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Emotion recognition research based on the full-view feature
representation and ELM-Adaboost

Pan Lizheng' , Wang Shunchao',Ding Yi',Song Aiguo’,Zeng Hong’

(1. School of Mechanical Engineering and Rail Transit, Changzhou University ,Changzhou 213164, China;
2. School of Instrument Science and Engineering , Southeast University , Nanjing 210096, China)

Abstract: Emotion plays an indispensable role in human behavior and cognition. It is of great practical significance to carry out research
on emotion recognition. To improve the accuracy of cross-subject identification of four kinds of emotional states, the feature
representation method based on the full-view and ELM-Adaboost method is proposed. Firstly, a data processing strategy based on the
fused information is proposed. The sample data consisted of multiple types of physiological signals are cross-fused to help extract sample
features from the perspective of full view. Secondly, the feature selection method with the maximum correlation and the minimum
redundancy is used to select the fused features to achieve effective emotional state representation. Finally, the strong classifier
constructed by the ELM-Adaboost method is employed to realize emotion recognition. Experimental results from multi-perspective
evaluate the effectiveness of the proposed method. The identification accuracy of cross-subject with four types of emotional states reaches
83.06%.

Keywords : emotion recognition; feature selection; extreme learning machine; classifier reinforcement

F5IE T22F T Z MGG, BT Uk B 2 4 16 e
R BEY7 AR ol L AR
FUAT, WP C ol i 2 B R AR TT I 11 45 B Y

0 35l

T

LA AL TP I A A0, CEaRTE S
BEAENZERIAT RN, 52 AT L S S A
SRR a8 S iy BRI v e i 5 1S, A mT LA Pl TR A AEE LT
12 A S aE AT A o IR 048 A RIS R

S H 9. 2022-01-20 Received Date; 2022-01-20

MR, FHMER SRR, ® LA iEE B
P IR FENE S, Kacem 250 H T —Fl 3 T 25 LA
FAEFHE T T2 05 25 RS HER 7 % 38 1 X AR ER AL
B BI F1 2453 W R S B 28 RS U] Su 25 I i

* FEATH  E R ARFLER4 (61773078, 62173089) YLAE W5t AR5 BR AT TRI (KYCX20_2533) 3 H ¥ Bh



5511 40

WEALIE 25 ST 2 MIEURIE AL 5 ELM-Adaboost 77 5 1% 28 PR BT 5T 163

FAEFN TR RV RFHAE , 38 40 RS & 1 L-skip f@il-& L
PR ICAZ D 255k KR 6 B BARN 4R AS 3045 T
76. 9% [ I FEMERR S . SR, 19 46 1E S — B INTE I IR AT
— BB S A E LLTE R 5698, PR FH AN TE 5 5
PRIEATIE RS HERAF A — 8 v, AR, R INTERY
{55 U8, i HIAE BRAE 5 T A 45 IR S HE L RE % i B R 4
HIRCR, S S — HREARZFE RN E R Z —,
Gannouni %5 i H T LT 2R 18] 5 119 28 ok 3 AR G
AR U Y 5 12, S S T Pl 3 B (9 17 26 1551 . Huang
SELOLSR I T TR 2 U A R R 2 A B 22
ZEARRY ZAGA AT DA R~ 2] SR e A2 BR A [
NGB BURAT 3 A B 2 P26 2 1 = A\ St
H DRI 28 A5 | 5T S RS 114 512 6 45 SR A 25040 R e i
19 0 ZAE A HEER R I35 0 94. 38% A1 94. 72% . fili
HUE S S 20 52 T 58 IO (o 55 [ R i) 24 B Tk
RIS TEN R o Bl , — 2827 38 PRAR T H A A Bl 2F 3
FEMR B RE, S TR R, Ganapathy
ST FH B IR LT B S 5 28 U A R 28 ) 445 ok S B
M e BER ZS BYR H). Santamaria-Granados 251 3% F
TR BE A5 B 22 I 4 45 50 PRI EE i DA 8 RS540 1 B 3
AT IR , B UERG R 50 31 76% M1 75% . A ELIKHL,
FCABS 4 A BE 5 52 T BE IR, SR AR N 2 Bl 35 (i
FE PR W A AT B0 2R 345 5 T 3R AEAE 45 | IR A
B RA R

