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Abstract : Addressing the limitations of deep learning feature extraction methods, which fail to comprehensively
extract and effectively integrate emotional features from speech, this paper proposes a novel speech emotion recog-
nition model. It integrates a complementary feature learning framework and an attention feature fusion module.
The complementary feature learning framework consists of two independent representational extraction branches
and an interactive complementary representational extraction branch, thoroughly covering both independent and
complementary representations of emotional features. To further optimize model performance, an attention fea-
ture fusion module is introduced. This module allocates appropriate weights based on the contribution level of
different representations to emotion classification, enabling the model to focus maximally on features most bene-
ficial for emotion recognition. Simulation experiments conducted on two public emotion databases (Emo-DB and
IEMOCAP) validate the robustness and effectiveness of the proposed model.
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EH R AR EZENRESN, R TESHEELUIN, 5 G SR REEFZ RS FEIHERNER. 7EA
M2 H.0 -2 (Human-Machine Interaction, HMI) ", i P FITE 215 5% P B8 B A TR0 — A S R
. NIE S S PR RS BRI 715 B4 2R 18 S 1B BGR] (Speech Emotion Recognition, SER) J& AWLAE
T W HIEOR S T IO I A — PR SR AR & 15 5 Th R ORI , 1B TE A AL
PEARRARRE FS2m 1 e 2 B Unll RO MERR 31 Y iiVF 2 i IO A F S A T s dole = HA ] 0 531 P 1 J
REAE R [P, Sk BRI 1 R (AR () 155 R RE T . A SCET X JE iAo i R E SR IR ST A AN I, $ s T8
AMFIE: 2 HEZR (Complementary Feature Learning Framework, CFLF) A7 2 AL 0073 2 e al A%
He (Attentional Feature Fusion Module, AFFM) , iz ] IiE 215 5 W AR A5 B 4 i (R G IR AE , $E Tk
REALE B 1) BE

AR FETTERELAE A7

1) $&H TCFLF, Bitf/REE 2 %0° (Mel-Frequency Cepstral Coefficients, MFCCs) Flff FlopenSMILE!®]
FERAYF THHE (Hand-Crafted Features, HCFs) 7 5l#ii AGFAIZEM4E (Convolutional Neural Network, CNN)
FIEHR 2 4% (Recurrent Neural Network, RNN) 4332 H, DIZRASHAST PHERAE 5 FRMFCCsFIHCFs[R] B i A
SEHACPRRIE , DA AR 08 A S HEFIARIC (token) AHICHE , MIMTARAT B4 I A8 B H AMRFAERAE.

2) I T ERTEEVURIAAFFM. CFLEH) 1 A Z AR 2 AL DG 538 18 F s token {5 8., JF2E
BT AR S A, SRR RS RHIE.

3) ZHABBEITIMEMIEEIEE (TEMOCAP) FAAMEEEE (Emo-DB) iy { EL 52 560 Uk 52 iir
PESERM A B L a0 tERe , HoAdEImACK; B (Unweighted Accuracy, UA) FIMAUK;E (Weighted Accuracy,
WA) S35 747t

1 fBxXIE

PBUEEE 5 T A E BRAIE ESERBIAL b3 SR . (B S AYSERBIAYH il IR HCTFs 19, XA
FHEZRETRmTHn, AR UFRIERZIRE.

VT AE SRR BE 27 2 O ¥R 2 T AR s G ) R AR R AR, SERHPH T EEA CNN . KA 02
#% (Long Short Term Memory, LSTM) FMIRNNZEE. JiangZFMUHEH T B SERRE A0 H-AT B TG ER i 25 ) 2%
(PCRNN), &L Az b, h 7R RHARFFERE G R, F2 s # i 7 sGaESs - 3
R PR RFIE AN . Zhong FE MO R IR L, $ 1 T 2 ST YN GRAESE TR PR EE 2% 2] [ 2 2 FiiE & g
FEOERY B AMIEH, EARZZ EPIMRAE A DG, B R (] B i e R R B S, R AE . LinSElofdi il e 422
HATRHIERL G, Jung % MR R IE 25 0T 55 h f B 5 Lin 5500 Rl Y e e 22 2 TRl G L (R P A 0E
BTG a )2, X PIRNRLG T B TR LA IACK LS . Woo S H 1 2 40 HI AT B CNN T 22 )
B, BEREA SR G RHE , 3 AT AR TR E X 432 DTk S A RRAE |

