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Natural Speech Emotion Recognition by Integrating Data Balance and Attention Mechanism
Based on CNN+LSTM
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Abstract: In order to solve the problem of unbalanced sample distsibution-in a dataset in Speech Emotion Recognition
(SER), this study proposes a SER method combining a Convolutional Neural Network (CNN) and Long Short-Term
Memory (LSTM) units with data balance and an attention mechanism. This method first extracts the log-Mel spectrogram
from the samples in a speech emotion dataset and devides the sample distribution into segments according to sample
distribution for balance. Then, this method fine-tunes the pre-trained CNN model in the segmented Mel-spectrum dataset
to learn high-level speech segments. Next, given the differences in the emotion recognition of different segments in
speech, the learned segmented CNN features are input into the LSTM with an attention mechanism for learning
discriminative features, and speech emotions are classified with LSTM and Softmax layers. The experimental results in
the BAUM-1s and CHEAVD2.0 datasets show that the method proposed in this study has much better performance than
conventional methods.

Key words: Convolutional Neural Network (CNN); Long Short-Term Memory (LSTM) unit; attention mechanism;

speech emotion recognition

O FEETH : HEK B RRERES (61976149); WHTH HIRE 54 (LZ20F020002)
Foundation item: National Natural Science Foundation of China (61976149); Natural Science Foundation of Zhejiang Province (LZ20F020002)
AR ] : 2020-09-23; AU 8] : 2020-10-21; SR I [A]: 2020-10-28; csa 7E4E Hi AR ]: 2021-04-28

Research and Development fJf 73 & 269

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn/1003-3254/7917.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.007917
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2021 4F #5304 555

NEHEEAMEE T F 5K SCAE R, [
B AECEANBERENEHER, Wil F &
(S5 NI V1B 7R D6 3 R A I K R S i 0 W N RS
5 o E U UE RIS ROIRES, RIS B 1B 5 1
ARBITTH BIRT T, RO AT BE . B, 15
JRUE B AU b ) — A RS TR % T B AR L
THENUIE I 23 87 31l A 115 & A5 50 P 1S RS B
BEATSREL . VR R S, AT SE I 5 TS 1]
AS B INAIE 5 B AR, S RAE R B AWIACE,
TR R Ly s NS5 T T B A 5 A N AN (.

AT, 7E V55 175 KR B AT e, K () A A
F2 BB UL B AT R, R D X e R AL 17 R
B FER RSN BRGNS, HESHB L. TFK,
BEXTSRBRIEE T [ 5 ARTE T 15 B 7 T R A 2
WEFLE BRI, By e S Sif, T HL EE bR 1R Y
YU A 5 R A

VA RS, A AR i — A%
B IR, JE R A BT 35 155 o SR A 0 R L
NS RERIAE B ES 8. H i, KEE &R
T SCHRY O SR F T T B REAE T RO, 40
FERFAE (B, YROE . AT RREEIFTAD) . & BURFAE (3
PRUGE . A e B AT . WIS EL), AR (MR
Z 31 240 (Mel Frequency Cepstrum Coefficient,
MFCCQ)) &, J4Ek, il 7 — SRR a8 LT
AT T BTHRAIE B 75 2R (R4, 0 Interspeech-2010 %
fEE"Y, ComParE HFEAE!?, AVEC-2013 HFE4E! L)
Je GeMAPS FRIEAE!, R X T TR THRIES 4

CLBAG 7B fIE & U MR RE, HEATRIKE.

ORI, X T B ) ) 3B ANE 1, 5 NS BRA ()1 1K
FRESEAFIEE Ui L, o ¢

N TR PEX A ] 7, AR T I R R A ) 4
AU TTRESRAL T ARER A4k, — SRR MR 2 )
D7, IR S &M 4 (Deep Belief Network, DBN)!L,
LALLM 2% (Convolutional Neural Networks, CNN)!%
A SEHCAZ #7T (Long Short-Term Memory, LSTM)!'!
HO T E S G BRI, A R 2 ) vk, H
N — BN T LW I A 2R RS 2, B0 SRR G
FAE. i, SCHER [18] RHI DBN EARMSRHLU) MFCC
S5 P RS BUh BRI 2 R B PR AE, SR 16 H
e BR 2% 21 ¥l (Extreme Learning Machine, ELM) SZHL 1%
SR 0y FAT45. SCHR [19-22] BIFLE R E FH CNN A

