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Research on learner’s emotion recognition in classroom scene

SU Chao, WANG Guozhong
(School of Electronic and Electrical Engineering, Shanghai University of Engineering and Science, Shanghai 201600, China)

[ Abstract] Facial expressions and postures of students in the classroom are a natural expression of their learning state, which can
reflect the student’ s current learning state. Traditional emotion recognition research methods have problems such as low recognition
accuracy, difficult feature extraction and poor real-time performance. In response to the above problems, a dual-modal emotion
recognition model based on expressions and gestures is proposed, which is mainly composed of two parts: The first part is aimed at
student’ s expression and gesture recognition. Based on the Tiny_YOLOV3 target detection algorithm, the convolution structure of the
original model is improved by adding the attention mechanism SEBlock, and the loss function is improved by GIoU loss. At the
same time, the K—means algorithm is used to build independently Clustering on the dataset to get an anchor suitable for student
emotion recognition, and finally get a model ER_Tiny_YOLOV3 suitable for student emotion recognition. The second part aims at
the multi-modal fusion method, adopts the decision layer fusion method to judge the final result, and proposes a fusion method for
classroom students. Experimental results show that compared to Tiny _YOLOvV3, the model has improved mAP@ 0.5 by 17%,
Precision by 35%, and F1 score by 22.6%.
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Fig. 1 Diagram of a dual-modal emotion recognition model based on expressions and gestures
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Fig. 6 K-means algorithm clustering flowchart
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