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Introduction
• Optical flow: motion of image pixels



Introduction
Middlebury benchmark (Baker et al.) 2007 Oct.



Introduction
Middlebury benchmark (Baker et al.) 2009 Dec.



Introduction
• Papers differ in

– Objective function
– Optimization method
– Implementation details

• What makes optical flow accurate?

• Approach: start from classical formulation



Evaluation
• Classical formulation (Horn & Schunck 1981, Black & 

Anadan 1996)
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Evaluation
• Classical formulation (Horn & Schunck 1981, Black & 

Anadan 1996)

• Data term: constancy of image property
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Evaluation
• Classical formulation (Horn & Schunck 1981, Black & 

Anadan 1996)

• Spatial term: smoothness (pairwise MRF)
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Evaluation
• Modern implementation

– Preprocessing: Rudin-Osher-Fatemi (ROF) structure 
texture decomposition 

– Standard incremental multi-resolution technique, 10 
warping steps per level

– Graduate non-convexity (GNC) for non-quadratic penalty
– Bicubic interpolation to warp image and its derivatives
– 5-point image derivative filter
– Temporal averaging of image derivatives
– 5X5 median filtering of intermediate flow field per 

warping step



Training set (Baker et al. 2007)

“RubberWhale”“Venus” “Dimetrodon” “Hydrangea”

“Grove3”“Grove2” “Urban2” “Urban3”



Evaluation

Training HS
(Quadratic)

Classic-L
(Lorentzian)

Classic-C
(Charbonnier)
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Evaluation

22 ||||||||EPE GTGT vvuu −+−=End-point error

Training HS
(Quadratic)

Classic-L
(Lorentzian)

Classic-C
(Charbonnier)

Avg. EPE 0.384 0.319 0.298



Evaluation

Training HS
(Quadratic)

Classic-L
(Lorentzian)

Classic-C
(Charbonnier)

Avg. EPE 0.384 0.319 0.298
Significant* 1 1 -

p-value* 0.0078 0.0078 -

*Wilcoxon signed rank test: p-value < 0.05 leads to rejection (significant=1)



Test set (Baker et al. 2007)

“Mequon” “Wooden”“Schefflera”“Army”

“Teddy”“Grove” “Urban” “Yosemite”



Evaluation

Test Classic-C Adaptive* Complement
ary OF*

Avg. EPE 0.408 0.401 0.485
Rank 14.9 11.5 10.1

* Two top published methods (Dec. 2009.)

• What is important? 
• Approach: change one property of baseline 

(Classic-C) at a time, compare avg. EPE, 
and test statistical significance



Evaluation



Evaluation

• Coarse-to-fine, warping-based estimation for 
nonlinear data term (Bergen et al. 1992, Brox et al. 2004)
– Median filter flow field per warping (Wedel et al. 2008) 
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Evaluation
Median filtering improves results significantly

Training Classic-C w/o MF
Avg. EPE 0.298 0.352

Significance - 1
p-value - 0.0078

EPE 0.093 EPE 0.113



Evaluation
• Summary

– Classical formulation competitive with modern 
implementation (8th out of ~40, June 2010)

– Median filtering intermediate flow field is key

– Any principle behind?



Principles
Effect of median filtering

– Free from outliers and increased accuracy

– But Higher energy!

Classic-C (EPE 0.093) Without median filtering (EPE 0.113)

502,384 449,290



Principles
• What is being minimized?



Principles
• What is being minimized?
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Non-local term to integrate information over large 
neighborhood (Buades et al. 2005, Gilboa et al. 2008, Li&Osher 2009)



Principles
Alternating optimization
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Principles
• Results of Alternating optimization

Classic-C Classic-C-A
Avg. EPE 0.298 0.296
Significant - 0

p-value - 0.7188



Principles
• Summary

– Formalize median filtering as approximately 
optimizing a different objective with a non-local 
term

– Can we use such insight to improve flow 
estimation techniques further?



Improved model
• Non local term
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Improved model
• Non local term

• Destroy fine structures: different from majority

Classic++ First image

∑ ∑
∈

−+−
ji Nji

jijijiji
ji

vvuu
, )','(

',',',',
,

|)ˆˆ||ˆˆ(|



Improved model
• Approach: weight neighbors adaptively

∑ ∑
∈

−+−
ji Nji

jijijijijiji
ji

vvuuw
, )','(

',',',',',',,
,

|)ˆˆ||ˆˆ(|



Improved model
• Approach: weight neighbors adaptively

• According to spatial distance, color 
difference, and occlusion state (Ren 2008, Sand et al. 

2008, Xiao et al. 2006, Yoon et al. 2006)
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Improved model

c d eba

d



Improved model

Avg EPE Classic++ Classic+NL Adaptive*
Training 0.285 0.221 0.264

Test 0.406 0.319 0.401

* Wedel et al. 2009, the previous state of the art (2009 Dec.)

Classic++ Classic+NL First image



Improved model
• Middlebury public table (June 2010)



Conclusions
• Classical formulations competitive with modern 

practices
• Median filtering is key to accuracy, but increases 

energy
• Formalize median filtering as non-local term that 

integrates information over large spatial neighborhood
• Weighting neighbors adaptively preserves motion 

details
• MATLAB code: http://www.cs.brown.edu/~dqsun/
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