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Abstract: In the complex scene of shooting range test, the test site often involves the changeable natural environment including
dust, strong light, occlusion, etc. A single target tracking algorithm associated with dynamic features is proposed to track fast mov-
ing targets in this case. Firstly, the gated recurrent unit is used to extract the time series dynamic characteristics of the target
which need to be tracked, so as to obtain a set of candidate processing target frames. Then, convolutional network is adopted to ex-
tract the depth convolution features of the candidate target frame and determine target position, as well as separating the background
convolution features. In the tracking process, the separated background convolution feature map is applied to update network parame-
ters to enhance the robusiness and adaptability of network. Experimental results show that the proposed algorithm can adaptively
track moving target in the shooting range image acquisition system, which can still maintain excellent robustness and adaptability in
the context of complex environment.
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