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Emotion Recognition Based on Multimodal Physiological Data:
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Abstract Emotion recognition is an important research direction in the fields of artificial intelligence and
human-computer interaction. It has significant implications for enhancing user experience and the intelligence of
applications. Emotion recognition based on multimodal physiological data has become a research hotspot in recent
years due to the objectivity and diversity of its data sources, which enable more accurate capture of an individual's
emotional state. Firstly, the basic concepts of affective computing and emotion representation models are
introduced. Secondly, emotion recognition methods based on physiological data are summarized. Then, the focus
shifts to the process of emotion recognition based on multimodal physiological data, including physiological data
preprocessing, traditional machine learning methods, and deep learning methods. Finally, the main challenges faced
by emotion recognition based on multimodal physiological data are analyzed, and future prospects are discussed.
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FE 3 AR A B AR B . SUER [66] 1R H
—Fhih A Y AI 2 ZART BRI FEE Sy
AEFH T 1% AR

BrRUbZ 4h, i34 M 4% (Recurrent Neural
Network, RNN) 7 b % & 9 B T A48 245 5 20 19
FRAEFRE, IX 2[R~ RNN & —Ff K ab 27 510 4
P L, B RE IR FE 5 o A T K
MR R, HWAAE—LEn B, AR R, BIE,
ifi LSTM BRI fE R T RNN [{IX 26 ] . LSTM i
TEEINEINT TS BUST TR 1L, A SR
B AR A AAOUE ., DR A Ak 3 A 3 A AT 5%
PRI A, LSTM PRI 6 Fiaw o

WRETTHRE T BRI oikSH/ 20k
B HRITRE ¢y o2 sigmoid FREL, Wogsts 1)
BCEAFE, [hey,x )RR A & E S — A )
B, basist s T BT

ﬁ=0'(Wf'[hz—1,xt]+bf) )

BINTTRGE 1A 2 05 N A x DR A7 B TTR
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Ben WRENTIIBESER, b2 N R
B
ir =0 (W;-[h—1,x]+b;) (10)
2 Je AR 22 i N RN S T A BROECIR 25 ok 1 5 2
GIE TN ST e
C; = tanh (W, - [hy_1, %] + b.) (11)
GEAB ST IR N T TG R, S e e 25
BITIRES::
ci=fixe+i+C, (12)
A, «RRILTeER. Xk ST c MK
WiZe HER T —8, R T HBEITTRS .
PSRRI IR R, BN TS 280 NS
B E TR R BCAZ 6T 24 B R
0r=0 Wy, [hi—1,x:]+bo) (13)
T HY TR B e R & W T LSTM Y e &
K .
h, = 0, * tanh (C,) (14)
SCHR [69] 1 F LSTM M EEG 15 5 A 2 B 8
KEAE, FF I8 I 4 7 52 2 00X SRR E 4 28 AR/
FEMRER . AN ELT, %557 DEAP s 4E F
SEHERRRIE R T 85.65% 85.45% F11 87.99%

5%@0

RS RRRVA T

GD

LSERRLATIVN

®

FEIC 2

Kl 6 LSTM My

332 4Firaks

2 WS R G R DURRE Al 45 I 1) £ 58 5 20D 544
IR 2R IR R R DU S B R SR
JRRE

TSI HICHR 2 fil A2 AR AR TR ) LI BOR R B AS
AR B e AL B S 3EAT & 05, Ha IR R
HlEfm A\ B g8— BRR P IR S SRR, i 7

B

B 1

K7 RHms

HHORARHIE 2 Rl A 2 FH & B 28 X 28 B 2 1)
REAE B BBV R AN [RI RS B B0 3 AT T R R AR B2
B, ZJEWAFBRSIREHTRG, BB IRE A
BEAEE KRS S, WK 8 Fram. SCHR [70] 18
I CNN & HU LS S ERE R, ZEFA LSTM
PERUAM AR RS SR S S, B R A T
TERLS

K8 rhiipE

Ji B SR JE 2 S N RN RS 1B gk ST gk
ITREERFNA> M, AR B TN 25 R e sk, A5
PR IR LSy () PR R AT AL G, DS B4
W, W9 FrR. SCHR [71] 4 T —FR & %F
TESEEU 1, WAEFAS 5 R SRS T AH SRR RO RS
A G, 2 5 R BEM RS ik, e
B ST K.

Ko JaliRe

15 3 M2 SRR S, FIEE R A2
B R a6 R B BHGEAT RS, XA IR B RS
RO A S BT RHER G, RE Te 0 R AR
HHERERNEBEE, HEXM T AFERZIIRE
B ARSI A R AEAE B AR L R il
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