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• DCT (JPEG) and DWT (JPEG2000) compression

• JPEG2000 encoding pipeline
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multi-resolution analysis
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Optical Flow

• Brightness Constancy

• The Aperture problem

• Regularization

• Lucas-Kanade

• Coarse-to-fine

• Parametric motion models

• Direct depth

• SSD tracking

• Robust flow

• Bayesian flow
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Optical Flow: Where do pixels move to?



Motion is a basic cue 

Motion can be the only cue for segmentation

7
Some slides from Luc Van Gool



Motion is a basic cue

Even impoverished motion data can elicit a strong percept
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Applications

• tracking

• structure from motion

• motion segmentation

• stabilization

• compression

• Mosaicing

• …
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Definition of Optical Flow
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OPTICAL FLOW = apparent motion of 

                               brightness patterns

Ideally, the optical flow is the projection of the three-

dimensional velocity vectors on the image

➔



Caution required
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Two examples : 

1. Uniform, rotating sphere

                    

            O.F. =  0

2. No motion, but changing lighting

                    

             O.F.   0

➔



Caution required
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Mathematical formulation
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I (x,y,t) = brightness at (x,y) at time t

Optical flow constraint equation : 
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Optical Flow

• Brightness Constancy

• The Aperture problem

• Regularization

• Lucas-Kanade

• Coarse-to-fine

• Parametric motion models

• Direct depth

• SSD tracking

• Robust flow

• Bayesian flow



The aperture problem
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The aperture problem

0



Aperture problem and Normal Flow
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The aperture problem
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Remarks
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Apparently an aperture problem

21
➔
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What is Optic Flow, anyway?

• Estimate of observed projected motion field
• Not always well defined!
• Compare:

– Motion Field (or Scene Flow)
projection of 3-D motion field

– Normal Flow
observed tangent motion

– Optic Flow
apparent motion of the brightness pattern
(hopefully equal to motion field)

• Consider Barber pole illusion
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Horn & Schunck algorithm 

25

Additional smoothness constraint : 

,))()(( 2222 dxdyvvuue yxyxs +++= 

besides OF constraint equation term

,)( 2dxdyIvIuIe tyxc ++= 

minimize es+ec



Horn & Schunck
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The Euler-Lagrange equations : 
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Horn & Schunk
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Remarks : 

1. Coupled PDEs solved using iterative 

    methods and finite differences

2. More than two frames allow a better 

    estimation of It

3. Information spreads from corner-type 

    patterns
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Horn & Schunk, remarks
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1. Errors at boundaries

2. Example of regularisation

    (selection principle for the solution of

    illposed problems)

➔
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Results of an enhanced system 
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Structure from motion with OF
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KLT feature tracker:

see “Good Features to Track”, Shi and Tomasi, CVPR'94, 1994, pp. 593 - 600. 
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OF application: Image stabilization

DeShaker

Video_image_stabilization.ogv
http://www.guthspot.se/video/deshaker.htm


OF application: MatchMoving

file://localhost/Users/pomarc/Dropbox/pomarc/Documents/Courses/visualcomputing/VisComp06b_VideoCompression/Cliff_DIVX_half.avi




OF application: Slow motion

• Slow motion (generate intermediate frames)

• Technology is also key to  100Hz television



SlowMoVideo

http://slowmovideo.granjow.net/ 

Bachelor thesis Simon Eugster

http://slowmovideo.granjow.net/
Eugster/Hair.avi
Eugster/Timelapse-retimed.avi
Eugster/Smoke-Ultraslow.avi
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KLT: Good features to keep tracking

Simple displacement is sufficient between consecutive 
frames, but not to compare to reference template



60



61



62



63



64



66



Advanced parametric model

• Optical flow constrained by non-rigid face model

Flexible flow for 3D nonrigid tracking and shape recovery,

Brand and Bhotika, CVPR2001.
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Brand, M.E.; Bhotika, R., "Flexible Flow for 3D Nonrigid Tracking and Shape 

Recovery", IEEE Computer Society Conference  on Computer vision and Pattern 
Recognition (CVPR), ISSN: 1063-6919, Vol. 1, pp. 315-322, December 2001
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Rhombus Displays 

http://www.cs.huji.ac.il/~yweiss/Rhombus/

http://www.cs.huji.ac.il/~yweiss/Rhombus/
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Thursday:
video compression
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