523 % 55 8
20244 8

B T

Software Guide

Vol. 23 No. 8
Aug. 2024

ETHHEINENREZELZ EERNE

ot

FTFx, X H#

(eH PR BM4FE, 7 & J M 510006)

B OB ATAMNREFIHIERERFERE X T —EATH MR EZ AN A%, ZRRAMRE
FAR A4 EAL SRS RS A, R BT T T R R R B, R VIVIT R A s 52 5] ey £ iz 47w o
£ REGOABRENEZE MEELE FEASEELTARRERFZE, FHRERIEY,ZFRMRE LN
SRt A A S IR A SR B 2 6 Bk IR R N BUPRAE B A 6 R R, W TR A AT R B R

HERF T RILFRE,

LR & T 2 RN AL AT ViViT

DOI: 10. 11907/rjdk. 231759

FESES TP391.41 X EkARIRAD : A

FHME(REFERS)IRIREG(0SID) - G
M E %S :1672-7800(2024)008-0254-07

Engagement Detection for Offline Education Based on Computer Vision

DENG Zihao, LIANG Yan
(School of Software, South China Normal University , Guangzhou 510006, China)

Abstract: In order to detect the overall engagement level of the class during classroom learning, a computer vision—based classroom engage-
ment detection system is designed. The head deflection angle is calculated based on the location of key points on the face, which is used to de-
termine whether the line of sight is located in the engagement area. The ViViT model is adopted to perform four classifications of learners’ en-
gagement. Face detection information, line of sight information, and engagement classification information are finally combined to calculate
the overall engagement of the class. The experimental results prove that the system can quickly and effectively evaluate the overall engagement

of the class at a certain moment based on the monitoring video. It can provide teachers with objective and accurate engagement data, which can

help teachers adjust teaching methods in a targeted and timely manner to improve teaching quality.
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Fig. 1 Architecture diagram of the proposed system
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Fig.3 Schematic of the effective range of classroom and yaw angle
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Fig.4 Architecture of the engagement detection algorithm
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Fig. 5 Examples of four different states of engagement in the DAiSEE
dataset
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Table 4 Systematic scoring of subjects under different performances
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