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COMPUTER VISION AT MSRC 

http://www.siggraph.org/s2004/
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COMPUTER VISION AT MSRC 

Ground truth Entangled Conventional 

 A. Montillo, J. Shotton, J. Winn, J. E. Iglesias, D. Metaxas, and A. Criminisi,  
Entangled Decision Forests and their Application for Semantic Segmentation of CT Images, 
in Information Processing in Medical Imaging (IPMI), July 2011 
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THE CALL 10 

 Hi Jamie, 
  
I work on Xbox Incubation and I noticed some work you’ve done on visual 
recognition using contours (http://jamie.shotton.org/work/research.html). I 
was hoping to be able to discuss an important scenario we are trying to 
solve with you. Would you be able to chat? 
  
Thanks, 
  
- Mark 

From: Mark Finocchio 

To: Jamie Shotton 

Date: 11 Sept 2008 

Subject:  Your computer vision expertise 

http://jamie.shotton.org/work/research.html


THE SCENARIO 



STATE OF THE ART 

Okada & Stenger 2008 Navaratnam et al. 2007 



1500 mm 

2000 mm 

2500 mm 

3000 mm 

3500 mm 



XBox prototype, Sept 2008 

 Real time 

 Accurate 

 General poses 
 

But… 

 Needs initialization 

 Limited body types 

 Limited agility 

 

 

STATE OF THE ART 



STATE OF THE ART 

Generative/ 
Model-based Discriminative/  

Regression  

Detection 
Tracking 

Whole 
Parts 

[Fischler & Elschlager 1973] 
[Gavrila 2000] 

[Agarwal & Triggs 2004] 
[Navaratnam & al 2007] 

[Hogg 1982] 

[Bourdev & Malik 09] 



MODEL-BASED VISION 

1965. L. G. Roberts, Machine Perception of Three 
Dimensional Solids, in Optical and electro-optical information 
processing, J. T. Tippett (ed.), MIT Press. 



MODEL-BASED VISION 

1980. J. O'Rourke and N. Badler.  Model-based image analysis of human 
motion using constraint propagation. IEEE Trans. on Pattern Analysis and 
Machine Intelligence. 



D Hogg, Image and Vision 
Computing, Vol 1 (1983) 



D Hogg, Image and Vision 
Computing, Vol 1 (1983) 



MODEL-BASED VISION 



THE PROBLEM WITH MODEL-BASED VISION 

 The “model” is Forward/Generative/Graphical 

 Requiring search in many dimensions 
 say 1013 for the body 

 

Resolved using 

 (a) clever search: gradient descent and better 

 (b) temporal coherence 
 Assume we were right in the previous frame 

 And search only “nearby” configurations in this 



THE PROBLEM WITH TEMPORAL COHERENCE 

Exponential likelihood of failure 
 
Assume 0.1% failure rate per frame 
• After 𝑛 frames, chance of success = 0.999𝑛 
• At 30 frames per second, that’s: 

•     3.0%  chance of failure after 1 second 
•   83.5%  chance of failure after 1 minute 
•  99.99% chance of failure after 5 minutes 



THE PROBLEM WITH TEMPORAL COHERENCE 

Exponential likelihood of failure 
 
Assume 0.01% failure rate per frame 
• After 𝑛 frames, chance of success = 0.9999𝑛 
• At 30 frames per second, that’s: 

•   0.3%  chance of failure after 1 second 
• 16.5%  chance of failure after 1 minute 
• 59.3% chance of failure after 5 minutes 

 



SO WE CAN’T USE TEMPORAL COHERENCE. 

 

 Need a method which works on a single frame 

 Single-frame methods all based on machine learning 

 So we’ll need training data 

 Lots of training data 

 And will need to represent multiple hypotheses 

 



Paul A. Viola, Michael J. Jones 
Robust Real-Time Face Detection 
IEEE International Conference on Computer Vision, 2001 

LEARNING A FACE DETECTOR 



LEARNING A POSE ESTIMATOR 

Step Zero: Training data 

(𝒛1, 𝜽1) (𝒛2, 𝜽2) (𝒛𝑖 , 𝜽𝑖) (𝒛𝑁, 𝜽𝑁) ⋯ ⋯ 



SOURCES OF VARIED DATA 

 Real home visits 

 

 Pose: Motion capture 
 Standard “CMU” database 

 Custom database 

 

 Body size & shape: Retargeting 
 Effects/Games industry tool: MotionBuilder 



MOTION CAPTURE 28 

“MoCap” 
Computer 
Graphics 

Actor wearing spherical 
markers 
 
Observed by multiple 
cameras 

3D joint positions Synthetic 
Depth Image 



INITIAL EXPERIMENTS 29 

 Standard motion capture datasets on the web 

 Feed to MotionBuilder to generate 3D images 

 Limited range of body types 



SIMULATING CAMERA ARTEFACTS 

Synthetic data: 
realistic, but too clean 

Artificially corrupted data 
 depth resolution & noise 

 rough edges 

 missing pixels: hair/beards 

 cropping & occlusions 



TRACKING BY REGRESSION 

Joint angles  
 

𝜽 =
𝜃1

⋮
𝜃𝑛

 

Image 

Features 
 

𝒛 =  

𝑧1

⋮
𝑧𝑚

 

“Pose”  

𝑓 𝑧 → 𝜃 



Andrew Blake, Kentaro Toyama,   
Probablistic tracking in a metric space 
IEEE International Conference on Computer Vision, 2001 

