S22

Ll
K%

MeToabl noncka obnacren
OTKPbITUS/3aKPbITUA B BUOEO U
Cnocobbl NX yny4ylLleHns

BenunkaHos Makcum

Video Group
CS MSU Graphics&Media Lab



A

SN
CopepxxaHue

e BBeoeHue
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CS MSU Graphics&Media Lab (Video Group) A. Dosovitskiy et al., “FlowNet: learning optical flow
www.compression.ru/video with convolutional networks,” in ICCV, 2015
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FlowNet — decoder

*:upsampled

CS MSU Graphics&Media Lab (Video Group) A. Dosovitskiy et al., “FlowNet: learning optical flow
www.compression.ru/video with convolutional networks,” in ICCV, 2015 6
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CS MSU Graphics&Media Lab (Video Group) D. Sun et al., “PWC-Net: CNNs for optical flow using
www.compression.ru/video pyramid, warping, and cost volume,” in CVPR, 2018 8
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» ContinualFlow
 MeToabl Noncka onTUYECKOro NOToka
o 3aKknw4yeHmne

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video




IRR-PWC o
CyTb MeToga

 [1pOroHsIOT NOTOK Yepe3 OAHY U TY e CeTb HECKOMNbKO pas,
B OCHOBE — 3apeKkoMeHoBaBLUne cebsl apXUTeKTYypbI

« OgHOBpPEMEHHOE BbIYMCIIEHWE NOTOKA N obnacTen
OTKPbITUS/3aKPbITUS

* [Ipsimoe n obpaTtHoe BblYMUCIIEHNE ONMTUYECKOrO NMOTOKA
« bunaTtepanbHaa dounsTpaumng
« “Super-resolution” gonsa obnacrten o/3

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video
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H. Junhwa and S. Roth, “Iterative residual
CS MSU Graphics&Media Lab (Video Group) refinement for joint optical flow and occlusion
www.compression.ru/video estimation,” in CVPR, 2019 "
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H. Junhwa and S. Roth, “Iterative residual
CS MSU Graphics&Media Lab (Video Group) refinement for joint optical flow and occlusion
www.compression.ru/video estimation,” in CVPR, 2019 12
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[ononHuTtesnbHble yny4duweHns

H. Junhwa and S. Roth, “Iterative residual
CS MSU Graphics&Media Lab (Video Group) refinement for joint optical flow and occlusion

www.compression.ru/video estimation,” in CVPR, 2019 13
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YBenuyeHmne paspeLueHusa obnacteun o/3
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H. Junhwa and S. Roth, “Iterative residual
CS MSU Graphics&Media Lab (Video Group) refinement for joint optical flow and occlusion
www.compression.ru/video estimation,” in CVPR, 2019
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H. Junhwa and S. Roth, “Iterative residual
CS MSU Graphics&Media Lab (Video Group) refinement for joint optical flow and occlusion
www.compression.ru/video estimation,” in CVPR, 2019 15
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Correlation

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video

H. Junhwa and S. Roth, “Iterative residual
refinement for joint optical flow and occlusion
estimation,” in CVPR, 2019
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H. Junhwa and S. Roth, “Iterative residual
CS MSU Graphics&Media Lab (Video Group) refinement for joint optical flow and occlusion
www.compression.ru/video estimation,” in CVPR, 2019 17
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DyHKUMA OLLINOKU (2)
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S — konunyectBo upsampling-cnoeB FlowNetS
a, — KOadhpuumeHTbl Ans notoka B refinement-moayne

A — KO3 PUUMEHT, BbipaBHMBAKOLLMX BKNA4 NOTOKa U
obnacTten o/3 Ha KaXxaown ntepauymm

H. Junhwa and S. Roth, “Iterative residual
CS MSU Graphics&Media Lab (Video Group) refinement for joint optical flow and occlusion
www.compression.ru/video estimation,” in CVPR, 2019 18
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ObyuyeHne

t. FlyingChairsOcc: npsamon 1 obpatHbIn NOTOK, 0bnacTtu
oTKpbITUSA/3akpbiTnA, 600 000 ntepaunm (Ssnort
n3 FlowNet 2.0)

2. [Nooby4yeHune Ha FlyingThings3D

3. [ooby4yeHune Ha Sintel unn KITTI ¢ ynydweHHbIM
npotokonom PWC-Net+

H. Junhwa and S. Roth, “Iterative residual

CS MSU Graphics&Media Lab (Video Group) refinement for joint optical flow and occlusion
www.compression.ru/video estimation,” in CVPR, 2019
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iccnegoBaHue npeanoXeHHbIX yyylleHn
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= 9 o Chairs ChairsOcc Sintel Clean Sintel Final Rel.
© & Ful Validation Training Training Param.
2.39 2.27 4.35 5.44 0 %
v 243 2.30 4.40 3,33 0O %
—) v 2.29 2.18(0.690) 4.26(0.521) 5.51(0.493) +38.5%
— v 2.36 2.22 3.77 5.00 0 %
2 v / 2.31 2.20(0.691) 4.21(0.515) 5.46(0.488) +38.5%
g v v 2.14 2.00 3.45 4.96 0 %
o v / 2212 2.10(0.689) 3.56(0.507) 5.03(0.486) +38.5%
v / 2.05 1.91 (0.699) 3.40(0.528) 5.08(0.502) +38.5%
v / Y+ 192 1.77 (0.736) 3.32(0.596) 4.92(0.560) +40.7%
2.03 1.89 3.13 441 0 %
v 2.06 1.87 2.98 4.14 0 %
T v 1.94 1.79 (0.706) 3.16(0.616) 4.35(0.581) +87.4%
5273 v 2.01 1.83 2.79 4.10 -61.2%
2 v / 1.99 1.82(0.696) 3.01(0.618) 4.39(0.581) +87.4%
O Vv v/ 208 190 2.80 4.13 -61.2%
E o Wf 1.91 1.73(0.700) 2.64(0.630) 4.09(0.593) -=34.7%
v v / 1.98 1.81(0.698) 2.69(0.633) 4.03(0.598) -34.7%
v v 7 1.67 1.48 (0.757) 2.34(0.677) 3.95(0.624) -26.4%

