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Video Target Tracking Algorithm Based on Improved TLD Framework

SHI Shufan,SUN Guangmin
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Abstract:In this paper,the structure and characteristics of the traditional tracking-learning-detecting (TLD)

target tracking algorithm are studied and the improved idea is proposed.Although the TLD algorithm adopts the PN

learning mechanism,it has good robustness in dealing with long-term tracking.However,when the target is severely

occluded,deformed,or when there is a large illumination or rotation change for the scene,it may also lead to failure of

tracking.Based on the research on the above-mentioned problems,an improved TLD tracking algorithm is proposed.The

improved algorithm uses the SIFT feature matching algorithm in the tracking module to replace the LK optical flow method

in the original algorithm,which reduces the computational complexity and improves the environment adaptability of the

algorithm.
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Fig.3 Principle diagram of TLD detection module
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Tab.1 TLD algorithm and TLD improved algorithm

track target frame number successfully
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Fig.6 Tracking results of improved TLD algorithm
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