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Real-Time Human Pose Recognition in Parts from Single Depth Images 
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time t 

slow movement 

time (t+1) time (t+2) 

faster movement 

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

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

Predicting motion: “tracking” 



Kinect: the challenge 

No initialisation 

Must “never fail” 

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 ; Δ) = d(xi) – d(xi’) 

  where xi’ = xi + Δ/d(xi) 

 

Background pixels: 

d = large constant 
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Decision tree classification 

image window 
centred at i 
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Toy example: distinguish 
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Training decision trees 

In =   wi 

f(i ; Δn) > θn 

no 
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c 
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Choose (Δ, θ) 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 

… 

1 2 
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Future applications? 

gaming 

telepresence 

sports dance 

physiotherapy 

surveillance 

user 
interfaces 



Model-based Machine Learning 

ML = data + prior knowledge 

Kinect: invariances 

Features (location, depth) 

Training data (body size, height, pose, rotation, 
clothing, hair, camera roll and pitch, artefacts) 

Prior knowledge can also be described by a model 



Algorithms      Models 

M. E. Tipping and C. M. Bishop (1997) 





Model-based Machine Learning 

Separates model from inference algorithm 

Prior knowledge captured by graph structure 

Consistent pedagogical framework 

Straightforward extension to complex models 

 



Noisy ranking 

Conventional approach to ranking: “Elo” 
single strength value for each player 
cannot handle teams, or more than 2 players 



Bayesian Ranking: TrueSkillTM 

y12 

1 2 

s1 s2 

R. Herbrich, T. Minka, and 
T. Graepel; NIPS (2006) 

Sept. 2005;  30 million users; 
millions of matches per day 
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Multi-player multi-team model 



Convergence 
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Manchester Asthma and Allergy Study 

Birth cohort of 1,200 children 

Now in its 11th year  

Aim is to identify risk factors for the 
development of asthma and allergies 

 



The MAAS Dataset (~2000 variables) 

Child (1527) 

PHYSIOLOGICAL (759) 
- Cotinine Level (4) 
- Height, Weight, BMI, Fat% (43) 
- Asthma (33) 
- Skin Tests (80) 
- IgE Tests (134) 
- Wheeze (99) 
- Eczema (69) 
- Rhintis (37) 
- Lung (17) 
- Respiratory (88) 
- Nose (12) 
- Endotoxin (17) 
Lung function (40) 
- Reactions (6) 
- Sicknesses e.g. cough, cold (80) 

LIFESTYLE (218) 
- Nursery, Daycare (15) 
- Emotions (58) 
- Visits to Doc (28) 
- Grouping (12) 
- Diet (105) 

TREATMENTS (98) 
- Medications (51) 
- Immunizations (28) 
- Sensitizations (19) 
 

GENETIC (650k) 
-SNPs 

Parents (39) 
- Socioeconomic  
- Asthma and other medical 
- Smoking 
- Skin Tests + Atopy 

Siblings (32) 
-Siblings’ medical condition,  
-Position among sibs, 
-Nursery 

Environment (419) 
- Pets (208) 
- Home (211) 

Birth (14) 
- Height and Weight 
- Delivery Type  
- Gender  
- Breast Feeding  
- Grouping  
 -Ethnic Group  
- Others  

Others (25) 



Childhood Asthma 



Atopy 

Allergic sensitization 

Skin prick tests 

Allergen-specific serum IgE tests 

Atopy: one positive test 



Allergic Sensitisation Model 



Allergic Sensitisation Model 



Allergic Sensitisation Model 



Five Sensitization Classes 

A. Simpson, V. Y. F. Tan, J. Winn, M. Svensén, C. M. Bishop, D. E. Heckerman, 
I. Buchan, A. Custovic (2010) Journal of Respiratory and Critical Care Medicine 

Multiple early   (11%)  

Multiple late  (16%) 

Mainly mite  (5%) 

Mainly pollen (10%) 

No sensitization (59%) 
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Beyond Atopy 

Asthma: positive methacholine challenge at age 8 

Atopic: 

  Positive 22% 

  Negative 3% 

Multiple early: 

  Positive 42% 

  Negative 4% 

 



research.microsoft.com/infernet 

T. Minka, J. Winn, J. Guiver, D. Knowles 

http://research.microsoft.com/infernet


research.microsoft.com/~cmbishop  



We’re hiring! 

 

PhD internships 

Postdocs 

Researchers 

Software engineers 

Christopher.Bishop@microsoft.com 




