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Convolution Neural Networks Tracking Algorithm Combined
With Gaussian Kernel Function
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Abstract: In view of the robustness tracking of moving targets in visual tracking, a vision tracking algorithm
is proposed in this paper, which combines Gauss kernel function and convolution neural network (CNN), to
extract the depth feature of the convolution neural network without training. Firstly, the initial image is nor-
malized and the target information is extracted by clustering, and the target information in the tracking process
is combined as the order filter in the convolution network structure. The Gauss kernel function is used to im-
prove the convolution operation speed, extract the simple abstract feature of the target, and then superimpose
the convolution results of the simple layer to get the depth of the target. Finally, we combine particle filter
tracking framework to achieve tracking. The results show that the simplified convolution network structure
can effectively cope with low resolution, target occlusion and deformation and so on, and improve the tracking
efficiency in complex background.
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Tab.1 Evaluation index of four algorithms in each test sequence
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Crossing 1. 640 1. 000 5. 230 1. 000 2.520 1. 000 2.790 1. 000
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David 2 2.040 1. 000 15. 400 0. 780 2.360 1. 000 2. 640 1. 000
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Walking 2 3.230 1. 000 58. 500 0. 396 28. 600 0. 440 3.860 1. 000
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Fig. 3 Central position error graphs for four algorithms
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