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A Multidomain CNN that Integrates Multiple Models in
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Abstract: To solve the problem of visually tracking a target that changes its appearance and improve the
robustness of visual tracking, we propose a convolutional neural network (CNN)-based algorithm that
combines a multidomain learning framework and multiple models stored in a tree structure. First, the
multidomain CNN is pretrained with many videos containing tracking ground truths, so that its convolutional
layer can extract features appropriate for visual tracking. During tracking, the fully connected layers are
fine-tuned online to fit the target appearance, and the multiple target appearance models are managed in a
tree structure. Then, the model tree is used to estimate the target’s state in a new frame. Finally, a new model
is updated along a path in the model tree. The algorithm produces outstanding performance when a target
abruptly changes its appearance. Furthermore, the model tree can fix the problem of drift during online
learning with the CNN.

Key words: visual tracking, deep learning, Convolutional Neural Network (CNN), multi-domain learning,
multiple models
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