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What 1s Optical Flow!

The motion of pixels between consecutive frames in time.
a 2D flow vector at each pixel

(.Xf,y,f— 1)
'\A(u, V) x+u,y+v,i)

Reference Target
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What 1s Opt

The motion of pixels between consecutive frames in time.

a 2D flow vector at each pixel




Why Optical Flow!

* Processing of video sequences

* Action recognition, object detection and tracking,
video denoising, frame interpolation and video summarization

» Autonomous driving
egso-motion estimation, structure from motion



How to Solve Optical Flow?

» Given a pixel In t-1, look for nearby pixels of the same color In t



How to Solve Optical Flow?

+ Given a pixel in t-1, look for nearby pixels of the same color in t
» Color constancy: a point in t-1 looks the same In t.

» Small motion: points do not move very far.




How to Solve Optical Flow?

Brightness constancy assumption

(x,y,t —1)
N ) (+ 1,y +v.1)
o
Reference Target

I(x,y,t—1)=Ix+u,y+v,t)



How to Solve Optical Flow?

Linearizing the right side using laylor Expansion:

I(x,y,t— 1) =Ix+u,y+v,i
I(x,y,t = 1) =1x,y, ) + [, u+1v

Lu+l,v+1=0



How to Solve Optical Flow?

Aperture problem: 2 unknowns, | equation

Lu+l,v+1,~0



How to Solve Optical Flow?

Aperture problem: 2 unknowns, | equation

Lu+l,v+1,~0

Solution: Additional constraints



Traditional Methods

» Lukas-Kanade: Spatial coherence constraint
same flow within a window

* Horn&Schunck: Smoothness constraint
neighbouring pixels having similar flow

B. Lucas and T. Kanade. An lterative Image Registration Technigue with an Application to Stereo Vision. lJCAI 1981,
B.K.PHorn and B. G. Schunck. Determining Optical Flow. Al, 1981,



[he Next Challenge

Sintel




Coarse-to-rFine Strategy
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Coarse-to-rFine Strategy
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c2E Learning of Optical Flow: FlowNet

FlowNetSimple
ooVt

P Fischer, A. Dosovitskiy, E. llg, P Hausser, C. Hazirbas, V. Golkoy, P van der Smagt, D. Cremers, and 1. Brox. FlowNet: Learning Optical Flow with Convolutional Networks. ICCV 2015,



£2E Learning of Optical Flow: FlyingChalirs

P Fischer, A. Dosovitskiy, E. llg, P Hausser, C. Hazirbas, V. Golkoy, P van der Smagt, D. Cremers, and 1. Brox. FlowNet: Learning Optical Flow with Convolutional Networks. ICCV 2015,
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c2E Learning of Optical Flow: PWC-Net

Image Image
pyramid 1  pyramid 2

D. Sun, X.Yang, M. Liu, and |. Kautz. PWC-Net: CNNs for Optical Flow Using Pyramid, VWarping, and Cost Volume. CVPR, 2018.
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c2E Learning of Optical Flow: PWC-Net

Image Image Upsampled flow Feature Feature @~ [------------------ » Upsampled flow

I
pyramid 1  pyramid 2 : : pyramid 1 pyramid 2 _—p! - ’ .
- PP i : \ »

Warping layer

Cost volume layer
Energy
minimization
Optical flow estimator
-RCCLERLELELLLELLCCLEL . Refined flow

Post-processing .. «—  Context network

D. Sun, X.Yang, M. Liu, and |. Kautz. PWC-Net: CNNs for Optical Flow Using Pyramid, VWarping, and Cost Volume. CVPR, 2018.
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c2E Learning of Optical Flow: PWC-Net

--------------------------------------------

Upsampling (x2) =
U ..
i U7
R Flow Decoder !
Fio -
1

D. Sun, X.Yang, M. Liu, and |. Kautz. PWC-Net: CNNs for Optical Flow Using Pyramid, VWarping, and Cost Volume. CVPR, 2018.
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-2E Learning of Optical Flow: Occlusions

