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A research on the emotion classification and precision improvement of
EEG(Electroencephalogram) data using machine learning algorithm
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ABSTRACT

In this study, experiments on the improvement of the emotion classification, analysis and accuracy of EEG data were proceeded, which
applied DEAP (a Database for Emotion Analysis using Physiological signals) dataset. In the experiment, fotal 32 of EEG channel data measured
from 32 of subjects were applied. In pre-processing step, 256Hz sampling tasks of the EEG data were conducted, each wave range of the
frequency (Hz); Theta, Slow-alpha, Alpha, Beta and Gamma were then extracted by using Finite Impulse Response Filter. After the extracted data
were classified through Time-frequency transform, the data were purified through Independent Component Analysis to delefe artifacts. The
purified data were converted info CSV file format in order to conduct experiments of Machine learning algorithm and Arousal-Valence plane
was used in the criteria of the emotion classification. The emotions were categorized into three-sections; ‘Positive’, ‘Negative’ and ‘Neutral’
meaning the franquil (neutral) emotional condition. Data of ‘Neutral” condition were classified by using Cz(Central zero) channel configured as
Reference channel. To enhance the accuracy ratfio, the experiment was performed by applying the attributes selected by ASC(Attribute
Selected Classifier). In “Arousal” sector, the accuracy of this study’s experiments was higher at "32.48%" than Koelstra’s results. And the result
of ASC showed higher accuracy at "8.13%" compare to the Liu’s results in “Valence”. In the experiment of Random Forest Classifier adapting
ASC to improve accuracy, the higher accuracy rafe at “2.68%" was confirmed than Total mean as the criterion compare to the existing
researches.

= keyword : DEAP dataset, ICA, Arousal-Valence plane, Random Forest, Attribute Selected Classifier
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(Table 1) EEG wave

ot Al 28 Fa(Hz) ALEf

e} - Zle =0 AlEj
(Delta wave) 0-3.5 Hz (Deep Sleep)

MIE

. A I_
(Theta wave) 3.5-7 Hz M e (Sleep)

ot} g THO{QlE el
(Alpha wave) 812 hz (Awake)
717 AEl,

SEAE], AEA
H|E} -

13-30 Hz (Tension,

(Beta wave) Excitement,
Stress)

T MEf, 2okt
AE|, AER|A
(Nervous,
Anxiety, Stress)

4ot

(Gamma wave) 31-50 Hz

(g 1) = 10-20 XM= six|&# #F7|
(Figure 1) 10-20 International Nomenclature
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Pre-Processing

Data import
(Total 32_| bdf data)

Step 1
(Total 32 channel)

[
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Data Sampling
(256Hz)

FIR Filter
(High-pass, Low-pass)

)
Channel check ]
)

Extraction of wave (Theta,
slow_Alpha, Alpha, Beta, Gamma)

Time-frequency transform
(Reject of Artifact)
Independent Component
Analysis (ICA)

Step 2

Consist of CSV data

Export of Numeric
value

Information channel
32x%5
(Theta, slow_Alpha,
Alpha, Beta, Gamma)

Information channel 32x5

+
Affective Attribute 5
(Arousal, Valence, Dominance, Liking,
Emotion(Positive, Negative, Neutral) )

Testing Algorithm

_'[ Random Forest ]

—-[ ASC (Random Forest) ]

(T2l 2) EEG Testing M| 7=
(Figure 2) The structure of EEG Testing
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(Table 2) Extraction of EEG wave
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Sl AL 2 ﬂﬂ 97, Ao R =Yg
Independent Component Analysis)= A3+ "J
Artifact) < A| 7 3F51
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(Negative)” 0.2 EF3It 1817 ZAE ¥AL OPd z
el Aol “ZY 2| (Neutral)”< 7153022 “Cz(Central
zero) A3« AT A(Channel Statistics) 7o) FFHA}
(Standard deviation) 7E2] ZAMA] #HE(ex. 1-5 Akol 9] )
= TR A