B A PR 2 B B TAEZ —, A4S W 4L
PaREng FEA RSy FRAESR IS . FEAR A K2R PE 4
5 AERAEA R 3 1 O 2O 15 28 B A — S 152
FROEVE REAS Y — Mg 1, R H S My R B, — A
AR R IERAEX TR R 1547 % ) SR ORI
FETHEAT LG RRCR . SEPRI T R AR A5 SRR
BAREL HARZRM: X TS0 5 2 T A E S, &
YRR — AR R PE S X ) 4 T FE 70 M R AERE AR 2, DAL Tl
BANIFIZE B AN [R) 4 B R BA BB Y 1 4 R AE AL
T RIE A Rl A IO S8 T Y A 2 S EURE
YEJZ R T, DT A5 T B A 0, A Y 5 44 i ) &
b, RERAG ARG 45 FHRROR  FREIE PR AN ] 5
BRI — IR, HATC A R R R 5 2w v H]
TR AE PP AL b ) 40 R B T K 5G| Fisher BH B
ReliefF \FCBF %, X277k oA it Hol H] T 0 i et e
fiE A 0 225 RARAE 5 H ARSI B AR OGP I 240 1 4R AE
R TCARYE . R SR FHA R AR IE BE 8 7 35k OBt
WREE 2% SERPAE 5 20 A G [ 8, S8 25 SRR IR 2Z () TT A%
[P/, A2 R 1 Bl R AR () AS 0 Y MR | A 7Y
SR,

BRI RN S — D B X EEW Y, H
I, B IZ I 43 2 A DA SR ) i AL BEAL AR

R A2 TREE 2% ) 4 el il — s A 1Y 4y
K —HRERZFHIERW B, ARN¥EE) T
By R BT R S B S, SR T — A R Y
I RARTE R ZRM I MG N N & A A BRAY
PRI, A7 018 2 2 DU AN ) £ P 0% 20 288 4% R A Rl 2 1T
RAEAS HTERE R, e AT IIWE I b, K A BAR 42
— ol Al M R R N AT BA M B kT T
P e A A RS HER A PR AR . Chen 51
— R TR B 1Y 2 03 e AR Rl G 5 v, Al LARL & &
A~ LIBSVM 43457553 2 th 3 B A 45 5L | LA Sz i il 5
AR AR LIBSVM 7326 8 B9 3 200 AT o5 B TR
RO A NI SR AR R AR LU BRI AT Y — Rl Ak
Jrik, HIE R TR 24~ 59 3 4 I i & o M Re .
Li 4500 — Fh 3 F S #5 i) & L (support vector
machine, SVM ) B H i& I # 5% ( adaptive boosting,
Adaboost) F3% i i3 B A SVM IR T B8 ¢ 4 3 A [H]
Yo 2 s DA 20 A s g3 S . A TR Y U7 5 9 Wan
SEUCUR A TR v R R P AR A R L A
JE A N 3 iR B RIS T A2 (AR 3
ZWR . A0, T AR B A RO AR AN e an el £ 1] 2
FEAS Y 3415 50 26 S A AR AR A5 2R A9 [R) R

25 B A BEXE E EE 25 BRI SR A SR ]
HMEIY AR B 5 T R ik T 2 MEURRAIE R AE 5 ELM-
Adaboost BIFZEHER LIS, R I TRl & 15 B A5
P Ak PRSREMS  (EREAAL S AO(E B A B THRIBCE A
EE R RIE . Oy S AR A T A IR S SRAE B H
I KA SR/ INTUAR B YRR e 15 5 VR X Rl 5 A AP AE
PEATHERE . SR A 38 4 0 S A VA T B N 2
BRI B 73 ARG R — AR o 2R LA 5
A 28 BRI MERE ; IRl G 22 49 20 S 4R 38 o B )
S PY AT A RS R FER

