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[ Abstract] Face recognition technology is one of the hot research directions in computer vision, and has been applied in many
fields. However, there are few studies on the application of face recognition technology in learning effect evaluation. Therefore, this
paper proposes a face recognition analysis algorithm based on deep learning framework, and applies this algorithm to the analysis and
evaluation of classroom behavior, providing an objective evaluation basis for classroom learning effect evaluation. Experiments show
that the face recognition algorithm based on in—depth learning can extract higher—level depth features to achieve more accurate and
efficient face and eye recognition, analyze the recognition results to judge students” concentration in class, and provide objective and
quantitative analysis and evaluation results for learning effect evaluation.
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Fig. 1 Overall structure graph
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Fig. 2 Flow chart of concentration judgment
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Fig. 3 Test result diagram
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