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Infants Expression Recognition in Intelligent Nursing Scene

WANG Yi-ping, WANG Gai-hua
(Institute of Artificial Intelligence, Tianjin University of Science and Technology , Tianjin 300457 , China)

Abstract: The expression recognition method based on deep learning is gradually applied to the intelligent nursing scene of infants.
However, most methods are based on the recognition of single and front images in the experimental environment,and the recognition of
multiple expressions in real scenes is poor. Moreover,the deep network model has long training time and slow processing speed , resulting
in real-time guarantee of expression recognition. Therefore, we propose an improved method for lightweight expression recognition in
infants. Firstly ,based on YOLOV8 ,we introduce a lightweight attention mechanism network structure by integrating deep separable con-
volution and attention mechanism. This design effectively reduces network parameters and enhances the extraction of significant features.
Then, we establish a knowledge distillation framework utilizing YOLOV8 as the teacher network model. It employs the Channel-wise
Knowledge Distillation (CWD) method and an improved loss function to elevate expression recognition accuracy while optimizing real—
time performance. The experimental results show that the proposed method performs well on the expression recognition of infants (0-3
years old) in the intelligent care scenario, with the recognition accuracy of 73.4% . The number of parameters is only 2. 6 MB, making it
easily deployable on edge devices. Besides,accuracy reaches 99.1 % on CK+ data set,and the number of parameters is also small.
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