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FIG. 1

( Start

Obtaining two groups of sample images acquired
by a binocular image acquisition apparatus at - 210
different time points

Performing, through a teacher model, optical flow
estimation, directed at any two sample images in
two groups of sample images, according to a
preset geometric constraint between the two

sample images, so as to obtain an optical flow e 220
estimation result, wherein the preset geometric
constraint is a geometric constraint based on
binocular images

Performing, with the optical flow estimation result
as labeling information, machine learning training
ofimage element matching on a student model by
using the two sample images, wherein the process }—._ . 23()
of the image element matching is of identifying
image elements belonging to a same object in the
two sample images

End !
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KITTI 2012 KITTI 2015
Vctiod train et train fest
EPE-all EPE-noc EPE-all EPE-noc  Fl-all  Flnoc EPE-all EPE-noc  Flaall  Flfg  Flbg
FlowNetS#ft 12 - 9 - M - - . - - .
SpyNet+l 36 - 4l 200 209% 123% - - 0% B62% BI6%
FlowFicldsCNN+i - - 300 12 BO% 8% - - I868% 2042% 18.33%
5 DCFlow - - . “ 5 e e - 486% BI0%  13.10%
& FlowNetsh (128 - 18 10 880% 4R% @3 - 1041% 87% 1075%
2 UnFlow-CSS+t (L4 (086 17 09  842% 428% (18) -  ILU% 1593% 105%
£ ProfFlowst (189 - A L1 18% 449%  (52) - ISM% 2091% 1386%
@ LiteFlowNet+ft (105 - 16 08 IM% 3% (16) - 938% 19% 9.66%
PWC-Netéft (14 - 17 09 810% 4N% (16 - 960% 931% 9.66%
MFF+i 5 - 1709 8% 4% - - % 125%  715%
SelFlowst 076 - 15 09 619% 332G (LI8) - 842% 761% 1248%
BackToBasic+Ht 3 43 99 46 4I5% M8% - . - -
DSTFlowst 043 329 124 40 - - 1619 6% W% - -
3 UnFlowCSSi 39 1% - i - -8l - A% - -
$ OccAwareFlow-ft 35 - 42 - - o G o« B - .
Z  MultiFrameOccFlow-None+ft 6.65 ki) |
£ MultFrameOccFlow-Soft+i P « = - - - 6 o nue - -
Z DDFlowst 235 102 30 LI 886% 451% ST 273 1429% 2040% 13.08%
2 SelFlowst 169 091 22 10 7T68% 431% 484 240 1419% 274% 1268%
OusL+ L1, o 0m - P - - IR 1% - = -
Ountl oL +LSeliSupervision 145 082 17 09 T6% 40% 35 212 1L10% 1667% 999%
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Method KITTI2012 KITTI 2015
EPE-all  EPE-noc  EPE-occ  Dl-all Dl-noc  Dl-occ  EPE-all EPE-noc EPE-occ  Dl-all  Dl-noc  Dl-oce
Godard et al 2 14 3091 1041% 833% 98.98% 19 153 2466 1086% 922% 97.99%
Zhou et al - - - - - - - - - 991%  861% -
SeqStereo et al. 237 163 B2 964% 789% 8413% 184 146 2607 879% 7% 722%
Guo et al. L6 109 414 645% S82% BU% LI 1.67 406 T06% 6.75% 2349%
OurstL, I3 LI 20 788% S8% % 119 140 BM 8% TH% 9768%
Ourst Ly L +Ly 162 0% 202 669% 4689% 90M% 167 131 1955  862% .05% 88.57%
OustL L LsSeliSupenision 101 093 482 5.04% 459% 2611% LM 131 25 613% 59% 1485%
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