatione = 1]
FR9] glol8 YloflA st F F7PT £e8k]= TR 9
Z(Subject-dependent) H712 25t on, 2L 0]
Aol gt Awtst Ad5H7H= LOSO cross-validation
2 Faslo] 2apstc

6. Experimental Setup and Training Configuration
H oo] AL Windows 11 SGAAIOIA Intel
Core i5-13600K = =2ZAJAQt NVIDIA GeForce RTX
5060 Ti 222} 7t=5 AR&sto] 4o85titt. EEG tlolE
9] MAdol=  MATLAB R2024a2} EEGLAB
v2026.0.0[12]2 AMgston, B 14 3 glofH A2
o= Python 3.11& 7]¥to2 TensorFlow/Keras
2.13.02} scikit-learn 1.2.25 2235195t Alddof] AR
59 sfego] 2 AmEdo] 37 B 815 WYL
4o AA|5HCE
SVM  7]dt PUK H4E(Pearson VII
function-based Universal Kernel) ¥ RBF 7{d(Radial
Basis Function)2 A-835t9 00, SVM-PUKQ] =@ AX
S (C=1.0, Omega=1.0, Sigma=1.00=2 A}
LSTM 7|4k 2Hle 24 g5l 1002 445t 309
Epochs 50]— O}Ao}oﬂ oD:] HH;;] :;7]: 642 Hxﬂa}oﬂ
ot ANgt ¥ue]Eo 2 Adam 2|Aet 7|8 S AFESIGL
o], SEEL 0.001, EF0LS vlL 052 WAAC
T T S S
(Subject-dependent) &719] 10-fold cross-valida tion

SELEE

2 M gsto] 2ysloit. w4 5 WR}Y| Tlolel} 3}
% dlolEiel 7} dlolelo] FAlo] EFH oK WA
% qle R} HlolE] 42 WISk, S Tol B
PulA| o Az WAl oje Qvie ke Hlet
7 9ot AL  S(Subject-independent)
Leave-One-Subject-Out(LOSO) cross-validationS &
JEECTE Y

Table 4. Experimental Hardware and Software

Environment

Category Specification
0S Windows 11
Processor Intel Core i5-13600K
Graphics Card ?i\/IDIA GeForce RTX 5060
MATLAB R2024a
EEGLAB v2026.0.0
Python 3.1
TensorFlow/Keras 2.13.0
scikit-learn 122
SVM Kernel PUK / RBF
PUK C 1.0
Parameters Omega 1.0

Sigma 1.0

Hidden Units | 10

Activation tanh
LSTM_ Recurrent(Gate)

) . L Softmax

configuration | _Activation

Output

Activation Softmax
Epochs 30
Batch Size 64
Optimizer Adam
Learning Rate 0.001
Dropout 0.5

Overall | 1

Random Seed LSTM | 1, 42, 3407
Proposed Model Evaluation | 10-fold cross-validation
Subject.-lndependent 32-fold LOSO
Evaluation
LOSO Training Subjects 31
LOSO Test Subject 1

LOSO H7tof|A= DEAP Dataset[11]9] XA 32¢ o
AHE tioe 7i7te) fold We 3 Wol mEAtE Bt o
oEl2 @s] Balsti, Uoix] 31%e) Waxt Hojels
5% tolE|2 A8kl & 32-foldo] B71E Saystolct.
olof] w2t 5 wAAIY] Hlo]E|7} St HlolE{et Frt O
o[ ol FAlo]  EIIE]A] AR v 5
(subject-disjoint) xS  SK|5HYCh 10-fold
cross-validation A3}9} LOSO Ait= A2 o2 mrt o
2 EZ{(protocol)of] T ZAfo]ug 717} mdA} o E 7
i mgah 53 Avet o2 Pustel ARSI

# ApolA g 3ol AAge Hus] gstol
dlole} Mel W 9 73 by 5 2w Aol AV Ao
2 9L uRE FY A BAet WYL TS U it
Sc gHz ARslt. PANCR 3% U9l EEG
epoch B3t gl XMz AdlE™”l g (Power Spectral
Density, PSD) £X1 =& 1A, Arousal-Valence?] <
ARk= o3t 71 22 A(4-class) 2lol5 A/d 17, 1
AL 2 Hloly 552 WAIsh] gt LOSO 718t sk

or-.
B
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7F glolgy & 1y, 12]a1 SVM-PUKS] 9 714 A
A(C=1.0, Omega=1.0, Sigma=1.0)2 E3}s}iC}. o]=
ol 54 A, 2l o), IR 51 flojE] 2 ¥
$57] 440 o2t 20 U¥ AALE Y| ston)

AIAIEFATE.

e alAl 113 FCol oA} FT: 3 5o

Table 5. Key Implementation Code and Pseudocode

EEG Preprocessing and PSD Feature Extraction
FS = 256

EPOCH_SIZE = 3 * FS

epochs = segment_eeg(eeg_signal)
feature_vectors = []

for epoch in epochs:
features = extract_psd_features(epoch)
feature_vectors.append(features)

Arousal-High Valence), HALV(High Arousal-Low
Valence), LAHV(Low Arousal-High Valence),
LALV(Low Arousal-Low Valence)?] Y] 7}x] 724 ZhA

