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Even if each video frame independently has 
prob. 99.9% of being correct, then 

after only 1 min, prob. of failure is 83% ! 

tǊŜŘƛŎǘƛƴƎ ƳƻǘƛƻƴΥ άǘǊŀŎƪƛƴƎέ 



Kinect: the challenge 

No initialisation 

Must άƴŜǾŜǊ Ŧŀƛƭέ 

All human poses, shapes & sizes 

Limited compute budget:  

less than 10% of processing power of Xbox 360 

 







Classifying pixels 

Compute P(ci| wi) 

pixels i = (x, y) 

body part ci 

image window wi 
 
 
 

Discriminative approach 

learn classifier P(ci| wi) directly from training data 

 





Synthetic training data 

Train classifier to be invariant to: 

 

  



Body types and clothing 



Synthetic data realistic but too clean 

 

Artificially corrupt depth images 

depth resolution 

pixel noise 

missing pixels (e.g. hair) 

rough edges 

cropping (out of frame) 

occlusions 

Simulating camera artefacts 





Fast depth image features 

Depth comparisons: 

f(xi ; )ͅ = d(xi) ɬ d(xÐɀ) 

  where xiɀɯ= xi + /ͅd(xi) 

 

Background pixels: 

d = large constant 
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Decision tree classification 

image window 
centred at i 

no 

Toy example: distinguish 
left (L) and right (R) 
sides of the body 
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f(i ; 1ͅ) > ϛ1 

f(i ; 2ͅ) > ϛ2 



Training decision trees 

In =   wi 

f(i ; nͅ) > ϛn 
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Choose (ͅ , ϛ) that maximises 
information gain: 

n 

l r 

Goal: drive entropy at 
leaf nodes to zero 

reduce entropy 

[Breiman et al. 84] 

for all i 



inferred body parts input depth image 

Body part recognition 



Cluster pixels into hypotheses 

Each pixel gives 
body part probability mass 

 

Depth image gives 
3D pixel positions 

 

Mean-shift on Parzen density 
estimator gives 3D body joint 
hypotheses 

3. hypothesize 
body joints 
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