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LDM-EEG: A Lightweight EEG Emotion Recognition Method Based on Dual-stream Structure
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Abstract EEG emotion recognition is a multi-channel time-series signal classification problem with high complexity,high infor-
mation density and massive data. In order to achieve optimal accuracy and performance of EEG emotion recognition with fewer
computational parameters while maintaining the existing classification accuracy, this paper proposes a lightweight network (LDM-
EEG) based on dual-stream structural scaling and multiple attention mechanisms. The network takes the time-space and frequen-
cy-space maps constructed based on the differential entropy features of EEG signals as the input, processes the two features sepa-
rately using a symmetric dual-stream structure,achieves lightweighting through a novel parameter-saving residual module and a
network scaling mechanism, and enhances the model feature aggregation capability using a novel channel-time/frequency-space
multiple attention mechanism and a post-attention mechanism. Experimental results show that the accuracy of the model is
95.18% with significantly reduced number of parameters, which achieves the optimal result in the domain. Further, about 98 %
reduction in the number of parameters has been achieved with slightly lower accuracy than the existing models.

Keywords EEG emotion recognition, Time-frequency dual streaming,Multiple attention, Lightweight, Structural scaling, Compu-

tational affection
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BT WA YES R Z 4519 Mobile Block #% 8t , Staged
Stage5 43l & 3D & BURF- #5th fL BB
Mobile Block Mk & i 8% 25 45 #4972 70 R H T H:1E 1015 &
[i) s A 2 RS A Al 2 IO 6% i LA 91 e g ) AT R R AR J A
H (10 FI7R,
yvi=h(x)+F(x, W)
{IHI o
Hor o Flle o 256 L AR 22 BRI AT 5k (o) 2 AH S
BB F R 25 KB, RoR = B BR 255 /& ReLU #TE
PRAL.

(10>

R GRS B N IR A 1

Table 1 Internal structure of residual learning module
Stage Layer Operation Resolution Channels
1 — Conv3D 5X32X32 4
1 BatchNorm Rel.u 5X16X16 4
2 Conv3D 5X16X16 32
2 3 BatchNorm ReLu 5X16X16 32
4 DW Conv3D 5X16X16 32
5 Conv3D 5X16X16 4
1 BatchNorm ReLu 5X16X16 8
2 Conv3D 5X16X16 64
3 3 BatchNorm ReLu 5X16X16 64
4 DW Conv3D 5X16X16 64
5 Conv3D 5X16X16 8
4 - Conv3D 5X16X16 8
5 — AvgPooling 5X8X8

it 1 85 22 S5 K4 P9 L 15 45 MobileNet™™) (i EAR , fifi FH ¥
A EERAEEEN 3D & /\’Eﬁliﬂﬁ%ﬁééxﬁ%ﬂ’ﬂﬁu
TR AR L, 3D B — WA 3 B SE By
2. 43 2% 58 3D % B Pseudo 3D R 3D IR BE W 43 B
(3D Depthwise Convolution)™* , Pseudo 3D %5 FH 3 A L 48
BRI — KA R 1X3X3 1y 2D 25 [a] & FUR B KN A
3XAXTHY 1D I 3 AR AU AR /N3 X 3 X 3 1Y 3D
% LA 8 s o T TR AT 23 A BUR R U 8 19 3D &

4y R %GR I8 5 TR (Depthw1se Convolution) fll & 5 % 1
(Pointwise Convolution) . HEHEBENERE —TWA
J‘EL%?E@)%*’I‘%*R&%HH?%E B i R T
B, AEEBREZR RN N 1><1,11Hl§l 9 FiR .