S. Zhao, Y. Sheng,Y. Dong, E. |-C. Chang, and Y. Xu. MaskFlownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.

24



-2E Learning of Optical Flow: Maskrlownet

Flow

[ 4

Learnable Occlusion Mask

-7 474

Warped Image

Masked Image

S. Zhao, Y. Sheng,Y. Dong, E. |-C. Chang, and Y. Xu. MaskFlownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.
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-2E Learning of Optical Flow: Maskrlownet

Image 2 Flow Image 2 Features Flow

- 7

Warped Image Learnable Occlusion Mask Warped Features :

Learnable Occlusion Mask
R — _ .

~ ’CI

Masked Image Masked Features

S. Zhao, Y. Sheng,Y. Dong, E. |-C. Chang, and Y. Xu. MaskFlownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.
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MaskFlownet: Feature Matching

¢ ¢: predicted flow field

Feature Matching Module Cost Volume

S. Zhao, Y. Sheng, Y. Dong, E. I-C. Chang, and Y. Xu. MaskF lownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.
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Maskrlownet: Occ-Aware Feature Matching

) 6 u ¢: predicted flow field
@: learnable occlusion mask
W trade-off term

_L Corr.
Layer
:Fl (I]_) . J

Occlusion-Aware Cost Volume
Feature Matching Module

F'(Iz)

S. Zhao, Y. Sheng,Y. Dong, E. |-C. Chang, and Y. Xu. MaskFlownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.
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MaskFlownet: Asymmetric Occ-Aware Feature Matching

¢ 0 u ¢: predicted flow field
@: learnable occlusion mask
l W trade-off term
l ( )
F* (1) Deform.

Conv. 1 W
) ’ Corr.
|_’ Layer
f-l (Il) \ J

Asymmetric Occlusion-Aware Cost Volume
Feature Matching Module

S. Zhao, Y. Sheng,Y. Dong, E. |-C. Chang, and Y. Xu. MaskFlownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.
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Deformable Convolution

Dilated convolutions with a learned offset

B t,\).
___________ ¢ oo _______ofig_‘i_,'ain
O
® O o S
‘/\A. _________

(2) (b)

Regular Deformable

J. Dai, H. QY. Xiong, Y. Li, G. Zhang, H. Hu, and Y.Wel. Deformable Convolutional Networks. [CCV, 2017.
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MaskFlownet: Network Connections

¢l+1 _>0
”l+191+1 iA}Go

F(

,

AsymOFMM

o

F(

Convolutional Layers

S. Zhao, Y. Sheng, Y. Dong, E. I-C. Chang, and Y. Xu. MaskF lownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.
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c2E Learning of Optical Flow: MaskFownet

Occ. Mask//'
" 4

Asym-
OFMMs

Feature Pyramid

S. Zhao, Y. Sheng,Y. Dong, E. |-C. Chang, and Y. Xu. MaskFlownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.
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c2E Learning of Optical Flow: MaskFownet

Feature Pyramid

Asym-

&
Warped I,
Occ. Mask '

OFMMs

Feature Pyramid

Occlusion-Aware Feature Pyramid

Corr.
Layers

concat

Asym-

OFMMs

2

S. Zhao, Y. Sheng,Y. Dong, E. |-C. Chang, and Y. Xu. MaskFlownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.

v
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-2E Learning of Optical Flow: Maskrlownet

Image Overlay

Source Features Target Features

S. Zhao, Y. Sheng,Y. Dong, E. |-C. Chang, and Y. Xu. MaskFlownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.
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c2E Learning of Optical Flow: MaskFownet

w/o Trade;off

Warped Image

w/ Trade-off

S. Zhao, Y. Sheng,Y. Dong, E. |-C. Chang, and Y. Xu. MaskFlownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.
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-2E Learning of Optical Flow: Maskrlownet

| ’ \___‘/u
Warped Image Occ. Mask

‘\
:

Features / Msk Featuesw/ Mask

S. Zhao, Y. Sheng,Y. Dong, E. |-C. Chang, and Y. Xu. MaskFlownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.
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-2E Learning of Optical Flow: Maskrlownet

S. Zhao, Y. Sheng,Y. Dong, E. |-C. Chang, and Y. Xu. MaskFlownet: Asymmetric Feature Matching with Learnable Occlusion Mask. CVPR, 2020.
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The Problem of Data

» Learning Optical Flow requires large datasets.