£ tder AdS Se8sitt 7 glof&of tisf| 10-fold
WAFAZ(10-fold-cross-validation)S A835tF 00, t
o« gt 2ot oy} Y = (Precision), Y17 =(Recall),
F1 A230](Fl1-score)?} 0j3.2 HiH(Macro average), OF
o]32 T Micro average) ¥ 715X T Weighted
average), @3 A& % (Balanced Accuracy)S 34 A=
slof B9 ¥5 4% oz BAsiY

Table 6. Overall performance of the proposed model
across 32 datasets

X = np.asarray(feature_vectors) EvaIuaFion Mean(%) | SD(%) Mean + SD(%)
Arousal-Valence Label Generation Metric
if arousal >= 5 and valence >= 5: Accuracy 98.42 3.82 98.42 + 3.82
label = "HAHV" Macro Precision 97.84 6.03 97.84 £+ 6.03
elif arousal >= 5 and valence < 5: Macro Recall 97.39 6.32 97.39 £ 6.32
label = "HALV" Macro F1-score 97.55 6.31 9755 £ 6.31
elif arousal < 5 and valence >= 5: We'Q_ht_Ed 98.44 354 98.44 + 354
label = "LAHV" Precision
else: Weighted Recall 98.42 3.82 98.42 + 3.82
label = "LALV" Weighted
98.38 3.89 98.38 + 3.89
LOSO Subject Split F1-score
for test_subject in subjects: Micro Precision 98.42 3.82 98.42 + 3.82
train_subjects = [ Micro Recall 98.42 3.82 98.42 + 3.82
s for s in subjects if s I= test_subject] Micro F1-score 98.42 3.82 98.42 + 3.82
Balanced
+
train_data = data[data["subject"].isin(train_subjects)] Accuracy 97.39 6.32 97.39 + 6.32
test_data = data[data['subject"] == test_subject]
X_train = train_data[features] = 3 H gloJejo] oigt SVM+PUK-LSTM Z&2]

y_train = train_data["label"]

X_test = test_data[features]

y_test = test_data["label"]
PUK-SVM Configuration
puk_svm = SMO()

puk_kernel = PUKKernel(
omega=1.0,
sigma=1.0 )

puk_svm.set_kernel(puk_kernel)
puk_svm.set_C(1.0)

IV. Experiments and Results

1. Four-Class Emotion Classification

Performance under 10-Fold Cross-Validation
B Lo Aokt SVM+PUK-LSTM sfojE2]E @

20) 773 #71517] $isto] HAHVI(High

uz Lo
T (-)]oe

d 71} BZHAHMean+SD)2 UERH Zo]
c}. ﬂ?ﬁj Ao WA Accuracy 98.42+3.82%S LIEF

©O0, Macro Precision 97.84+6.03%, Macro Recall
97.39+6.32%, Macro Fl-score 97.55+6.31%5 UERH
T} Weighted Precision, Recall @ Fl-scorex= Ztzh
98.44+3.54%, 98.42+3.82%, 98.38+3.89% = LIEFSTH
E5t Micro Precision, Recall % L=,
98.42+3.82%% 0, Balanced Accuracy+
97.39£6.32%2 UEFGTE. ol2igt Auk= AA| =R
9 ojje} FeUAE 35 SUH Wt Macro U

Balanced AccuracyoA & =2 B2 MHLto] 9X|EQ

2 BoFoh

Fl-score=
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Table 7. Mean class-wise performance

Table 9.

Macro

average,

Micro

Weighted-average performance

average,

and

Class N Precision(%) Recall(%) F1-score(%)
HAHV 32 95.31+18.16 | 96.26+£17.64 | 95.74+£17.85
HALV 31 99.31£1.82 | 97.51+£8.26 98.18+5.45
LAHV 32 98.52+4.64 | 97.69+5.50 98.09+5.02
LALV 32 98.22+4.46 | 98.05%+3.75 98.13+4.04
2 72 4y 78 ZA¥E Precision, Recall ¥

Fl-score9] H4 A5L vepdch HAHVY] Precision,

Recall %  Fl-score= 95.31+18.16%,
96.26+£17.64%, 95.74+17.85%% o0, HALV=
99.31+1.82%, 97.51+8.26%, 98.18+5.45%2 LIEPITY
LAHVE= 98.52+4.64%, 97.69+5.50%, 98.09+5.02%,
LALVE= 98.22+4.46%, 98.05+3.75%, 98.13+4.04%=
UEeRICE £38] HALV, LAHV @ LALVY] Fl-score’l &
< oF 98% £E08 e} A 204 YA B
5 SISl vie HAHVE 337 45
ov} te Zajad] vlatel BEWAF 37 UeRL, ©
I HAHV 25 0] 950l Jo2 1igg o
2 ok E3H HALVE 3 HlolEoflA &g S2A
M) 20| EAfstx] elol 3ae 31 ol E(N=31)

Z|Eor ZeAE e AESIITL

7¥7¢
-

7¥7¢
-

e =%

o]

rulm 1o ro
ﬂ.l)' moll

I >l

Table 8. Aggregated confusion matrix across the 32
datasets

Actual /| pany | HALY | LARY LALV | Total
Predicted

HAHV 8709 | 22 37 14 8,782
HALV 70 5589 | 7 24 5,690
LAHV 48 7 5,013 65 5,133
LALV 16 8 41 4876 | 4,971
Total 8873 | 5626 | 5098 4979 | 245576

