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Overview

* Boosting based sliding window solution for object detection Multiscale sliding windows
* Multimodal features from: color, motion and depth based channels Classification features:
» Multiresolution filtering of channels « channel samples - grid adapted to window size

= multimodal multiresolution filtered channels (MM-MRFC) Classifier:
» Feature scale correction scheme = scale invariant features * 4096 x 5 level decision trees (AdaBoost + bootstrapping)
» Exploitation of context: 2D and 3D context channels
* Running at over 25 FPS (GPU)

One classifier model for all scales!
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