#l 8 Pseudo 3D £

Fig. 8 Pseudo 3D convolution

Channel ¢

El9 3DREMHEER

Fig. 9 3D depthwise convolution

ISR M BT S BN = F RN KRR
Hil 3D B > Pseudo 3D B > 3D WE R BB, Hi
X FIARN Lok 1Y 3D i AR R IS TR KN A
k1 3D BT ALHL . 58 3D BN S H N Peon =k X
EXEXcy X ey X Ip X wr X hp; Peseudo 3D B S & N
Prspeony =k X kX ¢y Xy Xl Xwp Xhp+kX e, X, Xlp Xwp X
he s 3D TREE R 3 BB TR S Bt M Poweon =k X kX kX ¢, X
e Xwp X hp + ¢, Xoeo X lp Xowp X hpo B A8 B E B0
XD Fizs:

Poweonw 1 1

73
Peon .k

ke, _k
Pripcone  k° Xtk X, e

Horv, o R A A B 010 38 08 250, o, J2 B0 A 35 R Y 0E 1 R
lrswr she 5 AR EABE F K5 5. BT R AR R
RPEAET 1A LA R BRIET 70 8 45 AU AR/ T35 3 4 7
S HChE . — R UL, BB /N & L/ T i 368 18 %5, B
DA BE AT 43 15 45 BUH Z: 800k /N T Pseudo 3D %5 B 2 i .
KT IX 3 F A BT AN A9 2 i FE, LR 20 20K BE B K 7R
TH i 5 36 0 20 R AT R 3E

BEAh L 25 18 BB EE AT 53 8 25 BB BRI Y 45 A 141 40 ik A
A EHCE VI SE O T AR R B B R TR LR

a1y

PDWConv _
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18] %% 2% (Inverted Residual )EI/J%W%B”:
i A5 i AGH JE YT R BN EOR Y 8 A5, & it 3 X3 B,
Rl 1X 1 BBV GE é?ﬁll_ﬁéﬁl . I 1Y B 22 45 AL 5E
TERY AR TS 4y 4R N EB’J%%%TI‘%@%JHT@FH%FT
NEERRXRBRRRZERNBEL T, TASHELAK MR
SRR —HH HE B, M, Mobile Block J&5 % #: 45 — 2
BB RMAL)Z T # — 2 REGRIERE L .
3.5 BN

Sy TG b B 2 50 R R SR 0 7 7 L A %5 Efficient-
Net™57 () AR, 22 3 X 0 ¢ 1) — #8 S 803k 47 45 i . Efficient-
Net & 19 45 i 2 800 fi A& F 19 43 B8 % (Resolution) | ¥ 4%
Y 58 B (Width) L R 2% B9 IR BE (Hight) 23X BB 56 B 48 19 J& 8 18
BB, TR B R Y IO 4% F B B I M S B, T R A
) 2D I =B B 43 PR R, BT DL FR AT AT LA B R T B IR

EUS‘E/’F'JFH I1X1 #HM

BEIX P2 BdE A7 BR 50 1 AN 1 00 K 72 1 Rl 52 56 98 o) E 47
L1pu

3.6 HERAGME

IOH) 2% {14 BT 25 440 43 ) 5 BB T G P 19 Bsf - 25 AR AT M- 4% Ry
E, R T AR v 0 43 2R B L TR AT TH T LA A — R AT 4
FBAE . FEIEATRRAE Rl A 200, F OSSR XA A B R AE
PEAT F 3E 7 o b 31 L (645 3D HRAE B i RN 1 X1 X
1, SRJG EE T 4 B b F T SRR Y -2 AR - 25 R AE ik
AT DR TR A G388 P HEAT AL B . F T A 9 R AT 4
KA R e R . A FRATTHE P 2 4 i
FEHE AT — A dropout #AE, AT B 1k 816 R K
A RIS FRATTR A cross entropy 1E 4t 2% bR HCK & 1k
T 3 A5 R LS Ay A Z I 25 5, in i (12) BioR .

