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x1 EREE
Table 1 Sample data
A/ .

e (J\-Lm’z) Az /70 (k/;?/-/h) ¢ (ch-ljmfz)
1 25 701 1 000.3 834 1.313 20.2
2 16 600 1222.7 1019 2.263 2.54
3 17 649 843.8 620 1.483 5.138
4 23 189 1643.8 513 1.424  11.246
5 21 579 3138.5 1203 0.792  21.456
6 30 189 1 643.9 679 1.249 14.167
7 28 569 1 356.5 439 1.432 8.936
8 24 916 1976.5 694 1.249 9.186

128 20 349 3 648.9 1234 1.034 16.792

x2 FBRAFTHREPLOEFEMELRYE
Table 2 Cluster center matrix and
sample number of each load
%A A _
e ?\g (/\-11«:{2) 1 (k/i;/-/h) )
1 28 25 872 1728.1 756 1.342
2 23 17 994 869.3 693 2.525
3 27 21 130 1.769.9 666 1.543
4 21 21 982 3593.7 1144 1.010
5 29 26 767 1458.8 531 1.412
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Table 3 Comparison of prediction
results of three algorithms

x 100% (15)

ik Ey/(MWokm™)  Egp/%
F %l FCM 0.717 8.79
3% PSO 0.494 6.06
PSO-ELM 0.089 1.09
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Table 4 Analysis of prediction results

e R (o A S SO
1 21 687 1643.9 649 1.219 12.649 12.755
2 23 153 1 956.1 618 1.467 15.146 15.036
3 13 486 894.6 513 -1.039 21.139 21.024
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Spatial load forecasting based on ELM and clustering algorithm
SHAO Yuying', PENG Peng', ZHANG Qiuqiao®, WANG Bing’
(1. State Grid Shanghai Electric Power Company , Shanghai 200122, China;
2. Nanjing Kuanta Information Technology Co.,Ltd.,Nanjing 211100, China;
3. College of Energy and Electrical Engineering, Hohai University, Nanjing 211100, China)
Abstract ; Spatial load forecasting is of great significance to the planning and construction of distribution network. In order to
improve the accuracy of spatial load forecasting of distribution network, based on extreme learning machine, a spatial load
forecasting algorithm is put forward in this paper. The parameters of the particle swarm optimization mode are adopted. Firstly,
the load is classified according to the property of land use. Then,the FCM algorithm is used to carry out cluster analysis for each
type of load and a refined load density index system is established. Next,the training samples are carried out with the extreme
learning machine to improve the accuracy of prediction, which selected according to the characteristic indexes of the plots to be
predicted. The example is simulated by the search data. By comparing with the relative error without the introduction of FCM
algorithm , the relative error without the introduction of PSO optimization algorithm and the relative error with the adoption of
PSO-ELM algorithm, it can be obtained that the PSO-ELM algorithm proposed in this paper has a high accuracy and meets the
requirements of practical engineering.
Keywords : spatial load forecasting;load density index method ; particle swarm optimization ( PSO) algorithm ; extreme learning

machine ( ELM) ;fuzzy C-means(FCM) algorithm
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