T Y& FHSERFEHIERE I Z2 2T, e XA RREAE EAMA: ) O AT R A 501 A 2 g (] !
FRG 22 B RAE T AR SRR FRAE XI5 2215 I 2 Y DT AR B Y [l R 06 17 A St HAS CFLF MIAFFMAYSER
FEHY | REWE T AMEFIE (MFCCsFIHCFs) RIS FRAFRAEFLEA S BERAF R OR , B SR E RS . XA
AR TS RIREAE Z [A] S P | 38 A DG E Flltoken il JEME | i idh i B2 DL 5 08 T AN R RAE X H 432
M TTRRARRE , MR RAE RIS I AN R R AR A3 ACIE AL E . i TASCE B TARERBGT ik, oS 2Li s
JAT St 32 FF I =ML (Support Vector Machine, SVM) 191,

2 BABCFLFMAFFMAISERFEEY

A4 T BA CFLFAAFFMAYSERBLY [ BEAR S5 , 48 A M FRFIEMFCCsHIHCEs, FfiE$2 BG4
[JCFLFMIAFFM. E1J@/R T SERFEIRIEE AR 245 2044
2.1 HFEIEFEF

SERAZAV AT, VP28 A R R RAESEA T B 28, BT N T 3 SO M4 Y UM C Cs 20!
Ffif FHopenSMILEFZE A HCFs. AU IMFCCSFHIE R /N 400 x 13, 8 Je X i 2 (5 - 1A 7 50U = Ao Ak
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B, $em i, YO FH Hamming % pRECKHEH 55405 BT, FEXTEE5 5 B RBTEIEA T g Al B A0 46,
RETE %128 B /R R = MUk and , Ja AL HUR 27284 (DCT) HAFMFCCs. AU HIHCFs #3844
Horh o B 32 MIRZR ST - 1B F | BERE L FO. MFCCs | IE S MR | s e E s T F 8 iE 51
TERAE . 1M — 28RN AR A AN R 5 B A, 20 /R T MEFCCsFTHCFs B B A , R EBE A )5
(G RIS A . EI2RT AL, FRAE RS EISROf BA B8 S, MARZAGHENES XIS EA 25, HE2 (a)
AHT, MFCCs) 5 IRV TR BISUE AR . JTCWAn s 5 &2 (b) w1, HCFsH S RV T B2 POG A 5
KIS S, B2 (¢) IS IRIETRA IR b . A5 BRIk A 1) B B 2 S U AR [R] R ARSI =2 [R] LA B oAb
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B 2 FREIEBSERIERE S HE
2.2 CFLF
Sy S AN [RVRAE (A B AME RIS M, AASCHRH T CFLE. HESRAIFE = 4543 37« — S0 AbFEMFCCs i) CNN
FIEHEHU Sy — S AL FRHCF s DNNFFIE SIS 32 5 — SR BB & MFCCs FTHCFs ) 38 B AFE S L)
7. M ST ONNEFERE B 2 R T DU AR IS MEPC Cs IR N I 23 (0] 6 2R, B S2 ok
WAL 2 A I —A)Z 2 . fEBRFZRE IMAE )R, IR MFCCsi) i 35 B X e, %0 32 i R
NF1.
BHST CNNFFIEFREU D AL = A i N 45 R R — N BRI —1 2, IA RdHE CHEFs 2 8] i 26 PRy
fIE, 4T SZ TR N F2. eSS AR 3 TR BOMF CCs MIHCFs Z [0) 38 B H AMFIERAE , i 1D%
T A FEMEFCCsFIHCFs, =l (1) .

