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»  Optical Flow: motion of pixels between two adjacent images .. | » Photometric Loss Lp: EPEall EPE matched EPE unmatched d0-10  d10-60 d60-140 s0-10  s10-40 s40+
> Cha”er_]ges _ _ _ _ Zl,b(]i —I}/ii)@(l—Oi) GroundTruth ['] 0.000  0.000 0.000 0.000  0.000  0.000 0.000  0.000  0.000
B Traditional methods: computational complexity, time costing L, = Z
. . A m— 2(1 — OL) SelFlow [ 4.262 2.040 22.369 4.083 1.715 1.287 0.582 2.343 27.154
B Supervised learning: need a large amount of labeled data - difficult L]
. . . . P . [3]
tO Obta|n 9 pre'tra|n on Synthetlc data 9 dOmaIn gap > Self'SuperV|S|On Mask Mi—>j' VCN 4.520 2.195 23.478 4.423 1.802 1.357 0.934 2.816 26.434
H Unsupervised learning Mi—>j — C]ip(éi_)j — 0i—>j» 0,1) ContinualFlow_ROB * 4528 2723 19.248 5050 2573 1713 0872 3.114  26.063
® Photometric loss: measure the difference between reference e | > Self-Supervision loss L, MFF [ 4566 2216 23.732 4664 2017 1222 0893 2902 26810
image and V_Varped target image _ N | neipl fll | Zl/)(wi—d B Wi—>j)®Mi—>j IRR-PWC [©! 4579  2.154 24.355 4165 1843 1292 0709 2423 28998
® Produce reliable flow for non-occluded p|XEIS’ but lack the ab”'ty N principie, we C.an JHllze any > ZMi—U' PWC-Net+ [/ 4596 2254 23.696 4781 2045 1234 0945 2978  26.620
to learn the flow of occluded pixels > performance gap CNNs. Here we build our network L . - ' ' _— ' ' ' ' ' '
>  Our Contribution architecture based on PWC-Net. » Unsupervised Training Ablation Study
" " . - cclusion ultiple elf-Supervision elf-Supervision intel Clean intel Fina 2012
B Present a two-stage self-supervised learning approach to Occlusion Estimation NOC-Model: L, declusion - Muliple - Sell-Bupersion - SefSuper e L L =
. . . . OCC_M Od@l L _|_ L Handling Frame Rectangle Superpixel ALL NOC OCC ALL NOC OCC ALL NOC 0OCC ALL NOC o0OcCC
learning optical flow of occluded pixels from unlabeled data N _ R X X X X (3.85) (1.53) (3348) (5.28) (281) (3683) 7.05 131 4503 1351 371 755l
B Our self-supervised pre-trained model provides an excellent bl 81)) e > Supervised Fine-tuning s : X 63 () 080 (50 Q3 GLED 4% 099 32 899 120 456
initialization for supervised fine-tuning, reducing the reliance of T Tl v, | B Initialize with pre-trained OCC- ;X : Vo Gbe (A (3TH Gon (25 (719 197 09 9 S8 206 247
_ . - W consistency " _ I v v v 291 1.37 22.58 3.99 2.27 26.01 .78 0.9 7.47 5.01 255 218
pre-training on synthetic datasets. WHH check Model, fine-tune with ground v v X v Ez.ssi Emoi EZZ.{]G; Es.s';; Ez.zai 222.42; L0 091 695 484 240 1963
& &l - '
Method — truth optical flow et of Se e a
Main Result Reference Flow Without Flow With
Method Sintel Clean Sintel Final KITTI 2012 KITTI 2015 |mage Se|f-SuperviSvion Se|f-Supervi5ion
train test train test train test  test(FIl) train test(Fl) rm—
BackToBasic+ft [20 - - - - 11.3 9.9 - - -
= DSTFlow-+ft [37] (6.16) 1041 (6.81) 1127 1043 124 - 16.79  39%
2 UnFlow-CSS [29! - - (791) 1022 329 - - 8.10  23.30% =\
S OccAwareFlow-+ft [46] (4.03) 795 (595 9.15 355 42 - 8.88  31.2% -*
E MultiFrameOccFlow-None+ft [18]  (6.035) — (7.09) — — — — 6.65 —
S MultiFrameOccFlow-Soft+ft [18]  (3.89) 7.23 (5.52) 881 - - - 6.59  22.94%
DDFlow-+ft [26 (2.92) 618 398 740 235 3.0 886% 572  1429%
Ours 2.88) 656 (3.87) 657 1.69 2.2 4.84 [14.19%)
FlowNetS+ft [10] (3.66) 696 (444) 776 152 9.1 4449% - -
—_— —> Flow (i) Self-Supervision Mask M,_; .4 FlowNetC+{t 10 (378) 6.85 (528) 8.51 8.79 — — — —
! SE—- SpyNet+ft [35] (3.17) 6.64 (432) 836 825 101 2097% -  35.07% .
; FlowFieldsCNN+ft [2] - 378 - 536 - 30 [@od - [3639 Conclusion
DCFlow+ft [49 - 354 - 512 - - - - _ _
_, FlowNet2+ft [15] (1.45) 416 (2.01) 574 (1.28) 1.8 [ 88% ) (23) 11.48% » We present a self-supervised approach to learning
2 UnFlow-CSS+ft [29° - - - - (114 1.7 [842%]) (1.86) 11.11% : _
z  LiteFlowNet+ft-CVPR [14] (1.64) 486 (2.23) 609 (126) 1.7 - (216) 10.24% accurate th'cal flow for both occluded and non
-~ E LiteFlowNet+ft-axXiv [14] (1.35) 454 (1.78) 538 (1.05 1.6 727% (1.62) 9.38% occluded p|xels
. PWC-Net+ft-CVPR [43 202) 439 (2.08) 504 (145 1.7 [BI0%] .16) 9.60% - . -
. (f) It+1 (g) Occlusion Map 0t->t+1 (h) New Occlusion Map 0t—>t+1 _ PWC—NZE:f:-aXXiV [[42 El’?l; 345 E234; 460 5108; 1‘5 682% 5145; 790% > Our Self'su.perV|SEd pre-.tralnlng rEduces the renance
» p4 IS non-occluded from I; to I;,,, but becomes occluded from I; to ;.4 ProFlow-+ft [27 (178) 282 - 502 (1.89) 21 [Z88%] (5.22) [15:04%]) of pre-training on synthetic labeled datasets
_ . : : : Continual Flow-+ft [31] - 334 - 452 - - - ~- 10.03% :
> We distill reliable flow estimations of p; from NOC-Model to guide the v L ~ 3m - 4y - i rmEm - 1w » Our method achieves state-of-the-art results on KITT! _
learning of OCC-Model Ours+t (1.68) 374 (L77) 426 (0.76) 1.5 6.19% (1.18) 8.42% and Sintel benchmarks (currently No.1 on Sintel) Code Link




