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New Video Recognition Algorithms for Inland River Ships
Based on Faster R-CNN

YANG Mingl ,  RUAN Ya-duan', CHEN Lin-kai’, ZHANG Peng1 ,  CHEN Qi-mei'
(1. School of Electronic Science and Engineering, Nanjing University, Nanjing 210093, China;
2. College of Computer Engineering, Jiangsu University of Technology, Jiangsu Changzhou 213001, China)

Abstract: To avoid the excessive error during the implementation of background modeling and other tra-
ditional video object recognition algorithms in complex inland waterway environment, a new ship identifi-
cation detection method based on faster region convolutional neural networks (i. e. Faster R-CNN) was
proposed. The shortcomings of these traditional methods were analyzed, elaborating the mechanism of
convolutional neural network and the subsequent regional convolutional neural network was also de-
scribed. A model of R-CNN was put forward, which worked out how to construct and set the parameter of
Loss Function, set region proposal networks ( RPN) to predict a target boundary, and calculated the
probability of matching targets. The actual video detection for moving inland river ships indicated that the
ship identification algorithm held a ship recognition rate of over 90% . Meanwhile, this new algorithm had
good robustness, 25.75% higher than traditional background modeling algorithm in situations with differ-
ent visual clarity, from different perspectives, and regardless of the number of ships.
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