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Visual Tracking Algorithm Based on Classification-Validation Model

Wu Min, Zha Yufei, Zhang Yuanqgiang, Ku Tao, Li Yunqgiang, Zhang Shengjie
Aeronautics and Astronautics Engineering College, Air Force Engineering University of PLA,
Xian, Shaanxi 710038, China

Abstract In order to solve the problems that the similarity target tracking algorithm mainly considers the intraclass
similarity of targets and ignores the interclass differences of different targets. A visual tracking algorithm based on
classification-validation model is proposed, which adds attribute information to the similarity algorithm. The
proposed algorithm constructs the loss function with similarity and class information, and learns intraclass similarity
and interclass differences in high dimensional space. The classification and verification module is adopted to update
network parameters when the target template and candidate target input into the network model. With the trained
network, the deep embedding feature of target and candidate target is extracted, thus, the target tracking is achieved.

Experiments are carried out on the OTB50 and UAV123 databases. Results show that the proposed algorithm can
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improve the tracking effect with increased target information, and has strong robustness to the similar targets.

Key words machine vision; target tracking; classification-validation model; intraclass similarity; interclass differences
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Table 1 Video sequence and its description

Video sequence Sequence characteristics description Resolution Number of frames
Liquor Similar goals, fast moving 812X 575 1741
Subway Similar goals, occlusion 524 X 383 175
Football Similar goals, complicated background 524 X 383 74
Ironman Similar goals, complicated background 720 X304 166
Matrix Similar goals, fast moving 800X 336 100
Soccer Similar goals, occlusion 640X 360 392
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