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Abstract

Classroom teaching evaluation is one of the important parts of teaching management, but it is dif-
ficult to comprehensively evaluate and feedback students’ classroom learning status in the man-
agement form that relies on the supervisor to complete the work. At the same time, the classroom
surveillance video data of colleges and universities in China has been largely shelved and has not
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played a role. Based on this, this article will combine traditional teaching management and artifi-
cial intelligence, students’ classroom learning intelligent detection algorithm is put forward, by
the method of K-means++ clustering algorithm, the number and the aspect ratio of target candi-
date box for clustering analysis, build the double YOLO network model for monitoring video
classroom of students classroom behavior analysis, real-time, accurate feedback on students’
classroom learning state, and the results are teachers’ classroom teaching evaluation rating aux-
iliary supervision task to improve the efficiency of teaching management. After testing and expe-
riments, the accuracy rate of the TWO-STAGE YOLO network model proposed in this chapter is
86.62%, and the calculation time of each frame of classroom monitoring image is 0.2 s.
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Figure 1. Training flow chart of dual YOLOV3 network model
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Figure 2. Dual YOLOV3 network model test flow chart
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Figure 3. Scatter diagram of center points of the labeled
sample box
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Figure 4. Model loss function image
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Table 1. Confusion matrix
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Table 2. Test results of original YOLO network model and double YOLO network model
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PSR e 2995 22,534 13.29% 507 22,534 2.25%
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Figure 5. Detection effect of human body positioning model
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Figure 6. Test results of classroom learning status of students
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Table 3. Classroom evaluation score evaluation criteria and situation analysis
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Figure 8. Display of application user interface and classroom evaluation results
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