# 82 3271 ol oA AF=EH confusion matrixE
HAHV, HALV, LAHV, LALVY] =Ygt ZeiA M2 A
Zsto] Eatst Anolc}, & 24,5767] B2 7}2d] HAHV
= 8,7827) & 8,70971, HALV+= 5,6907 % 5,5897,
LAHVE 5,1337f % 5,0137}, LALVE= 49717} % 4,876
77t 227 E2REH. &Y S5dE
(confusion matrix)2] Tzt JEof thE 2] pEo] A=
glo] 9Joug Lﬂ N 37 2A Hetod =2 25 A
SOl UEIHE= &g & ot 12y FAE B
27} HAHV 8,7827]0f4 LALV 4,9717§7HX] X}o]S Ho]
o2, &2 AFoMe HA Accuracy®et ofe}t ZefA
¥ Precision, Recall, Fl-score @ Macro averageS
7 AAlste ZeA 20| JFE st

7¥7F
|

Average L o _ ®
method Precision(%) Recall(%) F1-score(%)
Macro 97.84+603 | 97.39+632 | 9755+631
average
Micro 98.42+382 | 98424382 | 98.42+3.82
average
Weighted | g4 111354 | 98424382 | 98.38+3.89
average
OpA|9o 2 {1 9% Macro average, Micro average
% Weighted averageol] T2 “d5= vlwgt ZAutolct.

Macro average®] Precision, Recall @ Fl-score= 7+
7F 97.84+6.03%, 97.39+6.32%, 97.55+6.31% % OO,
Micro average= A A& 2% 98.42+3.82%= UERSG
T} Weighted averageofA]= Precision 98.44+3.54%,
Recall 98.42+3.82%, Fl-score 98.38+3.89%%5 L}EFS
T} Macro average?t Weighted average’t 2% =2
259 YRR 212 AQtet Relo] o] 54 o4 2
A0 =2 FFE0UR JESHA] 4 Yl A A ARt
oA vlwA 4 A RAIEUNSS HoED.

E3SH  10-fold-cross-validation  Zatofla]  A|QtstH
SVM+PUK-LSTM THle H3F| Accuracy¥®ut ojlz}
Macro Fl-score, Weighted Fl-score ¥ Balanced
AccuracyolM= =2 55 UEHCH, HAHVY,
HALV, LAHV 3 LALVe] 4| 77 220 thgh &7
S oo musoz e fAlsoiTt. ot
10-fold TAYZ 2 SU W} 2L g
4% UolA Bo) B8 452 Bteh] 93t Aol

3

/\7<O

“1

° rw
o

o
AL
O o

r r{m

dru

A} 7+ dutet 52 AHACR oustr] =t} o]
off & A-ollM= S5 dlolElet 7t glog te] mA}
5= HiARN TR =3 B e dSsH] st
Z7P 02 LOSO(Leave-One-S ubject-Out) H71& 4
otal, 2 AnE dre A5t

\)'o
i)

2. Subject-Independent Performance Using
LOSO Evaluation
B A 1oA L 7]E 10-fold cross-validation Zu}o]
Z7tste] sl HlolEet Bt Hlolg Fte] medx} F-=o
< HolH 5 BAIshL 22 mdAto] tigh 25
o] duist =9 Hrtstr] Y5l LOSO(Leave-One-Subj
ect-Out) 7]gre] A} =3 (Subject-independent) =
7te 485H3itt. DEAP Dataset[11]2] ZA]| 32 A}
S o= 7471o] foldoA gt Bl MEFALS H7t ofo]
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B2 95| Balsia Uojx| 319Ho] HaxtE sk go|
El2 Algsto] & 32-fold LOSO H7ME 4385t

2 €7 M SPUKLSTH Sfolsele
1:412 = .l_.ﬁ7]» E‘HM—% }\—lﬂg}_ﬂ K]O]-EE“Q g 7C—']o
5h7] ¢Jst sluedle ool LSTMat SVM+RBF-LSTMS
AFGBICE B 7E BgE Bl g S5 Al B B 3
1:4 /\]':(Random seed) 7}% 12 H;ﬂs}oﬂ 1, 5013]-
LOSO WalA} B3 gstoict 7h mElo] o
mARPE gt 754% 7lfi Accuracy, Macro 3
Weighted
Precision-Recall: F1-score®} Balanced Accuracys
2% mys Zyel Baw BEEA
(Mean+SD)2 UERJRICE EoT SURt 32799 mApE
LOSO Accuracyg ©o|&3t tjeu2 =7 H]u(paired
statistical comparison)g £33sto] A|QtRdy} vlw 2
2 74 g% Atolo] AA golde 7

|>4|-4j

21e
Micro

Precision-Recall-F1-score,

QELES

Table 10. Subject-independent LOSO performance
comparison

Metric LSTM f’\L/g"TJ'SBF (S’F\,/r h:;ggeﬁ-)LSTM

Accuracy ?f;; * 309?8 * 90.11 £ 7.91

Ilzjraeccri(;ion ?3:2 : Z?g; : 8929 £ 11.67

e[ EAE DS oo

Il\:/|1a—csr:ore Z;S? : Zggi : 88.38 + 11.04
i + +

eed %z s %5 s 03

teies [ 9E [WAE 0110
i + +

vees [R5E NS e

Ilzjrlgzci)sion ?f;g : 309[1]8 : 011 £ 791

Micro Recall ?f;; * 309?8 * 90.11 £ 7.91
i + +

IEA;E;Zore ?f;g } 309[1]8 } 011 £ 791

sonees 2% B [ e

I 102 st 3Y Al Zho] 10 RAMA T
LSTM, SVM+RBF-LSTM @ A|Qtst SVM+PUK-LSTMS]
AR =1 LOSO 5= vlugt ZAxoltt. AQbet
SVM+PUK-LSTME T+ Accuracy 90.11+7.91%=2 7}
¥ ®e 452 UEjon, WY LSTME
82.77£11.32%, SVM+RBF-LSTM-& 80.08+7.91%= L}
ERdc}. o] Aot wele =45t LOSO B7F 274

