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Analysis and prediction of the energy consumption of
buildings based on a back propagation-affinity
propagation ( AP-BP) neural network

HUANG XiaoYi' ZHAO Tian® CHU JiZheng'"

(1. College of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029 ;

2. Beijing Aerospace Command Center, Beijing 100094, China)

Abstract ; Energy saving is one of the most important ways to reduce the energy consumption of buildings. Based on
an analysis and investigation of energy waste and the energy efficiency of buildings, a back propagation ( BP) neu-
ral network based on the affinity propagation ( AP) clustering algorithm ( AP-BP) for analysis and prediction of the
energy consumption of buildings is proposed. By means of the AP clustering algorithm, the key factors affecting the
energy consumption of buildings can be obtained, and these are used as inputs of the BP neural network. The ther-
mal load and the cold load of buildings are used as outputs of the BP neural network. Finally, a model for analyzing
and predicting the energy consumption of the building is obtained. By evaluating the root mean square error
(RMSE) and the mean relative generalization error ( ARGE ), the experimental results show that the proposed
method is better than the classical BP neural network in terms of the degree of fitting of the energy consumption pre-
diction. Using the AP—BP can save energy and improve energy efficiency by adjusting the inputs and outputs of
buildings.

Key words: BP neural network; affinity propagation ( AP) clustering; energy consumption analysis; energy con-

sumption prediction; building



