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Abstract

Emotion recognition is a key issue in human-computer interaction, and EEG, as an important part
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of human physiological signals, is also a key factor in recognizing human emotions. Emotion rec-
ognition using EEG is a challenging study due to the complex neuronal activity in the brain leading
to non-stationary behavior of signals, and multi-channel analysis is an important issue to consider
when processing EEG signals. This paper proposes a multi-channel EEG emotion recognition mod-
el based on long-short-term memory network and ensemble learning. Through research, the EEG
channel that responds more to emotional feedback is selected, and the EEG data of different chan-
nels are put into the long-term memory network for training. Then, the training model of each
channel is optimized through the integrated learning strategy, so that the information of each
channel can be integrated for emotion classification. This study conducted emotion recognition
experiments on the DEAP benchmark dataset. Our emotion recognition results in the two emo-
tional dimensions of valence and arousal have been significantly improved, and the accuracy rates
have reached 87.6% and 90.52%, which validates the effectiveness of the ensemble multi-channel
approach.
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Figure 2. 2-demotion model
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HATZ R0 GRS, BEG I FUI 5 5 RS AR [ O 5% o ik Fi 12 23T £ L Ak 52
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Table 1. DEAP arrays of each participant
# 1. 8k # DEAP HUARTFHHKIE

Array Name Array shape Array contentss

data 40 * 40 * 8064 Video/trail * channel * data

Video/trail * label

*
labels 4074 (valence, arousal, dominance, liking)
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Figure 3. LSTM cell architecture
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h, =0, *tanh(C,) ©)
it o 2 sigmoid BT B ML, KR U B9 FEL(0, 1), tanh 2 AU TEVIMOH B 45 50 WA EITERE-1, 1),
W, AUEAE, x SRR, b Forid EIRRURAS, bbb, R,
24. EREFES
R ST AR IE AL S KB A LB, EATELA TR TSRS 50%, I Boosting,

Bagging # Stacking.
By, (x), i=12 K, TR MR, Y (x) DAL

2.4.1. FHEKK
5L TR TR TR H bR A Al I SR A A 2 R () 2 B S e ), B
Y(x) = sign[Zyl. (x)j (10)

i=1
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Figure 4. The difference between the two voting strategies
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N pytorch1.10.2. Fifdi B4 N EiR Tk /4R 1) DEAP $i4E 4. 7 DEAP HidE s, A
R BRI 4 D BRYE T IRR B, DR IRATT 20 B 5 DU AN 175 B 4 B k47 0 255286 . XF T 4
A IRYERE, AT EUELE 1~9, RIERATEERT S R EEN low, & TEET 5 KRS RE

N high.

FRARE b3k 77 v o i T e BRI ARV, FRATT7E DEAP BB S Pl 35 7 6 NSS40 U H 1 i B3
i, %N F3, F7, T7, F4, F9, T8. ZJaxi&HEMATHLLIRHE, Mk T KAE 500 3 1
FELRHE . ARE AT BRI BRSNS, ININIMECN 0, ARHEZESN 0.01 PR . B FEHE S AT
PRAELL, P DL RO 5 )y IR . 2 JE TR S T TE I I LS 5 A 2 AN B LSTM. 2% rp ik
1oy 2], B B ERUREE, M RARN SRR, LSTM M HS W 2 fins:

Table 2. Parameters of LSTM
= 2.LSTM &

ZH 5
i N\ JUSF (input-size) 128
7 5 & (sequence-length) 60
it R~} (batch-size) 16
[&8% 2 (hidden-size) 32
¥t JZ (output-size) 2
178 )2 %1 (num-layer) 1
Fifi B1. 2K 5 % (dropout) 0.5
AL %5 (optimizer) SGD
EnPNaR A Cross Entropy Loss
ERISLIR AR W 5 FTR
EEG Signals Preprocessing Classifier Ensemble Classification
 channel_1 | Channel Select Strategies Results
 channel 2 Baseline Data :25:: e s Ll]:ye:rr [ Strategyl
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Figure 5. General block diagram of experiment
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Figure 6. Performance comparisons between single-channel classification and ensemble of multi-channel EEG signals
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RIS SR 3 Fron. Ry 1 ARBLEA T A B0 v 8 S AR e, JeA T T w4
XFEE SRS, 55— 2 SRIR B AT I L E R, BT ORI TIUAC B — BT IR T, 8 A0 32 Ml He
BIE AR, EFRAS LSTM BB BT 3285 3], ZINEM R R 1o B S d, JATxE
HUR 6 /i G A5 5 RO 2 54 LSTM LAY B AT 43 S8R0, Z0EX B N R 2. fEJ7% 2
(K2t b, oK 6 ANIEIE R a3 I 8 T LSTM R AT 57250, FH 6 MR ARLEAT A RISl (1 4 7
% BRESHPUNEIR. TE 3, 4, 5 D IBUSE BRGRI BRI SRS AL A P R S

