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Emotion recognition from multi-channel EEG data through
three-dimensional feature matrix and squeeze-and-excitation networks

CHAO Hao®, CAO Yi-ming, LIU Yong-li
(School of Computer Science and Technology, Henan Polytechnic University, Jiaozuo 454000, China)

Abstract: An emotion state recognition method based on squeeze-and-excitation networks is proposed. Firstly,
time-domain features are extracted from electroencephalogram (EEG) signals of different channels, and a
three-dimensional feature matrix is constructed according to the relative position of electrode channels. Then, the
squeeze-and-excitation networks are constructed by combining the squeeze-and-excitation block with the 3D
convolutional neural network for high-level abstract feature extraction. Finally, fully connected layers are used for
emotional state classification. The experiment is carried out on the DEAP data set. The experimental results show that
squeeze-and-excitation networks can adaptively correct the attention of features and optimize the weight of each feature
based on the time-domain saliency information and electrode spatial position information in the EEG signal.
Meanwhile, the squeeze-and-excitation networks can also strengthen important features and improve the recognition
accuracy by using the complementary information of different features. In addition, the squeeze operation of the
squeeze-and-excitation networks can obtain the global information of the input data and have faster convergence speed.
Keywords: emotion recognition; multi-channel EEG; squeeze-and-excitation networks; three-dimensional feature
matrix; attention
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A B R 3 x 3, HAE S S 2 i R — 5L

fS MR A0 AN DY 43 R 4 BE B A B AR 1E T
ZE G RN 45 G0 3R 5 BT AE R B o) 2R AT 55
1, SENet 4 [ 1 i 28 B =1 4 0.905 2. 78 24 43 K AE:
%51, SENet 4 (1 #ER 2 Bt =1 4 0.897 2. 7E DY 43 K AF- 55
1, SENet 6 1R 1] 15 i 26 &% =1 4 0.880 6. SENet 5 7£
3AME BOR BT 45 | I B % T SENet 4 5 SENet 6,
AT i B 21 184 o ) 286 2 B2 A e 4 v ) 4 Wk g, T
Sy R 2 LA, 5 CNN M L, ZE M e 45 7 13
A~ SENet (IR HETf 26342 1y 1 29 4.39 %, £ 28040
HEPE PSR T 205.55 %, 75 DU 4r AT 55 A, BiAb
WA 4% 1) 2 2 5 A W 55, SENet 0 18 51 v s SR AR 4 T
CNN VR 5 T 12.64 %. 5t Eh g SRR B, f o
JE i B AN A AR 2 A6 R R A (] 199 2% 45 14 7] SENet AH
BT 6 N 45 A 1) CNN 3 B R 47 1 4 2 M B, R 1
T SENet 15 84 28 #4 76 it HL 1% BR AT 55 b B R 4F
{10 368 FH 2.

5 SENet5CNN7E3IMERE ERIIRFIEE L

SENet CNN

SENet4 SENet5 SENet6 CNN4 CNN5 CNN6
N Ji 0.9052 0.8787 0.8947 0.8537 0.8366 0.8566
M 0.8972 0.8715 0.8956 0.8278 0.8201 0.8498
9532 0.8795 0.8371 0.8806 0.7339 0.7060 0.7781

3.4 SENetBIZ=F/ESREEN D
AT B6AIE SE block 7F 2% =) 4 JR 5 BB %0, 13
7 BTS2 HE AT 50 IE, A SENet fr) 2% >J Rk 5
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AT T RAL 2> #r. 5B, #93E 2R 1 SENet 1 B, Jf 73
TN 8K 2 T A e TR AT R 4 P2 b I R IR AR R S 4
SRIG, ¥ — ME AN T 9x9x6 ) = 4 7k =i N\ ik
SENet 1, F2HUES 11> SEHLH Fi (0% HH, W1R 6 Fros.
Fo6 —HKEMNEHMETEER
S
T K% REE B1ERM B2ERE B