270 W 7L JF K Research and Development

JER U I 5 AR P SR A £ R G B T B 1
AR B, SCHk [19] KRB E 3 i AR R 1 R
CNN G5 1977 3 N S0 F1 8 5 9508 o 2 S 1 S 5
T

(B ARG Hh R, SO [19-217 SR REABUR A 7
IR 10 5 R 5 B8R U 46 1 CL 09 B CNIN A
(1 82 2 ANBRUR). SAT, 16+ BN 4508, I Cl
SRUFIRIR S CNN R RS 41 AlexNet!'", 78 B br G B
S HEAT T R 2 51 A A LA L 72 ONIN LR 5 4 6 P
A6, R E R, A CNN BRI AL R 2 )2 0
B RURIIAL 5 (R 3R 4% 17 2 B AT . N T %
I3 RATVRIE ONNBEARLEIOE 5, FRAT2 Bl 19— A T4
SR 2 O R 13 B R T RGB IR
F) 30 A A B TR CNN BTN, 4R
JE¥4AE ImageNet BIEEHR £ CUIZREF 1) AlexNet £
TF FARIE 35 W OSSR AT B BES T R 2 5, B 7
T W CNN BT T 7 8 515 AR B RS 4,
SRR [23] $EH A2 R CNN+LSTM AR AR
e STRIRY, 3RA5 T T 0V B 1 e .

SR, BAT 55TV 25 31 773 (0185 35 15 Sk )
FAFAE e 7]

(1) B % 7 VT 75 S04 B 2 WA O S IR
S i, B4 B r 45 TR (1 A SRR
BT A0 PR DI T 0B R, VR 2 5 ik
I 246 X 7/ [ 1 TR 0 5.3 o T 40 4 T B %

(2) VBT BB 7] 51015 5, (ELR R ) L
AT PR X 3o B LB F 4 R K/ R — BE . B
SCRROC #2207 — A 5 S A B X B R
J7 TR PR 1 2 S 4, AT WG 7 R 2 1 o e A
FATAE 7. U, A5 0 B A5 7% FIH L (attention
mechanism) 5 J& 24 2] ik g5 &) I FiE S
AR B (T 2 5]

b iR R, AR SR — 2 M T A A
R SIHLH 9 CNN+LSTM (35 25 55 BRI 77, I L
FEIF [ SR S50 SR T M. 255, ST P JRSRRE Aok
SRR 9 7 2 S AT 5 MO S P (R AR Y BOSCR 1
KT T % SRR R 1E 2 KK 3 S5 R AR AT
S5 SRAE, T 3o SRR 2 7 A $ K v 1 45 5 R A 4T
43 TR, Fk, SRR K MUBLES SOBCR 4 E T %
BFH0 VGGish®® BRI7E B BRIE 351 SO 4 _E AT IT
B3], 5, Mt VGGish 2 ) S —4)iE 5 R

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20214 553045 5

http://www.c-s-a.org.cn

i H AR SN A

[ (140 7 R AAE X35k, A2 s [ AT B AL ERL, SR 5 AR
AIE B AT ISR AIE 55, AT S B X ] LSTM W 4%
(Bi-LSTM) %% 2], LA 25 — A1 & H AN [\ BURRHAE
DX 35 3 B AN [6) (RO 9E T J0 A ELAE. IR R, 1% VA RE S TR 4
TR o SRS A P 0 E AR B X A
R 0, W 435 T A 2 PN 4% R AAE R AE B 0, ik —
R TS I BRI PR RE.

15 SR 15 B 5 503 %2 BAUM-1s" Fll CHEAVD-
2,00 [y 45 SRR W, AR S I AR 3 5 1 SRR
PEREAR T H e 72

1 SRIMAIIE
145 HY T 455 B P A B L ) CNIN+

LSTM H 35 2 1 R B 7 ¥ 0 R e AR 1, el et

7R, VOTEEE 4 5T (1) ABUBALE (Mog Mel-
spectrogram) ] ﬁUfL%*ﬂ #C‘JE‘EIZ;@T (data balance); (2) &
T CNN MR FrBUASAE 515 (3) ZE TR Ll
Bi-LSTM (11825, I 1 AP BRI SE B, Ak
AR,

=)

/"Convl 5 2
| Pooll . l it ‘
Conv2 g Ot g W 7]
Pool2 415 ael lml |2
. ] 2.8 [T Er 3 s
FC Layer i 4 Bl i =

. VGGish Model Bi-LSTM

. s &b :.‘0" * S R
2 ; :

ANl v ek ot

L o PIEETE) S B i

SO le A m A
LEES]

1 S5l P AE = I HLEI T CNN+LSTM 1

ARG T _—,

-

L1 SRS IR AR T |

X SR U6 ) — YA B B 1R 5 RN 16 kHz 1
LR R R, SR SR AR 9 10 ms, KA 25 ms )
LT B AT A AR e, TR RS S E S
7 LK R R B L F 64 B Mel €S54 (Filter
banks) HiHE H Mel P53 I BOG 3, 45 3158 5E 10 £
Mel i,

% R FI T 5 S A 2 21 () VG GishP®) B 7 4y
NI BEK /N2 96x64, FoiF KN 0.96 s (77 96 i, 4
M7 0.01 s), DR 75 238 3o 42 1 A kAT R R FE Bl EER
FE, DA SEELYISRE0HE (1. &1 2 Al 3 0ola i T
BAUM-1s il CHEAVD2.0 _ f) %54 7 465 7 2 5.

