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  Optical Flow (I) 

 

 

• Content 

• Introduction 

• Local approach (Lucas Kanade) 
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What is „Optical Flow“? 

• Optical Flow is a major task of every biological and 

artificial visual system 

• Is the aparent motion in images sequenzes. 

• Can be seen as a velocity field that transforms one 

image to the next image in a sequence 
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The apparent motion 

• Optical flow is not the “true” 3D motion of the objects 

• It is the 3D motion projected to the camera plane 

• The “true” 3D motion is called the “scene flow” and 

additionally requires 3D information of the scene 
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Applications of Optical Flow 

• Tracking 

• Video Compression (Recent MPEG Standard) 

• 3D Reconstruction (Stereo) 

• Segmentation 

• Object Detection 

• Video Interpolation in time (The Matrix) 
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History 

• Computing Optical Flow started in the early 80’s and 

is still a hot research topic 

 

– 1980: Horn and Schunck (global approach) 

– 1981: Lucas and Kanade (local approach) 

– 1989: Shulman and Herve (discontinuity preserving) 

– 1993: Black and Anandan (robust optical flow) 

– 1999: Alvarez et al. (PDE model) 

– 2003: Bruhn et al. (realtime optical flow using mulitgrid) 

– 2004: Brox et al. (high accuracy using warping) 

– 2007: Zach, Pock, Bischof: (duality based minimization) 

– … 
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Evaluation 

• For a long time, the so-called Yosemite sequence 

(Barron et al. 1994) was used to evaluate the 

algorithms 

Yosemite Yosemite with clouds 
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Evaluation 

• Middlebury optical flow benchmark (Baker et al. 2007) 
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Evaluation 

• SINTEL open source synthetic movie, Butler et al. 2012 
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Basic assumptions 

• Brightness constancy assumption 

– The intensities remain constant, although the location might change. 

– Problems by changing illumination 

– Can be generalized to a „feature constancy“ assumption 

 

• Spatial coherence assumption 

– Neighbouring pixels are likely to have the same motion 

– Difficult to find a good model 

 

• Temporal persistence 

– Motion changes gradually over time 

– Only useful in case of high frame rates (small motion) 
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Brightness constancy assumption 

• We assume that intensity patterns only change their 

positions 

frame t frame t+1 
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• Aperture Problem: Only the normal flow can be estimated 

• Untextured areas: No information in untextured areas 

Difficulties of the brightnes constancy 

assumption 
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Changing illumination 

• A changing illumination induces an optical flow that 

does not correspond to the motion of the object 

 

 

 

 

 

 

 

• A changing illumination causes an optical flow 

although the object does not move 
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What to do if the brightness constancy 

assumption is violated? 

• If the illumination changes from frame to frame, the 

brightness constancy assumption may be violated 

• A simple idea is to perform a structure-texture 

decomposition 

• Although the absolute intensity values might change, 

the texture part stays the same 

 

1. Low-pass filter the images (e.g. total variation smoothing) 

2. Subtract the low-pass filtered images from the original images 

3. Work with the resulting images 
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Structure - Texture Decomposition 
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Structure - Texture Decomposition 
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Beyond the brightness 

constancy assumption 

• What can we do if we want to 

compute the optical flow 

between such images? 

• We can work on feature 

transforms such as SIFT 

• Each pixel in the images is 

replaced by its SIFT feature. 

• SIFT-Flow [Liu, Yuen, Torralba, 

2011] 
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The optical flow constraint (OFC) 

• Brightness constancy assumption 

 

 

• Taylor development leads to the linearized 

Brightness Constancy Assumption 

 

 

• Error function over the whole image 

 

 

• Underdetermined problem 
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Linearization of the Image 
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The Linearized Data Term (p=2) 
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The Linearized Data Term (p=1) 
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Spatial coherence assumption 

• Describes the a-priori assumption about flow fields 

• Can be learned from statistics of natural flow fields 

 

without spatial coherence with spatial coherence 
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Temporal persistency 

• Idea: The motion of objects does not suddenly change 

• for example, one can assume linear motion model 

between three frames 

• Can be generalized to higher-order models 

• Unfortunately, it does not improve too much in practice 
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General outlook 

• We will now discuss three methods 

– Lukas – Kanade method 

– Horn – Schunck method 

– TV-L1 method 

• All methods can only be used to estimate small motion 

• We will first assume that we only have small motion 

 

• Large motion can be computed using a coarse-to-fine 

warping framework 

• Finally we will discuss Matlab implementations of all 

three methods 
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The Lucas Kanade (LK) method 
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A local approach 

• Impossible to compute a dense flow field by only 

using the optical flow constraint 

• Basic idea: Introduce additional constraints 

– Flow field should be locally smooth 

– Assume that a certain neighborhood  has the same motion 

– E.g. 5x5 pixels would give us 25 equations instead of one ! 
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Lucas-Kanade optical flow 

28 

• We now have more equations than unknowns 

– The summations are over all pixels in the K x K window 

• Solution:  solve least squares problem 

– minimum least squares solution given by solution of: 
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Conditions for solvability 

• Optimal (u, v) satisfies Lucas-Kanade equation 

 

 

 

 

• When is this system solvable? 
–          is recognized to be the structure tensor 

– Invertible, if both eigenvalues are sufficiently larger than zero 
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The Lucas Kanade (LK) method 

• Advantages 

– Only one parameter (window size) 

– Very fast to compute (easily realtime) 

– Can be done dense or sparse 

 

• Disadvantages 

– Each patch is independent, no global consensus 

– The local window assumes a constant motion 

– Sometimes bad results  

 