3.3 &l=nlolE

£ ATl A= DEAP H|olH AEA F7 g to|E
ZolA Data_original & AHEste] A¥E FeYsiich
Data_original[2]> ¥+ HoJEHE F&3 AT, 327“-4
BDF(BioSemi’s data format) 4= FAF i3]

Feldman[11]2  “847Fe] 23 748 ZHC=E oA 747}e] 48709 FEE AL H 512HzE A %%E]
“NA(Negative Affect)”<} “NP(Negative Positive)” ] 7| E 2] Aom, 48719 g2 32709 wH Ik g 1270 A
A Aol & 5T & Ak st NAE #4347t 5ol Ad 9 3] AREA S Ad T3 4] A
A7t B2 A A T oA A F (Positive) & 2 HE Ye= AEZ #A9 diolge 22d & #
FA7Y DA, e SHE(Excited) Z2H2E TAHHTH PA 2o A HEHAT A7 1229 dolHE YgdE
5 Arousal Arousal
(High) ~
8 Annoying Excited |
Angry Happy
7
- HALV || HAHV
211
: (Negative) (Positive) VAR /
Valence - ~
/ \ Valence
4 3|4 Relaxed
Sad
3 Peaceful
- LALV LAHV
2 steepy calm
1 (Low) N S
1 2 3 4 5 6 7 8 9

(23 3) Arousal-Valence ™
(Figure 3) Arousal-Valence plane
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NME €2 ¢oIE FIIE ZEIUTE €2 ¢
FIIRE EES o)Fe o) Aol BE W EK(Beta)
oA T&, 2EH X, 714 5o Aol fuHtt 8
A=H[8], °15 A BEN R S8l T Aol 2
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I el e HAE] 74 (Pre-processing) S =43t}
o) & Ao E Ade £ 32019 Hat AEkE A
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S BT AASHT 2709 Ade 256HzE ANEY
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[o o 32 mx dlo

o}, g3}, wel et 4388 FEch
EEGLAB[3]oIM = EFAAe] WHoZ §3F
<% "o R J¥A S HE|(Infinite impulse
response filter) 9ol 7]E} thef3t HEIE Al ¥t 73
Y2~ S5 HEE 34 AlA 2A 9 freket JRus
ARESE7] W2l 7B F g Fe JEAs S I
e EG 7Ie 548 7HAH, 53] 34 ok WAk
Ao gk EAE 2LH o2 H AT 5 JrHll. F=
3 H|o]E& Clean_Line "7 AHE-3le] F# 9] zt}sh

215 (Noise signal) &5 A A3, AlZ-F ok W3S 53t
o] dolee] AEE FEEAY, PO R YRR
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separation) & w#3h= 58S
A 5l o3 F(Ocular artifacts), > &5 (Brain
activity), 73 &5 +5(EMG-activity), 12|22 A= F-2}
%] ©]5(Mechanical electrode displacement)®ll W= 3 F
Zrze] ol EYE AsEo] TFE o YEhH, o]
F2E AT § A7 2 FE Feof wpeh Jekg w
"ok ojgfst EFE AFEC] 993}, #EE AA A
g2 227t 7hssA e ACt13]. I8 EE 59
FEAS oA dHstdd AT £ 23U Eye
Movement), <59] &% (Muscle Movement) 5] It}
3 AT ES AASHE 9L S

2 A 3olA= DEAP o8 AER]S] F 3239 32
AN HI AEE BT ARSste] At I8 45 ¢
A A AAE R 2 AP A4S e Ao
o B AFdAE 59988 AHE Al HolHE
A58 tlolHE A5, A3 tlolEHE thA CSV
dolH2 Histe 7ASy AEFeE BRAES
RIS S e=a

ox ML X r|r ofd

[o

Processing Testing
Y

Extraction of data,
Modified of CSV

| —

Data import &
Channel Check
(32 channel)

e ~
Data Sampling(256Hz)
& FIR Filter

i Test of Classifier,
(High-pass. Low-pass)

