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A Visual Object Tracking Algorithm Based on Features
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Abstract ; Because the objects are easy to be lost in complex scenes, a scale adaptive visual object track-
ing algorithm based on deep residual network (ResNet) features is proposed. Firstly, the ResNet is used
to extract the multi-layer deep features of the image region of interest. Considering the restraining effect of
rectified linear units (ReLLU) activation function on target features, only the convolutional layers before
ReLU function are selected. Secondly, the translation filters based on kernelized correlation filter are
constructed in the extracted multi-layer features, and then the weighted fusion of the multiple response
maps is carried out to obtain the target position with the largest response value. After the target location is
determined, the target is sampled at multiple scales, and the felzenszwalb histogram of oriented gradients
(fHOG) features of different scale images are extracted separately. On this basis, a scale correlation fil-
ter is constructed to estimate the target scale accurately. Comparing with six related algorithms in

OTBI100, an experiment is carried. It is shown that the proposed algorithm achieves high tracking success
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rate and accuracy, and can adapt to scale variation, background clutter and other complex scenes.

Key words: visual object tracking; deep residual network; kernelized correlation filter; deep learning;

scale estimation
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