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 Video oriented

 Human segmentation and pose recovery
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 Human segmentation for 
human pose [1] and face human pose [1] and face 
recovery [2] assistance

[1] Ramanan, D. "Learning to Parse Images of Articulated Bodies ", In NIPS, 2006.
[2] T. Cootes, J.Edwards and C. Taylor, "Active Appearance models.", IEEE Transactions on Pattern 
Analysis and Machine Intelligence, 1998. 6
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[4] Navneet Dalal and Bill Triggs, "Histograms of Oriented Gradients for Human Detection" , In 
CVPR, 2005.
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[5] Paul Viola and Michael Jones, "Robust real‐time face detection" , International Journal of 
Computer Vision, 2004.
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[3] C Rother, V Kolmogorov, A Blake. "Grabcut: Interactive foreground extraction using iterated 
graph cuts" , ACM Transactions on Graphics, 2004.
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[3] C Rother, V Kolmogorov, A Blake. "Grabcut: Interactive foreground extraction using iterated 
graph cuts" , ACM Transactions on Graphics, 2004.



 Iterative procedure

Until convergence

GMM  Assign pixels
toGMM  Segmentation
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[3] C Rother, V Kolmogorov, A Blake. "Grabcut: Interactive foreground extraction using iterated 
graph cuts" , ACM Transactions on Graphics, 2004.
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[1] Ramanan, D. "Learning to Parse Images of Articulated Bodies ", In NIPS, 2006.



 AAM‐based [2] face recoverySeed
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[2] T. Cootes, J.Edwards and C. Taylor, "Active Appearance models.", IEEE Transactions on Pattern 
Analysis and Machine Intelligence, 1998.
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 CVSG data set [6]
Vid      f Video sequence: 307 frames
 Ground truth

 Undergraduate thesis defenseg
 4 video sequences: 720 frames each

22

[6] F. Tiburzi, M. Escudero, J. Bescos, and J. Martinez.”A ground‐truth for motion‐based video‐
object segmentation” IEEE International Conference on Image Processing (Workshop on Multimedia 
Information Retrieval, 2008



 New human body limb data set
 227 images
 25 different people5 p p
 Ground truth

23http://www.maia.ub.es/~sergio/Code.html



 Quantitative results (CVSG data set)
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 Qualitative results (CVSG data set)
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l l d Qualitative results (UB data set)
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d Body pose recovery
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F Face recovery
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 Temporal joint body and face recovery
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 Face and body pose recovery (CVSG)
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 Body pose recovery
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No segmentation
* No temporal information is used
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 Extension of GrabCut for human segmentation
F ll i h d Fully automatic method
 Temporal coherence
 Segmentation convexity problem

 Face recovery with temporal coherenceFace recovery with temporal coherence
 New human body limb database
 Human segmentation helps to retrieve face and  Human segmentation helps to retrieve face and 
body pose
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 Include temporal coherence inside graph cuts
frame orkframework
 Extended graph for image volumes
 New temporal potential

 Improve segmentation using face and pose 
recovery feedbackrecovery feedback
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