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Optical Flow Estimation Model Based on Convolutional Neural Network

FENG Yan, LIU Shuai, WANG Chuanxu

(School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266100, China)

Abstract: The optical flow information is the motion representation of the image pixels. The existing
optical flow estimation methods are difficult to ensure high precision in dealing with complex situations,
such as occlusion, large displacement and detailed presentation. In order to overcome these difficult
problems, a new convolutional neural network is proposed. The model improves the estimation accuracy
by improving the convolution form and feature fusion. Firstly, the deformable convolution with stronger
adjustment and optimization ability is added to extract the spatial features such as large displacement and
details of adjacent frame images. Then, the feature correlation layer is generated by using the attention-
based mechanism to carry out the feature fusion of the two adjacent frames, which is used as the input of
the decoding part composed of deconvolution and upsampling and aims to overcome the disadvantage of
low accuracy for the traditional methods of estimating optical flow based on feature matching. And finally
the above estimated optical flow is optimized with a set of network stack. Experiments show that the
proposed network model performs better than existing methods in dealing with occlusion, large
displacement and detail presentation.
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