LSTM Xt} 7.34%p, SVM+RBF-LSTM HEt} 10.03%p =
< Bt =S YR Accuracy ©]]9] H7} A&
oF= Aot =mHo =2 /dso]  =RIFIC
SVM+PUK-LSTM®] Macro Precision, Macro Recall

2 Macro  Fl-score:=  Z¥ZF 89.29+11.67%,
89.07+£9.56%, 88.38+11.04%%on, ©d LSTMO
80.26+17.53%, 78.21+14.85%, 77.26+ 17.01%%2}

SVM+RBF-LSTMQ] 76.87+£17.08%, 73.18+ 14.67%,
73.02+15.76%E Tt =A UERITH Weighted Fl-score
M= Aot e 89.87+9.19%= ©YU LSTMO
82.13+£12.61%2} SVM+RBF-LSTMQ] 79.04+9.74% &
o =2 ds= UEH £ A4S Recallg 55
A Br9sh= 3 Aghx(Balanced Accuracy)= Ao &
oAl 89.07+9.56%% =&F ¥k LSTMat
SVM+RBF-LSTMOj|A] = 2¥7% 78.21+14.85%2}
73.18+£14.67%% UEFGT) ol= A RH9] 5 T
o] Al Accuracyoltt =etEA] ok S~ IF HES
125k GroM e fAIEQISS HojEat

Table 11. Class-wise LOSO performance
Model Class E}/:()ecision ?/t:)call E}/l)—score
A
L gme fame ens
LAHV 87.06 + 8294 £ | 8214
16.94 18.90 14.28
o (B [ mme
| B 2w s
e, | P | s T
S T | o o o
o | e [ e
s |t e
o | | SR [
S Ty [ (B e
o |G [ ms s

I 112 g WY A= o] 190 RAoA Al =
9] HAHV, HALV, LAHV ¥ LALV Z<AY Precision,
Recall % Fl-scoreS H|uwst ZAutolt}t  AQkst
SVM+PUK-LSTM  sfojEg]le  wdo  HAHVOA]
91.57+£19.01%, 88.19+19.48%,

Precision Recall
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Fl-score 89.25+18.14%S UERY o, HALVOJA= Zt
7} 89.38+21.81%, 88.02+21.52%, 88.13+ 20.73%S L}
ERHCE LAHVY] Precision, Recall & Fl-scores=
87.54+19.29%, 85.47+23.16%, 85.49+ 19.78%5 E%
t}. LALV oM+ ZFz2F 87.72+£14.79%, 95.25+7.59%,
90.45+£10.65%=2 UERGTH E£35] HALV 22204 &Y
LSTM9] Fl-score= 66.05+38.93%, SVM+RBF-LSTM
L 64.72+31.39%%E vHH A|oF RS 88.13+20.73%
S UEH. LALV ojM= A9t 2H9] Fl-scorew
90.45+10.65%= LSTM9] 77.91+£21.50%2}
SVM+RBF-LSTMQ] 69.65+28.39% YT} =7 UeRJTh
Eot Yl 7l 24 S0l Aleh 229 LALV Recall®] 2
U7 95.25+7.59% = 7P =t ol2igt Ak mARt
=3 F7F oA AlRE Relo] 4 7 2200t =
< ‘d6= Eol:= Aol opyz} HAHV, HALV, LAHV %

LALV oA v =2 27 d52 FFI832

=

ottt 59 duRez #F Ws/dol IA uEhd
HALV ojA& A9t 2do] Precision, Recall %

Fl-score’t H|W REHC} =2 273 QX[

Table 12. Additional analysis of LSTM performance
across random seeds under repeated LOSO

Seed Accuracy | Macro Weighted 22':;23 Accuracy
(%) F1 (%) | F1 (%) %) 95% CI

1 8277 £ | 7726 £ | 8213 £ | 78.21 £ | 78.69-86.
11.32 17.01 12.61 14.85 85

1 8490 + | 7842 + |83.77 £ | 79.35 + | 81.65-88.
9.00 15.62 10.94 13.69 14

3407 87.26 £ {8185 £ |86.38 £ | 82.25 £ | 84.32-90.
8.15 13.97 9.44 12.60 19

A AATRE A 2

12 SUSP] AYAE 3 12 A

% o =2
593, LOSO 8|22 & 479 £ Y5H7te AHgstl
o ojet Er 2 Had 79 v v ol ¢ LSTMO] &
ZFQ] x7]3Hrandom initialization)of] T2 = #HES
gholsh7] st B&x BA(additional analysis)oz2 Y
AlE(Random seed) %= 1, 42 ‘3—! 34072 75t
repeated LOSO 7} 48 E(Seed)of|A
& FU% 1P} B 9% 2 fg }Eogg grpsigo
0, Table 129] ZAil= Aot LSTM 71&2¢
(Baseline)o] A= Wislo] me WAL aklel] glat
wx A2 AN B 120] UERd we} 2ol
LSTMQ] T+ Accuracy+ seed=10J|A] 82.77+ 11.32%,
seed=420{A]  84.90£9.00%, seed=34079|A] 87.26+
8.15%=2 UERITt  Accuracy? 95% AlR] 7t