I K:<0.96 s ﬁ MURFA (BAYM-1s)

2 BAUM-1s 4 45 20 Tl

0.96s

R, hiar
0.75s

3 CHEAVD2.0 FE 4 LR -1

K4 P (CHEAVD2.0)

I 2, [ 3 R, TSR (0 A8 R A
P TR D, AT i A /I 2 10, R
o PR T8 VA 2 RS AT B0,
Bl SEBL 8 3 A O (1) XTI/ 0.96 s
(I K:<0.96 ) 1915 5 B A, 6 FLIR T 3847 28 24
S, NTTAFI— IR 0.96 5 5 B, BI04 96
B e A TR L (2) T IH KT 0.96 5 25
R, MR 555 25 RS MO S
S IR 2 3T TR SRR, (1101, % - BAUM-
1sJzasﬂu#ﬁﬂgzﬁﬁiézéaa@éﬁyé(Joy)$uﬂgf5<Sadnesg
F R R ARSI FE 2 SRR 208 J B, B P 47

THRBLL S A 0.96 s 1B, T T REA SR A

% B B FEAS R 3R AE 7 AT v BUEOR T8Ok, xo
TEEARZE D HIE A (Fear) M1 A (Surprise) 18 & 4F
A, B ESKEN 024 s, TIFEAEE HI4 S (Anger)
AP (Disgust), H A BEES KN 0.48 s. ¥ 71
AR 1 BORE A 20 45T FL BT AR B ) 1 5 (1 155 Ik
F. 22 1 A3 2 43 B TR A AT TS /£ BAUM-
1s Al CHEAVD2.0 Il ZRE 4 6 b1 25 B i B S AL R
AR BEECR O L. B3 1 RIS 2 mT g, fE R T
T, BN IR AR 72 R BOK, W31 (Fear) Al
A (Surprise) FAIIE B FEASE, 5 HABAMFEA
AR RO, RV 2 5, B A A 280
A A 0 B s 31— b AL P B IR, T g I
Sr i B A Y. VR %56, T BAUM-1s

Research and Development iff 70 & 271

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2021 4F #5304 555

B 30 N, LI RHA] 5 g X UETT ik, BT A 4
Va0 1 5 A, A — 4 T, R 4 21
T INGR, ILAEIR 5 IR, Ba B S RIS 45 R AE 8 B
Zai R Uk, % 1 HBIH T8 RS ISR 1%k
PE-T AT A a5 R, o I U B BE LR R 6 A
(S03. S19. S20. S24. S28. S29).

#* 1 BAUM-1s $df - 7l /= U1 R8s

HEA T B R
Bl A5 RE Eh om B EE

P R 144 268 93 491 487 83
AR 314 522 326 405 345 309

# 2 CHEAVD2.0 Ei -7 a0 f5 Il 2h 33
FEA H B H i

Bl AR R KRG mX b B WE L

@D 3096 1798 470 2597 5233 12433 468 2345

FiTfE 3096 3352 1663 2597 2777 2433 1580 2345
¥

1.2 EF ONN BORE E BISS

AT, 7E TN S U, SOk [29,30] TL&E B
TE B FR SO b or TG Y SR 47 9 NN RSB S 4T 1A
(Fine-tuning), A& —Fi I B AS 2 1 532, B
P 23077 3 A B S — K2R B k1 5
SRR by T 9 45 A ) 2 O 0 R 1 1 25
A S E T, R F K B A0 1 5 58 B AR AR A
IS HAT F TR B ARAE 5 OB 2 5. ek [30]
%504 i Tmagenet ¥R S I 2R 45K, 52 IR,
P AT R IS — AN A 2 2 BTN T 2 80T 8 B

PRAESS o BT, DASEEEAT H AR S5 R 1 2 5T 4. |

. ik, R AR R RS 3 I 4 4R B Sl 2R 0F 1
VGGish™ (R LE F AR 25 AR AT TR 2 ).

VGGish 7& H Google H i & # i 5 AR H A+
2017 4 3 F R AT IR E KRR 3 R 4 1 2553 21
FUTF VGG BEAY, B 78 5 A T4 i WL 11
KA AEAT 55 . %A 6 N BEBUZ (Convl,
Conv2,---, Conv6). 4 M Ktk /Z (Pooll, Pool2,
Pool2, Pool3, Poold) Al 4 A~ 4=i#4%)Z (FC1, FC2, FC3,
FC4). VGGish FJIIZREdE >k H T 4% 600 24>
PRI AR T 200 T34 AFRIEHT 10 s YouTube A&
B R B HE 5. VGGish BB MR GBS (55 H
Bt 96x64 HHHEHLE Z IR 128-D K/INPIRFHIE ] 5.

