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Prediction of Building Electricity Consumption Based on
Improved BP Neural Network
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Abstract: According to the complex nonlinear characteristics of the building energy consumption the structure
of BP neural networks and its training algorithm were studied. In the study as the traditional BP algorithm has some
unavoidable disadvantages such as the slow training speed and being easily plunged into local minimums an optimized
LM algorithm was applied which has a quicker training speed and better stability to set up a predictive model of the
building based on improved BP neural networks. With the statistical data of the public building electricity consumption
in Shanghai as a sample the prediction model was testified. The test result shows the predictive model based on
improved BP neural networks is suited to the prediction of building electricity consumption.
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