» Obtalning real-world annotated datasets is hard.

38
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Real-World Optical Flow

i e R Wk I A
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J. Janal, . Guney, |. Wulff, M. Black, and A. Geiger. Slow Flow: Explorting High-Speed Cameras for Accurate and Diverse Optical Flow Reference Data. CVPR, 201 7.
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Real-World Optical Flow

J. Janal, . Guney, |. Wulff, M. Black, and A. Geiger. Slow Flow: Explorting High-Speed Cameras for Accurate and Diverse Optical Flow Reference Data. CVPR, 201 7.
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Explorting High-Frame Rate for Real-World Optical Flow

% 2. Dense Tracking

J. Janal, . Guney, |. Wulff, M. Black, and A. Geiger. Slow Flow: Explorting High-Speed Cameras for Accurate and Diverse Optical Flow Reference Data. CVPR, 201 7.
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A Systematic Evaluation

Flow Magnitude

Motion Blur

J. Janal, . Guney, |. Wulff, M. Black, and A. Geiger. Slow Flow: Explorting High-Speed Cameras for Accurate and Diverse Optical Flow Reference Data. CVPR, 201 7.
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The Problem of Data

» Learning Optical Flow requires large datasets.

» Obtaining real-world annotatec

44

C

atasets Is hard.



The Problem of Data

» Learning Optical Flow requires large datasets.

» Obtaining real-world annotatec

Unsu

bervised learning allows to use unlabellec

45

C

atasets Is hard.

data.



Unsupervised Learning

Photometric Loss

N

e Estimate flow

Reference

+ Warp target frame
according to estimated flow

46



Unsupervised Learning

N

Photometric Loss

e Estimate flow

Reference

+ Warp target frame
according to estimated flow

> (i(p+ui) ~1ev))

+ Minimize distance between ped I T

warped and reference frames Domain of - Warped g ¢ once
Reference Target
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Unsupervised Learning

N

Photometric Loss

e Estimate flow

Reference

+ Warp target frame R oyt
according to estimated flow unction
25( <p+u )) IR(p)>
» Minimize distance between pe T T
warped and reference frames Domain of - Warped g ¢ once

Reference Target

43



A Baseline

Take the SOTA method and train unsupervised.

D. Sun, X.Yang, M. Liu, and |. Kautz. PWC-Net: CNNs for Optical Flow Using Pyramid, VWarping, and Cost Volume. CVPR, 2018.

Unsupervised
PWC-Net

49



Unsupervised Learning

Photometric Loss

e Estimate flow

Reference

+ Warp target frame
according to estimated flow

« Minimize distance between SR
Warped larget
warped and reference frames

50



Unsupervised Learning

Photometric Loss

e Estimate flow

+ Warp target frame
according to estimated flow

« Minimize distance between 54
Warped larget
warped and reference frames with Ghosting Effect

o)



The Problem of Data

L earning Optical Flow requires large datasets.

Obtaining real-world annotated datasets Is hard.

Unsupervised learning allows to use unlabelled data.

Photometric loss I1s misleading due to Ghosting Effect.

52



Our Solution

Exploit multiple frames

Ground-truth '
4 . 4
Unsupervised
Multi PWC-Net ‘

J. J]anal, F. Guney, A. Ranjan, M. Black, A. Geiger. Unsupervised Learning of Multi-Frame Optical Flow with Occlusions. ECCV, 2018.

Unsupervised
PWC-Net

53



Our Solution

Explort multiple frames and model occlusions

Ground-truth '
« é | '
Unsupervised
Multi PWC-Net ‘ ‘

J. Janai, F. Guney, A. Ranjan, M. Black, A. Geiger. Unsupervised Learning of Multi-Frame Optical Flow with Occlusions. ECCV, 201 8.