YR E S AN N B a; B L R 1 IR G

272 W FH K Research and Development

yi, XTNZRLF ) VGGish W 2% (1) HEAT 08, WA 24T
SRR THI A S AR A )
K
i, 2 Loorma(Vr” (aid")) 5)
A, TV (a;;0V) RNV IR G — %5 E 1
HFAE, 6V RN ES VI S5, WY RoR 4% VI
Softmax JZ KA E S H AR L WFR IR N:

]
L(V,y) == ) yjlog(}) @)
j=1

A,y B g JA T B AR L2, Y &
R V) Softmax 2 TN A § MREAR KRS,
¢ RN BB H .
1.3 EFEEHHFIE Bi-LSTM BYFR 4 2

N T IRE A E S K RS R, SRR T
B FIHLE] A K JE R A2 4% (Bi-LSTM) X
CNN TEAN [FE & 000 1 B b2 2] 20 128-D RHIEf?
FUBEAT I ] - A5 B A, Jf 4 A)E SR A
F 175 JER R 5 2R

Y — A E N T HIBINT S (x,, X, - x7),
Bi-LSTM 5 7E i i v 5 9 2 1 s B0 oR 20010
BHRNFT A (x1, xp, - xp) BB — A5 P 5 (pr,
P2+, pr), BN R \

\
ir = 0 (Weixi + Wyihy—1 + Weici—1 +bi) 3

fi = (Weg+ Wighy1 + Wege,1 +by) (4)
¢t = ficr—y +igtanh (Wyex, + Wyehy—y + be) 5)
01 =0 (Wyoxs + Whohi—1 + Weoci—1 +by) (6)
h; = ostanh (c;) @)

P, i fin v on R LSTM BERL rp (55 A
1y i 0Ty A PRAE G B oA S H 1D PRI i ) 2=
xRy 53 AR B e/ I TR] A5 K (R N e B2 R B )2 1)
Woprma Ml B[R] IR AE FE. 140, Wik WA x, 2
NI Vi AL E . b MR B AE, o7~ Sigmoid ¥
R () =1/(1+e7).

TR IRV R ML R B AR SR AR 1 B S
B B Xk, JF ] H Al TG B 45 S, SLE Bi-LSTM
HIEA BRI —ANEE 2 (attention layer). i%iER /)
FE SR S (8), T A R ] 7 41 v BEREAE A4
HBEL, KGR (9) AR BAFEEAT Bk

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20214F 55304 555

http://www.c-s-a.org.cn

i H AR SN A

1, 45 380400 55 35 0 REAIE 26 e, SB35 0 T LR
Softmax 438 T B 1 5 1 1 Ik K 1.
exp(Wh)

o= ®)
exp(Why)
=1
T
H= Z#tht )
=1

2 SEIG ek o

TR BT T I AR AE I BRI R,
K B AR B 5 B 5 BAUM-1s”" fl CHEAVD2.0P
HEAT AR 3 15 R 0 ) 52 36 TR
2.1 HiRE

BAUM- 157 $#E 45 & — N 2016 E RS IGR 0L

SIS AR . BT 1222 DAL &, R B 30 4
T H N, SE R 6 R L A AT I, B AR
=, (Anger)~ E%‘QDisgust)“\ EIH (Fear). =2% (Joy).
645 (Sadness) FlH AT (Surprise). X FE, f & W 4EF|
520 AME TR S FE AR T S50 .

CHEAVD2.0%" & RLBE B s LT 2017 £ A%
RS 15 IR 1 55 ZR I B AR 1) AL A B TR 4. B
8 FhE AL 4 (Anger). % (Disgust). E1A
(Fear). =12 (Joy). %47 (Sadness). fii#F (Surprise)~
H0 (Worry) FIHEFE (Anxiety). ZEHE 54 7030
FEAR, 438 3 850 UIZR4E (4917 DMREA). B IE4E
(707 ANFEA) AR (1406 ANFEA). A A I 4%
AR NG IR S SRS 30 AT 3 HY D7V 1) 1 AR 1 SRR 1k
fe, BRSO 2 0 56 2838 R IURI SR HL.

22 RS y

3R 4 5 B TS ST R A S i
JF 1 25 SR BB, M8 M 4 7T 0

(1) AN 2 75 S P B0 17 S s, A SCR R Al v
B ST (VGGish+LSTM+Attention) U7 11 &5
i AR B, #EAL T A R JIHLH T (VGGish+
LSTM). X 3R B K i & JI WL e85 005 LSTM HI4F
HERAERE J7, UONEE DML RE 8 RE T — A&
St AR S A B B A e B DX SRR 2 5

(2) B P47 2 S5, BT 7 VAU R 1 e 6
B = T O T 2 A g R R A R/, AR
XI5 (VGGish+LSTM+Attention) £ BAUM-1s Al
CHEAVD?2.0 #5585 HI 4G T 44.09% 1 41.73%. 28

1M, TEHHE-F 5 2 )5, A SCH7 304 SHI7E BAUM-1s
CHEAVD2.0 ##4E B3 1 3.18% 1 2.05%. 1X i8]
K FH B 1 7 SR WS B 08 30— 20 DN VR B 2 ) 7 VR R
fIE%: 2] RE .

