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Emotion Recognition Method using Gestures and EEG Signals
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Abstract : Electroencephalographic(EEG) is used to record activities of human brain in the area of psychology for many years.
As technology develope, neural basis of functional areas of emotion processing is revealed gradually. So we measure
fundamental areas of human brain that controls emotion of human by using EEG. Hands gestures such as shaking and head
gesture such as nodding are often used as human body languages for communication with each other, and their recognition is
important that it is a useful communication medium between human and computers. Research methods about gesture
recognition are used of computer vision. Many researchers study Emotion Recognition method which uses one of EEG signals
and Gestures in the existing research. In this paper, we use together EEG signals and Gestures for Emotion Recognition of
human. And we select the driver emotion as a specific target. The experimental result shows that using of both EEG signals
and gestures gets high recognition rates better than using EEG signals or gestures. Both EEG signals and gestures use
Interactive Feature Selection(IFS) for the feature selection whose method is based on a reinforcement learning.

Keywords : Electroencephalographic(EEG), gesture, emotion recognition, Interactive Feature Selection(IFS)
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Fig. 1. Action recognition measurement equipment.
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Fig. 2. EEG signal extraction experiment: QEEG-8 experiment
equipment(left), experiment head coordinates(right).

833

ok

2. EEG &%
EEG 413
e A7)H
=

Ze 4eE

| =
A7H As2A Algre T dAse
5=g 243 Asolth EEG A3E the
AZ@E) A3iA s8] ol 23
& AT QA Algre] Feof 7|RAQ 7)5E AL 3l
< $¥o 5L 245y HsiA EEG A5ES] 54
o] Paslthe]. EEG =4 A= 49 28 2a8He 2
o] LAXTHAS)A AFHE QEEGSAHIE A&, A
Ao AME 28 ALEDT T FAHRRE JEoE
A% 2RL g8 FAsy 133 23 Adee 89
e 7 ERE [T
3. Alzistsel 2y g

AZe] WA T2E FHE] A% 7 A Fo
ol24 Hzow AYwdy 7lEFMEH) 3k Wundt
7b FEE, FRRF, 018 A A Ades 74
3 AozrE }¢7A BEF7) AIFERNeH o]l Russell
7120 AFES St} H/EAe} AAmIZH e BAA
= kX Agez NS BASHCHI2L I¥ 38 olHE
AAdude] 71xate okt AME AAHE FFT £
Fated A JeER AT

olof= thxHog zt AMAYEES MEAHE FA
e w1EE 2y AT 7EAAM clgE TR
Ekman<- 3} E(happy), =S(surprise), &3 (fear), H-1-(anger),
3 Q(disgust), EE(sad)e] 6719 Gzt 71RAFAE F
AHGUH13]. B =R ZA T oA &4 Al
o =7E RS eHle Ak a#dA AN FES
BN F A PE, B B, NG SAANHE F
W3 a3 AAFESY EYolge QA FEE Eo] 4
Y3lgey. YL vl 4 el s AEd v
(tired) 3+ AFeje} HIE37 = @tk oA 47k AAME 7t
Az APE gtk AFeA AT 2] ASE
& AL fislgn APde EEG 24 354 &
AL 9% F /A9 AHE AN A AZES F=
Stk Ay Fae AFAY 2L WA LA AlEY
oo 9o AejolA AF AAE | o7 7HA A3

J

:‘lml‘h‘

Extited Lively
Aroused " o
° Interest  Amused
3 ° E]

54 .
E
3 Fear o
2 Agitaion = Pleasant
< o
N oo Disgust
5 Anger e 2
© Relaxed
S
B -]

Serene 9y
Bored
<51 Sad o s Calm
S °
Blue Tired Quiet
1.0

0.0

Factor 1; Valence

EEEEFLEERLERREE S
Fig. 3. Emotion classification by dimension model.
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