Scene recognition with CNNs: objects, scales and dataset bias Computer Vision and Pattern
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Scale-induced bias Multi-scale architecture with scale-specific CNNs

We address two problems: The distributions of objects in object datasets and How to correct scale-induced bias?

1. Effectively implement multiscale CNN architectures for scene scene datasets are very different Scale-specific CNNs (instead of a fixed one) adapted to the patches at each scale. We study two ways:
recognition. * Scale 18 one of the main factors « Switch Places-CNNs/ImageNet-CNNs, for global/local scales, respectively.
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