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Abstract: Recognizing facial expressions in video sequences is challenging because of the difficulty in
distinguishing between hand-crafted features and subjective emotions. To solve this problem, we aim
to improve the performance of facial expression recognition in videos. Our method used two deep
convolutional neural networks (DCNNs) (i. e. , spatial and temporal convolutional neural networks)
to learn the temporal-spatial expression features in videos. The spatial convolutional neural network
was used to extract the spatial features of static expression images from each video frame, where as
the temporal convolutional neural network was used to extract dynamic features from optical flow
information hidden in multi-frame expression images of a video. The temporal-spatial features were
then fused using a deep beliel network. Finally, support vector machines were employed to perform
facial expression classification. Based on experimental results on public RML. and BAUM-1s video-

based emotional datasets, our method achieved an accuracy of 71. 06% and 52. 18% . respectively,
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which is clearly better than the results of existing studies. This study thus showed that our

multimodal DCNN can improve the performance of facial expression recognition in videos.

Key words: deep convolutional neural network; multimodal deep learning; facial expression

recognition; temporal-spatial features; Deep Belief Network(DBN)
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Fig. 1 Video-based facial expression model of using multimodal deep convolutional neural network
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