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[Abstract] The existing automatic micro-expression recognition methods are limited in accuracy, and suffer from
inadequate micro-expression samples. To address the problem, a micro-expression recognition method that combines
transfer learning and a Separable 3D Convolutional Neural Network(S3D CNN) is proposed.The optical flow method is
used to extract the feature frame sequences of optical flow from macro-expression and micro-expression video samples.
The sequence extracted from macro-expression‘samples is used to pre-train the S3D CNN, and the sequence extracted
from micro-expression samples is used to tune the model parameters.S3D CNN consists of separable 3D convolutional
layers, which are composed by 2D spatial convolutional layers and 1D time-domain convolutional layers, so S3D CNN
can provide better learning ability than traditional 3D CNN with fewer required parameters and calculations for model
training. Furthermore, transfer learning is used to train the model, so the over-fitting problem of the model caused by
inadequate micro-expression-samples can be alleviated, and the learning efficiency of the model can be improved.
Experimental results on the CASME II micro-expression dataset show that the recognition accuracy of the proposed
method reaches 67.58% ,higher than MagGA ,C3DEvol and other advanced algorithms.
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Fig.2 Flowchart of micro-expression recognition method proposed in this paper
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Table 3 Comparison of training effect between S3D
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