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Improved Faster R-CNN method and its application in recognition of
cable tunnel water accumulation
CUI Jiangjing' ,HUANG Shuntao' ,QIU Wei',PEI Xingyu',ZHU Wuzhou' ,MENG Anbo’
(1. Zhuhai Power Supply Bureau of Guangdong Power Grid,Zhuhai 519000, China;
2. School of Automation, Guangdong University of Technology , Guangzhou 510006, China)

Abstract ; Aiming at the water accumulation problem in cable tunnel, an improved Faster R-CNN ( Faster Region-
based Convolutional Neural Network ) method is proposed and applied in the recognition of cable tunnel water accu-
mulation. Considering that the regularization parameter selection of Softmax may have problems with calculating the
probability ,the SVM ( Support Vector Machine) is used to classify images to improve the classification accuracy. The
RPN (Region Proposal Network) is used to extract proposals from the original images of cable tunnel water accumu-
lation, and then the detection network of Fast R-CNN is used to carry out image recognition, SVM classification and
location refining. The experiment results show that the proposed algorithm has the advantages of fast calculation
speed , high recognition accuracy and high efficiency in practical engineering.
Key words ; cable tunnel ; water accumulation recognition ;region proposal ; convolutional neural network ; support vec-
tor machines
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Fig.B2 Visual feature map of intermediate convolutional layer
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