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Abstract Online Boosting is an effective incremental learning method which is applied offline boosting method
to online object tracking. It can select best weak classifiers deal with object pose change. However, these weak
classifiers do not select best ones, because the feature pool which is trained in offline has small number of weak
classifiers. It needs the framework of select suitable classifiers deal with object pose and posture change. We propose
the new type of feature which can adjust to object shape variation call Soft Decision Feature. This new adjustable
feature and Online Real Boosting has better tracking performance in the scene of human pose and posture change.
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