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Abstract

Student classroom behavior analysis is an effective way to assess the effectiveness of classroom
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instruction. Existing research on student behavior identification focuses only on the identification
of students themselves, and not enough attention is paid to students’ interactions with surround-
ing objects. Based on this, this paper proposes a research method for recognizing students’ class-
room behaviors based on Human-Object interaction, by analyzing classroom surveillance videos,
detecting students and object targets, and recognizing their classroom behaviors based on per-
son-object interaction. Firstly, considering that small target items such as pens and cell phones
occupy fewer pixels and can extract fewer effective features, a target detection method is pro-
posed to improve YOLOv5s to solve the problem of missing detection due to the gradual disap-
pearance of feature information of small targets as the layers of the network are superimposed.
Then, in order to solve the problem that it is difficult for the network to extract features due to a
large number of targets in the classroom environment and the occlusion between targets and tar-
gets, the Triplet attention mechanism is introduced to enhance the ability of the network to ex-
tract features. Next, the VSGNet network is used to identify human-object interactions to deter-
mine behavior categories. Finally, multiple sets of comparison experiments were conducted on the
self-made classroom dataset and the public dataset. The experimental results showed that the
improved network improved the mAP by 3.06% and 3.2% on the self-made and public datasets,
respectively, and improved the recall by 3.1% and 4.2%, respectively, compared with the original
YOLOv5s network, which verified the effectiveness of the improved method.
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Figure 3. Network structure of student classroom behavior recognition
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Table 1. Experimental results of self-made dataset

* 1 BHBIEEIHRER

Networkmodel MAP/% P/% R/% W 4% K/NMB Average time/s
YOLOvV5s 82.42 83.30 82.60 6.76 0.0092
Our_YOLOv5s 85.49 82.94 85.70 7.39 0.0164
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Figure 8. Comparison of detection results of occlusion small targets by network before and after improvement. (a)
CBL_Triplet structure diagram; (b) Improved YOLOV5s detection results
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Table 2. Experimental results of public datasets
2 NABEEIHRER

Networkmodel MAP/% P/% R/% WX 2% K /NMB Average time/s
YOLOv5s 30.21 45.00 31.10 6.744 0.0075
Our_YOLOv5s 33.41 49.50 35.30 7.375 0.0172
35 1
30 A
25 -
°
20
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=
<
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—— Our_YOLOVvVS5s
0 50 100 150 200 250 300
Epochs

Figure 9. Comparison of mAP values before and after network improvement
9. MLEBUERIE mAP EXTLEE
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FiR. St REWIAIN Head, PIZA/IMUBEIN T 0.631 MB, W% HIAG IS B 21427 T 2.57%. Triplet
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Table 4. Comparative experiments of different network models
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Figure 10. Results of student behavior recognition
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