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Visual Object Tracking Based on Correlation Filters: A Survey
WEI Quan-lu  LAQO Song-yang BAI Liang

Abstract Visual object tracking is a fundamental task in many computer vision applications which is still an active re-
search field due to the challenges in real scenes. The core component of most modern trackers is a discriminative classi-
fier which can use the abundant algorithms in machine learning to learn a binary classifier online to separate the object
from the surrounding environment. Due to the high computational efficiency,as a discriminative tracking method, corre-
lation filters which have been successfully applied to a variety of pattern recognition applications are introduced to the
topic of visual tracking in recent years. The discriminative learning methods in visual tracking were introduced briefly
firstly. Then the fundamental theory and some kinds of the typical methods of correlation filters were described. Finally,

a detailed review of the applications of the correlation filters in visual tracking was provided,and the future applications
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and research trends were discussed,
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