Algorithm (Random
Forest, ASC(Random
Y Forest))

Theta, slow_Alpha,

Alpha, Beta, Gamma
(Extraction of wave(HZ))

Reject of Artifact,
Time-frequency
transform & ICA

I

(a3 4) Ay
(Figure 4) Processing of Experiment
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d Me)® B3 7)(Attribute Selected Classifier: ASC)S
8h-8-519] 2. ™, WEKA(Waikato Environment for Knowledge

5 ARSl] A Atk I8 5 A
AL TAEE YeER Tk 23S EEGLAB[3]< &
S5 SR 1A £4 AE A R 2 dY 2~
EE AHE 2EAIR ol Rt

Stal

Step 1

Complete
analysis OR
Incomplete

analysis

No (incomplete)

Select Emotion
attribute
Check
Emotion(Neutral)

Yes (complete)

Pre-processing

Step 2 | Testing of CSV

Select ASC(RF)

Ui

10-fold-Cross-
Validation

i

(T8l b) =Y =AE

(Figure 5) Random Forest

20HA] Aol A AAIZF ASCREE &4 Aeld &
7)(ASC)°ll #Y F ¥ ~ERandom Forest) S 223+ 7
oJn gt 243 Y& 0 Z 10-fold-Cross-validations
Adgste] s =& AP A e dolEHY &4
W FolA ZAEAARL volE)S ofulste £A F
Al “ZH A Neutral)” #holl whebr] A Ew o] 2to]7} lth

4.2.1 AA" B

DEAP Hlo|EMER]Y] A2" 34 AL #idy
PC(Bio-semi Active Two system 4)°1 4] EEG H©|E|E
53193, t=d o] 3742 MEIY 43.2GHz) oItk £ A
YoMl sl=dlo] 4L ZZAA AMD  Radeon
R7(4.1GHz), 9= 10 >AAA 64bit, v 2] 32GBoI| A
et CSV HolHE Ad s Az Edo]= EEGLAB
(v14.12)[31% A3t A% vEHR2017b)Z WEKA
(3.9.3)[4]91 A4 3 sIA

4.2.2.1 aid Zp|AE (Random Forest)

Ay Ed ~ERandom Forest)= 2JAHA A E #](Decision
Tree) T7715 $38 53] AAIE PFE 7Helth A
9 XH2E EF7]= vl 7 (Bagging)[14]9] X WAL
2 ool FrtHNeH, EFFx £/7]Y EEo R

49g % 9k

2~ =
[15]. 7219 ERlE s & o8 WHS 9AEH
2] (Decision Tree)®] 7} T A FA|S] HAe] 23 =
UE doz Mesles Zlojth o] Wy Frt $23]
2 vt X AERIS EHAE-RCHET 43377}

