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Energy Consumption Prediction of Chiller Based on Long Short-Term Memory
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( 1.Wuhan University of science and technology, Wuhan, 430081; 2. Wuhan business school, Wuhan, 430056 )

[ Abstract ] The chiller is the main energy consuming part in the air conditioning system, which has great energy saving
potential. Due to the change of terminal demand of air conditioning system, accurate prediction of energy consumption of water
chiller can effectively provide reference for optimal control of the unit. Therefore, this paper introduces long short term memory
(LSTM) to predict the energy consumption of water chillers, and validates the prediction effect of LSTM combined with the data of
EnergyPlus simulation model and actual office building data. After the data is divided into training set and test set, the data is
standardized. The energy consumption prediction model of LSTM chiller is established and optimized. The results show that
compared with the back propagation neural network model and the multiple linear regression model, the calculation time of the
LSTM model is increased, but the prediction accuracy of the LSTM model is the highest among the three models, and the LSTM
can predict the energy consumption of the chiller more accurately.
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Fig.2 Prediction results under different combination of
input variables and lag
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Fig.3 Prediction results of models with different number

of neurons and hidden layers
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