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Bus load situation awareness based on the k-means clustering and fuzzy neural networks

JIANG Tiezheng', YIN Xiaobo', MA Rui', YANG Haijing?, LI Zhaohui*

(1. School of Electrical and Information Engineering,Changsha University of Science and Technology, Changsha 410004, China;

2. Power Research Istitnte, State Grid Henan Electric Power Corporation, Zhengzhou 450052, China)

Abstract: In order to refine the power dispatching plan, a load situational awareness method is proposed for the bus in
the basis of the k-means clustering and fuzzy neural networks, Firstly, the concept for the static dynamic potential of
bus load is proposed. It characterizes the bus load state parameter and the trend of its state parameter change, and
then the bus load situational awareness method is established. This method collects and processes the historical load
situation information of the bus in the situational awareness stage, In the situation understanding stage, it adopts the
k-means clustering algorithm based on the elbow method which clusters the historical load situation information of the
busbar considering the bus environmental factors and load factors. In the situation prediction stage, the Fisher dis-
criminant analysis is utilized to classify the dynamic information of the day to be measured and predict its category of
historical data clustering, Then, the historical static potential data of the category is substituted into the fuzzy neural
network prediction model to predict the situation of the perceived daily bus load. Finally, a simulation is included to

verify the effectiveness and feasibility of the proposed method. It is shown that comparing with the traditional fuzzy neural
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network prediction, the proposed bus load situational awareness method has the higher situation prediction accuracy.

Key words: bus load situational awareness; elbow method; k-means clustering; Fisher discriminant analysis; fuzzy

neural network
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situational awareness
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Table 3 Prediction results of the bus load situation for the
day to be sensed by the EKF-FNN method
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1 122 196.631 0.21 49.212 0.33 127.060 0.09
2 H8J 187.991 2.48 63.221 4.69 121.536 2.51
3 8 179.981 0.12 52.762 1.17 114.150 0.02
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7 #5225 155,652 1.51 45,933 4.13 97,638 1.38
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Table 4 Prediction results of the bus load situation for the

day to be sensed by traditional FNN method
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