1 BEPWRTGZE

L1 BETEER

Pt E A PERRE R ARSI T R T
I 4 E 2R 4iE & ELM-Adaboost BY 1% 2 #F 1R 7 2, N
B1 TR, B SE A X 2 B AR BLE S SR 4 W BURR AR
FAET5 ¥ I Rl 00 R8s A 385 X 5 A E A7 28 X
Filt-5 %l o AVRRAE SR MR, B S W ] mRMR e KA 26 -H
INTCARIT BT R AR AL AL . B J5 R ELM A
HEESY HE 4%, Adaboost FEIE AR N WAL T Bof i ELM-
Adaboost 3 "4 S AR AR Y5 of # 2L RN SE I 228
(EEZ3 30



164 & L £ ¥ W

A ——— ~

\
s | | e
PET  m wa ||
|
T AV .. =S 2
HORALT W

BT ATk R R IR

Fig. 1 Schematic diagram of overall method principle
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Fig. 3 Data processing strategy based on fused information
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Fig. 6 The assessment of emotion
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Fig.7 Comparison of the routine method and data processing

strategy based on fused information
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4500 Ak SR W T A BB T D Rl ) R R AT 25K 4
I, DT 50315 2 R v
2.4 ZWIXZTIEHIRFSH

AR SO 32 N A URBE TR AT DU 43 28 ) 22 Bl A8 X
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Fig. 8 Roughly selecting the feature dimension with mRMR
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Fig. 9 Selecting the optimal feature dimension with mRMR
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different number of weak classifiers and ELM
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(precision) , Re 2e7~ A A2 (recall ) ,
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Table 2 Comparison of overall identification performances
between ELM and ELM-Adaboost

. ELM ELM-Adabost
251

Ace Pe Re F1 Acc Pe Re F1

1& 0.83 0.79 0.73 0.76 0.91 0.92 0.83 0.87

1& 0.81 0.76 0.71 0.73 0.91 0.91 0.84 0.87

1& 0.80 0.77 0.72 0.74 0.91 0.91 0.84 0.87

2&3 0.87 0.82 0.82 0.82 0.93 1.00 0.93 0.97

2& 4 0.85 0.8 0.8 0.86 0.94 0.95 0.94 0.94

3&4 0.85 0.8 0.86 0.86 0.94 1.00 0.94 0.97
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Table 3 Comparison of the identification accuracy
with different methods

HER R/ %
ELM mRMR + ELM

Bk

mRMR + ELM-Adaboost

s01-s32  72.96+1. 04 74.81x0. 17 83.06+1.25

2.5 g
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Table 4 Comparison between the proposed method and other works

W5 ik 7% GEET VRS W/ %
k[ 22](2019) 32 EDA 4 (HAHV, LAHV, LALV, HALV) CNN 85" /82
SCHik[ 23] (2020) 16 EEG, GSR, RB, EOG 4 (HAHV, LAHV, LALV, HALV) ECNN 82.92"
SCHk[24](2019) 32 EEG 4 (HAHV, LAHV, LALV,HALV) GELM 69. 67
SCHk[25] (2020) 32 EEG 4 (HAHV, LAHV, LALV, HALV) DFC-DNN-SVM 81.3
k[ 26] (2020) 32 EEG 4 (HAHV, LAHV, LALV, HALV) HOS-LSTM-Softmax 82.01

BVP, vEOG,RSP,
zEMG,GSR, hEOG

EN'S 32

4 (HAHV, LAHV, LALV, HALV)

mRMR-ELM-Adaboost 83. 06

TE A SR BRI EEAT AR, RGBS, BA = ni , BIRE 20k SN A,

TEASCHEFE R, I 6 Ff A= B 5 1 T 4RSSt
W, IR HER R 4R T T A AR R

fIE5 ELM-Adaboost [41% &5 BF iR ik, is H T #E i il &
F R EE AL FRSREE | T REA R A SRS TR ] S A
HYAE IS 5, BEOE I\ A WUl A B BT A R R AR
SR T B KAR S Fe /N TUAR B8 R AR e 1 DA 12 %
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