3 BUE T BT HE S BGR B RE (%)

T BAUM-1s CHEAVD2.0
VGGish+LSTM 43.14 39.89
VGGish+LSTM+E: 7 /1 44.09 4137

R4 BT R I0E SRS MRS (%)

Jrik: BAUM-1s" CHEAVD2.0
VGGish+lI:}$TM— ’ 4578 42.29
VGGish+LSTM#+71: 5y 47.27 43.42

\ZaTi&~%ﬁéétH%*'f%@%ﬂﬁ@ﬂﬁﬁﬁ%iﬂ%ﬂ%&
4 FE s s T AR (VGGish+LSTM+
Attention) 75 #4117 2 J5 i A EdE 42 B0 &5
FRUROR A . bl P 4 mT %N, 7R BOHE S 2 )5 11 BAUM-
Is ##E4E b, =% (Joy) AIAEAT (Sadness) 1 IEAf 15 51
RORIEF] T 64.53% 1 61.19%, 1 F'E 4 Fhil &k
SR I PEBERE 22, AN 2 40%. HE 5 WA, 7R 5 T
12 J5 ) CHEAVD2.0 45 4 b, 2 (Anger) Alth
P (Neutral) (1) IEBHTENZ 3L 2] T 65.62% 1 64.5%,
3T 6 Fhis BRI IEHR R EA L 45%. £
JER DR T B e 1 e 1 SRS Y 2 5 B R RFAE R AE X 5 FEAS
L FECENIME 2 MR SRE.

|
3

iﬁ.lo.n 179 2143 3036 0.00 60
Fm | 750 12500 2.50 30.00 28.75 6.25 50
N 40
woEN {541 811 1622 0.00
l.)é
e 430
o {1105 698 174 523
120
JEf5 41045 672 2.99 4.48
110
iz | 488 488 244 21.95
L10

AR RE R = B BE
T bR

Bl 4 ASCEIESARE P 2 f5 1 BAUM-1s
Fm 4 R A 4 SR B A R
N T BRSO IE IR, R S AT
ARSCTTEIAR R A 45 R 5 e A SO IE 25 R 2
[ EeAsE. IR S PN, AR SCOTVEAMUAR T — 2R F
TAHFAE R 7, i MFCCP”, GeMAPS ADDIN EN.

Research and Development fiff 70 & 273

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

iHE R SN http://www.c-s-a.org.cn 20214F 5530 5551

CITE.DATA ¥ 31 i fft T — e B T R 5 6 B 4o 22 0 773, B, FE AR SR B A b, A B2 AE DL 2 3w 775X
2% CNN By 777, Wk AlexNet BB R AT T5 IR SRR ol s B R 70 A B 4 Ja) PR R AL B8
VEEA LR S8 20 21 ResNet 45 1 H Y1125 9 4% HLARIK T, I BE A Bh 4 28 B 00 1 3 15 J2 KV A A

7 FRA R A HRAEHEAT B, DR, FEAORE) TAE, A B Reks — B
FE R IR R B B R T WL 5 B ) I s A
sz 000 201 RREgEl 156 312 |l ST S 7, DL th L 08 25 A O
3 16.67 1.52 12.1212.12 1.52 1.52 12.12
IS 0.00 0.00 23812381 0.00 476 476 | | °° S E 3k
£ 73t D185 1.68 0.84 36.1326.89 3.36 2.52 6.72| |40 1 RSO, i, DU, 5. R TR S R SR, K

. .+ Ly
238, 2014, 25(1): 37-50. [doi: 10.13328/j.cnki.jos.004497]

2o 1l
#:416.00 1.00 1.00 11.50 2.00 1.50 11.00 430 N " ., . [
i 2 WA, 2R B BN, A LSRG 2 R R BT

541343 1.49 0.0 4.48 2239. 299 11.94] | |29 R, @%5{%‘%%;& 2013, 18(2): 440451, 434.
F%. 4.00 4.00 12.0020.00 0.00 8.0 12.0 0 3 Sc‘puller BW. Speech emotion recognition: Two decades in a
nutshell, benchmarks, and ongoing trends. Communications

FH>418.52 6.17 1.23 13.5822.22 7.41 3.70 27.16 "
Llo of the ACM, 2018, 61(5): 90-99. [doi: 10.1145/3129340]

RIS R %’;ﬁ ilf A5 ey it 4 Akgay MB, Oguz K. Speech emotion recognition: Emotional
T B models, databases, features, preprocessing methods,
K5 A7 ERIR i< J5 ¥ CHEAVD2.0 supporting modalities, and classifiers. Speech
ve/ie Wae AVHIEAE QINE -8 i iEl Communication, 2020, 116: 56—76. [doi: 10.1016/j.specon.

