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Energy information systems are crucial for the operational optimization of smart
buildings. These systems can offer benefits such as high energy-saving potential,
efficiency, and intelligent services. Therefore, accurate electricity consumption
forecasting requires a smart estimation strategy that considers the parameters
affecting electricity consumption patterns. This paper proposes an intelligent
prediction model that accurately forecasts and analyzes building electricity
consumption. The proposed model includes the following components: a feature
selection model based on mutual information for selecting input variables, and a
deep learning time series prediction model based on Long Short-Term Memory
(LSTM) neural networks to forecast the target value. The model's performance
was evaluated using real-world data from a two-story smart home located in
Houston, Texas, USA. A comparative analysis with other benchmark models was
also conducted. The comprehensive comparison demonstrated that the hybrid
model is more accurate than individual models, and the proposed intelligent
model outperforms other benchmark hybrid and standalone models, as indicated
by the achieved prediction performance.
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