Table 3. Experimental results
3. LR

DikrS Arousal Valence Dominance Liking
1 73.43% 76.48% 58.47% 70.46%
2 74.07% 77.94% 57.47% 71.48%
3 85.12% 88.75% 78.94% 78.42%
4 87.60% 90.52% 75.17% 80.73%
5 81.35% 86.04% 74.02% 77.75%

MITVE 1 7L 2 WTLAE G FRAT B X 1t b e 438 20 AR S 4] o P 3 S 3R AT S B, AE TAR B T
TERVE RN R — S RTHE T, 2RSS R e R %A KRR, H2 7 Valence, Arousal,
Liking =ML BA THUNASETE,  [F AR T REIBIEME SEEE, SARIIGRNBER TR
eFt. RN EHERFTIE 3, 4, 5 SR, Wik ARSI R A T R, aTRUE B
B SR AT 35 1) SR W AR T 5 52 110 4 Pl SRS
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3.3. SEXRTIENLER

Table 4. Comparison of the existing emotion recognition studies

F 4. SYABRIRAIFZTHIXIEE

Wi 1 R YE HEH (%) Jii:
high/low arousal 62.00
Koelstra et al. [28] high/low valence 57.60 ﬁﬁ?&%%%*ﬁﬂ‘]gg%ﬁlﬁ?ﬁ B
liking 55.40
high/low arousal 85.65
Salma Alhagry [21] high/low valence 85.45 XZ LSTM M 4%
liking 87.99
Atkinson and Campos [30] igtvlow arousal 70 %$%,j< Tﬁ%%fJ\ﬁﬁz&(mRMR)
high/low valence 70.90 RHIEIE R, SCRFTE LS VM)
v high/low arousal 73.06 ET DU F R 48, ET
conand chune (1 high'low valence 7090 B R 21
high/lowarousal - 75.00 748 g1 2 52200 B 40 W INVREAIE 4L,
Ahmet Mert32] high/low valence 72.87 £4.68 N THRZ M4
g
Ruo-Nan Duan, jia-Yi Zhu [18] Positive/negative 84.22 ii Ei?ﬁ;\/l )
Chen Wei and Lan-lan Chen [24]  © 05“1121/1 ‘;‘faglaﬁve/ 83.13 £ 1.67 SR,;%;E;%W &
high/low arousal 87.60
high/low valence 90.52
This study ZIEIEE RS 21k, LSTM M 4%
High/low dominance 68.17
liking 80.73

4. B4

TEARBE T, FRATIEH T — P (0 28 Tl 3 S5 BAR A B %, T R YEFE 2 (valence)
ML i (arousal) 7 TE ¥ (dominance) PA & 8 WFE B (liking) B EGR ll » SEIG A8 F A FF ) DEAP 1545 i H
B £ (34T FEHEDIR, 4 DAE IR AL 85 R 5 AR U8 th (0 v b AT b e . e 5 vk i I B 05 7E T4
X221 oG FEL G, 32 HROXT 155 AR A B UK PR S T A, e ) A T8 o R 2 AT
AL, i S B P SR I i AR [ R HE R 2

4 PR EGR A I T A S, BT EE R B, R 2 S B s A T A AR IR
A G ML 2 2 R Tk TEIRFE2: 2, 248 LSTM Rl SRU SSARAL G A0 22 4 2%, 3 i o 28
J7 5547 A6 B VR ) 2803 1) ) IRt AT DA T 6 A% 0 008 A 228 ) 2% PR A 2 AR X R B2 R Py T . () IS A
IREE 2 21 J7 16 R G 6 SR A ) (1) SRS T DU 5 i 4 1 i 2% 48 B MR 26 o 3l 36 rp /A 28 ) 0 T LG
AW FEITVELE arousal Fl valence PG LSS EARELT Foe k3 — @ RS, R Zik
F 87.6%7F1 90.52%.
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