CS MSU Graphics&Media Lab (Video Group)

www.compression.ru/video

H. Junhwa and S. Roth, “Iterative residual

refinement for joint optical flow and occlusion

estimation,” in CVPR, 2019
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MPI-Sintel (onTn4yeckmnn NOTOK)
Method Tranmg Test Parameters
Clean Final Clean Final

ContinualFlow ROBT9 [12] - = 3.34 4.53 14.6 M
MFF? [16] - - 3.42 4.57 N/A
IRR-PWC (Ours) (192)  (251) 3.84 4.58 6.36M
PWC-Net+ [57] (1.71)  (2.34) 3.45 4.60 8.75M
ProFlow®[ 7] - - 2.82 5.02 -
PWC-Net-ft-final [57] (2.02)  (2.08) 4.39 5.04 8.75M
DCFlow [61] - — 3.54 3.12 -
FlowFieldsCNN [©] - - 3.78 5.36 5.00M
MR-Flow [59] 1.83 3.59 2.53 5.38 s
LiteFlowNet [21] (135)  (1.78) 4.54 5.38 5.37M
S2F-IF [62] = = 3.50 5.42 =
SfM-PM [ 4] = = 2.91 5.47 -
FlowFields++ [19] = - 2.94 5.49 =
FlowNet2 [26] (202)  (3.14) 3.96 6.02 1625 M

H. Junhwa and S. Roth, “Iterative residual
CS MSU Graphics&Media Lab (Video Group) refinement for joint optical flow and occlusion
www.compression.ru/video estimation,” in CVPR, 2019 21
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Method Type Sintel Training
Clean Final
IRR-PWC (Ours) supervised 0.712 0.669
FlowNet-CSSR [27] supervised 0.703 0.654
OccAwareFlow [5¥] unsupervised 0.54 0.48
Back2FutureFlow [30] unsupervised 0.49 0.44
MirrorFlow [25] estimated 0.390 -
H. Junhwa and S. Roth, “Iterative residual
CS MSU Graphics&Media Lab (Video Group) refinement for joint optical flow and occlusion 29

www.compression.ru/video

estimation,” in CVPR, 2019
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BbiBOAbI s

|
[locTonHCTBA:
e OOuWH 13 Ny4LlInX No Ka4YecTBy ONTUYECKOro NOTOKA
 Jlydwnmn no kavyecTtBy obnacrten OTKpPbITUS/3aKpbITUA

« Pasmep ceTn HeEDOMbLLOW N3-3a NEPENCTONb30BaHUS
Moaynewu

* BbINOXeHbl CKpUNTbl 00y4YeHUsa 1 Beca 0Oy4YEeHHbIX
Moaeneu

HepocTaTok:
* B 6 pa3s meaneHHee PWC-Net (5.5 fps vs 33.3 fps)

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video 23
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* MeToabl nomncka obnacten oTKpPbITUA/3aKPbITUS
* IRR-PWC

* FlowNet-CSSR

« ContinualFlow
 MeToabl Noncka onTUYECKOro NOToka
o 3aKknw4yeHmne

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video
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CyTb MeToga

[TocTpoeHune cetn aHanorn4yHo FlowNet 2.0

Bbluncnstor:

e ONTUYECKUN NMOTOK

« Obnactu o/3

« [ncnapurer

* [paHnuUbl OOBLEKTOB NO ABUMXEHMIO U rNybnHe

E. llg et al., “Occlusions, motion and depth
CS MSU Graphics&Media Lab (Video Group) boundaries with a generic network for disparity,
www.compression.ru/video optical flow or scene flow estimation,” in ECCV, 2018 25
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Apxutektypa (1)
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(a). OcHoBHasa apxuTekTypa

E. llg et al., “Occlusions, motion and depth
CS MSU Graphics&Media Lab (Video Group) boundaries with a generic network for disparity,
www.compression.ru/video optical flow or scene flow estimation,” in ECCV, 2018 26
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Aux.
Fwd Flow Fwd Flow
¢ - [ Fwd Occ. Fwd Occ.
iy | FlowNetC-Bi FlowNetS e
S Bwd Flow » Bwd Flow
Bwd Occ. Bwd Occ.
(b). Npsimoe 1 obpaTHOE BblMMCNEHNE ONTUYECKOIO NOTOKA
n obnacTten oTKPbITUS/3aKpPbITUS
E. llg et al., “Occlusions, motion and depth
CS MSU Graphics&Media Lab (Video Group) boundaries with a generic network for disparity, o7

www.compression.ru/video optical flow or scene flow estimation,” in ECCV, 2018
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ApxuTtekTtypa (3)
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Correlation
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Correlation
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(c). Ewe oamH BapmnaHT ¢ NpsiMbiM 1 0OpaTHbIM BblYMCIIEHNEM

CS MSU Graphics&Media Lab (Video Group)

www.compression.ru/video
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E. llg et al., “Occlusions, motion and depth

boundaries with a generic network for disparity,

optical flow or scene flow estimation,” in ECCV, 2018 28
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ApxutekTtypa (4)

Occ. L

Img L t=0 [ | —{ Disp t=0
g DispNet-CSS [iaz
Img R t=0 , Occ. t=0
‘ Predicted
Img L t=1 T = Disp t=1 —{Warp »| disp from
R =T DispNet-CSS e fh iy

