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Abstract

In this paper, we propose a novel tracking method using target separation and detection that are

based on discriminative correlation filter (DCF), which is studied a lot recently. ‘Retainability’ is one

of the most important factor of tracking. There are some factors making retainability of tracking

worse. Especially, fast movement and occlusion of a target frequently occur in image data, and when

it happens, it would make target lost. As a result, the tracking cannot be retained. For maintaining a

robust tracking, in this paper, separation of a target is used so that normal tracking is maintained

even though some part of a target is occluded. The detection algorithm is executed and find new

location of the target when the target gets out of tracking range due to occlusion of whole part of a

target or fast movement speed of a target. A variety of experiments with various image data sets are

conducted. The algorithm proposed in this paper showed better performance than other conventional

algorithms when fast movement and occlusion of a target occur.
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Fig. 1. Overall process of proposed algorithm

3.1. Target Separation
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Fig. 2. target separation
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3.2. Target Tracking
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Fig. 4. cell histogram of gradient image
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