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Application of Deep Learning in Power Load Forecasting

ZHANG Jianhuan JI Ying CHEN Lidong
( School of Aerospace Engineering Xiamen University Xiamen 361000 China)

Abstract: Aiming at the problems of randomness and uncertainty in power load forecasting combining with deep learning
algorithm which has strong adaptive sensing ability and by adopting the current mainstream deep learning methods such as long—
short—time memory ( LSTM) gated recurrent unit ( GRU) neural network and stacked automatic encoders ( SAE) the prediction
effects of power load forecasting are studied respectively. It is found in the study that when historical load data are used as input
to three deep learning prediction models the load forecasting accuracy indicators of the three prediction models have different
evaluation results. In order to comprehensively evaluate the prediction effects of the three prediction models the same historical
load data in different time periods are used as the predictive model input and the load prediction accuracy of each model are
compared to find the optimal model. The simulation results verify the feasibility of three prediction models in power load
forecasting applications and find that the prediction accuracy of LSTM model is relatively high when single input factors are used.

Therefore in the follow—up study the LSTM prediction model can be considered as the basic prediction model combined with
more load influencing factors to improve the load prediction accuracy.

Keywords: Deep learning; Long-short-term memory ( LSTM) ; Gated recurrent unit ( GRU) ; Recurrent neural networks
( RNN) ; Stacked auto-encoder( SAE) ; Load forecasting; Prediction accuracy
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1 .
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