Img L t=0

(d). Ucnonb3oBaHne gucnapurteTta

E. llg et al., “Occlusions, motion and depth
CS MSU Graphics&Media Lab (Video Group) boundaries with a generic network for disparity,
www.compression.ru/video optical flow or scene flow estimation,” in ECCV, 2018 29
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O0Oy4eHune R

[1na KaXkaom ceTn B CTEKe:
1.  FlyingChairs — 600 000 ntepaumn
2. FlyingThings3D — 250 000 utepaumu

3. FlyingChairsSDHom — (onunonansHo) 250 000
nTepaymnm

DyHKUNSA OLLMNOKN:
« Ontnyecknn notok — EPE

« Obnactu 0/3, rpaHnubl ABMXEHUA — DUHapHast Kpocc-
QHTpONUA

E. llg et al., “Occlusions, motion and depth
CS MSU Graphics&Media Lab (Video Group) boundaries with a generic network for disparity,
www.compression.ru/video optical flow or scene flow estimation,” in ECCV, 2018 30
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iccnenoBaHue pasHbiX KOHUrypaumm metoga
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Configuration EPE |F-measure
FlowNet(C estimating flow 3.21 -
FlowNet(C estimating occlusions - 0.546
FlowNet(C estimating flow 4 occlusions 3.20| 0.539
FlowNetC-Bi estimating fwd /bwd flow and fwd occlusions|3.26 | 0.542

Configuration EPE|F-measure
Only flow as in FlowNet2-CS [18]|2.28 -

+ occlusions (Figure 1(a)) 2.25| 0.590
+ bwd direction (Figure 1(b)) 2.77| 0.572

+ mutual warping (Figure 1(c)) [2.25| 0.589

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video

E. llg et al., “Occlusions, motion and depth
boundaries with a generic network for disparity,
optical flow or scene flow estimation,” in ECCV, 2018
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FlowNet-CSSR

CpaBHeHMe MeTogoB: obnacTtu o/3

Method

Type

F-Measure

clean | final
FlowNet2 [18] |consistency|0.377|0.348
MirrorFlow [17]| estimated |0.390|0.348
S2DFlow [27] | estimated |0.470|0.403
Ours estimated |0.703|0.654

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video

&
GRAPHICS & MEDIA LAB
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CpaBHeHme MeToOOoB. ONTUYECKNUN TOTOK mm

Method Sintel Sintel KFITT KITTI Runtime

(clean) (final) (2012) (2015) (s)

AEE AEE AFEE OUT-noc AEE Fl1-all

train test train test | train test train test

Standard
EpicFlow [35 2.27 4.12 3.56 6.29|3.09 7.88% 9.27 26.29% 42
FlowfieldsCNN |[2] - 3.78 - 536| - 4.89% - 18.68% 23
DCFlow [50] - 354 - bH.12| - - - 14.86% 9
CNN based
FlowNet2 [18] 2.02 396 3.14 6.02| 4.09 - 10.06 - 0.123
FlowNet2-ft [18] (1.45) 4.16 (2.01) 5.74((1.28) - (2.30) 11.48% 0.123
SpyNet [34] 4.12 6.69 5.57 8.43| 9.12 - - - 0.016
SpyNet-ft [34] (3.17) 6.64 (4.32) 8.36((4.13) 12.31% - 35.07%|| 0.016
PWC-Net [42] 2:55 - 393 - |[4.14 - 10.35 33.67% 0.030
PWC-Net-ft [42] (2.02) 4.39 (2.08) 5.04| - 4.22% (2.16) 9.80% 0.030
With joint occ est.
MirrorFlow [17] - 332 - 6.07| - 4.38% - 10.29% 660
S2D flow [27] - 1848 - 6.82| - - - - 2280
Our FlowNet-CSS 2.08 3.94 3.61 6.03| 3.69 - 9.33 - 0.068
Our FlowNet-CSS-ft ||(1.47) 4.35 (2.12) 5.67|(1.19) 3.45% (1.79) 8.60% 0.068
Our FlowNet-css 2.65 - 4.05 - 5.05 - 11.74 0.033 33




Occlusions, Motion and Depth Boundaries with
a Generic Network for Disparity, Optical Flow or
Scene Flow Estimation

Eddy llg*, Tonmoy Saikia*, Margret Keuper and
Thomas Brox

* equal contribution
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]
[locTonHCTBA:
* YHUMBepcanbHOe peLleHne MHOrmx 3agad

 Jly4ywnn pesynesraT no obractsam o/3 Ha MOMEHT nybnukauum
(Sintel)

* Jlyqywunnm pesynerat no gucnapurtety (KITTI)
« Xopouwas ckopocTtb: 14.7 fps

HepocTaTok:
* He BbINOXEHbI CKPUNTLI A5 00y4YeHna moaernen

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video 35
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* MeToabl nomncka obnacten oTKpPbITUA/3aKPbITUS
* IRR-PWC

* FlowNet-CSSR

e ContinualFlow
 MeToabl noncka onTUYEeCcKoro NoToka
o 3aKknvyeHue

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video
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ContinualFlow &
PWC-Net + obnactn oTKpbITUSA/3aKpbITUS s

F optical flow t-1 optical flow t-1
\‘ EATURE PYRAMID EXTRA CToR M:xNIBXQ M/?xN/AxQ