2 EUES AT bsAel Utk BTEFe) A
Efe] 7 RN BE $Y EHES B

7+ gET 4 1S

Search 5 splitslof the root node

FRNE

L

®» ® ® ® ® O ® @
(O3l 6) e ZAE
(Figure 6) Random Forest

4222 &d Moy 2R/7|E &8s Y 2H2E

o — — puind
M=
1o
B YA Ao 9§ &4 TR AY

(CFS, Correlation-based Feature Subset Selection)[16]S &

F3eTh £4 PEYY A9 Fo £F SLIFLS

F
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9 ZHXEE ARGt HEEE S 5P o Al meEbA 54 Jie £9E e 2
(Feature Selection) H©|E19] A& Fol1, T 8314 Q7e|Z0 2 AT sty Briess e = A
e B dole Y& AAze 98-S dtH17]. AZF AAY ME FABAVL Y A9l I8 &
g R doje I B2 o] £4& 23] 9 Ae Edete FEAY B Zolvhiel. ¥ 7 ¥
ol A8 A7t 24 BS T JOBRE 4] A A e £4 A9A B77] 4xEES de o
#E 7] f8i-= EA 48 (Feature Selection)©] w5
Z23}tH17]. 53X 419 (Feature Selection) TZEA|~E & 5. Ay A3}
F7o AMEE &4 AFT W o), A7t AR
e AHE A AEY 9 o]ES dE S A 7]4@ A3} B A NE A HA(ZHA) &4 BB
Aol digk A ‘131@31&5 FAATHIT). A9 =9 2 7} (Arousal), A1 7H(Valence), -$-*3(Dominance), °f 5.
71 1) $49] TR Subset) S A8t 2) FHAE (L1k1ng)—— ztzkel Fe a8 AAsAE ol 48 2
ML 3) s TES MO RN TRUISIEDG £ sz cagqn ey 4ddse /18 49ERet
23 7= ARl webs Fee) Eirel W g B AdAT) AH FSEE u)w-BAE
T AAE g A, T 99 AFEol o XYt |4
vAE 5 =S #dF F o6, 5.1 28 ZYAE (Random Forest)

&0 FEAS gl AMSEHE FElAE A
(Heuristic Search)< 57 &7 $(Feature Subsets)®] ¥ (% 3) g EYAE Heznt
Zro| A W) B3 A8 (Feature Selection) Y8 E0] THE (Table 3) Result of Random Forest
o] EAS zt= dlolgdl thal] Aaksitid FElF el A7k Attribute | Valence | Arousal |Dominance| Liking
A eko] HQF = A ‘_] HAFS] A
ofel Bea7] AEA AHedniiel AW A dotal 32 93.20% | 91% | 91.19% | 90.08%
(Best-First Search)y< 57 2ol ujg} Ael® 7} 3 ata
o] =EE sl T2 E Fske A GaEEol
T} [16]. 2749] 74 Best-First Search)& AR L7 2 HE F 32 A9 X ~ERandom Forest) S &8¢ 73]
ERS BAEEE G712 ALLEH= Ao Aukzo] 27 dolH e 4343t e U Aotk 4P

o} AFdAA o oJgk &4 FEF 7 A8(CFS, Correlation-
based Feature Selector) W42 Fr2]| 28 714l 7|4k

Test Algorithm

CSV data import

l

HI

l

Final Evaluation
Estimated accuracy

Heuristic

Feature
evaluation

Filter

(32 7) $4 MmN 257| gTalE

(Figure 7) Algorithm of Attribute Selected Classifier

AR 3270 AP olEE ARE-ste], A AL Ul 71A ¢
4:X](Valence, Arousal, Dominance, Liking)& 7}7}2] E2)
22 AFEAE W 2&2E HYEE S, A
ACC(Accuracy)= AA A@ Aol tfe FFz-e vepd
Aot

52 &M MEIX HEJ| (MY TIYAE:
Random Forest)

(F 4) &4 Meix 277| Mpza)

(Table 4) Result of ASC

Attribute | Valence | Arousal | Dominance| Liking

CL‘;;a'A%ZC 93.33% | 94.48% | 93.78% | 94.33%
45 &4 A9 4 7 71(Attribute Selected Classifier:

)

Ay ¥ ~ERandom Forest: RF)E
AUl 7R &9 S AR AA 32

7H Eﬂ ]HJ AHASNE vgst Zlolth AAIg ACC

el

b= QIE{Hl HE 3| (20253)
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(Accuracy)= A A A st FAS veRd A
otk

5t U EA2ERDTE Agste] AR A7
o} &4 AelA ER7IASONA #HY ZHAEE AL
3 AIHASCRF)E A A&+t
(% 5) RFe} £4 Meix EJ7|(RF) &80t
(Table 5) Result of RF and ASC(RF)
Classifier/ . . Average
Attribute Valence | Arousal | Dominance| Liking (%)
RFa”dom 93.20%| 91% | 91.19% |90.08% | 91.30%
orest
ASC(RF) |93.33% |94.48% | 93.78% |94.33% | 93.98%