M
Loss=— 2 p.log(q.) 12)
=1

o, Loss FR 45 . M RIR N BEL p FOR KT A3 g R
N R ORI RIIE i

4 I

4.1 HiE&%
£ SEED B 420 [ b AT 5246, o 96 F BT £ 7 i
Bt . SEED B4 f 3 Al ek, 43 50 2 AU L b b AN 9
Moo XEEAEIRRE 15 A& 3 Fhoud i 1% 25 A4 WA BT 4 ok i &
FE A A B O I K B AN 2 5 iR E 57 1Y 4 min, [F]
A A 050 B A} 2 5 ) L R — R Y E AR 4
EVCAESR RS P A 15 A2 5. 54 iRt E 3
S BRI T E A 15 AN Y B, Bk B R
R BT A L FE4r R 4 BB B 5s I IRAE R,
4min PALSIRTE], 45 s (19 B R ITAG A 15 s A9 4R B R iR,
LA R A A S i 42 o . 7E 3 B ATAS L it ok
7RIV SE R 4 1 A AT R AN A 4 R L. X TR AR
B S LR R AE S AT B AT — AL, SC 5
tR T EBR 10-20 FR &8 62 3l 38 R A AN 1000 Hz 7Y i Hy
WAIC R F RS 5 . 78 SEED $¥s 48 v . 42 B A B 9L 45
B B R 4 B 1 O R 4 B R B ik B £ S, 3k 15 X
3X15 Bt Hrp 15.3,15 433l /s # X B H | 52 50 56 200 40 45
BB . TR TR AR 2 R R A R AE S b D R B
155 8 B R BEF) 200 Hz, IR 0~75 Hz A5 8 98 Ik 2% JE 17

k. BJE AR S 8R4 R 200 ms (9 HE AR, 8 i (il B ek
7 4 — Z G B AE X HER IR DE S50 L 7E A8 B I it A
4,2 XWHRE

AR S R 7 B 7E NVDIDA RTX 8000 %K F 52 Il 24
AL, Adam B4k 25 SR R 40 150 % B8 8, IR U2 121 A
WL T IR R AN R ) 0 R e T K AR T R
B 5X107, HArMAEYIZREE R 30,60 FI 90 Ab i & T 3%
WRECH 0.7 (2% 3 28, BN 45 3] — 5 IR L 2 3 Bl Ay
RIERE 0.7 5% . A HOR BRSBTS 86 A
FEAEAE BEHL X 43 R Y1 25 46 AR 46 AT L (B 2 6 4.
AR (9 15 B, — AN 58 25 2 ST LU Y Mobile Block % H LU
T I 4% v 55 — A~ R i R T AR R T LLR Y, I S
IR AL T IR B 2% I HE 4 Pytorch 58 . AL AT B he-
tps://github. com/ ECNU-Cross-Innovation-Lab/EEG-Emo-
tion,
4.3 HRFWEEE

ASCH BT 4 TAE A SEED U8R 48 1 #E 2021 48 19 B
TAESATHERE L . 25 B 7 43 45 : Suyken %5 7E 1999
AR Y IR /N T3 S R 1) A LA B SVME 5 Zheng 45 7E
2016 AP H 09 3 T B A0 i M A RE OC 3 M 1 22 38 3 il H
R B GSCCA™Y s Zheng %5 48 2015 45 BF 5% 56 H 451 B A0
i H AR E 5 S M4 DBNEY s Song & 78 2018 4F Xt £ 3 18 I
HL SO 3R AT 5 U 40 2 11 3h 75 T 36 AU 4% DGCNINTY ; Li 85 78
2018 A 41 B WL BRI UM B 4 N 45 BIDANNST  Li %
FE 2010 AR H Y DRI R 3 4 JR) 1 43 )2 4 FiE 24 3 25 B i 2
R R2G-STNNI, L T 2 > WA~ 2 3R 22 8] AR X6 ik o 22 5
I R BR 2% S 38 BIHDM™® ; Zhong 25 78 2019 4F 34k AN [
IS 1 B o = 0 - 1 7 T T S A 2
RGNN™; Jia %75 2020 4F 42 H A TR 2 R AW 3 4%
A 25 W 4% SST-EmotionNet™ 4

i T A SC Al % T e A B A SST-EmotionNet f) — 28 [
FEL X RTS8 SO E 3R 4L Tensorflow WA ALY B9 2 5% 5
X HAR R Pytorch AR HEAT T &2 3, VI 2535 4 1 AR AL 28 2%
3] 38 I A YR A A R AR ) S 6 18— B

