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Fig.1 Image augmentation
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Fig.2 Comparison of images between before and after de-noising
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Fig.3 Frame structure of proposed model
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Fig.4 Strategy of foreign body identification for
HV power transmission lines
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Table 1 Comparison of complexity among different
architectures of CNN
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Fig.5 Test accuracy under different layers
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Table 3 Identification results
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Table 4 Training results with methods in related
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Remote operation and maintenance technology of substation supervisory

control system based on GPS
PENG Zhigiang"*,ZHANG Qibin’ ,SU Dawei’, HUO Xuesong’ ,ZHANG Xiaoyi'"
(1. State Grid Jiangsu Electric Power Company Limited Research Institute,Nanjing 211103, China
2. Key Laboratory of State Grid Corporation,Substation Intelligent Equipment Experimental Technology Laboratory,
Nanjing 211103, China;3. State Grid Jiangsu Electric Power Company Limited , Nanjing 210024 , China )
Abstract :In order to adapt to the unattended substation mode and improve the operation and maintenance efficiency
of substation supervisory control system,the ICT ( Information and Communication Technology ) is adopted to carry
out the research and application of remote operation and maintenance technology of substation automation. The archi-
tecture of remote operation and maintenance system of substation based on general service protocol in electric power
system is designed ,the framework of information interaction between main station and substation is established. Ac-
cording to the security requirements of the secondary system of electric power system, the architecture of whole
process safety management system,which includes communication layer, protocol layer and application layer,is de-
signed ,and the whole process safety management flowchart of service life cycle oriented is proposed. To meet the re-
quirements of remote operation and maintenance of substation supervisory control system, five kinds of application
functions of remote operation and maintenance are extracted. According to the technical scheme of remote operation
and maintenance ,a complete test environment is built, which is used to carry out the remote operation and mainte-
nance interoperability test. The test results prove the feasibility of the technical scheme. The pilot application of
technical scheme has been carried out in Nanjing and Suzhou of Jiangsu Power Grid.
Key words : remote operation and maintenance ;intelligent substation ;supervisory control system ; general service pro-
tocol ; interoperability test
L L
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Foreign body identification based on TensorFlow for high voltage transmission line
GONG Gangjun' ,ZHANG Shuai®, WU Qiuxin®, CHEN Zhimin' ,LIU Ren’ ,SU Chang'

(1. Beijing Engineering Research Center of Energy Electric Power Information Security,,North China Electric Power University,
Beijing 102206, China;2. School of Applied Science,Beijing Information Science & Technology University, Beijing 100192, China;
3. Beijing Excellent Network Security Technology Corp.,Ltd.,Beijing 102206, China)

Abstract ; Aiming at the low accuracy rate of traditional foreign body identification ,a foreign body identification mo-
del based on TensorFlow-based deep CNN( Convolutional Neural Network ) is proposed. The inspection image is pre-
processed by image graying and size compression ,and BM3D algorithm is used for image denoising to get the training
data needed in the experiment. A deep CNN framework based on TensorFlow is proposed. By using the TensorBoard
module in the framework ,the model structure is designed and parameters of the deep CNN are selected ,and the Re-
LU activation function and feature weight are analyzed theoretically. The experimental results show that after fifteen
times of iteration training,the deep CNN has better recognition ability than the traditional SVM ,ELM and BP neural
network ; compared with the classical LeNet-5 model, VGGNet model and models in the related literatures, the pro-

posed model has more advantages.

Key words : power transmission lines ;foreign body identification ; convolutional neural network ; TensorFlow
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Fig.A5 Training samples without foreign objects
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