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Abstract; The end-to—end CNN-LSTM model uses the convolutional neural network (CNN) to extract the spatial features of the
image ,and uses the long—term and short—term memory (LSTM) network to extract the temporal features between video frames. It has
been widely used in video expression recognition. However, when learning the hierarchical representation of video frames, the CNN-
LSTM model is complicated and prone to over fitting. Aiming at these problems, an efficient video expression recognition model with
low complexity named ECNN -SA ( Enhanced Convolutional Neural Network with Self— Attention) is proposed. Firstly, a video is
divided into several video segments. The feature vector of each frame in one video segment is extracted by an enhanced CNN with global
average pooling layer. Secondly,the self—attention mechanism is used to obtain the correlation between feature vectors,and the weight
vector is constructed according to the correlation. The self-attention module with low computational complexity is used to focus on the
frames of interest, which is greatly related to expression classification. The experimental results on CK+ and AFEW datasets show that the
self—attention module makes the model mainly focus on the key frames of expression changes in the time series. Compared with the
single-layer and multi—layer LSTM networks, the ECNN-SA model can classify and recognize the emotion information of the video
sequence more effectively.
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