ARANE Ao £4 d8d BRI 4839
9 Y 2E A3} 7)Ee] Ay TP AETS
Y HT}h “268%” =& AAE EEUSS ¢ F AUtk

5.4 7| oi7ele| Mk H|u

E

5.4.1 DEAP HlolEi M= e17ete] Bets Zr} o]
24

Koelstra[6-7]+= 256Hz = A& S Ald)stalar, A=
AgolAe Y 53 LE(Band-pass filter)& AHE-3ke],
3 6ol A AAS AEL, €2 g5, g5, HE, ek
e A7) FaFdgEHnE FEHAL, UA =
HEY YW (Power Spectral Density)®} Common spatial
pattern(CSP) & AME-3le] EAFES AFPsisich 122
7H-AIQE Lol B Wl o] =2 F-7-7](Naive Bayes Classifier G)

(% 6) Koelstra2| Zofet 2 Az}
(Table 6) Result of Koelstra and Our Study

£ &8st I E =& Koelstras #4138 Ho]
= 1S ZHA)(Arousal), 841 7H(Valence), ol % (Liking)
o] R E|(Modality) 7o 2 E-Fale] 4 okiiv}

ED;IEJ,]_E_ }\LJ;]E_uq E—”fﬂ(OurStudy)O] _._4 ?§|
77| (Attribute Selected Classifier: ASC)S 2]-&-31 aﬂ é
Y| 2~E[Random Forestt RF)2] ZA3}+= ZH(Arousal)=
“3824%”, A 7H(Valence)= “33.02%”, °l 3 (Liking)=
“37.33%” 2 Koelstra®] ARt} =2 A3E =559
71Z Koelstra®] AR £33 232 &3 2 Aol
= AATBAANAM Y SHAAEEA HHY 48 2 g3
g& Ao Utk Aleidth

H:l

5.4.2 Bimodal Deep Auto-Encoder(BDAE)2| Ziz}

Liu[19] ©1¢] F e Azls AA g4 oA
22| E¥ - (Power Spectral Density) S AH&-3lo] 575
5 Agsdth I8y 77 4ol Bimodal
Deep Auto-Encoder(BDAE) H'H & AH8-31ith 1413 H)
ol8le] EAS  ZMJ(Arousal), gA17H(Valence), g
(Dominance), | & (Liking)2] 2] E](Modality) 2 &5}
o A3, Liu T3 o] At HI= g vw-F
AEsth

(E 7) Liue Zzfet 2 A3z
(Table 7) Result of Liu and Our Study
Modality | Arousal

DEAP
Study_Nai| 80.5% 85.2% 82.4% 84.9%
ve Bayes

Our
Study_
Random
Forest

Our

Study_ | 94.48% | 93.33% | 94.33% | 93.78%
ASC(RF)

Valence Liking |Dominance

9% 93.2% | 90.08% | 91.19%

E 7S AVEE B 489 $4 A4 $R7)Atibue
e

Modality Arousal |Valence| Liking |Dominance Selected Classifier: ASC)E 243 A X 2~ ERandom
DEAP Forest: RF)©] 277} 71 (Arousal)< Liu[19]9] 2 .o}
H 0, 0, 0, -
Stugzgll(\elsalve 62% | 57.6% | 55.4% blank “13.98%"7} E=k3, AX7KValence)= “8.13%”, &
(Liking)<> “37.33%”, -%-”d(Dominance)<> “11.93%”= Liu?]

Our SUdY_ | 919, | 93,29 (90.08%| 91.19% . o
Random Forest : : : AYRT =2 A3E 223190 B A9 A} Ling)

7 0 glo= A=A o) A& o7} ¢)
Our SUdY_ | 94 4o, |93.339% | 94.33% | 93.78% AF#ET & doe AAZFFAA Y zpol7h vk
ASC(RF) NEEE
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