54

Unsupervised
PWC-Net

Unsupervised
Multi PWC-Net
with Occlusions



Formulation

* |n atemporal window

. F|OW UPa UFEl WxHX2

e Occlusions O e [0,1]VxHx2

53



Formulation: Visible

Visible Op ~ Or

* |n atemporal window

. F|OW UPa UFEl WxHX2

e Occlusions O e [0,1]VxHx2
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Formulation: Past Occlusion

e |n atemboral window Past Occlusion Op > O

. F|OW UPa UFEl WxHX2

e Occlusions O e [0,1]VxHx2

S/



Formulation: Future Occlusion

e |n atemporal window Future Occlusion Op < O

. F|OW UPa UFEl WxHX2

e Occlusions O e [0,1]VxHx2
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Formulation

* |n atemporal window

. F|OW UPa UFEl WxHX2

e Occlusions O e [0,1]VxHx2

59



Architecture

Input
Images [Feat. Pyr.]

F1

60



Architecture

Upsampling (x2)

[ —1+1
Input F! H H
Images Feat. Pyr | ] Past | Future | |
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Architecture

Upsampling (x2) <
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| Oss Function

L = Lp + Ls. + Ls, + Ls (0) + Lo + Lcov(0)
N —— N N N !

Photometric Flow Occlusion Occlusion Constant

smoothness smoothness Drior velocity
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| Oss Function

Lp
N

Photometric

64



Photometric Loss

Future Occlusion Op < Or

Future Warped
Occlrsion PT,’[
D 0xp) - & (ip (p up (p) ) I; (p))
pel

+ ) 0up) -5 (iF (p + up (P)>»IR (P))

peQ T T T
Past Warped
Occlusion CUture Reference

O(p) = (Of, Op) = (1,0)
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Photometric Loss

Past Occlusion Op > Or

Future Warped
Occlrsion PTt
Z Or(p) -0 (ip (P Up (P) >, Ip (P))
pEl

+ ) Oup) -5 (iF (p + up (P))»IR (P))

peQ T T T
Past Warped
Occlusion CUture Reference

O(p) = (Of, Op) = (0,1)
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Photometric Loss

Visible Op ~ Or

Future Warped
Occlrsion PTt
Z Or(p) -0 <iP (P Up (P) >, Ix (P))
pel

+ ), 0up) - 5 (iF (p + up (P))»IR (P>)

peQ T T T
Past Warped
Occlusion CUture Reference

O(p) = (0, 0,) ~ (0.5,0.5)

6/



| Oss Function

Lo
N

Occlusion
prior
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Occlusion Prior

— ) O(p) - O(p)
pEl
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| Oss Function

Lov(0)
N

Constant

velocity
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Constant Velocity: Soft Constraint

5o

N ge\

Ir
e
refe! e

D p (Up@) + Up(p))

pes2
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Visualization

Reference GT 2F PWC Qurs GT OCC Qurs
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Data Distillation: DDFow

Teacher
Model Flow
Guide
v
Student Flow

Model

P Liu, I. King, M. Lyu, and | Xu. DDFlow: Learning Optical Flow with Unlabelled Data Distillation. AAAIL 2019.
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Data Distillation: SelFlow

(a) Reference Image I,

: _—

(b) TargetIimage I; 41

p—

(c) Ground Truth Flow w;_;.1 (d) Warped Target Image 1%, 1_;

¥ o i--»

i d

(g) Occlusion Map O;_,;41

P Liu, M. Lyy, . King, and | Xu. SelFlow: Self-Supervised Learning of Optical Flow. CVPR, 2019.

