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Object Detection Based on Improved Grassberger Entropy
Random Forest Classifier

Ma Juanjuan, Pan Quan, Liang Yan, Hu Jinwen, Zhao Chunhui®, Guo Yaning
Key Laboratory of Information Fusion Technology, Ministry of Education, School of Automation,
Northwestern Polytechnical University , Xi'an, Shaanxi 710129, China

Abstract Grassberger entropy is improved, and the improved Grassberger entropy is used to compute information
gain. The random forest classifier is trained by selecting the optimal split parameters of the split node. The trained
random forest classifier predicts whether the proposal windows generated by selective search contain object. For
each of training samples and proposal windows, one normalized gradient magnitude, three LUV color channels, and
six histograms of oriented gradients are extracted. The algorithm performance is tested on SenseAndAvoid dataset,
and the average detection precision of 73.2% is achieved. Results show that the average detection precision is more
than 98% in the range of safety envelope. The improved Grassberger entropy computing information gain can
promote precision of object detection.

Key words measurement; object detection; improved Grassberger entropy; random forest classifier; information
gain
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