£14% F10H g2 g it E Ml §E K A 2024 £10 A
Vol. 14 No. 10 Intelligent Computer and Applications Oct. 2024

W%Er, tori, BB, 5 ERTZEWIESEE RN MG RIS AREER[T]. FeeitEAL5 N H,2024,14(10) :41-49.
DOI; 10. 20169/j. issn. 2095-2163. 241005

ETZEXREFBHERINNBHNZARBES

wm ®m, BEe, R B, TEHY
(1 b8 T K% HISSEEEfsthE, £iF 200003; 2 g T A% Ml TR, LiE 200093;
3BT XE BEMNESIREZKR, LiF 200093)

W E. mEE SRS RI AN ARIREE N EIIRE US55 T 2= EX T T ANLE Bk 5%
A s, A TR LIREDR RSO e TR R TS B 5 2 R R R S R S E R AL R A E A
WFF BB & R E A S T ST AN B, HARH B3 T L8 16 MA RO EAEHL BLHA =i R
2 A B SRS T APLAR A BT 500 561 A B AR S0 R, S A BLAE B3k A8 v B AL A A T 32 15 1) 22 It
il BeA BRI T ST I R B 5 2 R R 2 AR e ) TR I G AR AR i S P R S TR 4 X 2 R AR
{55 UEATRRIE SR, Pk 2 FRp AE AT 35 1 e B ML R IR R G, e T 30U A5 8 I A R L 2 3 8 v R B0 4 5 5 SR ¥ B
R, a2 SRR, AR SCHR M 0% U ik LU A HoAt Dy vk B TR AT B P RE, 45 6 07 APLAS AT 5 RE % 55 5 i1 0 B B A HILT Ik
ZH,

KR BEER T 2GRS IBEEETUN; WESTHMNYE,; MERE

FESES, TP241 XERFRERS: A XEHS: 2095-2163(2024)10-0041-09

Robot facial expression control based on multi-level speech
emotion recognition network

YANG Qi'?, YANG Fangyan®, YUAN Ye', WANG Jiagi'"’

(1 Institute of Machine Intelligence, University of Shanghai for Science and Technology, Shanghai 200093, China;
2 School of Mechanical Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China;
3 School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Facial expressions and head posture are important ways for humanoid robots to express emotions. Accurate emotion
recognition and smooth facial expressions are crucial for improving the human-computer interaction experience. To meet the above
requirements, this article firstly proposes a speech emotion recognition algorithm based on cross attention and multi—level acoustic
ensemble learning, and then deploys the algorithm on a self—developed humanoid robot platform to achieve high simulation human—
machine interaction. Specifically, the paper builds a humanoid robot that includes 16 servo position servos and has high simulation
expressions and multi degree of freedom head posture. Based on interpolation algorithms for joint angles and trajectory planning, the
paper achieves smooth control of robot facial expressions during human-machine interaction. In addition, the paper constructs a
speech emotion model based on cross attention and multi — level acoustic ensemble learning. This model firstly uses deep
convolutional networks to extract features from multi — source audio signals, and then fuses multiple features across attention
mechanisms to solve the problem of frequency domain information and unclear dimensional meanings caused by high dimensionality.
The experimental results show that the proposed method has better performance than other existing methods, and combined with a
humanoid robot platform highly simulated human-machine emotional interaction could be achieved.
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Fig. 1 Overall process of voice driven facial robot
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Fig. 2 Mechanical structure of robot head platform
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Table 2 Evaluation results of speech emotion recognition model

Tk WA UA

MFCC 57.600 0 58.900
Spectrogram 62.130 0 62.250
W2E 64.030 0 65.670
Cross_attention 70. 360 0 70. 760
Co—attention 69. 800 0 71.050
Ensem+Co—attention 70.544 5 71.172
Ensem+Cross_attention 70.364 9 71.186
Noise+Cross_attention 69.270 0 70. 810
Noise ( 20) +Ensem+Cross_attention 69.792 0 70. 126
Noise( —6) +Ensem+Cross_attention 71.058 0 71.561
Noise (=20 ) +Ensem+Cross_attention 65.630 0 65.580
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Fig. 6 Normalized hybrid matrix for emotional recognition
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Fig. 7 Physical demonstration of humanoid robots
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