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W E. &5 R F) (Speech emotion recognition, SER) 2 i F HL 22 f# A K H B89 X2 &L, &AM
REMERARIN Sy, SHREBFRETEFRRAN RS AREFIBERRFGRINEERS,
RAAER G B RARR, Ak, R T — A aSBRRF A TEARG F LS R AR
(Image saliency gated recurrent acoustic wave equation emotion recognition, ISGR-AWEER ) £ & | 7 4
A AR ERRERF R T IR FRDEAM R THEBEZ AR, A TRIGES T &
FAEA BRI, G H R T —AF RS BR R BER BRI AP E R K6 AR, T AR AR
IR T & T BARA A R M T R R ABA R TR LS, BT LR, AREHES
7T, %) V& 4 #2 (Interactive emotional dyadic motion capture, IEMOCAP) 5 B & # 4o B 32 % ARt BB
FIEAE LIRIET S AT AR A 49 RO, B A S0y PR IRAY 2 W 2 ARk B BGR B AR R IRAT T 2500 M9 B,
It BB A AR A IHREA A A T

KRB FFHRRA B RF A VIR ok A2 RAR A AR R A oy A2 114
PR %A Bk & B4 R

hESES: TP183 MERARAEAD : A

An Acoustic Wave Equation Emotion Recognition Model Based on Image Saliency

JIA Ning, ZHENG Chunjun
(School of Software, Dalian Neusoft University of Information, Dalian 116023, China)

Abstract: Speech emotion recognition (SER) is the key point for computer to understand human emotion,
and it is also important in human-computer interaction. When the emotional speech signal transforms in the
different media, the recognition accuracy of traditional deep learning model is not high enough, and the
migration ability is not strong. Here, an acoustic wave equation emotion recognition model, i.e., image
saliency gated recurrent acoustic wave equation emotion recognition (ISGR-AWEER) model is designed.
The model is composed of image saliency extraction and gated recurrent model. The first part simulates the
attention mechanism, which is used to extract the salient regions in speech. An acoustic wave equation
emotion recognition model is designed. The model simulates the recurrent neural network, which can
effectively improve the accuracy of SER in cross-media, and can quickly realize the model migration in
cross'media. The effectiveness of the current model is verified by the experiments on the interactive
emotional dynamic motion capture emotional corpus and the self-built multirmedia emotional speech

corpus. Compared with recurrent neural network, the accuracy of emotion recognition is improved by

5 B #3:2021-05-24; 81T H#1:2021-09-11
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25%, and it has a strong ability of cross-media migration.
Key words: speech emotion recognition (SER); image saliency gated recurrent acoustic wave equation
emotion recognition (ISGR-AWEER); image saliency; acoustic wave equation; gated recurrent;

multi-media emotional speech corpus
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M\ 2020 4F 2 7 29 5 R 25 B R A BR, AT AT 28 iU 1 58 s HL At B B i e O I R R
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FE RN G R Y A 0 s 5 BRI R R AR R (Tmage saliency gated recurrent acoustic wave equation emo-
tion recognition, ISGR-AWEER) , & H 5tk 25 1 $& ORI T [T 4510 BF 1 75 P sh A0 M 1. A& I T
BEAPLE BT HLEL , 42 O & b i A R, 5 3 BT T — A 7 I S I RGO B R4 RNIN (9 i 72 L 1%
BEAUTT LU 85 $2 T 85 A B T SER AR B2, [ I ATER G A S BB A BT T RO RS AL #%

1 BEEKEZMEMIVZEINE R ERIRAN K

1.1 ISGR-AWEER #& 8 B {k 454y
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RECECHE 3 S TR R B 3 TR Sk AR K IR o 7 7 A% i A 5T AR AR A B B A A R T vk S R
BRMER o FEXT LR m) 8, AR SCE T T Rl A BRR E E ERN TAEAE IR0 R U B O R A TR AR A
o3 24 B B« 8 A0UAE 5 04 TEIAG S 3 M B IBORN B 1 TR A R 09 75 I B AL . ISGR-AWEER £58 2 % f&
5N IE 1 FTR .

