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Abstract

In order to solve the problem that the existing automatic ship-target-recognition methods are
vulnerable to physical noise interference and poor real-time performance, an algorithm based on
Faster R-CNN in depth learning is proposed. Firstly, a set of training set and test set of marine ship
images are established; secondly, in order to enhance the generalization ability of the network, a
dropout layer is added after the first full connection layer of region generating network; finally, in
order to reduce over-fitting, only a full connection layer containing 2048 neurons was used for
classification. At present, the algorithm can automatically identify ship targets as aircraft carriers,
other warships and civilian ships. The accuracy of the test set in this paper is 90.4 per cent and the
detection speed is about 15 frames per second.
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Figure 1. Image recognition results of aircraft carrier
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Figure 2. Image recognition results of other warships
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Figure 3. Image recognition results of civil ship
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