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Multi-level Ship Target Discrimination Method Based on Entropy and Residual Neural Network

LIU Jun-qi', LI Zhi* and ZHANG Xue-yang®

1 Graduate School, Space Engineering University, Beijing 101416, China
2 Space Engineering University, Beijing 101416, China

Abstract In order to remove false alarms in the candidate regions of ship target,a multi-level false alarms discrimination method
based on entropy and residual neural network is proposed. Firstly,based on the difference in entropy between the image slices of
ships and false alarms,the most false alarms in the candidate regions are removed with the threshold of entropy. In order to con-
firm the ship target,a deep residual neural network model for image slice classification is designed and the transfer learning method
called finetuning is adopted to train deep residual neural network.to realize the automatic classifying of the ship and false alarm.
Experimental results show that the proposed method achieves a good discrimination effect and achieves effective elimination of
false alarms such as islands,clouds and sea clutter. It is simple and efficient,and no complicated identification work is needed in

the subsequent process.
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Fig. 1 Flowchart of multi-level false alarm discrimination method
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Fig. 2 False alarm and ship slice with same entropy value
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Fig. 3 Entropy distribution of ship and false alarm slice
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Fig. 4 Structure of network
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Table 1 Parameters of image classification network
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Fig. 5 Negative sample data augmented from Google Earth
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Fig. 6 Dataset expansion method
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Table 2 Configuration of computer used in experiment
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Fig. 7 Training flow chart of image classification model
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Fig. 8 Ship discrimination results under light and shadow conditions
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