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Energy terms: 
 

• 𝐸data(𝚯) : EM algorithm 

     E-step: 

 
 

 
      

 
 

Experiment Results: 
 

• Pose: 70.86mm in Walking sequence from HumanEvaII dataset  

(error < 80mm corresponds to a correct pose [Sigal et al. IJCV`12]) 
 

• Shape: reprojection error (%) 

 
 
 
 
 
 

 

 
 
 
 
 
 
 
 
 
 

 

 

Robust Human Body Shape and Pose Tracking 
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Motivation: 
• Surface-based approaches [4] handle non-rigid deformation 

better, but do not provide poses. 
• Skeleton-based methods [1, 2] significantly reduce the 

dimension of search space, but usually require 2nd stage 
shape refinement. 

Contribution: 
• A SVM-based classification approach to help correspondence 

search.  
• The combination of patch-based surface deformation [4] and 

bone differential coordinate [3] which recover the pose and 
the shape at the same time. 
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Pipeline: 

Shape parameter: 

𝚯 = 𝐑𝑘 , 𝐜𝑘 𝑘=1
𝑁P  

 

 

Pose parameter: 

 𝐉 = *𝐱𝑗+
𝑗=1

𝑁J  

𝐸 𝚯, 𝐉 = 𝐸data 𝚯 + 𝐸rigid 𝚯 + 𝐸bone(𝚯, 𝐉) 
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Sub-sampling percentage in Tb 

Error vs. time in Crane sequence [1] 

Sequence our Cagniart et al. [4] inverse kinematic other approaches 

Handstand 1 [1] 15.53 20.13 23.04 7.66 [1] 

Wheel [1] 10.28 10.30 14.35 6.42 [1] 

Skirt [1] 11.94 12.55 21.43 9.56 [1] 

Dance [1] 9.95 9.90 15.01 12.08 [1] 

Crane [2] 10.79 11.20 16.33 5.29 [2] 

Handstand 2 [2] 12.84 13.97 15.16 5.73 [2] 

Bouncing [2] 9.87 9.95 14.64 5.34 [2] 

Free [3] 14.12 14.69 - 
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• 𝐸rigid(𝚯)  &  𝐸bone(𝚯, 𝐉) : regularization terms 
 

      𝐸rigid(𝚯) minimizes d1 and 𝐸bone(𝚯, 𝐉) minimizes d2 

M-step: minimizing sum of negative log likelihood 
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time when no sub-sampling inTb 
(no SVM classification) 

error when no sub-sampling inTb 

Bone Tb 


