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Due to the existence of depth ambiguity in silhouettes, it is more 4.1. Comparison of Graphs
suitable to use geod_esm dlstanc_e than_ Euclldea_n dlstar_\ce for m_onocular 3!:) The comparison of MSE curves for G, (base graph) and G, + G, (base « Detected shortcut edges by sliding temporal windows
human pose estimation . To achieve this, a manifold which contains geodesic
distance can be approximated by a graph using the k-NN method. However
the depth ambiguity causes the occurrence of shortcut edges within the graph.
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graph with temporal edges) shows that as the value of K increases, the * Nodes: pose data points |
iImpact of temporal edges becomes less on their MSE performance. * Edges: connection of feature data points

: * Blue nodes: corresponding silhouettes connected by the detected shortcut
p
Moreover, the comparison of MSE curves for Gf+ G and Ge + Gy (the (red) edges

- Asinput data Is a sequence of images, temporal information is used to proposed method) reveals the significant influence of removing shortcut
identify and remove these shortcut edges by measuring the similarity of each edges. - For visualization purposes, the dimensionality of pose data points
pair of connected vertices through_ the ‘use of sliding temporal windows. ) was reduced to 3 by kernel PCA
Furthermore, by exploiting the relationships between labeled and unlabeled - ~* prop.meth - * prop.meth
. . A H
data, the proposed method can estimate the 3D body poses with a small set of g 7 s g e
o - M —8-Gf+Gt -
labeled data. ST o Figure 6: Red edges as shortcut edges
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Figure 4. The MSE curves as a function of K on swimming (a) and walking (b) datasets,
where k indicates the number of nearest neighbors in K-NN.
4.2. Comparison with recent graph construction method
e MethOdOIOgy The proposed method was compared with TPG (Tensor Product Navigate
graph) diffusion and Dominate Neighbor (DN) method, two recent state of
3.1. Assumption the art methods.
If two silhouettes are truly similar enough to share an edge, then their temporal G e o — g S
_ ) _ 1 N 0~ TPG diff g\\ -0 TPG diff
neighbors obtained from two temporal windows should be similar too. ) 2 e i L DN
SR <~ prop. meth. RN - prop. meth.
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Figure 3: Two temporal windows Figure 5: The MSE curves as a function of percentage of labeled data on navigate (c) and
circular walking (d)

- Algorithm 1 Learning of parameter 6. ] ] ] ] -
D R - 4.3. Comparison with recent semi-supervised method G Conclusion
f Require: ¢, (Y'. E)), gr (X", E))
S =0 > Sum of similarity from shortcut edges . ] ] ]
C—0 > Number of shortcut edges in ¢ Activity (# all data) % labeled data | TGP GC+RT G,  Proposed method * Increase in the pose estimation performance by constructing a more dependable graph
for all g% = 1 do 60 % 7.28 5.30 5.25 5.04
Learn threshold (6) if Vgrtex j not reachable from vertex 2 by at most by Circular walking (1961) 40 % 8.54 5.37 2.41 5.15 * Due to the removal of shortcut edges, the graph becomes more dependable
i 0 . : : : : : :
4 hops in graph g, then 207 24z 763 7 742 « Elimination of the requirement for a large number of labeled data with semi-supervised learning
2R 60 % 12.01 1051 10.00 9.34
Similarity> 8 K=" Boxing (1400) 40 % 17.91 12,04 11.69 10.87
| C+C+1 20 % 18.95 1218 11.75 10.96
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