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“A good hockey player plays where the puck 
is. A great hockey player plays where the 
puck is going to be."

- Wayne Gretzky
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 Monitor confidence of estimated fi

 Track real world motion  predict

 Cope with camouflage / invisibility

 Get accurate/faster with experience
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[Mac Aodha et al. PAMI 2013]

http://visual.cs.ucl.ac.uk/pubs/flowConfidence/


 Observe flow-algorithm-A’s output fi in 
different situations

 Compare results to ground truth flow of i
 Is the End Point Error (epe) small? Sometimes?

Is there a correlation we can learn?

i

fi

I1
I2



 We define as our confidence 
that flow vector fi is “reliable” (or not): 

i
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 At test time,     = Pr( cq = 1| xq ) 

 Feature selection:
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 Spatial Gradient
 Distance Transform
 Temporal Gradient
 Residual Error 

(most at multiple scales z)
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Let a Random Forest decide!
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Here, using Secrets of Optical Flow Estimation, Sun et al. 2010
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TV:  Zach et al. DAGM 2007
FL:  Werlberger et al. BMVC 2009
CN:  Sun et al. CVPR 2010
LD:  Brox & Malik PAMI 2010
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“Gets-occluded” posterior:  f(xi)  li = { ,      }

[Humayun et al. CVPR 2011]

http://visual.cs.ucl.ac.uk/pubs/learningOcclusion/


Leave-one-out scores reported as area under ROC curve.

Qualitative results of our occlusion-region classifier.







[Garcia Cifuentes et al. BMVC 2012]

http://visual.cs.ucl.ac.uk/pubs/MotionModelPrediction/


Data and code: 
http://visual.cs.ucl.ac.uk/pubs/MotionModelPrediction

http://visual.cs.ucl.ac.uk/pubs/MotionModelPrediction


Tracking robustness (10-2):
± std dev random runs:



vs.Tracking robustness (10-2):
± std dev random runs:









1) Extract clip from video

2) Compute feature vector (BoW, actions)

3) Classify using pre-trained SVM  MMi
- Trained with inspection OR performance labels

4) Track clips using Particle Filter & MMi





robustness (10-2):
± std dev:

Fixed for all videos
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vs.

Ideal predictions

robustness (10-2):
± std dev:

robustness (10-2):
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Fixed for all videos
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 Narrow “specialist” tracking algorithms 
are great, if we can 
 Observe them in action
 Learn where to trust them

 Much left to do:
 Track + predict more motions
 Cope with camouflage / invisibility
 Get accurate/faster with experience



Reminder: We’re looking for PhD 
students!

http://visual.cs.ucl.ac.uk/
http://visual.cs.ucl.ac.uk/

	If Only We Had Tracked Something Like This Before
	Gabriel’s Team (see homepage)
	Special thanks to:
	Slide Number 4
	Slide Number 5
	Slide Number 6
	Slide Number 7
	The Tracking Wishlist
	The Tracking Wishlist
	Slide Number 10
	Infer flow confidence
	Approach
	Model
	Model
	Infer �Confidence
	Infer �Confidence
	Infer �Confidence
	Infer �Confidence
	Infer �Confidence
	Infer �Confidence
	Infer �Confidence
	Generating more data http://visual.cs.ucl.ac.uk/pubs/flowConfidence/�
	Generating more data http://visual.cs.ucl.ac.uk/pubs/flowConfidence/�
	Generating more data http://visual.cs.ucl.ac.uk/pubs/flowConfidence/�
	Generating more data http://visual.cs.ucl.ac.uk/pubs/flowConfidence/�
	Slide Number 26
	Slide Number 27
	Slide Number 28
	Slide Number 29
	Slide Number 30
	Slide Number 31
	Slide Number 32
	Slide Number 33
	Slide Number 34
	Slide Number 38
	K Algorithms: OursKWay
	K Algorithms: OursKWay
	Example Application: �Occlusion Regions
	Slide Number 48
	Posterior probability of occlusion used as prior for superpixels.
	Slide Number 51
	Slide Number 52
	Track + Predict Real World Motion
	Does the Motion Model Matter?
	Does the Motion Model Matter?
	Slide Number 56
	Slide Number 57
	Slide Number 58
	Recipe for Using Motion Models
	Fixed vs. Inferred Motion Category
	Fixed vs. Inferred Motion Category
	Fixed vs. Inferred Motion Category
	Video: Infer Which Motion Model
	Be like Wayne Gretzky!
	Summary
	Thank you!���See visual.cs.ucl.ac.uk for code + data.�

