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Fig.2 Influencing factors of different types of loads
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Fig.3 Process of spatial load forecasting
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Table 1 Each indicator data of the sample

i A/ A,/ A/ A/ c/

T (Ackm™) (GE- 47 (KWeh) [56-(kW-h)™'] (W-m™)
1 23486 3356.5 439 0.78 16.90
2 26431 2265.2 599 0.86 20.93

3 29 021 2 876.7 681 0.90 23.12
4 38 462 1934.6 769 0.78 18.90
5 61 534 3161.4 562 0.77 17.07
162 25701 1045.7 653 0.86 35.32
163 17 653 1919.0 382 0.65 10.59
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Table 2 The influence weight of influencing
factors on the load density value
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Table 3 The gray correlation degree between the
index of the community to be predicted and samples

g KRB
1 0.815

2 0.927

3 0.604
4 0.684
162 0.935
163 0.868
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Table 4 Load forecasting results of different methods
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AHXT IR ZE/ P 1.73 2.88 8.01
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Table 5 Load forecasting results of three methods
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Spatial load forecasting of distribution network based on

entropy weight method and GRA-ELM

DENG Yanguo', WANG Bing', CAO Zhijie*, ZHANG Qiugiao'
(1. College of Energy and Electrical Engineering, Hohai University , Nanjing 211100, China;
2. Nanjing Hao-qing Information Technology Co.,Ltd.,Nanjing 210006, China)
Abstract : Spatial load forecasting is of great significance for distribution network planning and construction. In order to improve
the accuracy of distribution network spatial load forecasting, a distribution network spatial load forecasting method based on
entropy weight method and grey relational analysis-extreme learning machine (GRA-ELM) is proposed. Firstly,the districts in
the planning area are seperated according to the nature of land use. The influencing factors of different types of load are
analyzed,and the index system of spatial load density is established. Secondly,the entropy weight method is used to distribute
the weight of load density index for different types of load. Then, GRA is used to select the training samples which are similar to
the load density index of the plot to be tested. Finally,the samples are brought into the extreme learning machine ( ELM) model
after the parameters are optimized by particle swarm optimization ( PSO), and the prediction results are obtained. The
performance of the proposed method is verified by an example and the resulis show that the proposed spatial load forecasting
method has high accuracy than other methods does.

Keywords : spatial load forecasting ;load density index ; entropy weight method ; grey relational analysis ( GRA) ;extreme learning
machine (ELM)
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