1B R PE

e i 099 029 0.50 0.42 0.50 0.66
g 100 0.12  0.12 0.88 0.74 0.56

¥ =ik mA N2 SEH. 1, T &R
Bz 5, B AR N YE R 1< 1x6 B 5K &5 2R )5,
T 84 5l B4 th i N % RELU A Sigmoid 05 8 %
BRNL 6L R, AR 3.1 TR 3.3 1 (fse ik
PERFAE I E T = RPN B 1 2, BRI A
[:,:,0], BRI E N 45 19X 9% 6 i = 4E5k &, Hi
H Ix1x6 TR E M 1 AME 5 P I ERFAE X R 2
1M1 2 W, 7E e BE 4 5 F P39 (EREAR B 1 54k, 7 22
REAEAR LT AR B T 9540 7E R0 45 % b
sEtnitk.

9 FITEE] 10 J9 7 M FEE AN SN 4 B2 b BN REAIE 1
YRR, 9 A 10 7] WL, %F F 3 6 1 SE He i
A R, FE VR HE R 2 50 1, T 5540 R AR AE, 1R 31
T IR, 1 2 B T L RE Rl e — L5t T 45 e 14T
25 AR HE B RRAE, 38 I X Fh B R JTALH, 9 2% m A
28 4 R 45 B Ak £ 5im 1R 45 B PR RRAE I 3]

ANKA HHHEE, H SENet G815 $2 B EIAS [ 4 4E 1] 1)
HAMES B DS mPERE.
3.5 EHIAFERRE

9 1 3R W I SRR AE O 3, AR 46 i FLAE 5
SR RFAE HEAT 40 28, IX S ATURSAIE /2 M 32 i 1
TG FELAT 5 5 AN A T O T 20 % R RRAE, 546
i B A4S 5 L2 3 4 ~ 45 Hz [ 45 30 I8 U kb B [R5
AN 73 5 ¥ € 94 ~ 8 Hz (theta). 8 ~ 12 Hz (alpha).
12 ~ 30 Hz (beta)+ 30 ~ 45 Hz (gamma) F1 0 ~ 45 Hz. {
FAARUSARFAE CE MR . R0 A DY 43 S 155 e 4 P2 b 1) 1R
TS RANER T ~ R 9 PR,

7 SENet1,CNN 11 B BHS S 4FE AR B 45 R

45 ARk
15 Y
SENet 1 SENet 1 CNN 1
N g 0.9056 0.7077 0.6264
M 0.9039 0.6933 0.6293
g4y 0.8862 0.4889 0.4130

%<8 SENet2, CNN 2 F g Fnsiisi s e fiR Bl 25 5

o [l CNN SENet
ol S
OF an A NY oS
L, L0 20 S AW X0 P
A S L8 o o oL
&= 0.8t QX O QQ
& 0.6f
0.4+

‘ 3 A
5 R S
SENet2 SENet2 CNN2
e gt 0.8993 0.6756 0.6195
Pgi 0.8867 0.6546 0.6385
g4y 0.8404 0.4656 0.4415
%9 SENet3.CNN 3§ FBHE ST EH) IR B 45 R

i 3 A
SENet 3 SENet 3 CNN3
N iR 0.9049 0.6417 0.6204
PG 0.8904 0.6517 0.6374
9432 0.8510 0.5023 0.4494

2 ERE
R

o
ok
B W
&

9 [AEELEFE b SENet F1 CNN 78 & 454F _E B0/

.o~ Il CNN SENet
ND mhH A
N S SN NS
10 o W ooy S R e
L O LYo o O
&= 0.8} QY OO QO
& 0.6
0.4}

B2 ERE
TR A

1
Ik
B oW
®

E 10 T 4EE L SENet F1CNN 7 B 4HF_ AR ER

KT~ 329 IR 25 BT A MR I H A B 3
FRE IR, Gy G M1 Gy = 2 W 4% 1 SENet 7£ I} 15
REAE b 1 IR0)RE B v T AR AE, BLAE AOREAE |
SENet 1 LA SR T X8 B 25 44 F' CNIN.