_P_.I

0PI|CAL FLOW DECODER
,.‘m -

s
NS
upsampling
2x
M/4xN/4x1
occlusion
map
OAauH ypoBeHb nMupamuabl
CS MSU Graphics&Media Lab (Video Group) M. Neoral et al., “Continual occlusion and optical

www.compression.ru/video flow estimation,” in ACCV, 2018
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ContinualFlow
icnonb3oBaHmne BpemMeHHoro gomeHa (1)

image t-1

image t

feature

image t+1

feature
extractor

CS MSU Graphics&Media Lab (Video Group)

www.compression.ru/video
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GRAPHICS & MEDIA LAB
VIDEO GROUP

¥
occlusions t-2—t-1
warp
- s optical flow t-1-t
[ | 1 ¢
s ) y
opticalflow _  optical flow optical flow ~
and occlusion __ and occlusion e, and occlusion ____4
refinement refinement

decoder

occlusions t-1—t

1\ optical flow t—t+1
¢

optical flow
and occlusion
decoder

optical flow optical flow
and occlusion ., and occlusion P
refinement refinement

—_—

*

occlusions t—t+1

optical flow t+1-+t+2

M. Neoral et al., “Continual occlusion and optical
flow estimation,” in ACCV, 2018 38



A

ContinualFlow LA
icnonb3oBaHme BpeMeHHOro gomeHa (2) B

* HeanddepeHumpyemoe npsmoe npeobpasoBaHme NoToka

| 2 (x + round(F;_1 (x))) = Fi_1 (x)

* OudpdepeHumnpyemoe obpartHoe npeobpasoBaHme
(TpebyeTca ONONHUTENBHO BbIYUCINUTL OOpPaTHbLIWM NOTOK)

CS MSU Graphics&Media Lab (Video Group) M. Neoral et al., “Continual occlusion and optical
www.compression.ru/video flow estimation,” in ACCV, 2018 39



ContinualFlow
CpaBHeHMe pasnunyHbiX KOHJUrypaumn
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FlyingThings KITTTI'15 noc|KITTI'15 oce| Sintel Clean Sintel Final
all occ-bg oce-fg noc-bg noc-fg| Fl-all  all | Fl-all all all occ noc| all ocec noc

common: baseline Occlusion map learning

22.79 25.31 53.88 10.64 26.78 |37.73 7.82 |43.56 14.16 [3.45 9.29 2.385.36 12.03(4.17
+0C 18.01 18.27 47.53 7.10 20.13|23.98 5.22 |31.12 10.60 |2.45 7.46 1.53|4.02 9.99 |2.91
common: baseline+0OC The specialised refinement block

18.01 18.27 47.53 7.10 20.13|23.98 5.22 |31.12 10.60 |2.45 7.46 1.53|4.02 9.99 |2.91
+R 17.80 17.49 45.90 7.31 21.46(21.14 4.78 (28.61 9.83 |2.30 7.11 1.42|3.87 9.68 |2.76
common: baseline+OQC+Wys Number of refinement blocks
+1xRWys 14.28 14.24 35.58 5.82 17.56(21.72 4.41 |29.48 9.33 (2.26 6.71 1.47|3.76 8.93 |2.80
+2xRWys 14.26 14.13 35.60 5.78 17.62|21.77 4.45 |29.62 9.35 |2.26 6.72 1.47|3.76 8.96 |2.79
+3xRWys 14.30 14.13 35.71 5.75 17.77(21.98 4.50 [29.86 9.40 [2.26 6.74 1.47|3.77 8.99 |2.80
+5xRWys 14.43 14.24 36.16 5.75 17.93(22.48 4.58 |[30.35 9.49 |2.28 6.80 1.48(3.80 9.03 (2.83
common: baseline+QC+Wys+RWye Multi-frame sequence initialisation
2 frames - - - - - 25.08 5.50 [32.59 11.56 |2.48 7.72 1.48|3.84 9.64 |2.75
2 frames+2pass - - - - - [23.06 5.03 |30.92 11.00 |2.41 7.60 1.41|3.74 9.48 |2.66
3 frames - - - - - 21.72 4.41 |29.48 9.33 |2.26 6.71 1.47|3.76 8.93 |2.80
3 frames+2pass - - - - - [21.65 4.36 |29.42 9.23 |2.26 6.71 1.48|3.73 8.92|2.76
4 frames - - - - - 121.53 4.30 |29.32 9.05 |2.23 6.59 1.46|3.75 8.83 [2.82
4 frames+2pass - - - - - 21.54 4.30 |29.33 9.02 |2.24 6.59 1.46(3.73 8.80|2.80
5 frames - - - - - [21.48 4.25 |29.27 8.92 |2.21 6.51 1.45|3.80 8.85 |2.87
5 frames+2pass - - - - - (21.48 4.25 |29.28 8.92 |2.21 6.52 1.46|3.79 8.83|2.86

CS MSU Graphics&Media Lab (Video Group) M. Neoral et al., “Continual occlusion and optical
www.compression.ru/video 40
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ContinualFlow O
DyYHKUMA OLLUNOKN: ONTUYECKNN NOTOK TR

Zv E®(x) = Fgy(x)|]2

¥y (x) — macka cywectBoBaHna GT gns notoka

CS MSU Graphics&Media Lab (Video Group) M. Neoral et al., “Continual occlusion and optical
www.compression.ru/video flow estimation,” in ACCV, 2018 41
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ContinualFlow LA
OyHKUMA owKnbKM: obnactu o/3 "

Mcnonb3yeTcsa B3BeLLEHHAst GBUHapHasi KPOCC-3HTPONUS:
Lo = — Wnoc Z p(x)log Pr(O(x) = 1|X)

x: Q4¢(x)=1

~Woee Y p(X)ogPr(O(x) = 0X)

x: Og¢ (x)=0

Whoc, Wooc — AONU NUKCENen, He NpuHaasiexallmx
N NpuHagnexawmx obnactn oTKPbITUSA/3aKpbITUSA
p(x) — Macka cyuwlectsoBaHusa GT

