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[ Abstract] In continuous dimensional emotion recognition, the part of highlighting emotional expression varies in each
modality ,and different modalities also have different influence on emotional states. To address the problem, by learning
modal features and fusing them in a reasonable way, this paper proposes a multimodal dimensional emotion recognition
model based on Hierarchical Attention Mechanism ( HAM ). Frequency attention mechanism is added to the audio
modality to learn the context information in frequency domain,and"the video features are fused with the audio features by
using the multimodal attention mechanism. Then the problem of missing modalities is relieved by using the improved loss
function to improve the robustness and emotion recognition performance. Experimental results on public datasets show
that compared with methods such as Convolutional Neural Network (CNN) and Long Short Term Memory ( LSTM )
networks, this method has improved the Congordance®Correlation Coefficient( CCC) index, and has higher recognition
efficiency. It is applicable to dimensional emotion fecognition of large volumes of data.

[ Key words] multimodality ; continuods. dimensional emotion recognition; attention mechanism; feature fusion; deep
learning

DOI:10. 19678/j. issn. 1000-3428,0054127

7l PICARD (452 M 405 15 S8 AE N 28 A0 B3 AT 30

0 ik
i S0 AU XA, T 1997

R KT R R — TR BB AT Bl T o i mmu,,\ammLLmﬁfr%
RN RIALE AT S0 R GBI AL Y 625 R R B0 09 ) A

WL VB E IR BEAT IR BE DT R L R A N6 —HE 5 AMLERSE, JfFﬁfr%iﬁL/EJﬁEmEéﬁﬂ’ﬁnﬁm
R R LA SR B AR I 55 o 56 IR R4 L W 17 SR B 7 SR B AN B 48 0 5 TR B 1

EEWE - HKARPEHEE(61672267,61672268) .
BN T 1994—) I BT, 07 8 S BB IEER D BR A, B m A8 B BE A .
W7 HH#9:2019-03-07  {&£[E HHY:2019-04-20  E-mail:2211608031@ stmail. ujs. edu. cn



66 D - N | A D -

202046 A 15 H

PR R 2 . A% G 0 B I B R RS TR I A
JEFP IS 1 JR BRI, A A 3 R A Ak B TR
T 252 A IR R AR 1) 2 R S N BT T BORAS, R
I P 2 B A7 I8 s () % 1 JBtR A AT A AR R X
vk R 25 (A vh % 2 ) BOE R R 1B IR S, &
AN RS XT N 22 4 25 8] v ) — A a5, B 4R R R
o7 P55 SRR P 0 B 2 i PR O A A R IR B B AR b i K
555 TR e Sy 9l R T DR 8 AR A 1) A R UK

AR —FhE YR 2= P # (Hierarchical Attention
Mechanism ,HAM ) 3272 2] 5 BB 2 Hh (4 3088455 S8, R A0
PN R DA S WA B L e i B
AR o A A3 g TR AE 27 2T TR )2 RO B L
il 2 2] WA A3, 38 A 03 0 R AL R R
() A0 3l %175 e 38 1 BT R O 34 5 o A7 R O 5
SRR RS R ) AR S 2B T B I HLEL, 43 B
TR S 25 X 15 JR TR ) BT R BT R AT RS, DL RaAD
AR B RIA AN G .

1 XTI

4k (arousal-valence ) i 2% 2% [8] 40 &1 W 7w, H
Bl valence X 3R 8% M BEA 3K 1f B BOERL 5 TH
W AR EE , DAl arousal R 2 M R | F 25 17 01 ¥ &
SRR Bl I 1 AR A A R TT LR OR
H0 S A2 2% 20 Tl ) A RO i AR A3 ik = A A
IFE/NE R T B R N W 5 ORI - MR
AT R RGBT MR A 5N, e ks
[ia] A1 Ay LA 15 B 25 FA0ED =F 5 1 R R e 7, IR
Sy E i 2 R R 3 R B 4 R A 1]

(TR )

B 1 =% arousal-valence [ER RS EA R

Fig.1 Schematic diagram of two-dimensional arousal-valence

emotional state space

RS 1) 3 0 A P SR B 7 1 R R T T
MRS S ARG 2 > Tk 2B AT 0 . SCRR[2 1R A
F LI R BN R AE L , 456 SR BSR4 268 U
IR 2 () Al T A8 M R 25 18] 23 26 T7 05 DA B 5 R ) SR A

7 ( Hidden Markov Models, HMM ) 52 3 4 & 1 J8% R
o SCHRT3 1R SZHFm s L (SVM) Bk A k-3 46
(KNN) 583 %5 b 2 B A B B0 o

