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Body parsing and recognition
Goal: given an image of a human, segment out and estimate pose of human
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Parsing procedure

Examples of parse proposal and evaluation for two different parse rules:
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set S of initial shapes Proposal: Parse generation; parses are generated by the parse rules via grouping (binary rules) or extension (unary rules).
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masks. Rules are ordered to ensure : |
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Top-down: Pictorial structures (Felzenszwalb 2005), (Ramanan 2006), red and green are examples of two ' |
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-Difficult to infer segmentation From (Ramanan 2005)
Top-down/Bottom-up: (Mori 2004), (Ren 2005), (Forsyth 97), (loffe 99) —
-Because bottom-up image structures can vary in appearance, need |
more flexible models with varying structure => parsing Evaluation:Pruning and scoring: when all parse candidates have been generated for a part, they are ranked by shape score, and
Eacilitates reasoning over salient structures in image crom (Ren 200 then pruned to eliminate redundant and low scoring parses. For all parts, segments are also included as candidate parses by default.
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Parsing rules guide body search by grouping e {Lower leg, Thigh} — Leg | canking, |
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Our bottom-up parsing method is initialized with a e {Thighs, Lower leg} — Thighs+Lower leg | < « + « 7 l
set o_f shapes S, repre_sented as binary ma§ks e (Thighs+Lower leg. Lower leg! - Lower body | |
obtained from Normalized Cuts segmentation. I |
e {Leg, Leg} — Lower body - - - - - - - - JUPalses - |
Parses are binary masks representing e {Lower body! — Lower body-+torso
combinations of segments.
e {Lower body+torso} — Lower body+torso+head o _ :
The end result of parsing Is a ranked list of 50 best parses for each part. In the top 10 parses,we typically 2
A part may be recognized aCCOFding to a parse Figure 2. Our parse rules. We write them in reverse format to have a very good pairse i %
rule, or directly as a single segment in the image. emphasize the bottom-up nature of the parsing. Exemplar shapes and test images came frc_)m the Berkeley Bas_e_ball dataset terms of pose and segmentation. §4
(Mori 2004) of 59 baseball players, with 15 images used for training and the E*’
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Typical parsing score for parse rule (A->B,C) is S(A) = S(B) + S(C) + Quantitative Evaluation: Pose and Segmentation average - A e S % e w )
error over parsss per Im —
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S(A >B’C) (scores of constituent parses p|US the rule Score)' To the right, we show a taxonomy of several different evaluations used for both the parses £ 08 3
pose estimation and segmentation. Given the parses for Lower body+torso+head, 0.8 QD
In this example, B and C have little resemblance to parts of disk A. we can project the position of 5 joints from the corresponding exemplar, and il o
B C A compare to the ground truth positions via average Euclidean distance. We also =
_ _ compare the segmentation of various parts to ground truth segmentation. For each Lower body+torso+head il _
Our evaluation for S(A) does not depend on B,C or their scores, but parse, average joint error over 5 joints _ _
only on A itself, in particular its shape. Qualitative Results | II -
The segmentation of the person has been highlighted and the contour drawn as colored dots, indicating correspondence to the best matching
exemplar. All the parses were the top scoring parses for that image (images are ordered row-major), with the exception of images 4 (2nd best), 8 ' 1
(3rd best), 6 (3rd best). Some images were cropped and scaled for display purposes only. Full body overlap scores for each image (images are
ordered row-major): 0.83, 0.66, 0.72, 0.74, 0.76, 0.70, 0.44, 0.57 and 0.84. Average joint position errors for each image: 12.28, 28, 27.76, 10.20, TOp k parses 20 m“‘_‘?mpmmafwwh}m 100
18.87,17.59, 37.96, 18.15, and 27.79. . .
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