2019.12.001]

5 Song P. Transfer linear subspace learning for cross-corpus

K5 S SCEIRGE R 45 R LR

) 2 /IE _LR DU% %
AR ik o il M) speech emotion recognition. IEEE Transactions on Affective
Zhalehpour S MFCC 29.41 . .
22 Computing, 2019, 10(2):265-275.[doi: 10.1109/TAFFC.2017.
Zhang S CNN 42.46
BAUM-1s Ma Y& CNN 42.38 2705696]
CNN-+LSTM+ 25 1+ 6 Demircan S, Kahramanli H. Application of fuzzy C-means
ASCTTR A i 41.27 clustering algorithm to spectral features for emotion
Liy™ GeMAPS 39.90 classification from speech. Neural Computing and
CHEAVD2.0 Xi YXPI CNN(ResNet) 43.96 Applications, 2018, 29(8): 59—66=[doi: 10.1007/s00521-016-
Miao HT®! GeMAPS 4031 2712-y] \ ‘ -
Kk CNN+LSTM+VE & /1+ B4 7. Zhao XM, Zhang SQ. Spoken emotion recognition via
Bl T locality-constrained kernel sparse representation. Neural
‘ Computing and Applications, 2015, 26(3): 735-744. [doi: 10.
= 1007/s00521-014-1755-1]
3 g5 EH g ! 8 Gharavian D, Sheikhan M, Nazerieh A, et al. Speech

ATIRET ﬁﬂ]%-_nt s i’:ﬁ[ﬁ SEATRIVE B ST 3 emotion rec-og?ntlon using FCBF feature selection method
RN 2 ( CNN). K J A7 2 (LSTM) s 2 and GA-optimized fuzzy ARTMAP neural network. Neural
ATH Z z NTA =1

o g S e e Computing and Applications, 2012, 21(8): 2115-2126.
{5 VR J7 1, SR FH B 1 187 07 V0 0 9 5 17 IR UM 4 9 Zhang ZX, Coutinho E, Deng J, et al. Cooperative learning

RS R0 HOAE AR BEAT AH I K TRAL B, R FH 00 25 and its application to emotion recognition from speech.
U1 VGGish W28 78 H bR B0 s 45 AT R0M, M 2 IEEE/ACM Transactions on Audio, Speech, and Language
> 73 B SRR, I A T LI LSTM Processing, 2015, 23(1): 115-126.

2EEE B 57 YH SR

MG B B A S 2 ST B R U AE, o 10 AAORL SUD BEL BT SVM SIS,
B3 Softmax 5 T TS AN 36 LA FIAN B IRGE LR SR, 2011, 20(5): 87-91. [doi: 10.3969/j.issn.

e U 1003-3254.2011.05.019]
i AL BAUM-1s Al CHEAVD2.0 1 (95K S L 3] 11 Kayaoglu M, Eroglu Erdem C. Affect recognition using key

T A U T o B BRI RE. frame selection based on minimum sparse reconstruction.
S HE H A PR 2 AR R B 25 20 TS 2 i B i R 1 2R Proceedings of the 2015 ACM on International Conference

274 W FH K Research and Development

© EREERREST  hup/iwww.c-s-a.org.en


http://dx.doi.org/10.13328/j.cnki.jos.004497
http://dx.doi.org/10.1145/3129340
http://dx.doi.org/10.1016/j.specom.2019.12.001
http://dx.doi.org/10.1016/j.specom.2019.12.001
http://dx.doi.org/10.1109/TAFFC.2017.2705696
http://dx.doi.org/10.1109/TAFFC.2017.2705696
http://dx.doi.org/10.1007/s00521-016-2712-y
http://dx.doi.org/10.1007/s00521-016-2712-y
http://dx.doi.org/10.1007/s00521-014-1755-1
http://dx.doi.org/10.1007/s00521-014-1755-1
http://dx.doi.org/10.3969/j.issn.1003-3254.2011.05.019
http://dx.doi.org/10.3969/j.issn.1003-3254.2011.05.019
http://dx.doi.org/10.13328/j.cnki.jos.004497
http://dx.doi.org/10.1145/3129340
http://dx.doi.org/10.1016/j.specom.2019.12.001
http://dx.doi.org/10.1016/j.specom.2019.12.001
http://dx.doi.org/10.1109/TAFFC.2017.2705696
http://dx.doi.org/10.1109/TAFFC.2017.2705696
http://dx.doi.org/10.1007/s00521-016-2712-y
http://dx.doi.org/10.1007/s00521-016-2712-y
http://dx.doi.org/10.1007/s00521-014-1755-1
http://dx.doi.org/10.1007/s00521-014-1755-1
http://dx.doi.org/10.3969/j.issn.1003-3254.2011.05.019
http://dx.doi.org/10.3969/j.issn.1003-3254.2011.05.019
http://www.c-s-a.org.cn

2021 4F #5304 555

http://www.c-s-a.org.cn

i H AR SN A

12

13

14

15

16

17

18

19

20

2

—_

22

on Multimodal Interaction. Seattle,
519-524.