BiE VR BE 22 ST ORI kR, B B M & W 4
(CNN) FlHK i B0 2 M 25 (LSTM ) 7E 4 B 1% B8 i
SERAR BN o SCHER [ 4 ] T T B RIR B A
T ARG A W 07 2, B SR A IR A Sy T R A
He PSS G, AT T e B 7R BE R AR B X6 1% 8% AT W) 2P
Pl 9K 5 78 L Rl B SR T OB a] 4 I I8 12 ) 4%
(BLSTM) 2 2] fif i) | F 3CAF B2, IR BIRCRIE T A& 48
Blas > 7r 2o SCHER LS |2k FH s (8] w4k 1% J7 20k 2
B SRR AR A =il AT RRIE 2 Al & JF ] LSTM i
AT AN B U o SCHR [ 6 ] 5% 5 40 R0 A0 A3 A 285 43 il
ffiF BLSTM 347 U, Fidz FH 26 1 3 45 ) & [mlyd
(SVR) XPRGIZE R EAT o sR 2 /il & o SCHR [ 7408 H
3D H ML W4 2 SRR AE R SUE B AR Bk
Jr AR IAS T B RO AR A7 A WA ) 4

1) R 2 BN DXk Y 8 17 a2k 138 43 I A
AR TR, G0 v 3k A G 0 AR RS 45 o1 Yl 1 U ) 3
SN S KR ( Sk & XA BRI 5 e
BRI A, 3 A I Sl = ) e R AU 1 %%
A A 25 5, [F) S Al i3 0 A 1 R A T 5 3
QS I R AE A EL AR I R AE T R
TR AR PR3N

2) A R BEAS XT T 1 IO 2 1Y 52 ) B BE 2 R [
B, d TE T TE IR DT 0 3 PR A b TG R AE T
FE AL YR AUAF BOR A

3) B 5 Y i SRS 1 v A i R R T A
FRAE AT TARAE DL R AE I 25 A SR A R i e A T
BT UA . R, o] R 1 0T 45 8L 09 O ik AT £
PR 3 252 2 R IR, R XS — ki

AR, R IR RLTE H AR R AR B AL
B BN SE AR B T . SCER[9 ] T
VE R ) B AL AR AR AR R R, S
BRO10 ] 82 3 T CRNN 5 33 &% J AL A0 45 & 0y 1
BB AL o SCER L 1T ] 48 R R 00w I I A2 I 4%
FIVE 27 15 R0 AH 45 G B B0 R 5 0 4 AT i R
A SRR B ARVA BT b2 — B R S AR A,
FEH M2 AR Z A B 2 45 10 0 2 FiAE 55 0 OC 6
SRR SN X = i VN SO e - D = W Al B R S <Y
JIRERY I ], R AE 27 2] 1) 30 AE T T 2R A B
QBRI T R L AR A R A Y
FER SR Y DX 3 b, 3K — 7 A5 R 65 AT 280 kb ik 2 A2
MO 2R S/ S8, Rk, 8 i R B8 g i 4% (CNN
LSTM 55 ) Xt 4 A ¥ 51 4 o ) 5 10 25 31, 9K 05 U1 25—
AR TR R Xof 3 2L g A\ HEAT IR PV 1Y 2 ) O HL AR B
b BRSPS 5 2 B T R, ML TR Z)E



5546 B 6 1Y)

VT s, BIAA, S G TR UCTE BT B A 4 R GR35 67

P 24 2 o B R SRR HEAT 22 RS Rl 1 O R v A
TR A R T8 TR 0 A TR S o T 5% ) 45 4 = 2 X
Fbs A7 A B R ik, JF A5 25 R AL i 2 F — )2 W
gt —ea o Al TR A R B R TR
2 BREBNNH4EEFRIRANTE

BT 2R T LG (HAM) B 22 835 4 JE 1%
SRS AL D 25 g 0 P 2 i 7R, 2 R S B O AR

e

B Ak 2

EIAL B

MERFWOBRES
A
L
;

PR 2SR 27 > RZ OTE T AL P A B B o AR Y
LRI B, 5 U005 i A 21 HAM BEHY v 27 ] 55 J%
SRR R VI 2 A A B0 A R D LR 2 )
0 EPRAR B, AR A R 22450 245 0 = AL DR
R A AR I o RS TR B, o A
Pt A BN R 585 1) HAM S48 O G 17 12 . 3%
FRAE , PR AT B 20 B o A e R 4R
BT IR UCTE B 7 L 4 S5 7 B A 2 ot A A i
IRJE PEAN IR A5 A B Be i 2 o i 7

i ;
VeV mememeV = LY

EZiEoD ]
L]

. BTERE S HLH]

B2 ETEREIFENNHNSESEEBRAANEREY

Fig.2 Structure of multimodality dimensional emotion recognition'model based on hierarchical attention mechanism
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