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Solution to ballistic recognition based on SVM's method can greatly improve
recognition accuracy, but recognition time can hardly be shortened by batch
method during processing. Considering that in fact ballistic data captured by
radar exists in online mode, in this paper, an online-learning method was
proposed to solve ballistic recognition problem. The final simulation results show
that the method maintains the same recognition accuracy and greatly shortens
recognition time, the online-learning algorithm based on online learning is worthy

of being introduced into ballistic recognition.
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