Schuller B, Steidl S, Batliner A, et al. The INTERSPEECH
2013 computational paralinguistics challenge: Social signals,
INTERSPEECH 2013: 14th
the International  Speech
Communication Association. Lyon, France. 2013. 148—152.
Valstar M, Schuller B, Smith K, et al. AVEC 2013: The

continuous audio/visual emotion and depression recognition

WA, USA. 2015.

conflict, emotion, autism.

Annual Conference of

challenge. Proceedings of the 3rd ACM International
Workshop on Audio/Visual Emotion Challenge. Barcelona,
Spain. 2013. 3-10.

Eyben F, Scherer KR, Schuller BW, et al. The Geneva
minimalistic acoustic parameter set (GeMAPS) for voice
research and affective computing. IEEE Transactions on
Affective Computing, 2016, 7(2): 190-202. [doi: 10.1109/
TAFFC.2015.2457417]

Hinton GE, Salakhutdinov RR. Reducing the dimensionality
of data with neural networks. Science,‘ 2006, 313(5786):
504-507. [doi: 10.1126/sciente. 1 127647]

Krizhevsky A, Sutskever I, Hinton GE. Imagenet
classification with deep convolutional neural networks.
Proceedings of the 25th International Conference on Neural
Information Processing Systems. Siem Reap, Cambodia.
2012. 1097-1105.

Hochreiter S, Schmidhuber J. Long short-term memory.
Neural Computation, 1997, 9(8): 1735-1780. [doi: 10.1162/
neco.1997.9.8.1735]

Han K, Yu D, Tashev I. Speech emotion recognition using
deep neural network and extreme learning machine. 15th
the
Communication Association. Singapore. 2014. 223-227.
Mao QR, Dong M, Huang ZW, et al. Learning salient

Annual  Conference  of International ~ Speech

features for speech emotion recognition using conyolutional* |

neural networks. IEEE Transactions on Multimedia, 2014,
16(8): 2203-2213. [doi: 10.1109/TMM.2014.2360798]
Trigeorgis G, Ringeyal F, Brueckner R, et al. Adieu features?
End-to-end speech emotioﬁ recognition using a deep
convolutional recurrent network. 2016 IEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP). Shanghai, China. 2016. 5200-5204.

Huang CW, Narayanan SS. Deep convolutional recurrent
neural network with attention mechanism for robust speech
emotion recognition. 2017 IEEE International Conference on
Multimedia and Expo (ICME). Hong Kong, China. 2017.
583-588.

Zhang SQ, Zhang SL, Huang TJ, et al. Learning affective
features with a hybrid deep model for audio-visual emotion

23

24

25

26

27

28

29

30

31

32

33

recognition. IEEE Transactions on Circuits and Systems for
Video Technology, 2018, 28(10): 3030—3043. [doi: 10.1109/
TCSVT.2017.2719043]

Zhang SQ, Zhao XM, Tian Q. Spontaneous speech emotion
recognition using multiscale deep convolutional LSTM.
IEEE Transactions on Affective Computing, 2019. [doi:
10.1109/TAFFC.2019.2947464]

BT EM, AL 5INLSEE S AL H AR PR T RS
R, AEhLEAR, 2014, 40(4): 561-576.

VNG, E9E, 48, S5 I 1) BUE R W 4% R E T TS
S BT T AL 5 5 R, 2019,'56(11): 2384-2395.
[doi: 10.7544/issn1000-1239.2019.201‘80823]

Hershey S, Chaudhuri S, Ellis DP, et al. CNN architectures
for large-scale audio classification. 2017 IEEE International
Cépference on Acoustics, Speech and Signal Processing
(ICASSP). New Orleans, LA, USA. 2017. 131-135.
Zhalehpour S, Onder O, Akhtar Z, et al. BAUM-1: A
spontaneous audio-visual face database of affective and
mental states. IEEE Transactions on Affective Computing,
2017, 8(3): 300-313. [doi: 10.1109/TAFFC.2016.2553038]
Li Y, Tao JH, Schuller B, et al. MEC 2017: Multimodal
emotion recognition challenge. 2018 First Asian Conference
on Affective Computing and Intelligent Interaction (ACII
Asia). Beijing, China. 2018. 1-5.

Campos V, Jou B, Gir6-i-Nieto X. From pixels to sentiment:
Fine-tuning CNNs for visual sentiment prediction. Image and
Vision Computing, 2017, 65: 15-22. [doi: 10.1016/j.imavis.
2017.01.011] L\

Oquab M, Bottou L, Laptev I, et al. Learning and
transferring  mid-level imagé representations  using
convolutional neural “networks. Proceedings of the 2014
IEEE _Conference on Computer Vision and Pattern
Reéognition. Columbus, OH, USA. 2014. 1717-1724.

