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Fig. 8 Prediction results of graph convolution model
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Transmission Line Icing Prediction Based on Spatio-temporal
Graph Convolutional Networks

WEN Yi'*, WU Jianrong'”?. ZENG Huarong'?.FAN Qiang'*, HE Jingiang®” * , GONG Bo®,
DING Zhimin®

(1. Electric Power Research Institute. Guizhou Power Grid Co. ,Ltd. s Guiyang, Guizhou, 550000, China;2. Key Laboratory of Ice
Prevention &. Disaster Reducing, China Southern Power Grid Co. ,Ltd. , Guiyang, Guizhou,550002, China;3. Southern Power Grid
Research Institute Co. ,Ltd. »Guangzhou,Guangdong,510663,China)

Abstract ; In view of the fact that the existing transmission line icing prediction model rarely considers the spa-
tial feature information in the icing process, resulting in poor prediction accuracy,a prediction system for
transmission line icing from the perspective of spatio-temporal series prediction was established in this paper,
and used the Graph Convolutional Network (GCN) to establish a transmission line icing prediction model.
Based on the graph neural network design,the deep feature learning and graph feature vector representation
of the graph data of the icing tension of the transmission line were carried out to better extract the spatial and
temporal distribution characteristics of the icing tension value of the power grid tower,so as to accurately
predict the future tension value. Based on the real experimental data of China Southern Power Grid,a set of
reliable data preprocessing process was designed and implemented to transform the icing tension data of the
power grid into spatio-temporal sequence big data that could be deeply learned for training and verification.
The experimental results show that the model proposed in this paper has more excellent and stable prediction
results than the existing mainstream icing prediction model, which can provide a decision-making reference
for the timely deicing work of the transmission line.

Key words:icing prediction;data exploration;spatio-temporal distribution characteristics; graph convolutional

network ; spatio-temporal prediction
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