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Abstract: Classroom behavior can effectively reflect students’ learning status, and using deep learning technology to detect classroom behav-
ior is of great significance for improving teaching methods and enhancing teaching quality. At present, classroom behavior detection is mostly
based on static images, which often ignore the dynamic characteristics of behavior and have poor performance in detecting continuous behavior.
To this end, a YOLOv7 SlowFast classroom behavior detection method based on video spatiotemporal features is proposed, which locates stu-
dent targets through YOLOv7 and uses SlowFast to detect classroom behavior. Firstly, in order to improve the detection accuracy of YOLOv7 in
densely populated environments, an adaptive spatial feature fusion module is introduced to solve the problem of inconsistency between features
of different scales. Then, the RepGhost lightweight module is used to improve the YOLOv7 network structure, and the model detection speed
is improved by reparameterizing the structure. Finally, to address the issue of low spatiotemporal behavior detection accuracy in SlowFast, a
standardized time attention module is designed to enhance the model’s perception of temporal features. The experimental results show that the
improved YOLOv7 has an average precision mean (mAP) of 86.96% on the Crowdhuman dataset. After improvement, SlowFast achieved an
mAP of 87.28% on a self-made classroom behavior detection dataset, which can effectively detect classroom behavior.
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Fig.1 YOLOv7-SlowFast model structure
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Fig.2 Improved YOLOV7 network structure
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Fig. 4 RepGhost module structure
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Table 1 YOLOV7 ablation experiment result
#1 YOLOV7 HBSRIREER

ey W Al
s FPS mAP/%
10° K% %
YOLOv7 36.48 40.16 85.19 7695  85.65
YOLOv7+ASFF 58.14 3571 8599 78.67  87.22
YOLOv7 +RepGhost 30.13 4587 84.86 78.95 86.70

YOLOv7+ASFF+RepGhost ~ 51.79  37.74  84.92  78.79 86.96
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Table 2 Comparison of detection performance of different models
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A 10 FPS  HEiA/% FA%  mAP/%
Faster R—-CNN 186.00 3.44 71.66 72.06 72.50
YOLOv3 61.53 14.49 85.25 85.06 81.50
YOLOvSs 702 9708 8494 685l 79.46
YOLOvSm 20.88 68.03 86.65 87.51 82.10
YOLOvSI 4613 3704 8686 7347 83.49
YOLOv7-tiny 6.00 47.85 82.71 72.29 81.24
YOLOv7 36.48 40.16 85.19 76.95 85.65
S YOLOVT 51.79 37.74 84.92 78.79 86.96
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Table 3 Detection results of various types of behaviors before and af-

ter model improvement

£3 BEMHTESRTHRNER %
BAAT M AP
o TEW B m
B Bk R ; L R T ﬂ; AP

SlowFast 95.56 89.09 81.13 62.04 91.07 8540 93.98 8547
SlowFast+NTAM 95.68 91.34 79.58 73.05 91.15 85.76 94.37 87.28

N T B UEA SO A TR AT AR ROCR L £ A AR
£ 5 SlowOnly , MViT > 51 LSTC0 1 25 i i SlowFast 1
RUPEAT LR g R 4. ol LU, St )5 69 Slow-
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Table 4 Classroom behavior detection results of different models

x4 AREEBERETHEMER

Exi] R R/ INMB SR/ 10° mAP/%
SlowOnly (3D ResNet 50) 121.50 31.80 75.38
SlowOnly (3D ResNet 101) 194.15 50.80 82.84
MViT 138.51 36.30 74.48
LSTC 27423 71.80 86.78
SlowFast 128.64 33.66 85.47
MR SlowFast 128.64 33.66 87.28

3.4.3 Faster R-CNN/YOLOv7-SlowFast 3 & 47 4 #m| 25 &
263
SlowFast J& U3 A5 Y 75 46 I B 25 47 4 i % ] Faster R-

(a) Crowdhuman dataset detection performance
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Fig.7 Improved YOLOV7 detection effect
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ior detection results
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AR 86
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Fig. 8 Classroom behavior detection results of Faster R—-CNN-SlowFast and YOLOv7-SlowFast
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