CS MSU Graphics&Media Lab (Video Group) M. Neoral et al., “Continual occlusion and optical
www.compression.ru/video flow estimation,” in ACCV, 2018
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ContinualFlow &

O6Lwaga pyHKUUA owmnbKn

S S
E:Zas i—»—l—aoZasﬁso
s=1

s—1

S — konunyecTtBo ypoBHen B PWC-Net
a® — KOO MPUUNEHT Ans Kaxaoro ypoBHA nupamumabl
ap — BKnag obnacrten o/3 B onNbKy

CS MSU Graphics&Media Lab (Video Group) M. Neoral et al., “Continual occlusion and optical
www.compression.ru/video flow estimation,” in ACCV, 2018

GRAPHICS & MEDIA LAB
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: SRR N
ContinualFlow &
ObyuyeHne ’

[TpenobyyeHmne Ha napax n3obpakxeHun:
1. FlyingChairs — 1 200 000 utepauum
2. FlyingThings3D — 500 000 utepaumn

[ooby4yeHune ¢ BpemeHHbiMU cBasamu — 500 000 ntepauunu:
Driving, KITTI, virtualKITTI, Sintel, HD1K,
FlyingChairsSDHom

CS MSU Graphics&Media Lab (Video Group) M. Neoral et al., “Continual occlusion and optical
www.compression.ru/video flow estimation,” in ACCV, 2018 44



ContinualFlow
Pesynbratbl: KITTI

A

N
o

GRAPHICS & MEDIA LAB
VIDEO GROUP

KITTI'15 occ (%)

KITTI’15 noc (%)

Fl (%) bg fg  all bg fe  all
ContinualFlow_ROB| 8.54 17.48 10.03| 5.90 14.99 7.55
LFNet_ROB [anon)] 11.18 10.20 11.01] 6.14 6.87 6.27
PWC-Net_ROB [35] | 11.22 13.69 11.63| 7.12 10.29 7.69
ProFlow_ROB [23] 14.15 21.82 15.42| 8.44 17.90 10.15
FF++_ROB [33] 15.32 19.27 15.97| 7.82 15.33 9.18
ResPWCR_ROB [anon|| 16.63 16.18 16.55| 10.10 12.23 10.49
AugFNG_ROB [anon| | 19.77 9.95 18.14| 13.75 6.71 12.47
DMF_ROB [40] 30.74 30.07 30.63| 19.32 25.60 20.46

CS MSU Graphics&Media Lab (Video Group)

www.compression.ru/video

M. Neoral et al., “Continual occlusion and optical
flow estimation,” in ACCV, 2018
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ContinualFlow @
Pesynerathl: Sintel o

Sintel Final Sintel Clean

all noc occ all noc occ
ContinualFlow_ROB|[4.528 2.723 19.248| 3.341 1.752 16.292
PWC-Net_ROB [35] 4.903 2.454 24.878| 3.897 1.726 21.637

ProFlow_ROB [23] 5.015 2.659 24.192|2.709 1.013 16.549
AugFNG_ROB [anon] | 5.500 2.978 26.052| 3.606 1.603 19.939
LFNet_ROB [anon] 5.966 3.278 27.893| 4.815 2.333 25.065
FF++_ROB [33] 6.496 2.990 35.057| 3.953 1.148 26.836
ResPWCR_ROB [anon|| 6.530 3.849 28.371| 5.674 3.138 26.380
DMF_ROB [40] 7.475 3.575 39.245| 5.368 1.742 34.899

CS MSU Graphics&Media Lab (Video Group) M. Neoral et al., “Continual occlusion and optical
www.compression.ru/video flow estimation,” in ACCV, 2018 46
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ContinualFlow &5
Ob6wagqa Tabnuua Sintel
EPE all

GroundTruth ["! 0.000

SelFlow 2! 4.262

VCN E 4520

ContinualFlow ROB 4528

MFF & 4.566

IRR-PWC 15 4,579

PWC-Net+ [7] 4.596

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video http://sintel.is.tue.mpg.de/results 47




ContinualFlow @
BbiBOAbI e
[locTOMHCTBA:

* [lepBbl MeTOa OBOYyYEHUSA C YyYUTESIEM, YCNELLHO
NCrosfib30oBaBLUNK Donee 2 Kagpos

e OOuH 13 Ny4wnx pesynsrTaTtoB Mo rNoToKy Ha Sintel

HepocTtaTku:
« B 5 pas gonbuwe PWC-Net
* HeBbICOKOE Ka4yeCTBO obnacten OTKpbITUS/3aKpbITUA

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video 48



CooeprkaHune

 BBegeHue
* MeToabl nomncka obnacten oTKpPbITUA/3aKPbITUS
 MeToabl noncka onTM4eCcKoro NOToka
e MFF
 PWC-Net+
o 3aKnw4yeHmne

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video
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MFF 28

CyTb meTtoga (1) s

I
« Kak yunTtbliBaTh Npeablayuime Kagpbl?
* [1pocToe 3aryxaHue BNUAHUS NpeablayLwmx
o OMMNPUYECKUN BbIDOP Haurny4yllero kaHagnaara
* Fusion-ceTb
« MoXXHO ncnosb3oBaThb 1t0O0N ABYXKaOpOBbIN METOA

« [1na kaxxgoro npeablayuwero Kagpa BblYUCNSETCA NMPSIMOU
n obpaTHbIN MNOTOK, 0ObeaMHEHNE NOTOKOB fusion-ceTbio

CS MSU Graphics&Media Lab (Video Group) Z. Ren et al., “A fusion approach for multi-frame
www.compression.ru/video optical flow estimation,” in WACYV, 2019 50
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MFF 28