O(x) =0[B(ConvlD(z))], O¢c RY*Hx¢ (1)
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Horp: SO ARSANERGE 8, BRI —AL)Z . HE2RPHEEAMEPCCsHIHCFsH 1D &R 4 S 7E—ik
PR F (o) 5 2R/ B UER, AR08

F(r)=[O(MFCCs),O(HCFs)], F e RWxHx2¢ (2)
PHESEUR , ZAALE 3 58 AR ) i T8 A ARG BT 30, BITEMSIE A B AR BUS R, WA i i Al ik
R, A0y
Co(z) =8[B(Conv1D(F(x)))], OeCy*Hx2¢ (3)

SIS AR, Bl G (o) EI NG (x) , BHIER AW x 20 < H , i1 HlH S 228 R BAURFE

A WiR
S(z) =6[B(Conv1D(G'(x)))], Se€RW***H (4)
e, R R | RS USRS S 7 FE R RIRZ |, IR — i)z . Ko H AR

O SRR F3.
Flatten=[Ft(G(z)), Ft(C(x)), Ft(S(x))] (5)
F3=4§(B(Fc(Flatten))) (6)
Hr s FORPRNGERZ , FohRiEHE.
2.3 AFFM
ST TAES ST S, i g2 > AN [ ) 22 8] A 5 30 30 S token )7 LA G B AR AE R G AL, A 8K

ﬁEACFLFﬁPﬁJ&E’J#/\ﬁiFI F2. F3, 330 A HMFCCsHIHCFEsH (40 37 FAE F158 5.5 AMEAE A% Jak
SR, T IETEZEIVHIRIAAFFM. E3 M AFFMZEH A .
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Itk
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P CFLFf I FL . F2 | F3FFEA A R — 2R mE F(2):
F(z)=[F1,F2,F3) (7)

BF(2)fENAFFMBYEIA . F(2) B SCEIE AP (2), HIERAB < H x 1. #HZ 5 EF (Point-Wise Con-
volution, PWConv) R-&1#IE M tokenss ., & 1% H A .

O(z) = §[B(PWConv(F(z)))], O(z)ec REXHXC (8)

25 S RS, ARSI 5 A AP R TE R R token S E T 44k, PR sigmoid PRIEL, AH

1 C
70(620[%])’ C«OERIXHXI (9)

i=1
T (z) = 1S 0. . 1, epixe 10
o $)—U(TZ i), To€ (10)
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Hirry o f&sigmoid PREL. AL A E IE Al token | F SUFE B, KO (2) . Co () FITy (x)FHE »
G(r)=0(x) x Co(x) xTp(z), G RP*H*C (11)
AFFMHE ] T PWConv)z , AP WConv)Z HA K/ R3x 309N, IR PW Conv)2 B4 134
FG(x), TEG ()5 N4 EE 4k (Global Average Pooling, GAP) A= GH I 7 B I AE , AU -

W) =0 S Oua)s Wia)e R (12)

i=1 j=1

ZGAP) , &REsliE LT SUE BRUES A — AR, ISR CFLEH =~ S 0% X e 21 R i)
AR BTHR , 5 PR e X AR AEEA T 204 O TR T REMB AR B S IR 1 SRR AL - 5 L0 1 ] et
FAFFM PR BRI R M R A A iy IS . 25 R I AR R R S AR, A4S AR IERR A -

F'=F(z)xW(z), F'eR"*H (13)

B A F R NG S R R G R AE , B T MFECCsFIHCFs gl 7 MEFRAF FIAC B B ANEAE
FEAR AN R FRAE A1 SR e () ST kBl o0 BC T AN ) A
3 XEHKESHEER
3.1 XWEE

i FHIEMOCAPHIEmo-DB 4 7 24 -2 T #ESERAL AL, TEMOCAP 5 FR YT, B3R B A 3
PEE (11 3) 7. 510 039G, FHRREEAT R SFPRI5FIANGE . bAh, ARSCHBERE T ik | ik L 38
PR AR DU P 2525 151 . Emo-DBH 10437 Tl i 51 I/ E 535S TE AL , i as 7 MBS, LA16 TR
RRRE, FIFFLLRT ] Ry2. 7R

RIE P 80% B TR, 20% s Tl i FONNARYH A SRR B —20, BRI e m
FEARVEAT T B e sk V) B E DR IE AR 2B 2 K — 3 SR UARIWAERBFR PR RSB0 45 5. X FAS R Sk
HA A RAE SRR | R RS T i A R, TESEA SCHE HH I CFLF AT AFF MW SERAERL 1A 340t , FRATT6H 171
A~SERARAY .

