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Recognition of students’ online classroom action based on spatio-
temporal graph convolutional network

HU Jinlin, QI Yongfeng® , WANG Jiaying

(College of Computer Science and Engineering, Northwest Normal University, Lanzhou, Gansu 730070, China)

Abstract: In order to effectively identify students’ online classroom action,a human skeleton action recog-
nition model integrating global attention mechanism and spatiotemporal convolution network is proposed.
Firstly,a global attention module is added between the spatial graph convolutional network and the tem-
poral convolutional network of the Spatiotemporal graph convolutional neural network, and the spatial
feature map output by the spatial graph convolutional network is used as the input of the attention mod-
ule; Secondly, average pooling and maximum pooling operations according to the time dimension are in-
troduced to increase the ability of the model to learn global feature information. Finally, three spatiotem-
poral graph convolutional neural networks and class activation map (CAM) added to the attention mech-
anism are used to construct a rich activation map convolutional network with stronger ability to recognize
occlusion data (RA-GCNv2-A) model, and realize student online classroom action recognition function
through transfer learning. Experimental verification is performed on the NTU-RGB+D and NTU-RGB
+DI120 two datasets. Compared with the RA-GCNv2 model, the recognition accuracy on the NTU-RGB
4D dataset is increased by 1. 3% (cross-subject,CS),1.2% (cross-view,CV) ,the recognition accuracy
on the NTU-RGB+ D120 dataset is increased by 1. 6% (cross-subject, CSub), 1. 4% (cross-setup,
CSet) respectively. The experimental results show that the proposed method is an effective way to rec-
ognize students’ online classroom action.
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Fig. 1 Human skeleton infographic:

(a) Example of human skeleton;

(b) Space allocation zoning graph
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Tab.1 Performance comparison of NTU-RGB+D dataset

Method Year CS Accuracy/% CV Accuracy/ %
ST-GCNF! 2018 81.5 88.3
AS-GCNH 2019 86.8 94. 2

AGC-LSTM™! 2019 87.5 93.5
GR-GCNH™ 2019 87.5 94. 3
2s-AGCN 2019 88.5 95.1

RA-GCNv2™] 2020 87.3 93.6

ST-GCN-A(ours) 83. 4 89.6
RA-GCNv2-A(ours) 88. 6 94. 8
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Fig. 6 NTU-RGB-+ D120 dataset training result graph:(a) Accuracy; (b) Loss
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Fig.7 Visualization of online classroom action recognition results: (a) (b) Diet;

(c¢) Talk_others; (d) Play_phone; (e) (f) Read; (g) Sleep; (h) Write

500 500
diet diet
400 400
talk_others A talk_others -
_ play_phone 1 300 — Play_phone 4 300
£ s
% o
s read 7 200 2 read 7 200
= =
sleep A sleep
100 100
write - write -
0 0
@ (b
B 8 BiE%EPFE:(a) ST-GCN-A; (b) RA-GCNv2-A
Fig. 8 Confusion matrix: (a) ST-GCN-A; (b) RA-GCNv2-A
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