26455571 " Vol.26 No.7
202347 H B TR SOFTWARE ENGINEERING T 203

X E RS :2096-1472(2023)-07-40-04 DOI:10.19644/j.cnki.issn2096-1472.2023.007.009

ETREFINFERZTHIRANAR
EHY, S

(Gt K i EhAFHARAER, 52 LEKF 830059
< 627885569@ qq.com; 406287175@ qq.com

B R~ A O IR A LA R S R S TR 2 A PR AT R T R T —RE Y
MEREFIBRAR . hy 1 AR PR 3 7 5 A 8 A O K B i RIS B2 5 R B A AT UM B Ry 4R M T —Fh e T
TRBE 2 2] 12 AR URAEAT R RO T SE Rl G T AT (GhosO SIS 54k LU A AR A5 T 22 I HL ( Coordinate
Attention) FETHGIREEE . 5240 45 5 R W1 Ot J5 9 BE AL PUIDRE BE (mAP) IS B T 86. 2¢a 5 IR B AR L4 55 T
3. 5% HMEFR > T 16. 7%, SECRIEIL T 35. 5%»EEE*§Ei@ﬁ~%}%ﬂ,fgf ASEARZOR

KRR IR S ) s A AR IR AT O s AT o R s B R

&4 2K S TP3-05 X EkERIRAS : A < '

4

Research on Classroom Behavior Recg@ni of Students Based on
Deep L i
WAW Y Zhiming
4

(School of Computer Science and Z&Chnolo injiang Normal University, Urumqi 830054, China)
D 6278 (@ qq.com; 406287175@ qq.com

4

Abstract: Smart cla; acC problems such as difficulty in adapting school hardware equipment and missing

classroom data, which' rtain difficulties and challenges to the research of student classroom behavior
recognition. In order f uce the requirements for deploying equipment in classroom scenarios and improve
recognition accuracy and speed, this paper proposes a deep learning-based student classroom behavior recognition
model based on existing recognition models. Firstly, the Ghost module is integrated to achieve lightweight, and
secondly, a Coordinate Attention mechanism is added to improve detection accuracy. The experimental results show
that the improved model has a recognition accuracy (mAP) of 86.2%, which is 3.5% higher than the original model.
The inference time is reduced by 16.7%, and the parameter quantity is reduced by 35.5% . The speed and accuracy are
both improved to a certain extent, which meets the basic requirements of smart classrooms.
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Fig. 4 Sample data images
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Tab. 1 Recognition results of student behavior using different models
PREAT A YOLOv4 ;ﬁ:; YOLOvSs i():#fs
] 0.79 0. 81 0.8 0.82
Wr iR 0.93 0.97 0. 94 0.96
2T 0.83 0. 86 0. 84 0. 89
ik 0. 82 0.87 0.83 0. 86
e A By 0.59 0.79 0. 69 0.73
NS 0. 86 0. 89 0. 87 0.91
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Tab. 2 Comparison of experimental results

] mAP/% S¥/MB  HEPINE]/ms  FLOPs/GB
YOLOv4 80. 0 61.4 43 60. 53
YOLOV5 82.7 7.6 24 16.7

Faster R-CNN 86.5 130.7 98 270. 21
YOLOv5-GC 86. 2 4.9 20 10. 8
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Tab. 3 Results of ablation experiments

mAP B AR FLOPs

fry
/% /MB /ms  /GB
YOLOv5 82.7 7.6 24 16.7
YOLOv5+Ghost 83.2 5.1 11 9.9
YOLOv5+Coordinate Attention 85. 8 7.7 28 17.5
YOLOv5+Ghost+Coordinate Attention 86. 2 4.9 20 10. 8
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