5539 % 4 6 1 77 I N DR A N S S 74 Vol.39 No.6
2025 4F 11 A Journal of Hunan University of Technology Nov. 2025

do0i:10.3969/j.issn.1673-9833.2025.06.005

il MFCC Hl Wav2vec FRAERDS IG5 R3] 5 7%

XMBZR ', Eiwfk

(1 ZREEFE BT SEE TR b, %8 BIE 230601;
2. RSV BRI S e B E PRER S ST L, B AR 230601 )

B E. ANEFTEITEATF A EFHSLFEHME ARG FEA, FIN Wav2vec 2.0 BEA AR BE 5125
ey KIEBIRM A R, FBEAFIERES T XFHNASOERFAEL T, BIARBIEFTLT PRELANR KLY
MFCC #4E, H A Wav2vec 32 IBAFIEVLIRAN MFCC £F A2 B LA RE, KB TEAFTFALAREL
P& AR, BRI EZE AR GER, HiEFFFHIEL LT EERTRE, ARF I e
e A AR . 2k, it Transformer M 25 3L T sPH BoR & a9 45 £l . i@ id £ MELD #= EEIDB
I E AT R, #F 40 K IR 6 7 sk R AR F-Score 3647 L A iA 2] T 44.32% A2 65.50%, MmIRIET

FE AT A e AR
KEBIR: FIaie; RIEH; HiEfks; LTS8 &R 4 RIAFE# F K
FESES: TP391.4 XHEAARERS: A XEHS: 1673-9833(2025)06-0029-08

Bl3c#gsX: xfmAk, EHik . ak4A MFCC A= Wav2vec 45 AR89 3b 35 Ban A 7 ik [1]. 9 Tk XK F 54k,
2025, 39(6): 29-36.

An Emotion Recognition Method in Conversation Integrating
MFCC and Wav2vec Features

LIU Xudong', WANG Kunxia"’
(1. School of Electronic and Information Engineering, Anhui Jianzhu University, Hefei 230601, China;

2. Anhui International Joint Research Center for Ancient Architecture Intellisencing and
Multi-Dimensional Modeling, Hefei 230601, China )

Abstract: In view of the issue of insufficient capture of dynamic information in traditional manual features of
speech signals, Wav2vec 2.0 model is introduced for an extraction of long-range dependencies in speech signals, thus
obtaining sufficient emotional feature representations based on feature fusion. By extracting the most representative
MFCC features from speech signals, with Wav2vec adopted to compensate for the lack of MFCC in capturing
dynamic information, richer and more representative speech emotion features can be obtained. By utilizing the cross
attention mechanism, the acoustic features of speech are integrated with contextual information so as to obtain a
more comprehensive and accurate feature representation. Consequently, an accurate prediction of emotional states
can be achieved through Transformer networks. Through experiments on MELD and EEIDB datasets, it is found
that the proposed method achieves 44.32% and 65.50% in weighted F|-Score metrics, respectively, which verifies its

effectiveness and superiority in performance.
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Fig. 1 Overall structure diagram of the model
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Fig. 3 Wav2vec 2.0 model structure schematic diagram
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Table I  Specific information of the dataset

#Conversations #Utterances

Dataset #Classes

Train Test Val Train Test Val

MELD 1039 280 114 9989 2610 1109 7
EEIDB 77 26 13 824 227 124 4
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ARSI FASHOKE T, 7 MELD il EEIDB
B B TR, b, 7E MELD £ 4 A
F, {8 9 44.32%, UEWH%J 46.21%; 1E EEIDB %4
A IR F, B 65.50%, HERIER N 71.28%.

i 117 5 EmbraceNet( EmbraceNet {4 2 454 4% ) .
DialogueRNN ( XFiEHEZL 2% ) . MM-DFN ( 25745
AR A ML) M SCA (22 R HIC ) GHATE
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AR SCRERY X1 B A NG R o Mg A TR T
HHF MM-DFN 27+ T 1.6%, M LF SCA T T
1.22%. LA EZSRFRH], ASCHEH B A —E 1

P

7E MELD 4l v, 25 2818 I ity 0 25 SR n 5%
3R AR B AT, TR ER AR TP Rk
3 A AN, Neutral 1518 FE A B0 s 2 T FHoAth
THIRIFEAECR:, 1 Fear 15 /8H1 Disgust 15 B FEAR
B WA XD o XA P 38 1 % I P 2R 1
AT A RO LR A MERE . 8 X LR 3 R & AR T Y
BRI 25 AL IS UE T X — ), nT DL B A
X — ) R A PERE (52 . 534, EEIDB £l 4R
o, AR RS R AYE I TINS5 SR QR ¢ Neutral
A 71.43%, Anger A 37.50%, Sadness "N 83.33%,
Happy 4 44.44%.
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Table 2 Comparison F,_,, values under different models

A EmbraceNet™  DialogueRNN'®  MM-DFN™* ScA™ Our Model
F\_ /% 40.00 41.79 42.72 43.10 44.32
R3 AERETHEMEIRA RIS
Table 3 Comparison of specific recognition rates under different models %

Model Neutral  Surprise Fear

Sadness Joy

Disgust ~ Anger  F, Score

bcLSTM 61.86 19.34 2.90
EmbraceNet 48.50 16.70 0.00
DialogueRNN  65.57 20.47 5.56
SCA 62.90 20.12 0.00

Our Model 69.08 29.18 2.00

14.71 15.74 6.06 25.85 39.08
0.00 45.50 0.00 60.00 40.00
14.01 13.17 5.13 35.18 41.79
6.70 22.65 0.00 53.21 43.10
19.71 30.60 1.47 30.43 44.32
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Table 4 Comparison of ablation experimental results under

different features %
— F., i (MELD/ #f#% (MELD/
EEIDB ) EEIDB )
Audio MFCC 39.03/62.23 40.36/66.47
Wav2vec 2.0 40.48/59.83 42.08/65.34
Audio MFCC+Wav2vec 2.0 44.32/65.50 46.21/71.28

7 4 /R MELD B4R 1 SEIn 25 3R, S
i MFCC FRAEZS AR, Rl RRAETE AL F,
B FEET T 5.29%, FEHEWISF FIRTE T 5.85%; S
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e SIR Y
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[ R, AL R T A e SR 5 Ak R HOR 56 UE
FESH A R . SEERZE R R, AR X
TR BREE, B P TN R A T B AR T
4 FIPE 5 R MELD $ds4E b i AN [6] 451 25 pR 8
TR VA HE R AL

Confusion Matrix

Neutral £yl 0.00 9.32 3.11 0.00 0.00 0.00 30

Joy-gER3 0.00 1990 522 0.00 0.00 0.00 70
Anger-BiKY] 0.00.580 0.00 0.00 0.00 N

0.00 2242 747 0.00 0.00 0.00

Surprisc- ¥R

True Label

Sadness 0.00 16.35 0.96 0.00 0.00 0.00 30

0.00.294 0.00 0.00 0.00 20

Fearg&0} 0.00 22.00 0.00 0.00 0.00 0.00

Disgust{{HE]

Neutral Jc')y Aﬁger ' ,Sad'ness, ' Fear
Surprise Disgust
Predicted Label

B4 ZXEHK R THIRBEREE
Fig. 4 Confusion matrix diagram under cross-entropy

loss function
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Confusion Matrix

Neutral {32 8] 13.86 4.14 6.06 6.53 024 0.08

60

G2 44,78 697 970 7.71 025 0.00
50
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% 40
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Fig. 5 Confusion matrix diagram under a weighted cross-entropy
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