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# E 5% %75 (Speech Emotion Recognition,SER) EAMR Z A AT AR EZHMR, ATHMAEARHRESFIRA £
SER &4 W sk F ik 42 RE O, 2L B AE 4 A ik 42 3 3 (Concept-Cognitive Learning, CCL) A& 2 S4Bt 2% F T m &
EMAIRAS G T — A RS R AR T AL 0 = B AN s 5 £ AE R BWERT-WFCCL) . ZE4 424 2k,
BA R Whisper IR G % EFHAIE, 2 H S BRSNS B E AT £l P I N B, 5N IR k3 454
TEBRAZA BB TG A ENSER.FTEASLE T PHRAZ L ARG EHRAL R MEE TR G AFdh, @338 T H
Y B, AE AR PB4 AR PR IR IE B AT AR R X 9 A BB L R A BB SRR R AR A SRR AT A 00 S R ek R AR T R
FTHR, EHMARBKANL FG SAVEE K ELE L, ST HRB ML HEH ARG EHRERAT 016 ~ATH S, £
EmoDB #o SAVEE B A~ FF 40 48 & Li#t4748 % £ 35 , SWERT-WFCCL /£ $ M % & 3547 LR FTHUA AL %, i
B¥E 4 B R LR AR 09 F @ )2 (Logistic Regression, LROF & . iR B F 2 ERESHRAT 1.53AET 2 5/ 0.62 48 %
ELF1 2 H S ARAT L28ABLEF 00N TYE, THERBIETIANZ L R ENBO AR, AMERRS > EH
JERRRE N B E B THBMY SER BT e 5k,

KB MENPFI ;2 LR EFTHRARN BT ;B BE2H

FESES TP183

Robust Incremental Fuzzy Concept-cognitive Emotion Recognition Method Based on Three-way
Decision

XU Weihua and HU Kaiping

College of Artificial Intelligence,Southwest University, Chongqing 400715, China

Abstract Speech emotion recognition(SER) plays an important role in human-computer interaction systems. In order to solve the
problems that the decision making process of existing deep learning models is opaque in the SER task,and the traditional concept-
cognitive learning(CCL) is susceptible to noise interference and concept drift when processing incremental data,a three-way
weighted fuzzy concept-cognitive classification framework that leverages extremely randomized trees (SWERT-WFCCL) is pro-
posed. In the feature processing., Whisper is used to extract high dimensional speech features,and a multi-layer perceptron(MLP)
is used for hierarchical abstract representation. In the cognitive learning stage.the extremely randomized trees(ERT) algorithm is
introduced to calculate the importance of features to realize the automated quantitative allocation of attribute weights, and the
three-way decision fault tolerance threshold parameter is embedded in the cognitive operator to construct a positive and negative
two-way cognitive mechanism. In the face of incremental data,the model divides the new samples into a positive region,a bounda-
ry region and a negative region according to the feature identification distance,and adopts a robust strategy that only uses the
positive region samples to update the concept,which effectively resists the noise interference. On the SAVEE dataset with more
complex feature boundaries,the robust update strategy improves the accuracy by 0. 16 percentage points compared with the global
update strategy. Experiments on two public datasets EmoDB and SAVEE show that 3WERT-WFCCL is superior to the existing
baseline methods in multiple key evaluation indicators. Compared with the baseline models Logistic Regression(LLR) with the best
performance on each data set,the accuracy of the proposed algorithm is increased by 1. 53 percentage points and 0. 62 percentage
points respectively,and the F1 score is increased by 1. 28 percentage points and 0. 40 percentage points respectively. Experimental
results verify the effectiveness of the three-way decision mechanism, which provides a new method for constructing SER models

with high classification accuracy,strong noise robustness and logical interpretability.
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Fig. 1 Opverall framework of the SWERT-WFCCL algorithm leveraging ERT weighting for three-way fuzzy

concept-cognitive classification
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Table 1 Classification performance of different threshold parameter

combinations on the SAVEE dataset
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Fig. 2 Trend of sensitivity of model classification performance to

different threshold parameters on the SAVEE dataset
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Table 2 Classification performance comparison of two incremental

update strategies on different datasets
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Fig. 3 Performance comparison of two incremental update strategies

on different datasets
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Table 3 Overall performance comparison of different algorithms on

EmoDB dataset

0
B R K &

e iy ey Mo
3WERT-WFCCL 97.42 97.06 97.27 97.12
ERT-WFCCL 97.01 96.59 96. 81 96.63
Logistic Regression 95. 89 95.90 95.79 95. 84
Random Forest 95.51 95.47 95.58 95.48
Neural Network 95.51 95.59 95.42 95.49
Naive Bayes 94. 95 94. 81 95.10 94. 90
KNN 92.15 94. 25 91.74 92.67
Decision Tree 90. 65 90. 31 89. 85 90. 00
AdaBoost 84.67 87.74 83.17 83. 84

