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For robustly estimating the orientations of a person in the presence of
various clothing textures, as well as considering the effects of shooting conditions like location
and weather, the spatial arrangement of local parts can be a crucial factor for precise estimation.
Therefore, we focus on channel pooling, which summarizes redundant channel activations in the
feature maps of convolutional neural networks. Focusing on the fact that the spatial bases obtained
by applying singular value decomposition to a set of images extracted from a feature map in the
cross-section of feature channels are invariant to the permutation of the order of feature channels
and can be discriminative spatial features, we have proposed Grassmann channel pooling, which
represents the subspace of the spatial bases as the feature representation.
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