1) RIS R PR A REOEAE FH PR AT 43 S A AR B, BRI PR SRAE | i ATE I 2 ds .

2) QAR R B A PR ST A SR N — Ak AR)E DR G TS S RS
FPIAN I ST MRS LU A RS 25 35

3) BRA OB . ZECA ORI S &, SR T B ORI | 2R RN 4 AR ZE A AR, (H
JEFEWI 2R 0T SR URES I 0 T SR I 2k i 3 2R 0

4) ASCHR . [ CFLEMAFEM , 188 E 2 R AIARAE LA T IE 2

VI EARIIIFEIEMOCAPHIEmo-DB_E #4714k, BEH A1 B E £ M MFC Cs FlopenSMILEFEHR (T HCF's
Ui B AR IS VM. At , i Bpgy -2 v i AR ARSI P AR B A T T X L.

3.2 HEHER

FURMR T WASERBAD | L ffi F CFLEFH A SO R K H B AR 58 5206 AU BB . AR EE AT A0S 3R B
HAMRHE DT, ARSI #ECFLF4S & AFFMAYSERBE RIS T B 47 (1 B 45 58, B - CFLF R
ZHE RIS . 7] WK B CFLEARBCEN AN R RRAE (8 0 7 1 R0 B R M A REAS 0 1 B I e /0 I B 8., il
FHAFFNE A R R R AE REAS L AR R St e B 5 HAG 5200 ) A SRR AR A 7L ).

H T HIESERBAIH AFFMAICFLF A R, 47T TIHMSER: . B HIEZRR | (U H CFLF A7 Fn
JHCFLFZ5 45 AFFMPYREAIHEA 75200 . te2nl 1, AU FHCFLFRY , SRR BRI T AR B, wT DLER IR 1Y
I HAMFAEFRAE A I A B THEFHE BGRAIERE. 7[R FHCFLE MIAFFMET , #ERIVEREUE— 4 5, 1
A AFFMAENS 5 L k0 37 A% SR A NS B B AME R 0 FOA ., DT 2550 5 B AR A8 O 3 2 6155 TR 1 53
TR A B R () 1 TR A
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x 1 FREHEBLLR

T G/ Srdn WA/%  UA/%
SRR IEMOCAP - ) -
Emo-DB Softmax 86.44 84.53
S [12] IEMOCAP FC 68.73 70.29
Emo-DB - - -
SR [14] R IEMOCAP - - -
Emo-DB CNN&BLSTME R Sk 86.67 86.03
oo IEMOCAP SVM 75.36 69.63
Emo-DB SVM 83.54 83.65
s e IEMOCAP SVM 73.67 69.17
Emo-DB SVM 84.02 84.55
I 4 B IEMOCAP SVM 74.16 68.33
Emo-DB SVM 83.03 83.22
(UBEHCFLE IEMOCAP SVM 75.49 69.63
Emo-DB SVM 83.03 85.92
CFLF+AFFM (A3iE%) IEMOCAP SVM 76.10 69.54
Emo-DB SVM 87.10  87.34

&2 HBAK

LGRS R WA /% UA/%
Hee iy 1) 75.36 69.62
IEMOCAP U I CFLF 75.49 69.63
CFLF+AFFM (ZR3CHER) 76.10 69.54
He iy 1) 83.54 83.65
Emo-DB U Af FICFLF 83.03 85.92
CFLF+AFFM (ZR3CHER) 87.10 87.34
BEERE

B RIRAE Z 8] B AME B, ST B S8 BRI SR A ST R R4 L) S A CFLF

A TSR EAMERRRERAE. XA TR BOEEF S TR RME R . I AFFMUZAR IR A [F) R AE R
STHROR A RAL M FCAE , 1ESERASIY A 7 SR AT AL T B AE L. SRMIAS SO Fh 7Rk A9 ELAMAE B RIAL
FOMHC L, X AR AT Rk, ST IE P 8 A TR 27 AT HE AR B 72 s
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