SENet 7 i 3 AT RRAE _F (1938 51 285 R 98AIE T
s SRR AUE 7 1) 8 0 FELAS 5 R A7 SRR A DGR A 7 THT R
B[R] I E B RAE B, SENet # SR e 17 45 H S
TR IR ARG FE b = T AH XS B[ CNN.

3.6 SENet SHEMMFIER HITIIEL

H BT B2t J7 V21 0 R A BB TR 7 R IR R
PERE S B I — e B 7L EAT T bR X T BT A R B
(FIHF 52, H 4 48 (DEAP) 518 BOR &S AR 10 77 & A2 AH [H)
(7. 2 10 VI B 1 % ELAFF 7T rp 4 AR A0 0 432
2. DL IS B kA7 b, DR 2 B FH 1.
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®10 PFHRHFESHMAIENL
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Wi g iy UFIES
Shahnaz 218! BN REL, SRR AL 0.665 1 0.6471 -
Zubair 2519 GUTTHRFAE AN T /N AR W B R, S RE 1) S AL - — 0.4970
Wichakam 220! ThEa il i S HE A AL 0.6500 0.6490 -
Kolestra (1! THERTERFIE, Fh 3R DUM-H7 40 2 2% 0.6200 0.5760 —
Bahari 251211 ARt 2 71 e, KA 0.6456 0.5805 —
Mohammadi %522 AN AR M, B ITAR 0.8405 0.8675 —
Hatamikia 252 SRR 43 T 4R, 1 A S X 4% 0.7125 0.6892 0.5515
Xu %524 IhEREHEIE, DBN 0.698 8 0.668 8 -
Chen %% ThaRilkas B, X GRUA 1 A7 ML 0.6650 0.6790 -
Kwon 452¢] JIBG FEL 19 70 25 J5 e LR Tk P P S R 3 0 %8, CNIN 0.7656 0.804 6 0.7343
Mei 251271 F IR AR S R e, CNN 0.8670 0.8580 0.7310
Xing &2 ThEita i, HE S A s 3% +LSTM 0.8110 0.7438 -

AL 10 R0 BUBE T, £ DEAP #id 4k 4Gk
T &Iy FEAIN W 25 158 SENet 7518 FH ) 5k
FRAEREAT 20 2505, 5 H A — L8 757 v 4 P 78 TR R
[ ESRTHVR 2. i T I SO AR A AT ARR A 255 10
I3 KA R HE B — B 7848 AR R I R IR
22 0 L g SRR B, BT B HA 5 VA 22l T i FL 1 SRR
SR F5
4 & ®

ASCIR T —Fh I T = 4R 2 7% A b S 80U
P22 X 2% 1) 22 308 T fii FL 155 SRRl 7 9. P i L DX %
FH T N LR AR AR g v i A A i P 3 2 (1 M — 13
2, FLI 26 58 4% o AS [R) R AIE 1047 SR o, JE e X AL
], I 26 W 2 S A A 4 R 45 B DA R 1 b 5 R 45 BV 1
FHIE, FFE A0 A KA Y BRFE.

S 25 B3 W, AR i HCE R IR SR AR AL 1 =
YR AE FE P 3R 7 22 38 TE I PR 5 1 IR R SGHRFALE,
Tt 4 220 10X 265 RE % 78 40 1) FH X SRR AIE AT 17 86 R
Sl e A, P 7V I 1 R i e S A ) —
BeITVEREAT 1A, SRR 1 HAER M, SR IE T 1B K
WU T AT AT PR 0, BT H X 28 B8 X AN )
REAAE ) PR AH B AR M i3 AT R A5E DUSE e A 26
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