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Abstract

Air-conditioning load has become a very important part of the grid load, especially in non-industrial
buildings. Accurate load forecasting of non-industrial building air-conditioning loads can perform
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more reasonable demand response and improve regional power quality. MM-LSTM (multi-channel &
multi-layer LSTM network) prediction method is used to predict the load of non-industrial building
air conditioners in a short time, and the high-precision building air conditioning load prediction re-
sults are obtained. The experimental data shows that the proposed method is superior to the gener-
al LSTM network method under the premise of suitable feature engineering, and has good prediction
accuracy. The method can effectively meet the needs of non-industrial building air conditioning de-
mand response and has good practical value.
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Figure 1. Structure of RNN
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Figure 2. Structure of LSTM
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Figure 3. Structure of MM-LSTM
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Table 1. Input characteristics of air conditioning load forecasting
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Table 2. Results comparison of MM-LSTM and LSTM
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