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Optical flow estimation network combining convolution and axial attention

LIU Shuang', CHEN Jing'*

(1. School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China; 2. Jiangsu Provincial Engineer-

ing Laboratory of Pattern Recognition and Computing Intelligence, Jiangnan University, Wuxi 214122, China)

Abstract: Existing optical flow estimation networks often utilize correlation cost volume and gated recurrent unit
(GRU) to realize iterative optimization for improved accuracy. However, this approach incurs high computational
volume and limits deployment performance on edge computing platforms. To realize a lightweight optical flow estima-
tion method, the local constraint and local dilation (LC-LD) module is introduced. This approach combines convolution
and primary axis attention to replace self-attention. A low computational volume enables the module to realize atten-
tions with different important degrees for peripheral areas of each matching feature point, generate an accurate correla-
tion cost volume, further reduce the iterations, and achieve lightweight features. In addition, the shuffling convex optim-
ization upsampling method is proposed. This technique combines group convolution, shuffle operation, and convex op-
timization upsampling, further increasing the precision and reducing the number of parameters. Experimental results
show that the proposed method achieves significant improvements in running efficiency while maintaining high accur-
acy and great potential for application.

Keywords: optical flow estimation; iterations; convolutional neural networks; axial attention mechanism; gated recur-

rent unit network; deep learning; time optimization; edge computing platform
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