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AT VAR 2By kA 9‘:%% MELREG MG BANEEARETARSTRRGAES KRG EME, K5 HATH B

5k G softmax A#AT S A ENESTRLATRFHBEAGEREL AAIAT PORME IR FHFERELRITH
£, FHEREW,PTIF k4L RAVDESS £ # & f= EMO-DB 438 & £ 64 2 55 & 5T 24 4 %1 ik 3] 98.15% 4= 96.26% .
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Speech Emotion Recognition Based on Improved MFCC and Parallel Hybrid Model

CUI Lin'?,CUI Chenlu' ,LIU Zhengwei' and XUE Kai'
1 School of Electronic Information,Xi”’an Polytechnic University,Xi’an 710600, China

2 School of Navigation, Northwestern Polytechnical University,Xi’an 710072 ,China

Abstract The traditional MFCC not only ignores the influence of the pitch frequency in the voiced signal,but also cannot charac-
terize the dynamic characteristics of the speech. Therefore,a moving average filter is proposed to filter out the pitch frequency of
the voiced signal. After extracting the static MFCC features, the dynamic features are obtained by extracting their first-order
difference and second-order difference. The obtained features are sent to the model for training. To construct a more efficient
speech emotion recognition model,a parallel hybrid model integrating a multi-head attention mechanism is built. The multi-head
attention mechanism can not only effectively prevent the gradient disappearance phenomenon from constructing a deeper net-
work, but also perform different tasks to improve the accuracy. Finally, when classifying emotional features, the traditional soft-
max may increase the intra-class distance during classification,resulting in poor confidence in the model. Therefore,the center loss
function is introduced to combine the two for classification. Experimental results show that the accuracy of the proposed method
can reach 98.15 % and 96.26 % on the RAVDESS dataset and EMO-DB dataset, respectively.

Keywords Speech emotion recognition, MFCC, Multi-head attention mechanism.Moving average Filter,softmax
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Table 1  Ablation experiment
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Fig. 8 Accuracy curve comparison graph on RAVDESS dataset
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Table 2 Classification report on RAVDESS dataset
Precision recall Fl-score

angry 0.97 0. 99 0.98
calm 0. 96 0.97 0.97
disgust 1. 00 0.98 0.99
fearful 0. 94 0.97 0. 96
happy 0.98 1. 00 0.99
neutral 0.95 0.93 0.94
sad 1.00 0. 96 0.98
surprised 0.98 0.96 0.97
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Fig. 11  Confusion matrix of the proposed model on EMO-DB dataset
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Table 3 Classification report on EMO-DB Dataset
Precision recall Fl-score

angry 1. 00 0.99 0.99
boredom 0.96 0.90 0.92
disgust 0.97 1. 00 0.98

fear 0.97 0.93 0. 95
happiness 1.00 0.98 0.99
neutral 0. 87 0.98 0.92
sadness 0.97 0.97 0.97
accuracy 0. 96
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3.2.3 #i#tAT B MFCC &t

B UE B MEFCC 76 @il & 2 3k 28 1 LRI A 9% A7 458 A
SR AR A B E R R R E T R bR MFCC 5 ik
J& MFCC #E#fi 2 1%t L, an &l 12 s . M 12 7T L& &
Uik JE i) MEFCC 1] f e i %5 97 48 i, £ RAVDESS %04 4
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100 97.34
80
g
2 60
§
S 40
<
20
0
RAVDESS EMO-DB
Dataset
Fl 12 Bk MFCC #ET %0

Fig. 12 MFCC accuracy comparison before and after improvement
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Fig. 13 Improved MFCC confusion matrix on RAVDESS dataset
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Table 4 Improved MFCC classification report on RAVDESS

Precision recall Fl-score

angry 0.97 0. 99 0.98
calm 0.99 1. 00 1.00
disgust 1.00 0.96 0.98
fearful 0.94 1. 00 0.97
happy 1.00 1.00 1.00
neutral 0.98 1. 00 0.99
sad 1. 00 0.95 0.97
surprised 0.97 0.97 0.97
accuracy 0.98

EMO-DB ¥4 | itk it MFCC 18 2| A9 1R 1 48 B 55 50 2%
5 WA 14 M 5 iR, AT EFE EMO-DB #0545 T 11
R 2 T/E RAVDESS #0448 L AR . B 14 M IRVE 4R
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EMO-DB %t ¥ 4 L (%335 Fl-score 4 0. 95,

10
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3 06
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Fig. 14 Improved MFCC confusion matrix on EMO-DB dataset
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Table 5 Improved MFCC classification report on EMO-DB

Precision recall Fl-score

angry 0.96 0.99 0.97
boredom 0.98 0.90 0.93
disgust 0.96 0.89 0.93
fear 0.93 0.98 0.95
happiness 1. 00 0.93 0.96
neutral 0.94 0.94 0.94
sadness 0.88 1.00 0.94
accuracy 0.95

2 ST T] LS ok i S 9 MEFCC 43 4F A8 % F R i MF-

CC TEA UL I (9 W 0 2R 4 BT #2 7+, 7 RAVDESS %4 4%
4R T 0.81% .75 EMO-DB %484 F#w 1.87%.,
3.3 5EWBEFELE
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AL EMO-DB #4E 4 b oy il 43 8] T 89. 1% 1 88. 7% Wy ik
B, SCHRL20 ) FH VS I e 75 O e 708 3 80 #F A7 4008 18 58 5 4%
# CNN B8, 78 RAVDESS 8464 A3 58] T 98 %0 1 i %
k(21178 RAVDESS £ 4f 4E fil EMO-DB %4 45 1 2R ] £
Fi5: 188 508 RV AE R A 7E CNIN B2 A5 31 T 90. 6 % A1 93. 3% 4
WA R . SCHk (22 140 2 7 T A 4 AR 2 ) 2% 0K 0 iE 12
(CNN-LSTM) M# (—4 1D CNN LSTM [ % #il— 4 2D
CNN LSTM & 44) 5353l N & Al log-mel 453 [&] rr 2 ] J&) &6
4 JR) 17 B R AE L 7E EMO-DB 34 4 13875 T 95.89%
BOMERR %, SOk (23 4 R A 2R 33 A 2 4503 ] 3% 2R AP
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Table 6 Comparative analysis of the proposed method and other

baseline methods

CRApL 2 %)
A RAVDESS  EMO-DB

T k[19] 89. 10 88.70
Xk [20] 98. 00 -

X #k[21] 90. 60 93. 30
Xk [22] - 95. 89
X k[23] 72.28 92.71
AR ST 98.15 96. 26
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U SR BRI 1) L ek IS ) MFCC 3% AR A 23K 78
J1 MU B I AT R B B T 0 2 R AR AE DL B A
BARFAE I BT T — BB B R pR DR AIE TR (R 28 51 2 1] Y
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