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Fast Adaboost Algorithm Based on Improved PCA

YUAN Shuang'?, LU Ci-xing'
( Shenyang Institute of Automation, Chinese Academy of Sciences! , Shenyang 110016, P. R. China;

University of Chinese Academy of Sciences’ , Beijing 100049 ,P. R. China)

[ Abstract] In view of the problem of the long training time in dealing with large training dataset in the training
process of the traditional Adaboost algorithm, an improved methods was introduced to these problem. Improved al-
gorithm using PCA dimension reduction technique, extracts main ingredients for the training sample feature, re-
moves the correlation between the input sample characteristics, and improves the classification accuracy. At the
same time, from the angle of sample threshold search takes into consideration the divisions and eigenvalue space di-
mension, threshold fast search method is presented. Experimental results show that the algorithm to achieve better
results on UCI datasets.

[ Key words] PCAdaboost principal components threshold search dimension reduction
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[ Abstract] In order to solve the self-localization problem in highly dynamic situation in the RoboCup middle size
league competition, a fast robot self-localization method was used. Firstly, according to the structural of omnidirec-
tional visual robot during visual processing, using an image mask the invalid information was removed. In order to
avoid searching for all the pixels and narrow the scope of pixel, a method based on Bresenham algorithm was used.
Using white line positioning algorithm to determine the robot position, combined with the search method based on
Bresenham algorithm, the real-time image processing is effectively improved. Finally, a test was design based on
ASRO I robot and it is proved reliable and effective.

[ Key words| omnidirectional visual information robot Bresenham algorithm scanning lines white

line detection self-localization