5T TERTRL R Sy 2SR B AT T LA, Nk 2 Al
X A Mobile Block B9 %% H % & 2, Bl — /4~ 5% 22 2% S L
e 81 & i Mobile Block, 33 Fh 5 & & , B 5 B AY 23 26

%2 EHHIETE SEED Bii 4 b vk g AR

Table 2 Performance comparison of the latest models on SEED

dataset
A YD
Model ACC STD
SvMmLssl 83.99 9.72
GSCCAL 82.96 9.95
DBNL 86.08 8.34
DGCNNE6] 90. 40 8.49
BiDANNL5) 92. 38 7.04
BiHDME56] 93.12 6.06
R2G-STNNC22] 93. 38 5.96
RGNNL 94. 24 5.95
SST-EmotionNet * 8] 94.52 2.21
LDM-EEG(Ours) 95,18 2.13
AN, 23 X TR BE RN FE B AR B AT 4R . ¥ LAY Mobile
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Block #(H » % &R 1 Al 2,5 FL 0 4 3 18 &kﬁcmﬁjﬂ 2.4,
8,715 SST-EmotionNet A9 /i #fi 2K Fl 2 Fim 17 BC A& L3
Wk 3 g, R 0 E0E E anEl 10 fros

3 BIRLAE R R RSB0 T T AR A LR
Table 3 Joint comparison of models in terms of accuracy and

number of parameters

Model ACC/ % Param/M

SST-EmotionNet 8! 94.52 2.29
LDM-EEG(n=1,c=2) 90.97 0.01
LDM-EEG(n=1,c=41) 93.00 0.02
LDM-EEG(n=1,c=8) 94.12 0.05
LDM-EEG(n=2,c=2) 94.73 0.25
LDM-EEG (n=2,c=4) 95.18 0.90
LDM-EEG(n=2,c=8) 95.16 3.41

3 R ME 58 BE B AT 00T 0 2 (A o B
AR e T IRBE Dy 1 RO REAL N [ R R B A OO L v A R
K BB T8 A5G0 w00 G, xS BUGR AT L g R Sy A R ]
LA 3o 38 0 2 ik 1) O 2R 8 HORE RUORS JEE Y 4R T

LDM-EEG | 955
(1=2.c=4) . LDM-EEG
LDM-EEG 95 (n=2,c=8)
(n=2,c=2) 945
« LDM-EEG 94 SST-EmotionNet
n=1,c=8
N ( ' ess
o)
N e LDM-EEG 93
§ (n=1,c=4) 925
= 92
91.5
. LDM-EEG 91
(n=1,c=2) 90.5

=25 -2 -1.5 -1 -0.5 0 0.5 1
Total Params(log10)
10 A5 7R0 AE o i 25 R 2 000 O TRI A LU I T
Fig. 10  Scatter plot of model comparisons in terms of accuracy

and number of parameters

WEAE AT DL B R B I DL T R RN (n=D i
B8 0 R B TE BE X T4 TH R B BE 0 RCR B W, HL AR % OR AR
RSB0 /N, LI LDM-EEG (=1, ¢=8) £H 15 i i Z< Rl
T MRl 5% M 4 % SST-EmotionNet 15 F S5 # 4K
SST-EmotionNet # 1/50, 1R &F Hli 35 3| T 8 B 2 %5 &5t kS B
B8 IR R K (=2 B T . c=8 B Ay S H &t
c=4 BRI S R0 RN (AR DR B ) RSO R B A

FEWAL . B, XA EE S T AT SR K - 1) AT L 5 Y
o AV oA 0 23 F 8 JBUASE 7 1) 5% k5 0 280 AR 3 O A A 2l o 9
P37 55t 5 2) FE B Y 1K BI040 A A% 0, — BRI A AL 2 40 Ot
AR RAAE M R ERS L ESEHHR.