DETECTION VS. TRACKING 



function ? 
“LEARN” FUNCTION FROM DATA 



NEAREST NEIGHBOUR 

function 



NEAREST NEIGHBOUR 

function 



NEAREST NEIGHBOUR 

function 



ALWAYS TRY NEAREST NEIGHBOUR FIRST 

Number of training images (log scale) 

A
cc

u
ra

cy
 (

1.
0

 is
 b

e
st

) 



NEAREST NEIGHBOUR DIDN’T SCALE 
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Number of training images (log scale) 

Time taken: 
500 milliseconds 
per frame 



 Whole body 1012 poses (say) 

 Four parts 4 × 103+𝜖poses 

 But ambiguity increases 

BODY PARTS 



FOUR PARTS GOOD, 32 PARTS BETTER 



TRAINING DATA 



Old (holistic) approach 

New (parts) approach 



VIRTUAL HARLEQUIN SUIT 44 



EXPANDING THE REPERTOIRE 45 



1 Million 
Image Pairs 

Synthetic image 
generation 

15 Models 300 000 Body Poses 
Random Camera 

Orientations 
Other Random 

Parameters 

Camera noise 
simulation 
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TEST DATA 

synthetic (held-out mocap poses) real (from home visits) 



EXAMPLE INPUTS & OUTPUTS 49 



 Input  Output 

SLIDING WINDOW CLASSIFIER 



 Input  Output 

SLIDING WINDOW CLASSIFIER 



FOCUS ON A SINGLE PIXEL: WHAT PART AM I? 

• Learn Prob(body part|window) from training data 
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EXAMPLE PIXEL 1: WHAT PART AM I? 
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D1 > 60 mm 



EXAMPLE PIXEL 1: WHAT PART AM I? 
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D2 > 20 mm 



EXAMPLE PIXEL 1: WHAT PART AM I? 
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EXAMPLE PIXEL 1: WHAT PART AM I? 
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EXAMPLE PIXEL 2: WHAT PART AM I? 
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D1 > 60 mm 



EXAMPLE PIXEL 2: WHAT PART AM I? 
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D3 > 25 mm 



EXAMPLE PIXEL 2: WHAT PART AM I? 
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EXAMPLE PIXEL 2: WHAT PART AM I? 
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DECISION TREE CLASSIFICATION 

no 

no yes 

yes 

D1 > 60 mm 
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D2 > 20 mm D3 > 25 mm 
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• Same tree applied at every pixel 
• Different pixels take different paths 
• In practice, trees are much deeper 



DECISION FORESTS 

 A forest is an ensemble of trees: 
 
 
 
 
 
 

 

 Helps avoid over-fitting during training 
 Testing takes average of leaf nodes distributions 

[Amit & Geman 97] 
[Breiman 01] 

[Geurts et al. 06] 
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NUMBER OF TREES 

ground truth 

1 tree 3 trees 6 trees 
inferred body parts (most likely) 
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55%

1 2 3 4 5 6
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Number of trees 



depth 1 depth 2 depth 3 depth 4 depth 5 depth 6 depth 7 depth 8 depth 9 depth 10 depth 11 depth 12 depth 13 depth 14 depth 15 depth 16 depth 17 depth 18 

DEPTH OF TREES 

input depth ground truth parts inferred parts (soft) 



DEPTH OF TREES 
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Depth of trees 

900k training images
15k training images



BODY PARTS TO JOINT POSITIONS 

 Given 

 depth image 

 inferred body part probabilities 

 

 Cluster high probability parts in 3D 
hypothesized 

body joints 



front view top view side view 

input depth inferred body parts 

inferred joint positions: no tracking or smoothing 



front view top view side view 

input depth inferred body parts 

inferred joint positions: no tracking or smoothing 



MATCHING BODY PARTS IS BETTER 
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Number of training images (log scale) 

Chamfer NN

Our algorithm

Whole pose matching 

Our new body 
parts approach 

Time taken: 
500 milliseconds 
per frame 

Time taken: 
5 milliseconds 
per frame 



Joint position hypotheses are not the whole story 
 
Follow up with skeleton fitting incorporating 
• Kinematic constraints (limb lengths etc) 
• Temporal coherence (it’s back!) 
 
And of course the incredible imagination of games designers… 
 

WRAPPING UP 



Joint position hypotheses are not the whole story 
 
Follow up with skeleton fitting incorporating 
• Kinematic constraints (limb lengths etc) 
• Temporal coherence (it’s back!) 
 
And of course the incredible imagination of games designers… and 
 

YOU! 
 

WRAPPING UP 





[Aside] 

MULTIPLE HYPOTHESES 
AND REWRITING HISTORY 



or ? 

MULTIVALUED F: 



or ? 

MULTIVALUED F: 



TRAINING DATA 
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TRACKING BY REGRESSION 
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TRACKING BY REGRESSION 
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TRACKING BY REGRESSION 

znew 



TEMPORAL FILTERING 80 

t=1 



TEMPORAL FILTERING 81 

t=1 
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t=2 

TEMPORAL FILTERING 



TEMPORAL FILTERING 83 

t=2 



TEMPORAL FILTERING 84 

t=1 t=2 



TEMPORAL FILTERING 85 

t=1 t=2 



TEMPORAL FILTERING 86 

t=1 t=2 
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R Navaratnam, A Fitzgibbon, R Cipolla  
The Joint Manifold Model for Semi-supervised Multi-valued Regression 
IEEE International Conference on Computer Vision, 2007 


