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A study on gender differences in speech emotion recognition

based on corpus

Cao Xinyi, i He, Wang Wei'
(MLC Lab,Department of Educational Technology, School of Educational Science,
Nanjing Normal University, Nanjing, 210097, China)

Abstract: Gender is one of the important factors in speech emotion recognition. This study aims to explore the gender
differences in speech emotion recognition by using machine learning and emotional speech database, and further explore
the gender differences from the perspective of acoustic features. The research was experiment on two English emotional
datasets and their fusion dataset, respectively. We employed three kinds of classifiers for men's and women's speech
emotion recognition. Besides, attention mechanism was used to select the important features in speech emotion
recognition and compare the differences of males and females. The results show that the recognition rate of female
speech emotion is higher than that of male. The importance of spectrum features such as Mel Frequency Cepstral
Coefficient, Shimmer and Spectral slope in speech emotion recognition varies greatly between men and women.
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Table 1 UAR of different classifiers with different
feature sets on IEMOCAP dataset

£ 5 R 4R SVM  CNN LSTM
eGeMAPS 0.601 0.565 0.6145
Male
Emobase
0.5445 0.6365 0.6475
2010
eGeMAPS 0.6575 0.5785 0.6455
Female
Emobase
0.584 0.661 0.6775
2010
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Table 2 UAR of different classifiers with different
feature sets on eNTERFACE 05 dataset

PE 51 FRAE4E SVM  CNN LSTM
eGeMAPS 0.6533 0.4867 0.7067
Male
Emobase
0.8667 0.6733 0.8
2010
eGeMAPS 0.7267 0.5467 0.7933
Female
Emobase
0.88 0.6867 0.8267
2010
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Table 3 The significance values of T test for UAR of
men and women with different classifiers and feature

sets on two datasets

GRS FEE4E SVM CNN  LSTM
eGeMAPS  0.000  0.000  0.000
IEMO-
CAP Emobase
0.000  0.000  0.000
2010
eGeMAPS  0.000  0.000  0.000
eNTER-
FACE'05  Emobase
0.0139  0.000  0.000
2010
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] R
Table 4 UAR of different classifiers with different

feature sets on the fusion dataset

PE 51 FRAF4E SVM  CNN LSTM
eGeMAPS 0.5871 0.5426 0.5992
Male
Emobase
0.5308 0.6292 0.6654
2010
eGeMAPS 0.6388 0.5770 0.6483
Female
Emobase
0.5846 0.6833 0.6829
2010
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Table 5 The features in the men’s and women’s

eGeMAPS ™4 {5 88 4t AIF , /& £ 254> LLDs
G R BT A X LLDs EE A FOKE
A AR ARG | i A R | iR W Y o
M IR B 1 R 1~4 5555 Ak i A 7S A B T
A AL T ) 3 0 () LU SR S R X TG
DX 30l 1) 1 34K R RN M 2 DA B A B 3 252 ki X
B R

A SCTE IEMOCAP, eNTERFACE L) K2 ¥
70 fl 5 B0 4 b 43 0 AT S, R B L
il Bk i Hh AE T o v A AR rh R Sk R Ry
fIE | I 33 BR L1 Ds A ] FRAF 1 FE R )72
FU 35 A 33X = A B8 A v T L kv R R
e [ A R AE 5 TR B R I R ]
W R FEAE T P 25 57 45 SR AN 5 TR

N R R Y ST RN DEaRe 3 B (1o NE 'S
A 43 R ) A REAE T 04 A DG R AE RO AR
fiE X = A A | B RRAE 32 2R HOR AR BLE &
(A TE R SR T 2, R AR AL S e
FEE I A LT 0 R DG RR R BN R R A
TE Y MR AR £k R K 7R I sl 22 ) A OC M Y i B
B 3 R AE AL S A R 138 R 80 (Mel Fre-
quency Cepstral Coefficient, MFCC) . #i M 45 .
O RRAE 32 R T O R R A0 WL 4l
VR R B R AE A IR 0 R A
S RISy BT 5 AT R I, 1% BRAE 40 MF-
CC4 PR IR T A% AR 8 22 R BB &
W I N T A 22 K IR R FLA
vi F270 58 (F 1R 45 & TURRAE ; FF S 2 B A0 i%E
SR XU B A S DX T 3 KR A
[ RAE , J& ) AR

4 & g

AR SCHABILAS 27 21 7 VR A0 A 1 5 AU AL
T, %ok 55 vt A TR A I GRS, R
5 B A W FEA R 05 3 R R 58 1 5 0
P I3 25 S, T B 1 031 260 A B R AT RE AT S B 520 5
FHE T8 T B P 8 45 A, 4% 34 38 9 A HE R A5

speech emotion recognition of the importance of dif-

ferences on three datasets
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