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Abstract: The reduced dimensional factorized convolution method and the compact generative model
(RFCG) are proposed in order to solve the computational complexity and over-fitting problems in the
continuous convolution operators for visual tracking(C-COT). Some feature channels in the C-COT
are selected in advance, then the convolution operator is factorized, and the reduced dimension matrix
and filter are obtained by combining Gauss-Newton method and conjugate gradient iteration (CG), so
as to reduce the computational complexity of the system in this paper. A number of samples subject to
the Gaussian distribution are selected and combined with the joint probability density function and the
mixed Gaussian distribution model to build a compact generative model with stronger representative-

ness. The risk of the over-fitting problems can be reduced and the diversity of samples can be guaran-
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teed in this way. Finally, the model updating frequency is reduced to save the calculation time and a-
void the drift of the model. Experimental results show that the area under the tracking performance
curve (AUC) score of the improved algorithm based on four benchmarks achieves at least 0.8% higher

than C-COT, and 13% higher at most. This shows that the RFCG can effectively improve the tracking

performance of the system.
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