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Building Energy Consumption Prediction Based on Hybrid Model
Constructed by Improved Whale Algorithms

Wang Ru, Song Shuang. He Jia
(College of Information and Control Engineering, Xi'an University of Architecture and Technology, Xi’an 710055, China)

Abstract: Building energy consumption data has non— stationary and nonlinear characteristics. A single prediction model is diffi-
cult to predict accurately, and a new hybrid model for short— term prediction of building energy consumption is proposed. Comple-
mentary ensemble empirical mode decomposition (CEEMD) is utilized to decompose volatility energy data into a set of intrinsic mode
functions and a residual sequence. Based on reverse learning, differential evolution algorithm and control parameters, the Whale Opti-
mization Algorithm (WOA) is upgraded to effectively solve the problem of premature convergence and local optimality, and the upgra-
ded whale optimization algorithm (UWOA) is proposed. UWOA is utilized to optimize the weights and thresholds of the Elman neural
network. The optimized Elman neural network predicts and integrates the intrinsic mode functions and the residual sequence, and then
the energy prediction is obtained. The CEEMD—UWOA — Elman hybrid model is used to predict the energy consumption of a large
public building in Shanghai. The results show that the hybrid model has a good prediction effect.
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