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Abstract A manifold is used to represent a relationship between high—dimensional data samples
in low—dimensional space. In human pose estimation, it is created in low-dimensional space for
processing image and 3D body configuration data. Manifold learning is to build a manifold. But it is
vulnerable to silhouette variations. Such silhouette variations are occurred due to view-change,
person—change, distance-change, and noises. Representing silhouette variations in a single manifold is
impossible. In this paper, we focus a silhouette variation problem occurred by view-change. In
previous view invariant pose estimation methods based on manifold learning, there were two ways.
One is modeling manifolds for all view points. The other is to extract view factors from mapping
functions. But these methods do not support one by one mapping for silhouettes and corresponding
body configurations because of unsupervised learning. Modeling manifold and extracting view factors
are very complex. So we propose a method based on triple manifolds. These are view manifold, pose
manifold, and body configuration manifold. In order to build manifolds, we employ biased manifold
learning. After building manifolds, we learn mapping functions among spaces (2D image space, pose
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manifold space, view manifold space, body configuration manifold space, 3D body configuration space).
In our experiments, we could estimate various body poses from 24 view points.
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