4.4 HEAXIE

T B ER R T A R BT T LR A R L KT
4.4.1 EFEHMA

LAY SR P 38 B - /-4 2 T R O HLR L AR Tia ST
AR b B /A B 7 ML N 2 S B O AL 2 AR B TR AL
B4 38 IF 36 HEL 5 R 6 AF 3 T VR R AL A A ok, SeEe a5 n
AP HP NCRERABEBEFZ S . CREFEEFE
J1. FTLUE B, 780/ 45-25 1 2 o HLw) i SEah b, ohn e i T
ALK R T — 2 MR- T S04 T B 1T YA R

R4 I ER AU AT AL O K4S
Table 4 Results of ablation experiments of channel attention

mechanism

CHLR7 . %)
Model ACC STD
LDM-EEG(NC) 95.03 2.22
LDM-EEG(C) 95. 18 2.13

e Hh  FRATEX G E B PLH AT T 8RE, EHARKE
G FERL b BB 7T AR 2R ST 4 A B B R A
ZEEEIPLEI Lk 5 iy AQIIDJRFD LU R
AIF 2 AP BeBir Bo A 2 5 S AL 10 S8 (n sk 5 iy
ACOID) T 8D X B TR HE R M S H0e BEAT T I8,
25 T LR, Y L BRET 2 A B R BR T S8
i E NN R R AR R T AR TR, — R T RE B4
BN (5 B AR B — 2 B R A I FT BT R AL A S o B
— SRR AN WY B TR 7 DA AR IR 2R 2 A AR 5 T Y AR
Baid—EmMREE . MG B 8 HUH SN & 5 4 3k
R B B DI, TR T 2R BCR

5 R TE R I ALE A S g A R

Table 5 Results of ablation experiments of post-attention
mechanism
Model ACC/ % Param/M
LDM-EEG(n=1,c=4,A=1111) 90. 09 0.16
LDM-EEG(n=1,c=4,A=0011) 93.00 0.02
LDM-EEG(n=2,c=4,A=1111) 93.90 1.04
LDM-EEG(n=2,c=4,A=0011) 95. 18 0.90

4.4.2 3D B EA
3D B i 3D B Pseudo 3D AR UL M IR BE 7] 4
B 3D BT, T E 3D B S EL TR, A
%}fi%fﬁ T {56 FH 458 M 5% 5 (1 Pseudo 3D B R L SR FE 7] 432 3D
B R AN AR SOR 02 DR T 43 18 3D AR, Jia 2R F A9 2 Pseu-
do 3D B, AT LA XA 3D BRI RS, 754X
PR REER=2,c=0 TRE T —HLREEFT BN
PERE , 3190 57 T %I 9 43 28 HE B R A S 400, a3k 6 gl .

F 6 3D B BUAAY MY I Ah O 48 25 R

Table 6 Results of ablation of 3D convolution types
Model ACC/ % Param/M
LDM-EEG(Pseudo) 94.76 2.10
LDM-EEG(DW) 95.18 0.90

5 el LA gE A BB R T S5
%E‘Jﬁz%‘f‘%ﬁ»lﬂﬁL&aﬂTﬁAﬂ‘ Ay JE U R RIS TE T
BT A R

BERIE AR SCHR I T — 3L TR G R 4 RN £ R R
JIRLTRN (55 1 SR AR A A D T T R B R Y A A, T
I3 F MobileNet™ ! 15 1 i) 44 v o B 451 BT 4244 L 4 32 1 bl
AR E R 438 3D BEE T EZMWAIEM, AR T T
RYIY 4 SR R L T ELBH SRR TR S . A SO HE AT

T—ZRFN S8, R E TR P i 2 S AL L
RAIHLHI L S R TT 4385 3D AR S G HR T 0 4 b

SR AR SCHLAFAE— B M R PR . A T S AR 28 2 45 it
TR AR ) P 5 o AT 7 R 0 9 B Tl AT TR B R
RIS HF TS 5% B0 546 3 5. BUFEARR M T/ES,
FATH A A 2 424 3% R W0 EfficientNet™ ] (i BAH , LU 4
H (AT 5 SR B 4 28K B 5 SRR AT, A TES B
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