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Comparison of neural network methods for short-term load forecasting
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Abstract: Based on the load data of meritorious power of the power system of some area, three BP ANN models, named SDBP
model, LMBP model and BRBP Model, are established to carry out the short-term load forecasting work, and the results are
compared. As for the traditional BP algorithm has some unavoidable disadvantages such as the slow training speed and the feasibility
of being plunged into local minimums, an optimized L-M algorithm, which has a quicker training speed and better stability, should
be applied to forecast, which can effectively reduce the mean relative error. So it has a good application prospect. In contrast,
Bayesian Regularization can overcome the excessive fitting, improve the generalization of an ANN and reduce the mean relative
error and the relative error of everyday peak values, it is not suitable for actual application because of its slow training speed (slower

than SDBP model).
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Fig.1 BP neural network with a single connotative layer
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Fig.2 Short-term load forecasting model for power systems
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Fig.3 Curves of actual values and forecasted
values of 18%, April, 2004
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SDBP #%! | LMBP %! | BRBP#%%! | SDBP#A! | LMBP #i%! | BRBP #£%) | SDBP#i%! | LMBP#% | BRBP Bi%!
414 | 0021758 | 0.021528 | 0.0289 0.072936 | 0.067334 | 0.080195 | 0.01172 0.012 23 0.020 778
4.15 | 0028628 | 0.027282 | 0.039511 | 0087842 | 0077363 | 0.10708 [ 0.011534 | 0.0081951 | 0.01197
416 | 0046826 | 0047072 | 0046987 | 0.10564 | 0.10079 ] 0.118 14 0.041425 | 0031466 | 0.011736
417 [ 0035258 | 0035069 | 0.027624 | 0089619 | 0.095331 | 0.10139 | 0069219 | 0.06424 0.064 419
4.18 10027284 | 0024333 | 0.022994 | 0079653 | 0.091126 | 0.051201 | 0.022137 | 0.015068 0.012213
4.19 | 0040839 | 0.039235 | 0028696 | 0.083004 | 0.071661 | 0075865 | 0.030784 | 0.031087 | 0.025926
420 | 0037972 | 0036946 | 0.036671 | 0.092644 | 0.096947 | 0.09285 0012105 | 0.0027305 | 0.009 313
Fi9fE | 0034081 | 0033066 | 0.033055 | 0087334 | 0.085793 | 0.089531 | 0.028418 | 0.023 574 0.022 336
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