(Confidence interval)e ZFzF 78.69-86.85%, 81.65—
88.14%, 84.32-90.19%=2 e} Macro Fl-score=
2¥7y 77.26+17.01%, 78.42+15.62%, 81.85+13.97%%
o, Weighted Fl-score= 82.13+£12.61%,
83.77+£10.94%, 86.38+9.44%=2 UERSTH Balanced
Accuracy  9A]  AlEo] uwkl  78.21+14.85%,
79.35+13.69%, 82.25+ 12.60%2] HE LRt okt
A RS A9) el0] 02 LSTHE] 85 5ol 48

o] wo| EAfat 21 Helatoitt. S8 Al A=)
Accuracy]_ OF 82.77-87.26% H| = UER} &Y AlsY
Auto B9 LS s Zuct uE BE @
A 18 27t g2 BoEH Al 71 HE A=
A LSTMO] =+ Accuracy~ 82.77-87.26% HY = Lt
By 2718t 2700 g 274 #5945 Wso] EAIY
< stolslalr}. waka Tl Als) Amjutos pol o
OH**OP]EE% SA9 2718 g HEdS I 1
& vt A= st

[n}

Table 13. Aggregated confusion matrix of
SVM+PUK_LSTM
Actual / |y | HALY | LARV | LALV | Total
Predicted
HAHV 4260 | 174 114 101 4,649
HALV 100 2569 | 109 112 2,890
LAHV 186 9 2,319 | 154 2,668
LALV 31 32 78 2128 | 2,269
Total 4577 | 2,784 | 2,620 | 2,495 | 12,476
B 1394 Aottt SVM+PUK-LSTM?] 327 LOSO
7oA dojxl & =883 (Confusion matrix)S HAHV,

HALV, LAHV 3! LALVO] gt Z2fa ez dst
of E3k5t Antolct MA| 12,47670 F7F BE 712G
HAHV: 4,6497] % 426071, HALV= 2,8907) % 2,569
7N, LAHVE= 2,66870 % 2,3197, LALV= 22697} &
21287071 27t ZeteA 2REQH &% Confusion

matrix?] thzt Ao st B2 FEo] AZEL o] 9lo]
Y 778 e AHolN B2 B5 450l UeRtee &
o138 2 Qlt}, AF AHEZ mES 11276702, £

Confusion matrixS 7|50 2 AMESH XA A&tz = oF
90.38%2 UEITH £3] LALVE 2,2697] & 2,128717}
2127 BREol £ $RES Ushion), okt W

AAIEH 222 Recall Autete APE HaFS @9ict
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Table 14. Statistical comparison of LOSO accuracy
between the proposed and comparison models

95%
Effect | CI of
Compa M.ean Ho.Im Size | Mean
. Differen | Test p~value | adjust .
rison ce (%p) o [ rrbr_ | Differ
{rb} ence
(%p)
SVM+
PUK .

- Wilco | 0.001 | 0.002 3251
\I;SSTM 7.34 «on 23 45 0.687 144
LST™M
SVM+
PUK_

LSTM Wilco | 0.000 | 0.000 5881
VS 10.03 0.806
SUM+ xon 089 266 417
RBF_

LST™M

LST™M

v Wilco | 0.123 | 0.123 —203
SVM+ 2.68 ) ) 0.317 .
RBF xon 96 96 -7.39
LST™M

opxjeto s, AQtst SVM+PUK-LSTM?] 45 do]
Bl BARC R Qg Ajolg Uehr] A5st
7] 9lste, st 327 mFAe] LOSO AccuracyE Hf
274 temE £ v]u(Paired statistical
comparison)& 4°5t¢ith. o5 sl At T
LSTM, Aotz @t SVM+RBF-LSTM?] B|w & Z3Hstil,
F71o £ ulied 7t Alole BAsidch B 7
o3Axte]  Astw R}o](Paired  accuracy
difference)?| +Hds FES Zut B5 BluolA Fot
g 71740l SEEA] ot vl 24 %<1 Wilcoxon Fo
Q] A% (Wilcoxon signed-rank test)2 X-8s5}9c}t E
st A 22 7F & & 4]y (Pairwise comparison)oj]
o2 Q& ZI71E EA|sH7] YA Holm~Bonferroni &
A(Correction)2 X859t

I 14004 AAJRH vlet ZHo] Af|tet SVM+PUK-LSTM
2 LSTMECH B4 Accuracy’} 7.34%p =9roH,
Wilcoxon #29] Z74oA sARCcz Fost Aol
UFERACHp=0.00123). Holm~Bonferroni 27 So= &
o/do] RAIE 00 (pagi=0.00245), +9] oA A
(Rank-biserial correlation)2 0.687= UENSTH H
& A&te Ato](Paired accuracy difference)?] 95%,
Al2] 17K Confidence interval)2 3.25-11.44%p= L&}
Yot SVM+PUK-LSTMat+ SVM+RBF-LSTM 7t =4
Accuracy A} 10.03%p %20, o] Afo] HA] AR
o2 5oJ5ktHp=0.000089, pa;=0.000266). =% oA

