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Fig. 1 Framework of the multi-clue fusion target tracking algorithm based on selective search and deep learning
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Fig. 7 Comparison of the tracking results of CNN single model and multi-clue fusion(CNN and CDBN) model
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Multi-Clue Fusion Target Tracking Algorithm Based on
Selective Search and Deep Learning

ZHONG Bineng'?, PAN Shengnan'**

(1. College of Computer Science and Technology, Huagiao University, Xiamen 361021, China;

2. Computer Vision and Pattern Recognition Laboratory, Huaqiao University, Xiamen 361021, China)

Abstract: A multi-clue tracking algorithm (convolutional neural network and convolutional deep belief network) based
on deep learning was proposed. The algorithm used selective search and particle filtering method in extracting candidate
particles. CVPR2013 tracking benchmark (50 video sequences, 30 tracking algorithms) verifies: the algorithm can ease
the loss of tracking due to the occlusion. the change of illumination and size etc.
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