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based on wavelet scattering transform and MFCC
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Abstract: A fusion algorithm named permutation entropy weighted and bias adjustment rule fusion (PEW-BAR) was
proposed to enhance the accuracy of speech emotion recognition by exploiting the emotional information in the spec-
tral characteristics of speech signals. The algorithm was based on the integration of wavelet scattering transform and
Mel-frequency cepstral coefficients (MFCC). Firstly, wavelet scattering features and MFCC-related features from
speech signals were extracted. Then, the wavelet scattering features were expanded in the scale dimension and applied

support vector machines to obtain posterior probabilities for emotion recognition. And permutation entropy was calcu-
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lated and a weighted fusion based on this entropy was subsequently applied. Finally, a bias adjustment rule was uti-

lized to refine the integration results obtained from the MFCC-related features. Experimental results on various datas-

ets, including EMODB, RAVDESS, and eNTERFACEOS5, demonstrate notable improvements. The proposed algo-

rithm outperforms traditional wavelet scattering coefficient-based methods, achieving accuracy improvements of
2.82%, 2.85%, and 5.92%, respectively. Additionally, it shows enhancements of 3.40%, 2.87%, and 5.80% in terms of
unweighted average recall (UAR), and a 6.89% improvement on the IEMOCAP dataset.

Key words: speech emotion recognition, wavelet scattering transform, permutation entropy, MFCC, model fusion
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SER AHC LAE#EAT 1 tbE, EMODB #1RAVDESS
HAESCHRNT L L2 3. £ SER SCHRH, V-5 R SGehk
RERSEIE AN, (75 SER S92 1 B #3% EL B AR 15 A
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%3 EMODB #1RAVDESS 85 3C#k %ttt
it STk AL 45 EMoph RAVDESS
ACC UAR ACC UAR

SCHR[26] (2021 4F) FF DNN 55.40% 46.83% 37.77% 29.10%
SCHRI9] (2021 4F) BT Mg R T ResNet 76.34% 71.07% 52.56% 49.46%
SCHR[10] (2022 4F) MFCC FH4T CNN 73.37% 67.21% 48.68% 44.51%
SCHR[27] (20224F) Interspeech 2009 Bi-LSTM+¥3: 7% /7 53.45% 47.49% 24.58% 21.79%
SCHR[12] (20224F) HFCQT Conv 2D-LSTM 65.69% 60.45% 46.94% 44.15%
SCHR[25] (2023 4F) CQT-MSF DNN-SVM 79.86% 76.17% 52.24% 48.83%

ACE WST.MFCC PEW-BAR 77.22% 74.70% 52.78% 51.30%

HE 3 LLE H, AR SCHELE EMODB %4
£E I RAVDESS 4l 4 I #8mT DA 295 1= (1 #E i
K, H, fERAVDESS $#i4E b HISZib g 1
AR, SCHR[25]7F EMODB # 4/ 45 BUAS 1% =5
FARCTTEMGE R, F AR5 T 6 HE g sn
ARIGIN T T Ab B B & . ] WA PR 2 o
Jii, A CHR ) SER BRI AR E 354 /7.

A SCHIFAE IEMOCAP B 48 - T3 B TRIE
HFEwE 6 . mE6nTLLEH, 7EIEMOCAP
o, R SR RO HER R R, N 70.84%, BN
IUHERf R IR, N27.95%, HIE SRt
XK, TSRS R R BIRIE . BA, BUR
ot Gk KOS . AR SCHVETE eNTER-
FACEOS 4 5= I B3 2| IR VE H BE Wi B 7 o
HE 7R LAE i, {E eNTERFACEOS i, 7%k
IHERf R B, N 74.54%, TRV IR AN 251
HER R B AK,  20 BN 44.44% F144.91%., PRI
A R A AR T A%, HL SR FON P R 28R
W, dbAh, AU RIRVE S 50 R0
RVE, PUREEREIA IR .

IEMOCAP #il eNTERFACEO5 % ¥ 5 E 1) 4]
AT L WL 40 X bb SRR R FH 5 A SCAH R 1)
SIS TR .

TR AHI, AR SCHEIEE IEMOCAP #ll eN-
TERFACEOS %™ 4 4 L") UAR ¥8 45, #i% 2%

TR EESCHER, 230l B B I B 45 SR H 7.35% Al
3.73%. IhAb, ACHEALEIEMOCAP 1) ACC
T bbb B 7 45 B v HH 2.41%,  /F eNTERFACEOS
IR LI ACCREES T X LRSS, X2l T %1
TN EEAPA

Ang| 068 0.08 0.22 0.02
038
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K
K
X
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Sad | 0.02 0.02 0.35 0.61
L 1o
Ang Exc Neu Sad
SIES

El6 ASCHIFAE IEMOCAP HUE4E b TR I 6 I

1
I 0.8

 Fea| 0.09 | 0.09 | 044 | 0.11 | 0.14 | 0.13 0.6

Ang [ 0.75 | 0.03 | 0.05 [ 0.04 | 0.04 0.1

Dis| 0.06 | 0.49 0.1 0.16 | 0.11 | 0.08

Hap| 0.1 | 0.18 | 0.06 | 0.53 | 0.05 | 0.08 04

Sad | 0.05 | 0.07 | 0.15 0.05 [ 0.63 | 0.06
0.2

Sur | 0.12 | 0.08 | 0.12 0.1 0.14 | 0.45
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#4 IEMOCAP #1eNTERFACEO5 ##B& FAYME < HERIXTEL
e B sty IEMOCAP eNTERFACEOS5
ACC UAR ACC UAR

SCHR[12] (20224F) CQT Conv2D 53.08% 45.04% 46.77% 41.31%
SCHR[12] (20224F) MFSC LSTMHER /) 45.68% 40.41% 40.02% 39.16%
SCHR[12] (20224F) CWT Conv2D-LSTM  57.31% 49.94% 59.05% 54.80%

AL WST.MFCC PEW-BAR 59.72% 57.29% 58.58% 58.53%
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I 22 5 1 0 — o () RUBE R BR A ) 1) R, s T
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177 SEIRIIE, 45 RERM, ASCEIERN R0 A
FH WST JEERRAE (15 S BT HrE,  [RIRE R %
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