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Gradient Boosting Decision Algorithm Embedded with
DCNN Depth Feature and Semi-supervised Learning

WU Gang, ZHU Yong, SU Shou-bao, MO Xiao-hui
(Jinling Institute of Technology, Nanjing 211169, China)

Abstract: On the period of each learning and updating on online classifier, error is likely to be
induced into online classifier, and fatal accumulation will finally cause the tracker inefficiency.
Object tracking algorithm derived from online classification of gradient boosting decision tree is
proposed in this paper. DCNN depth feature is used to effectively represent the initial state of
the object to be tracked. The algorithm uses sample similarity matching with semi-supervised
learning in online classification process. The comprehensive application of the above methods
effectively solves the self-learning problem in the online learning process. The proposed object
tracking DS-BGBDT algorithm is especially suitable to machine learning process where samples
are continually acquired and memory storage is limited. On the complicated scenes such as ob-
ject speed drastically changing, object partially blocked and tracking regional deformation,
etc.,success tracking rate is improved by importing the proposed object tracking algorithm.
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