#£ 4 ARFFEA SAVEE B8 4 1 Sk v g Xt e
Table 4  Overall performance comparison of different algorithms on

SAVEE dataset

0
R RS b2

e s (orympy MaeeF
3WERT-WFCCL 87.08 85. 83 85.71 85.62
Logistic Regression 86. 46 86.09 85.48 85.22
ERT-WFCCL 85.42 85.72 84.29 84. 20
Neural Network 85.21 85.28 84.52 84.10
Random Forest 83.33 83. 14 82.74 82.53
KNN 81.46 80.77 79. 64 80.12
Naive Bayes 80.21 80. 33 80.12 79.74
AdaBoost 77.08 76.71 76.31 76.19
Decision Tree 75.83 74.76 74.76 74.41

e 5 H A LA 2% > Bk A e B R LR % 4E
2 ) BERUR AR AR AE 25 (] o SR AR PR R, Wk 3 T
F1 i % EmoDB X 254 7 85 iF 23 A A8 X 0 57 H. 32 515 MF 4
B4 . 4R Ak 1k R 3 B AL M 4L A RS B L ok LR 58
75 EmoDB 3 4 F A MET R N 95. 89% , 78 SAVEE %t
M FAYHER R IR AL . SWERT-WFCCL 2R H H0R Kz AL AL i
AL ST ot e, A5 700 3 g AR T R R AE 5 A A P R = )
B SRR K B 1) T 0 A B 4 SRy RS AR 4 23K L AN [ 1 Uk
Z 18] W R AIE 22 B ) AUAS B A 8 28 . SRS XL, SWERT-
WEFCCL 7E EmoDB 1 ik%] 97. 42 % Wy Fe i dEff 28, fis8 4 af
A A BEASAE 1 R R & Sk HAFAE S B ) SAVEE B 46
Fih % Gt 2 K A R I L R PR 25 T S0 43455 R0 25 B 7 A R )L 2 AT
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B VB A S B 2 75. 83 % A1 83.33% ., SWERT-WFCCL 7
RS FRHET R R 87. 08% . F LR 55 KNN, M4
FH, BE TR0 AR A 2% R A% AL 7E b B RRAE 58 & 1Y /N AR
B RO I B A 98 Rz AR RE T T I R R T 8 I 4 A B A
INFEARAR B2 5 51 R By it A XUR

GEWRAE  ARSCHR L T — i I A it B AL AR A iy = S A
I ARE 2 DA 01 43 B A S Ao = S e SR HOE 5 BORE i B
N2 2D ARG A RO T AE G CCL BB AE b B 4 18 &
18 IR B B 5 52 MR 7S T AT G R M A Y I, BT SR
Whisper $& B 415 & F71F . IF 4 MLP #4750 2 % £ R
ZIETE R B BBl A ERT 503k SC B4R AE AL (14 A 36 & 1k
G3TC s FE NG T itk A28 B (B RY 12 0 47 XS0l oA HITAL TR 5 1T
o 184 o B B, 4 4 A TR B B AR A R 43y T 8L 3 R I
500038, I AR TE S8R A T AR A A R L 3 TR T )
V£ 5 0] ff BEPE . 76 EmoDB Ml SAVEE WA~ 1 80 ie 4 111
SIS BRI 3SWERT-WFCCL 7E M 58 5 F1 43 B4 e it
febn LT IA F AL I, Bk 7 =L RS GIA
B B

SR A ST VEATI AR A — o SR PR . — T 1D L A R 275 4
BEH S8 o 5 8 M E B K 4 560 08 39 B2 [ 3E N
HLH 5 55— 7 1, Whisper 5§ MLP B 2H & 5 AF 42 B B2 8] A
TR T B R TT A T 9 TR A2 R S B 3 S A A P
R TAEH R R BE S B0 A S5 20 SR, il dn 5] A Dl
i 00 Ak BRE T 58 OB AE A @ 3l I8 S 0L AR 45 1 1 B0 Y 43
AT AT 20 28 8 8 R LA 2 T Ao 190 A 4 % 1) O =L i —
4R TR AE A R B 43 A A2 AL BE T 5 38 R B SR Y Y
BB 7 R BT 5 2R B HE By BEAE S A AL RS
HRG PSRN . e Ah AR 355 i AR A% A0 U655 A
27 Je D) AT RO R 43 X AT RBAE — R E bR AR AL iz
fEPERE . RSk AR K SR F U635 A 2057 0 S5 38 152 & o AR 1)
24 5 R4 22 18] T0 UL R N TR S, DUTE RS b 56 IE A AL 7E R
VLR NPT G S LB B e ) .
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