A S SR O VR A R A GE i, IR BUBE #k fsm B . T
PTG R P U S A T — R 2 GRU (AR | AT DL 8 452 75 i 3h 1 24 0 H sl fbad Bl AT
THER 38 2k AR B (0 B ) B 2% SR 0 R B S 2 ] B DG R HE SR I AT 5 GRU M
ZRAPAE S i W) 22 Ak TR) B 7 B A 1 TR I TP LA B LIRS ROCR o T SCHE 3 B A X A B B
B

LT TR A b
Bl1 ISGR-AWEER # %I # {45 4
Fig.1 Model structure of ISGR-AWEER
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Fig.4 Structure of acoustic wave equation model
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2.1.2 IEMOCAP # % %
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FE S A R SO 2,75 [ A 2D KO 1.43,
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Table 1 Experimental results of speech emotion recognition in two emotional speech corpus

N

&

B Self-built corpus Self-built corpus IEMOCAP IEMOCAP
UA WA UA WA
Rk * * 0.54 *
R 1 * * 0.56 *
AL 2 0.50 0.49 0.53 0.52
A 3 0.65 0.66 0.59 0.58
P 4 0.70 0.69 0.63 0.62

HiT 5 0.76 0.75 0.68 0.69
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i 07 o 012 006 o008 | [MO7
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+0.4 0.4
Sad L0.3 Sad I 0.06 0.04 0.36 o
[0-2 0.2
Neutral | 0.05 0.06 0.19 Lol Neutral - 0.06 0.08 0.34 -
Angry  Happy Sad Neutral Angry  Happy Sad Neutral
5 A AR A S RV B K6 TEMOCAP 1% B R R 16 48 M
Fig.5 Emotion recognition confusion matrix based Fig.6 Emotion recognition confusion matrix based
on self-built corpus on IEMOCAP
XFH 2 i SE g g5 R T DAk B, S OH %2 747 SERMEEH UA X E
SER M AH L, 224 w455 78 (4 R0 18 e, T — Table 2 UA of popular SER
S R SER BEAL X BERT T AR SCB T YRR Y R IEMOCAP UA
GRS LT 61 0.620
N =3 [21]
2.3.2 BARAKMKEL L 0480
e N > s i TR g1 0.560
X A 9 SER B B0 38 65 10 1A e
5 75 9 0.594
G S I B TE S BT AL B AR R R A BT R R R A
K R 92 38 6 1 Y T A5 R TR AN ] A o B A 3L O 1004 ) 0,650

P, IS A 2290 15 D 3 1R EAT B0 IE , 7
ARG, DIBERL 2R I D ME R4 i A
HERHE LN — A 2R B4 . 40 BT HEE MASK (I 17128 A1 UMASK CR AR 15, 25 5O A v,
LT R B A O A 11 R {8 ] eGeMAPS ™ 3 J2 WU LSTM, 4> Jit B I 4 50 5 K 50 12K
i JH eGeMAPS™' 43 J2 W [ LSTM, i % MASK 4 i # % & UMASK 5 8 % 13y ffi J
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ISGR-AWEER, % /> /i J5t 8 it )1 25 455 580 5 48 %0 14 Ky ffi ] ISGR-AWEER, i #% MASK /) Jit # # %
UMASK 1,

T 3ING I TIIAUE G AL 2 A B EROE B R R T BRSO o i 3R 30T B 2 A I R
T EORL R SR IR AT A LSTM B R B, 4> A JoT 50 0 8 1145 70 LS B R R (9 B2 4R T 9.6 00 (R
PURM R AL o ) FH AR SO 0% A T8 ) 0 sk 25 ) Joi 1 5000) 1] 0, Bl 152 A8 78 55 3 A A 7R 4% JRAH O
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Table 3 Experimental results of speech emotion recognition in multi-media emotional speech corpus

- UMASK UMASK MASK MASK
UA WA UA WA
FET 2( 4L 0.50 0.49 0.50 0.49
FEARL 11 0.57 0.56 0.55 0.54
P12 0.52 0.51 0.55 0.54
T 13 0.77 0.76 0.75 0.76
R 14 0.76 0.75 0.76 0.75
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