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Optical flow estimation via fusing sequence image intensity

correlation information

XU Xu, MA Pengfei, SI Jianjun, GAO Guojun
(Equipment Maintenance Center, Guoneng Baorixile Energy Company Limited, Hulun Buir
021500, China)

Abstract: To address the challenges associated with inaccurate target edge segmentation, motion speed, and
motion direction, this paper introduces an optical flow estimation network that leverages local correlation
information between video frames. Initially, the network employs a feature encoder to extract encoding features
from the image and capture contextual information through a context network. Subsequently, the feature size is
reduced through downsampling to enhance computational efficiency. Given the minute displacement of the
optical flow image across consecutive frames, a partition-based visual similarity computation method is proposed
to construct a more refined 4D correlation volume. Residual filters and similar convolution blocks are utilized for
processing the correlation volume and optical flow information, respectively, ensuring the preservation of local
small displacement details. The research results show that the optical flow estimation network based on the local
correlation information between video frames has achieved optimizations of 8.0% and 5.7% respectively in the
optical flow estimation evaluation metric (endpoint error, EPE). This significantly improves the accuracy of
optical flow estimation and effectively alleviates the problem of inaccurate optical flow information extraction in
complex scenarios. The research conclusions provide references for fields such as autonomous driving and
intelligent security.
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Fig.1 optical flow estimation network structure
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Tab.1 optical flow estimation performance of the
different methods on the KITTI-2015 dataset

ViRis EPE Fl
VCNI'2 1.409 878 2.660 123
DpICL! 1.318 453 2.645 445
RAFT! 0.770 121 2.149 829
Ours(4) 0.719 823 1.849 874
Ours(6) 0.709 878 1.843 491
Ours(8) 0.707 865 1.843 123
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Tab.2 performance of optical flow estimation of the different methods on the MPI-Sintel test set

ik Clean 2k Final 2%
EPE 1px 3px EPE 1px 3px 5px

VCN! 1.288 978 0.819 898 0.877 893 0.878 943 1.763 459 0.813 234 0.883 565 0.903 231
DICL!" 0.978 794 0.884 623 0.939 874 0.939 847 1.383 832 0.858 965 0.924 783 0.944 232
RAFT! 0.893 562 0.903 938 0.949 875 0.968 985 1.279 886 0.863 457 0.938 973 0.953 453
Ours(4) 0.853 432 0.911 298 0.957 985 0.969 438 1.244 548 0.873 354 0.941 097 0.960 023
Ours(6) 0.851 023 0.911 879 0.958 933 0.971 232 1.243 341 0.872 449 0.941 123 0.960 220
Ours(8) 0.842 398 0.912 012 0.959 012 0.972 334 1.239 996 0.873 453 0.942 022 0.960 522
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Tab.3 ablation experiment

¥ KITTI-2015 $di4E MPI-Sintel £

HE EPE Fl Clean(EPE) Clean(1px) Clean(3px) Clean(5px) Final(EPE) Final(1px) Final(3px) Final(5px)
AB 0.723 10 1.837 82 0.834 48 0.904 84 0.920 99 0.962 37 1.217 45 0.865 43 0.944 45 0.963 45
AC 0.737 82 1.989 27 0.840 82 0.903 81 0.963 24 0.974 23 1.283 45 0.898 43 0.944 33 0.959 58
BC 0.728 37 2.183 21 0.870 99 0.916 35 0.960 19 0.974 54 1.246 73 0.874 34 0.941 34 0.963 45
ABC 0.707 86 1.843 12 0.842 39 0.912 01 0.959 01 0.972 33 1.239 99 0.873 45 0.942 02 0.960 52
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Fig.6 ablation experiment comparison
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