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Motivation

Spatial Attention Mechanism

•

Existing hierarchical methods mainly focus on the decomposition of the output space while
the input space remains almost the same along the hierarchy.

•

The spatial attention mechanism is proposed to integrate cascaded and hierarchical
regression into a CNN framework by transforming both the input(and feature space) and the
output space, which greatly reduces the viewpoint and articulation variations.

•
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Between the levels in the hierarchy, the hierarchical PSO forces the kinematic constraints to
the results of the CNNs.
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•

The Spatial Attention Mechanism integrates the cascaded and hierarchical hand pose
estimation into one framework.

•

The hand pose is estimated layer by layer in the order of the articulation complexity, with
the spatial attention module to transform the input, feature and output space.

•

Within each layer, the partial pose is iteratively refined both in viewpoint and location with
the spatial attention module, which leads both the feature and output space to a canonical
one.

•

After the refinement, the partial PSO is applied to select estimations within the hand
kinematic constraints among the results of the cascaded estimation.

•

Spatial attention mechanism transforms the feature maps Λ and joint locations S from
previous stages or layer to a new aligned space (first equation) and the transformed result
is fed into the current CNN, whose estimation result is transformed back by the inverse
transformation (second equation).

Kinematic Constraint
•

Energy function for each layer

•

prior probability of the sth sample belonging to the Gaussian
distribution centred on the estimation results from CNN

•

force each joint to lie inside the hand silhouette and
inside the depth range of a major point cloud.
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Comparison with state-of-the-art methods
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