0l
o =2

FEAleE 0.80602 UERGon], Hdt Aol 95%
Confidence interval2 5.88-14.17%p o]c}. ¥FH LSTM
It SVM+RBF-LSTMQ] -+ Accuracy Afo]+= 2.68%p%
O}, Holm-Bonferroni 87 $of AKX 02 [O|51A]
0¥ Hpag=0.12396). i v]ne] &1t F7|(Effect size)
= 0.317, "4+ A}o]9] 95% Confidence interval2 2.03
~7.39%px 0= sttt eAN 44 2, 59 9
AR}t ==(Subject-independent) LOSO H7F 27104
A|Qtst SVM+PUK-LSTM& o LSTM ol
SVM+RBF-LSTMi} u]2ste] SAK 02 9ojsh] e
Accuracy S UETH £3] PUK AHEE RBF HEZ f
ARt stojBa|= RHEluto] WM e EAR oz ROt
4% zto7t &elgo], PUK Hd A &0 T2 4% xlo]
S FHIF £ oty ¥ ©d LSTM#t
SVM+RBF-LSTM 7t Alo]= EAR 02 [OJ5HA] ofof,
et Bt s Afoltteg & vl ed 7t A5 o
5P7] ol Aoz YERHTH

Aot SVM+PUK-LSTME 10-fold wAFAZSOA =
2 BR Y52 Uepte Bt ozt 34 L 7t ool
B 7t oAt $5= HiAlb LOSO F7boM= B4t
Accuracy Z2iF= 90.11+7.91%S UERHTH LOSO9 A
+ 10-fold wAPAZO] vlsll 50l Fastgen, o=
NMZ& oAl gt dukel Hypt AE O
(Sample-level) WAPASHG o FAgH b 21dS
HojEt Toe AtREe ZU Al=(Seed)2t
LOSO 2704 @Y LSTM ¥ SVM+RBF-LSTMEC} =
2 Accuracy, Macro Fl-score, Weighted Fl-score
4 Balanced AccuracyS UEon], tf2aE =7 ]

MM e & vl 2o tigt 5 Atol7t EARC R &
toict Esh o LSTMO] &Y A|E(Random seed)

r

ol
%

i

9]

£ 91733t ¥ LOSO(repeated LOSO) AutoflA] 47 4
&9 Hs Weo] ERldo mef, 2 Ao T 3
7F ZuRESE ofye} mFAt 53 FoL vk AE d 34
A ARSI uefsto] BHo] Uutsl Adsat Ante] Al
2de A5sl

3. Comparison of Experimental Protocols and
Performance with Previous and Recent Studies

1]
A
19
=
>,

W 2e Aol MRt B3 Y
neeZolA Aol Weth 53] £o ¥R Asrs
5 948 o= &3k ABZ(Pooled sample

10-fold-cross-validationg AFESH ¥, Aj 2.8 0

N
ol I-II'.
AR 1
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of thet Aiet 5 Hoket AolAls LOSO 714t 3
7Pt AeEloitt etk A2 o2 Hyt n2 e oA B

2
r\l
1o
i)
o

1% Accuracys & A9 ds vz
shate tlole Asto] Qi

Al 20 WA} 7 EEG RE Aol2 wefsl] 9Jstol
J2f= A7 Graph Neural Network, GNN), oA
H7 U Z(Attention EdAIH
(Transformer) 2 =091 A-S(Domain adaptation)
&ra st MFAL =3 (Subject-independent) 71740141 &
7t s 88EaL Qlek oo & AN 7]
AT ZollA DEAP Dataset[11]Z AHESH A4-E
7Fsted A} ZHCross-subject) B7F & AL =
(Subject-independent) H7}2 4385t A1tE H| W5
ot &2 A-tolM= BEG AE 1t 3318 A 229
517] 3t T2 HdF(Graph convolution) & 2=
ofelX(Graph attention) 129} | Ad/Zufs ofEll
A(Channel/frequency attention), EaAzh
(Transformer) 7§t A ofBlM(Self-attention) ¥ =
M9l A-&(Domain adaptation) 7|fo] A-LE]1 )t
DGAT(Dynamic Graph Attention Network)[18]= 13
At =3(Subject-independent) H7PofA]  Valence
84.27+13.74%, Arousal 83.84+10.20%S X 115}310

mechanism),

-

Drorp

zl

0, FBAGAN(Frequency Band Attention Graph
Convolutional Adversarial Network)[20]2 oA} 7t
(Cross-subject) H7toA] Arousal 69.64%, Valence
65.18%5 UEHICTH

Est MS-AGDA[2]1]= TF% AA &i|91(Multi-source
domain adaptation)& &85t DEAP cross-subject
F71o| A 65.59+5.50%S B ustgich & 159 At 7]
= BEG 7|v 278914 79t B 7o) 43 A1 0 B
WEg Aolch. 71E Apse &y Foa
Aol WA B2 WAL BAE W 2L 9 <ol
Nz ofe 4% £ A5t gloo), ol tet v
€ Accuracy HA] A2 TF2 7t SFollA AEE Sl
53] 47 4= &Y ‘(Pooled sample) 7|8t
10-fold-cross-validationg A-235t vHH | Jirayu[22]2}
Yao[23] 52 WAL 7t At} s n2st WUtE
g5ttt & ALollA= DEAP Dataset[11]2] 327 &
A2 oz HAHV, HALV, LAHV % LALVY
4-class B2 AoJstu 32-fold LOSOE AL5to] 0]
A=Y dse Bleketh Tt B 159 de i ©
weF Accuracy?] A Bl TH= 7 A1) A 7
9)(Class definition)?t 7} =2 &=Z(Evaluation
protocol)e] Ajo]& | mstel sfAEr wet ot