Miao HT, Zhang YF, Li WP, et al. Chinese multimodal
emotion recognition in deep and traditional machine leaming
approaches. 2018 First Asian Conference on Affective
Computing and Intelligent Interaction (AC I Asia). Beijing,
China. 2018. 1-6.

Ma YX, Hao YX, Chen M, et al. Audio-visual emotion
fusion (AVEF): A deep efficient weighted approach.
Information Fusion, 2019, 46: 184-192. [doi: 10.1016/j.inffus.
2018.06.003]

Xi YX, Li PC, Song Y, et al. Speaker to emotion: Domain
adaptation for speech emotion recognition with residual
2019 Asia-Pacific
Processing Association Annual Summit and Conference
(APSIPA ASC). Lanzhou, China. 2019. 513-518.

adapters. Signal and Information

Research and Development fJf 7S & 275

© TEREBIK R

http://www.c-s-a.org.cn


http://dx.doi.org/10.1109/TAFFC.2015.2457417
http://dx.doi.org/10.1109/TAFFC.2015.2457417
http://dx.doi.org/10.1126/science.1127647
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1109/TMM.2014.2360798
http://dx.doi.org/10.1109/TCSVT.2017.2719043
http://dx.doi.org/10.1109/TCSVT.2017.2719043
http://dx.doi.org/10.1109/TAFFC.2019.2947464
http://dx.doi.org/10.7544/issn1000-1239.2019.20180823
http://dx.doi.org/10.1109/TAFFC.2016.2553038
http://dx.doi.org/10.1016/j.imavis.2017.01.011
http://dx.doi.org/10.1016/j.imavis.2017.01.011
http://dx.doi.org/10.1016/j.inffus.2018.06.003
http://dx.doi.org/10.1016/j.inffus.2018.06.003
http://dx.doi.org/10.1109/TAFFC.2015.2457417
http://dx.doi.org/10.1109/TAFFC.2015.2457417
http://dx.doi.org/10.1126/science.1127647
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1109/TMM.2014.2360798
http://dx.doi.org/10.1109/TCSVT.2017.2719043
http://dx.doi.org/10.1109/TCSVT.2017.2719043
http://dx.doi.org/10.1109/TAFFC.2019.2947464
http://dx.doi.org/10.7544/issn1000-1239.2019.20180823
http://dx.doi.org/10.1109/TAFFC.2016.2553038
http://dx.doi.org/10.1016/j.imavis.2017.01.011
http://dx.doi.org/10.1016/j.imavis.2017.01.011
http://dx.doi.org/10.1016/j.inffus.2018.06.003
http://dx.doi.org/10.1016/j.inffus.2018.06.003
http://dx.doi.org/10.1109/TAFFC.2015.2457417
http://dx.doi.org/10.1109/TAFFC.2015.2457417
http://dx.doi.org/10.1126/science.1127647
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1109/TMM.2014.2360798
http://dx.doi.org/10.1109/TAFFC.2015.2457417
http://dx.doi.org/10.1109/TAFFC.2015.2457417
http://dx.doi.org/10.1126/science.1127647
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1109/TMM.2014.2360798
http://dx.doi.org/10.1109/TCSVT.2017.2719043
http://dx.doi.org/10.1109/TCSVT.2017.2719043
http://dx.doi.org/10.1109/TAFFC.2019.2947464
http://dx.doi.org/10.7544/issn1000-1239.2019.20180823
http://dx.doi.org/10.1109/TAFFC.2016.2553038
http://dx.doi.org/10.1016/j.imavis.2017.01.011
http://dx.doi.org/10.1016/j.imavis.2017.01.011
http://dx.doi.org/10.1016/j.inffus.2018.06.003
http://dx.doi.org/10.1016/j.inffus.2018.06.003
http://dx.doi.org/10.1109/TCSVT.2017.2719043
http://dx.doi.org/10.1109/TCSVT.2017.2719043
http://dx.doi.org/10.1109/TAFFC.2019.2947464
http://dx.doi.org/10.7544/issn1000-1239.2019.20180823
http://dx.doi.org/10.1109/TAFFC.2016.2553038
http://dx.doi.org/10.1016/j.imavis.2017.01.011
http://dx.doi.org/10.1016/j.imavis.2017.01.011
http://dx.doi.org/10.1016/j.inffus.2018.06.003
http://dx.doi.org/10.1016/j.inffus.2018.06.003
http://www.c-s-a.org.cn

	1 提出的方法
	1.1 对数梅尔频谱的创建和数据平衡
	1.2 基于CNN的深度片段特征学习
	1.3 基于注意力机制的Bi-LSTM的情感分类

	2 实验与结果分析
	2.1 数据集
	2.2 结果分析

	3 结论与展望