CyTb meToaa (2) e

VIDEO GROUP

FlonyyeHune kaHaMaaTa Ha NOTOK C MOMOLLbIO NpeablayLLero
Kagpa

L — -1
Ft—>t+1 =W (Ft—1—>tr Ft—>t—1)
Oracle flow — uccnegoBaHue noTeHUManbHOro yny4veHus

C NMOMOLLbIO cpaBHeHUs kKaHauaaToB ¢ GT

FlowNetS Oracle | PWC-Net Oracle
EPE All 6.12 4.35 2.34 1.80
EPE Inside 4.03 2.62 1.60 1.20
EPE Outside 28.97 21.83 10.43 7.90
EPE Occlusion 7.44 4.63 241 1.82

FlowNetS Oracle | PWC-Net Oracle
EPE All 2.07 1.89 1.19 1.03
EPE Inside 1.91 1-75 1.19 1.03
EPE Outside 11.47 9.79 8.00 6.90
EPE Occlusion 8.16 7.00 5.83 4.88

CS MSU Graphics&Media Lab (Video Group) Z. Ren et al., “A fusion approach for multi-frame
www.compression.ru/video optical flow estimation,” in WACYV, 2019
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MFF &

GRAPHICS & MEDIA LAB

ApXUTEKTYypa

CS MSU Graphics&Media Lab (Video Group) Z. Ren et al., “A fusion approach for multi-frame
www.compression.ru/video optical flow estimation,” in WACV, 2019 52



MFF

Baseline: FlowNetS++

—1=,
LBy

GRAPHICS & MEDIA LAB
VIDEO GROUP

FlowNetS
+ CONV 6

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video

Z. Ren et al., “A fusion approach for multi-frame
optical flow estimation,” in WACYV, 2019
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MFF 8

GRAPHICS & MEDIA LAB

Baseline: GRU-RCN

FlowNetS
+ GRU 6

_—
RCN

. =—— CONVS5
i +~—— CONV3
T, S L, BT, .
) ) s | S S ) ¢
CS MSU Graphics&Media Lab (Video Group) Z. Ren et al., “A fusion approach for multi-frame

www.compression.ru/video optical flow estimation,” in WACYV, 2019 54



MFF
ObyuyeHne

Oby4eHue:
* FlyingChairs
* FlyingThings3D

CpaBHeHuMe ¢ bensnanHoMm:
* virtualKITTI (2016)
 Monkaa (2016)

CpaBHeHme C OCTallibHbIMW allfoOpNTMaMM.

e« KITTI
e Sintel

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video

Z. Ren et al., “A fusion approach for multi-frame
optical flow estimation,” in WACYV, 2019
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MFF 8

GRAPHICS & MEDIA LAB

DYHKUMA OLLINOKM

L,-perynsapusauus

L
l
L(©) = Y |ai]> (Iwe(x) — wer(x)| + €)7|+{y[1©l15
l:Jo X
KO3 PULUNEHT ycTon4mas owmbka
YPOBHS LLlap6oHbe
HMpaviviibl

g — napamMeTp TONepaHTHOCTU K oLUMOKam

CS MSU Graphics&Media Lab (Video Group) Z. Ren et al., “A fusion approach for multi-frame
www.compression.ru/video optical flow estimation,” in WACYV, 2019 56
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SN N
MFF v o
CpaBHeHMe pasHbIX KoHdurypaumm (1)
FlowNetS | FlowNetS++ | GRU 3 | GRU 4 | GRU 5 | GRU 6 | Fusion | Oracle
EPE All 6.12 5.90 5.26 5.40 ) b 5:32 5.00 435
EPE Inside 4.03 3.87 3.61 3.64 3.58 3.59 3.14 2.62
EPE Outside 28.97 2757 23.26 | 24.60 | 22.28 | 24.25 | 25.15 | 21.83
EPE Occlusion 7.44 7.11 5.93 6.27 5.82 6.18 6.14 4.63
FlowNetS | FlowNetS++ | GRU 3 | GRU 4 | GRU 5 | GRU 6 | Fusion | Oracle
EPE All 2.07 2.06 2.56 2.45 2.34 227 1.97 1.89
EPE Inside 1.91 1.89 2.37 2.27 2.16 2.09 1.8 1.75
EPE Outside 11.47 11.12 13.13 | 1276 | 1265 | 1243 | 1143 | 99
EPE Occlusion 8.16 8.02 9.17 9.07 8.84 8.71 7.89 7.00

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video

Z. Ren et al., “A fusion approach for multi-frame
optical flow estimation,” in WACYV, 2019
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SN N
MFF v o
CpaBHeHMe pasHbIX KoHduUrypaumm (2)
PWC-Net | GRU 3 | GRU 4 | GRU 5 | GRU 6 | Fusion | Oracle
EPE All 2.34 2.17 2:13 2.12 2.16 2.07 1.80
EPE Inside 1.60 1.44 1.41 1.40 1.42 1.37 1.20
EPE Outside 10.43 10.01 9.94 10.02 0.86 9.71 7.90
EPE Occlusion 241 2.29 2.24 2.24 2.26 2.27 1.82
PWC-Net | GRU 3 | GRU 4 | GRU 5 | GRU 6 | Fusion | Oracle
EPE All 1.19 1.26 1.23 1.27 1.27 1.18 1.03
EPE Inside 1.19 1.26 1.23 1.27 1.27 1.18 1.03
EPE Outside 8.00 8.16 8.11 8.55 8.42 7.94 6.90
EPE Occlusion 5.83 5.97 5.90 5.80 5.79 5.67 4.88