= L9
T oo =2

Table 15. Comparison of experimental protocols and performance with previous EEG-based emotion
recognition studies
B Subject . - o
Method Class definition — Subjects | Validation Input features | Result type | Accuracy (%)
V:
Negative/Neutral/ 5
DLN(SAE)+ Positive; LOSO (31 train + PSD.+ . repetitions; V 53.42
PCA+CSA, . Independent 32 hemispheric )
A: 1 test) . subject A 5203
2014 [22] . differences, PCA
Passive/Neutral/ average
Active
Not clearly
V 84.89
Merged reported as DWT +
LSTM, V/A/D/L binary | strict 32 Reported statistical Reported A 8385
; . evaluation accuracy D 84.37
2019 [24] subject-indep features
L 80.72
endent
MSE from
+
CNN-HMMs, V/.A/D Pooled-segment o/a/Bly — 10-fold v 8309084
2020 [15] High-Low evaluation 32 10-fold Cv spatial Mean£SD A 79.77+0.,61
binary P . * D 81.83+0.53
representation
. Multi-scale
Multi-scale V/A binary + Pooled-sample spatial/frequency | 10-fold v 9836
CNN, AV d—cl valuation 32 10-fold CV EEG average A 98.27
2021 [25] class evaluatio . g 4-class 98.38
representation
Feature-Fused Dependent & Subject-specific / | Spatial-spectral Independent:
CNN (DBCN), | V/A binary IndF:e endent 32 subject-indepen | EEG Mean£SD V 83.98+13.20
2022 [23] P dent representation A 79.45+10.60
SVM+PUK AV 4-class: . . .
_ _ % _
LSTM, HAHV/HALV/L | SUblectindep | 55 32-f0ld LOSO | oo 32 P X 5| SZsublect g0 947,91
Proposed AHV/LALV -




24 Journal of The Korea Society of Computer and Information

Table 16. Comparison with recent subject-independent EEG emotion recognition methods on DEAP

Method / Class Subject . — o
Study Ciizaay definition — Subjects | Validation Input / Key feature | Accuracy (%)
DBCN, Feature-fused . Subject-ind | Spatial-spectral V 83.98+£13.20
2022 [23] CNN V/A binary Independent | 32 ependent representation A 79.45+10.60
TSGCN Temporal-spectral Temporal-spectral | V / A
2024 [2%] GCN + adversarial | V/A binary Independent | 32 LOOCV/LOSO | + dynamic graph | MeanSD
learning features reported
DAMGCN itctr:n:io?luil tDoE o:ogragh Subject-inde
! V/A/D labels | Independent | 32 LOSO pology pendent
2024 [26] Transformer channel/frequency
. . DEAP results
self-attention attention
GCN + Frequency-band
FBAGAN, Frequency-band . I e A 69.64
2024 [20] Attention + V/A binary Cross-subject | 32 Cross-subject :elgart?::/channel V 65.18
Adversarial DA
Graph Neural .
Dynamic graph +
MSGDAN, NetV\./ork " Cross-subject . . functional DEAP .
Multi-source ; Cross-subject | DEAP Cross-subject = cross-subject
2024 [27] ) emotion connectivity +
Domain domain adaptation reported
Adaptation P
. . . DE + dynamic
DGAT, Dynamic Graph . Subject-ind - V 84271374
2025 [19] Attention Network V/A binary Independent | 32 ependent graph + multi-head A 83841+10.20
attention
Multi-source DE, 160-d input +
MS-AGDA unsupervised Valence . adaptive
' - +
2025 [21] Domain High/Low Cross-subject | 15 of 32 | LOOCV gating/domain 65.59+5.50
Adaptation alignment
AV 4-class:
Proposed | SVM+PUK_LSTM | HAHV/HALV/ | Independent | 32 zIodPeD 32D XS 90114791
LAHV/LALV

B 1604 2] DEAP Datasets &-gsto] maAt
=5 (Subject-independent) F+= m&A}L 7HCross-sub
ject) 715 883t EEG 7

2 wlastgct. 52

AN =

Rlol2 wHfslr] s =

Network,

GNN),

SRR

Z0] Al
[O2n Sy |

Aot ¥ 7o) 2t
w3A} 7H BEG Al5e)
A1739HGraph Neural &
(Attention

oAU

Arousal?]
Arousal-Valence 4-class &&
169 ke 59 2749 HEHel
ant 3

WPt 5L vl

£ Uec). dgr A4 A79 4
K =51

T':TI‘ =

ATt Valence B=

235t 9lon], & Ao

oA

Rop} tfeog,
s LU 5
(Subject-independent) ZHJ¢

@s7] st Atae shusigct

214 el

mechanism), E3AXH(Transformer) ¥ =H<Ql A2
(Domain adaptation)?} 22 diso] glsh] A L&
9)ct. DGAT(Dynamic Graph Attention Network)[18]+=
A 22=(Dynamic graph)?} HEFE OoffA
(Multi-head attention)& A-85}0] Valence
84.27+13.74%, Arousal 83.84+10.20%S XY 1151310
0, FBAGAN[20]2 2= ofBllM(Graph convolution),
Zate "9 ofBllM(Frequency-band attention) 3 A
A =mQl A-8(Adversarial domain adaptation)S 2
gsto] Arousal 69.64%, Valence 65.18%S UEIC
E3F MS-AGDA21]= O AA THQ AL
(Multi-source domain adaptation)2 o]-2st I FA} 7+
(Cross-subject) Z7tof|A] 65.59+5.50%S H1stdct
H A9 SVM+PUK-LSTM-E 329 9] Ij&A}S thito
23t 4-class LOSO H7HoflA 90.11+7.91%2] Accuracy

