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Correlation Filter Based Visual Tracking Integrating Saliency and Motion Cues
ZHANG Wei-Jun? ZHONG Sheng"? XU Wen-Hui*? WU Ying?

Abstract Rectangle template is a popular target representation adopted by mainstream visual tracking methods.
However, by including some background clutter as part of the target representation, the model is likely to drift
away from the target gradually and result in tracking failure, especially in challenging situations such as back-
ground clutter, target deformation and complex motions. Meanwhile, motion and saliency cues, which play import-
ant roles in distinguishing targets from the background and identifying moving objects in the human vision system,
have not been modeled into existing tracking methods. To solve these problems, we propose a foreground probabil-
istic inference formulation that collects pixel-level observations from different sources, and a unified framework in-
tegrating the pixel-level model with a widely used correlation filter based method. A saliency-based observation
model is proposed by introducing background prior and a distance-based model, which provides reliable evidence to
resolve confusion caused by appearance similarity between targets and the background. By taking advantage of con-
tinuity and inertia of both target and camera motion, we discover motion patterns in the spatial domain to distin-
guish targets from the background, and introduce a pixel-level motion-based observation model. Experiments
demonstrate that the proposed method outperforms some of the state-of-the-art methods, and shows better robust-
ness in challenging situations such as background clutter, target deformation and in-plane rotation.
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Fig.3  Results of color-based and saliency-based target

likelihood estimation
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(a) Motionfield observation (b) Ideal motionfield of the
estimated from image target
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(c) Ideal motionfield of the (d) Motion-based likelihood
background estimation
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Fig.4 Demonstration of likelihood estimation based on motion models of target and background
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#& David. Singer2. Doll. Bolt. Soccer. Panda. Diving 1 MotorRolling J3* %)

Fig.5 Tracking results using our proposed method compared with DSST, SRDCF, ACFN and CFNet on 8 OTB image
sequences (From top to down: David, Singer2, Doll, Bolt, Soccer, Panda, Diving and MotorRolling
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