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Convolutional Neural Network Based on Ship Detection in Optical Remote Sensing
Image

OUYANG Ying-hui, LIN Hui, LI Shu-tao
(Hunan University, Changsha 410082, China)

ABSTRACT: This papers aims to improve the ship detection precision in optical remote sensing images and realize so-
phisticated classification of ships without need to conduct complicated pre-processing step and manual feature extraction.
For input detection images, selective search method was used to generate candidate ship regions. The parameters of con-
volutional neural network were obtained by supervised training with labeled training data. Then the trained convolutional
network was utilized to classify the candidate regions. The classification results of ship candidate regions were used to
locate the ship and identify the category of ship. Compared with two existing detection methods, the experimental results
indicated that the proposed convolutional neural network based method could efficiently improve the detection precision
and achieve an average detection precision of 93.3%. In conclusion, the method can detect and classify ships simulta-
neously without complicated pre-processing step. And it also can improve the efficiency of ship detection precision as
well.
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Fig.1 Ship detection flow
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Tab.1 The results of detection and classification
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