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Short-term electric power load forecasting based on QPSO_RBF
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Abstract: According to the problems of radial basis function (RBF) network in electric system short term load forecasting, this
paper puts forward a method that quantum-behaved swarm optimization(PSO) algorithm train RBF neural network.After confirmed
the number of nodes in hidden layer, all network parameters are coded to individual particles to optimize learning algorithm. Then,the
parameter can search optimal-adaptive value in global space.Using the optimized network to load forecast result proves that this
method not only reduces the training time but also improves the precision of prediction than traditional network algorithm.So it

possesses best potential application in the field of short-term load forecasting.
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Fig.1 RBF neural network architecture
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Tab.1 Result of power system load forecasting

e SEEEMW MW IR

/(%)

1 884 873 1.23
2 890 867 2.58
3 866 869 -0.35
4 856 874 -2.10
5 864 876 -1.39
6 872 861 1.26
7 940 927 1.38
8 932 945 -1.39
9 967 981 -1.45
10 1052 1037 143
11 1089 1096 -0.64
12 1134 1119 1.32
13 1052 1037 143
14 1049 1046 0.29
15 1044 1035 0.86
16 1054 1067 -1.23
17 1103 1126 -2.09
18 1150 1129 1.83
19 1204 1196 0.66
20 1193 1179 1.17
21 1109 1086 2.07
22 1054 1046 0.76
23 983 972 1.12
24 924 913 1.19
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Fig.2 Comparison of the load actual value and forecast value
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