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Abstract— This paper presents a new neural network training algorithm which reduces the re-
quired training time considerably and overcomes many of the shortcomings presented by the con-
ventional back-propagation algorithm. The algorithm uses a modified form of the back-propagation
algorithm to minimize the mean squared error between the desired and actual outputs with respect to
the inputs to the nonlinearities. Artificial Neural Network (ANN) model using the new algorithm is
applied to forecast the short-term electric load. Inputs to the ANN are past loads and the output of
the ANN is the hourly load forecast for a given day.
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Table 1. Comparison of forecasting results.

Month August November
Number of Neurons 75 75
Percent Relative Error 1.927% 1.667%
Standard Deviation 285.31 MW 251.67 MW
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Fig. 3. Comparison of actual lead and forecasted

load for August in summer.
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Fig. 4. Comparison of actual load and forcasted load
for November in winter,
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