/3



Data Distillation: SelFlow

(a) Reference Image I; (b) Targetimage I, (c) Ground Truth Flow w;_;.1 (d) Warped Target Image 1%, 1_;
P > : > r - . - — . NN

I t—l It ‘{!:_'i_'_l ------------- >. r
p1e P
, — — Flow
(RO N D2
D2 g
Guide
-1 L leyy i
pr®TT I
— —> Flow (i) Self-Supervision Mask M;_,;,4
p, | [T -’

i d

(g) Occlusion Map 0;_;+1 (h) New Occlusion Map 5t_,t+1

WL
Woa

ke IE S
e

\ ) NI s
(e) SILC Superpixel

P Liu, M. Lyy, . King, and | Xu. SelFlow: Self-Supervised Learning of Optical Flow. CVPR, 2019.
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Good Practices

» Photometric losses

» Occlusion estimation

* Smoothness constraints

» Self-supervision (data distillation)

» Other choices
pre-training, Image resolution, data augmentation, and batch size

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.

77



Good Practices: Photometric Losses

* The Generalized Charbonnier

p(x) = (x° +€%)"

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.
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Good Practices: Photometric Losses

25
— Charbonnier
» The Generalized Charbonnier 20K | Generalized Charbonier (025
—— Lorentzian

p(x) = (x* + €*)° T

10}

p(x)

'''''''

+ Structural similarity index (SSIM) e \ Y

0 Il 1l
-20 -10 0 10 20

Cppy, + )20, + ¢)) *
(uz + p2 +cl)(o,+ 0, + c)

SSIM(x, y) =

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.
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Good Practices: Photometric Losses

* The Generalized Charbonnier

p(x) = (x° +€%)"

» Structural similarity index (S5IM)
(2/4x,uy + cl)(20xy + ¢,)

SSIM(x, y) =
g (uz + p2 +cl)(o,+ 0, + c)

 [he Census loss

, 0 ifp>p

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.
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(Good Practices: Occlusion Estimation

* Forward and backward flow

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.

8|



(Good Practices: Occlusion Estimation

* Forward and backward flow

» Using the range map of the backward flow

Viny) = ), ) max(0,1 — |x — (i + F5,3i./)|)
T max(0,1 = |y = G+ F ) )

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.
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(Good Practices: Occlusion Estimation

* Forward and backward flow

» Using the range map of the backward flow

Viny) = ), ) max(0,1 — |x — (i + F5,3i./)|)
T max(0,1 = |y = G+ F ) )

O(x,y) = min(1,V(x, y))

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.
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(Good Practices: Occlusion Estimation

* Forward and backward flow

» Using the range map of the backward flow

» Gradient stopping at occlusion masks

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.
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(Good Practices: Occlusion Estimation

* Forward and backward flow

» Using the range map of the backward flow

» Gradient stopping at occlusion masks

* Learning a model for occlusion estimation

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.
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(Good Practices: Smoothness

» Edge-aware first and second order smoothness

52l

P

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.
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(Good Practices: Smoothness

» Edge-aware first and second order smoothness

52l

P
 Smoothness at flow resolution

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.
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Good Practices: Self-Supervision

* For pixels that going out of the iImage boundary

|. Apply the model on the full images
2. Crop the images from each edge
3. Apply the model again

4. Use the cropped estimated flow from the full images
as supervision for flow estimation from the cropped images

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.
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Good Practices: Self-Supervision

* For pixels that going out of the iImage boundary

» Occlusion-weighted Charbonnier loss

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.

89



Good Practices: Self-Supervision

* For pixels that going out of the iImage boundary
» Occlusion-weighted Charbonnier |oss

» Continual self-supervision and image resizing

» No freezing; a single model that supervises rtself
» No gradients to teacher

* In the original resolution

R. Jonschkowski, A. Stone, |. T. Barron, A. Gordon, K, Konolige, and A. Angelova. What Matters in Unsupervised Optical Flow. ARXIV, 2020.
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Conclusion

-nd-to-end learning for Optical Flow works great on the benchmarks.
We need to start thinking about real-world scenes.

Obtaining reference data using high-frame rate cameras might be a solution but
we need to work on occlusions.

Unsupervised Learning of multi-frame flow and occlusions is another direction.
We can learn flow and occlusions from any data.

I he next step: explore natural scenes with unsupervised learning.
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Questions!
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