CS MSU Graphics&Media Lab (Video Group)

www.compression.ru/video

Z. Ren et al., “A fusion approach for multi-frame
optical flow estimation,” in WACYV, 2019
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MFF &
BbiBOAbI
I
[locTonHCTBA:
« OOuH 13 Ny4Wwnx METOAOB MO ONTUYECKOMY NMOTOKY
» [lpocTasa noeq, oowmm metoa
* BbINOXeHbl CKpUNTbl 00y4YeHUA N 0BYy4YEeHHbIE MOAENW
HepocTaTok:
« B 2 pasa megneHHee no cpaBHeHUto ¢ PWC-Net
CS MSU Graphics&Media Lab (Video Group) Z. Ren et al., “A fusion approach for multi-frame 60

www.compression.ru/video optical flow estimation,” in WACYV, 2019



CooeprkaHune

 BBegeHue
 MeToabl noncka obracten oTKPbITUSA/3aKPbITUSA
 MeToabl noncka onTM4eCcKoro NOToka
« MFF
e PWC-Net+
o 3aKr4veHune

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video
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A
PWC-Net+ &
Knaccunyeckme MeToabl
I
Image Image Upsampled flow
pyramid 1  pyramid 2
o -
b rev !
I
| | :
! Warpin
YHYT I —
I
I
b b
| : & 0
e g 2 0L, w4
| | minimization
Reﬁlled ﬂow TMEEEEEEREEREEDS ll IIIIIIIIIIII
‘ .« i Post-processing :
D. Sun et al., “Models matter, so does training:
CS MSU Graphics&Media Lab (Video Group) an empirical study of CNNs for optical flow
www.compression.ru/video estimation,” in IEEE TPAMI, 2019 62



PWC-Net+ B

GRAPHICS & MEDIA LAB

Apxutektypa PWC-Net

Feature Feature
pyramid 1 pyramid 2

N
}

- : I Warping layer |<—

» Upsampled flow

.

—'I Cost volume layer ‘

|

Optical flow estimator

Refined flow

»

«———  Context network

D. Sun et al., “Models matter, so does training:
CS MSU Graphics&Media Lab (Video Group) an empirical study of CNNs for optical flow
www.compression.ru/video estimation,” in IEEE TPAMI, 2019 63



PWC-Net+

DyHKUMA OLINOKNK

Owwnbka npu odyvyeHnu:

L

[V_Tfa

NN
o

GRAPHICS & MEDIA LAB
VIDEO GROUP

L©)=) ) |we(x)—wer(x)2+7]0]3

[=lg

X

Owwnbka npu 4oobyveHUu:

C(@) = Z 87

(Iwh (x)—wr(x)|+¢) ' t1©]3

ZZJO X

KO3 (pULIMEHT
YPOBHSA
HMMpaviviibl

CS MSU Graphics&Media Lab (Video Group)

www.compression.ru/video

ycTon4mas oumbka
LLlapboHbe

L,-perynapusauyms

D. Sun et al., “Models matter, so does training:

an empirical study of CNNs for optical flow
estimation,” in IEEE TPAMI, 2019
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PWC-Net+ &

O0Oy4eHune R

1. FlyingChairs — 1 200 000 utepauum
2. FlyingThings3D — 500 000 utepaumn
3. [ooby4yeHue Ha Sintel n KITTI

[TepBbIN NPOTOKON TPEHUPOBKU: A00DOy4YeHne Ha Sintel Final,
300 000 utepaumnu

3 x 10
3.5
o
21
g o 3
£ &
<
S 1+
3 <25
0 . LL ‘ _LL ) ‘ . ' l .
0 0.5 1 1.5 2 2.5 3 0 0.5 | 1.5 2 2.5 3
[terations % 10° Iterations X 105

D. Sun et al., “Models matter, so does training:
CS MSU Graphics&Media Lab (Video Group) an empirical study of CNNs for optical flow
www.compression.ru/video estimation,” in IEEE TPAMI, 2019
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PWC-Net+ B

GRAPHICS & MEDIA LAB

BTopon npoTtokosn obyyeHus

[Nooby4yeHune Ha Sintel, KITTI15 n HD1K, 800 000 utepauunn

5 %107 |
4+ ]
>
g
o0 3 [
R=
2| —
L
—
| —lk
0 B
0 2 4 6 8
[terations % 10°

D. Sun et al., “Models matter, so does training:
CS MSU Graphics&Media Lab (Video Group) an empirical study of CNNs for optical flow
www.compression.ru/video estimation,” in IEEE TPAMI, 2019 66



PWC-Net+
CpaBHeHMe pe3yrnberatos: Sintel
_

Trainin Time
Methods Clean ngnal Clean Final (s)
PatchBatch [61] - - 5.79 6.78 50.0
EpicFlow [28] - - 412 6.29 15.0
MRFlow [35] 1.83 3.599 2.53 5.38 480
FlowFieldsCNN [30] - - 3.78 5.36 23.0
SpyNet-ft [11] (3.17) (432) 664 836 0.16
FlowNet2 [10] 2.02 3.14 3.96 6.02 0.12
FlowNet2-ft [10] (145) (2.01) 416 574 012
FlowNetS+ 2.80) (2.76) 649 654  0.01
FlowNetC+ 231 2.34 5.04 5.47 0.05
PWC-Net-small 2.83 4.08 - - 0.02
PWC-Net-small-ft (2.27) (2.45) 5.05 B2 0.02
PWC-Net 255 3.93 - - 0.03
PWC-Net-ft (1.70) (221) 38 513 0.3
PWC-Net-ft-final (2.02) (2.08) 439 504 0.3
PWC-Net_ROB (1.81) (2290 390 490 0.3
PWC-Net+ (171) (234) 345 460 0.3