V. Conclusions

& A-ollA= EEG 719F Q1AM 7 5 A2
w mAl] ot vkt desS FIRAITIT Sl
SVM+PUK-LSTM sfojEa]E TE2 X015 T DEAP
Dataset®] EEG Al§E5 256HzZ 2JA==] 31 S Theta,
Slow Alpha, Alpha, Beta @ Gamma<®] 57} o4 tf
doz 25k, CleanLinedt ICAS o] &3ste &2 4l
A4S dw2 Astoint. o]$ 3% T H|BA
I F(Non-overlapping epoch)2 £&5}t1, 327} EEG
Adat 57) F14- chefe] PSDE ol§slof 160714 57
YIS ottt 4 AdEl= Arousal¥}t Valences
71&0 2 HAHV, HALV, LAHV % LALVY 4-class®



A SVM-LSTM Hybrid Model for Improving EEG-Based Emotion Recognition Performance 25

o5t

Aeotmdlo]  10-fold wWAFAZLZ ZAiub  Accuracy=
98.42+3.82%, Macro Fl-score= 97.55+6.31%=2 UE}F
Hot Eot oA 7F HlolH 552 HiAlsh 32-fold
subject-independent LOSO HH7tofAl&=  Accuracy
90.11£7.91%, Macro Fl-score 88.38+11.04%,
Weighted F1-score 89.87+£9.19%, Balanced Accuracy
89.07£9.56% 5 UENITEH AJE(Seed)3fS =UsHA 12
ARt LOSO 27104 & LSTMF SVM+RBF-LSTME]
Accuracy= 7+7t 82.77+11.32%2}F 80.08+7.91%=2 LtE}
St} Wilcoxon Y359 741} Holm-Bonferroni 2%
2 X g3t AT}, AOHREL Trel [STM(p,y=0.00245) 2
SVM+RBF-LSTM(pag=0.000266)1t E4A 02 S.0]st A}
o2 LEpyC

Y A= (1) E LOSO =7doA ©d LSTMat
SVM+RBF-LSTMS v 2dZ AE5tFon, ens
&7 v]u(Paired statistical comparison)2 =3} Aot
gF SVM+PUK-LSTMat Hlw 25 710] /35 &to]9] &7
A golge Atk

olgigt AutE &l A2 =2 10-fold-cross
-validation /5%t ofz} Mz HIALE tidez
&t m&AL =/d(Subject-independent) FHOIME =2
4-class T &7 452 FAIGIACH, 52 =719 b
aedile] S8 A5 55 PUK 422 583 ool
ne|e o) A% 7|02 selstgnt. ot AYATE
< 22 J9(Class definition)x} m&AA} FHSubject
split) & 7} =2 &Z(Evaluation protocol)o] A& T
208 Accuracy?] AFARQI ~A] Bluofl= Algto] glo
0, & AoM= ol2igh A9 2719 Rlo|F oA 1
sto] Autg A

2|2 EEG ZHAQIAl HiLoA= GNN(Graph Neural

3 b 31t 7 st Attention

2 Transformer 7]8F EA % &9l A-2(Domain

adaptation)2 &8st 1]&A}F 7HCross-subject) &I X}
].

e
M= 2 A7 AR &2 EEG Z7QUA AT 58
et} ot 22 Wgos ARS FRStaLAr oith
A, A ARESE AEE ok O EAJOA Yot
BEG A= 7F 374 HAIRE &t iF Ale 22 Rloj&
U & Q=R
representation), Attention %
SVM+PUK-LSTM Lx9} ZAststu A} sttt S4), Aotw
2] Yy uo QFebl AWl s

CNN(Convolutional ~ Neural  Network), BiLSTM
(Bidirectional Long Short-Term Memory) %
Transformer 7|8t &2 =5} 4-class 2|9} =Us
Subject-independent LOSO protocolof|A] 8] w5t
9 7x0] G2 Qe Y5 Aol LA ogolck
A, DEAP fut ozt DREAMER, SEED-IV
AMIGOS 5 M2 th2 EEG do]EAlo] =gt M2
oARt =53 B7F BARE AEs5t] HojEAl Hatol] T
AlRtesde] g #-8de d5ohAt gt

ko or

WE WE

rok

VI. Generative Al Ethics and Disclosure

2 Ao 39 1, 2, 3 ¢ 49] =4 £QHS AMdst
7] Algt BAA e A3 AllOpenAl)S 2853l
A3 A2 AA A U R A ARteY] GRS
Hsp7] Hsted AApE A 4R 8 3 4S5
8% Al Aol AH8H EEG tole] I M3 ZAno)
8730l 2Aoll= AFEEA] AvtoH, FFHOR =7
AAE 2t A e g R Ao dist A
A2 AxtelA glct.
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