D. Sun et al., “Models matter, so does training:
CS MSU Graphics&Media Lab (Video Group) an empirical study of CNNs for optical flow

www.compression.ru/video

estimation,” in IEEE TPAMI, 2019
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PWC-Net+ 8BS

CpaBHeHue pesynbratos: KITTI T

KITTI 2012 KITTT 2015
Methods AEPE AEPE Fl-Noc AEPE Fl-all Fl-all
train  test test train  train test

EpicFlow [28] - 3.8 7.88% - - 26.29 %
FlowFields [62] - - - E - 19.80%
MRFlow [35] - - - - 14.09 % 12.19 %
DCFlow [17] - B - - 15.09 % 14.83 %
SDF [29] - 2.3  3.80% E - 11.01 %
MirrorFlow [63] - 26 4.38% - 9.93% 10.29%
SpyNet-ft [11] (4.13) 4.7 1231% - B 35.07%
FlowNet2 [10] 4.09 10.06 30.37% -

FlowNet2-ft [10]  (1.28) 1.8 4.82% (2.30) (8.61%) 10.41 %
LiteFlowNet-CVPR (1.26) 1.7 - (2.16) (8.16%) 10.24 %
LiteFlowNet-arXiv (1.05) 1.6 3.27% (1.62) (5.58%) 9.38 %

PWC-Net 114 - — 1035 33.67% -
PWC-Net-ft-CVPR (1.45) 17 4.22% (2.16) (9.80%) 9.60%
PWC-Net-ft (1.08) 1.5 341% (1.45) (7.59%) 7.90%

D. Sun et al., “Models matter, so does training:
CS MSU Graphics&Media Lab (Video Group) an empirical study of CNNs for optical flow
www.compression.ru/video estimation,” in IEEE TPAMI, 2019 68



Frame 46 of “Market_5" (training, clean)

\W/olDenseNet|

Frame|5/oflyAmbus hi3g final)

PWE:=Net=Sintel:ft;

PWE:=Net:=Sintel-ffi




ElowNetC

ElowNetC+ ElowNetC¥




PWC-Net+ &

XapaKkTepUCTUKN CETeN
|

Methods FlowNetS FlowNetC FlowNet2 SpyNet PWC-Net PWC-Net-small
#parameters (M) 38.67 39.17 162.49 1.2 8.75 4.08
Parameter Ratio 23.80%  24.11% 100%  0.74%  5.38% 2.51%
Memory (MB) 154.5 156.4 638.5 9.7 41.1 229
Memory Ratio  24.20%  24.49% 100%  1.52% 6.44% 3:09%
Training (days) + 6 >14 - 4.8 4.1
Forward (ms) 11.40 21.69 84.80 - 28.56 20.76
Backward (ms) 16.71 48.67 78.96 - 44.37 28.44

D. Sun et al., “Models matter, so does training:
CS MSU Graphics&Media Lab (Video Group) an empirical study of CNNs for optical flow
www.compression.ru/video estimation,” in IEEE TPAMI, 2019 4
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PWC-Net+ &

BbiBOAbI s

]
[locTonHCTBA:

« ABTOpbI NpoBenn nogpobHoe nccrnegosaHne
npounssogutensHoctn PWC-Net ona pasnnyHbix crnocobos
o0y4eHus, yny4dwmnmn cBou npeabiaywmnm pesynerar

 Jlyywimne mogenu BbINOXEHbI BMECTE CO CKpUNTamMu
o0y4eHus

HepocTaTok:

* CrnoXHOCTb pacnucaHmsa oby4yeHusi, NPUMEHNUMOCTb TOSbKO
anga Sintel

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video 72
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SN
CopepxxaHue

 BBegeHue

 MeToabl noncka obracten oTKPbITUSA/3aKPbITUSA
 MeToabl nomncka onTMYecKoro NOToka

e 3aKno4yeHue

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video 73



3aKrryeHne
MeTtoabl noncka obnacteun o/3

A

N
&

GRAPHICS & MEDIA LAB

VIDEO G

ROUP

IRR-PWC C yuntenem
FlowNet-CSSR
MeTtoa AnekcaHapbl C y4yuTenem

C yuntenem

OccAwareFlow be3 yuntens

ContinualFlow ROB c yuutenem

MODOF HEe HENPOCETb
Back2FutureFlow be3 yuntens

S2DFlow He HenpoceTb
MirrorFlow HEe HENPOCETb

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video

0.71
0.70
0.56
0.54

0.49

0.38
0.39

0.67
0.65
0.53
0.48
0.48
0.48
0.44
0.35
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GRAPHICS & MEDIA LAB

3aktoyeHume

B noknaae Obiin pacCMOTpPEHDbI:

* MeTtogbl 0AHOBPEMEHHOIO BblYNCIEHMST ObnacTemn
OTKPbITUS/3aKPbITUS N OMTUYECKOro NOTOKAa

« Cnocobbl yny4ylleHus y>xe 3apekoMeHa0BaBLLNX
cebsa MeTogoB Noncka ONTUYECKOro NOoToKa

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video 75



I_I J-I a H bl VIDEO GROUP

—
* /icnonb3oBaHne METOAO0B YNy4LLIEHUs MoUcKa
ONTUYECKOro NoToKa Ans nomcka obnacremn
OTKPbITUSA/3aKPbITUSA

» Pa3paboTtaTb METO Nonucka obnacrteun
OTKPbITUA/3aKPbITUS B CTEPEOBNAEO0, KOTOPbLIN Obl
npes3oLuen Tekywmnn ncnonbdyemoit B VQMT3D
0151 NOCTPOEHUSA KapT JOBEPUSI METOA

CS MSU Graphics&Media Lab (Video Group)
www.compression.ru/video
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