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Abstract: Accurate electricity consumption forecasting provides a reliable guidance for electricity production. How-
ever, the characteristics of electricity consumption data in different industries are different. But, rare electricity con-
sumption forecasting models are specially designed to capture the fluctuation and the periodicity of electricity con-
sumption data. To effectively predicting electricity consumption, this paper proposed a multi-resolution time se-
quence neural network (MTNN), regarding the electricity consumption data as combinations of approximate period-
ic components and fluctuation components. Specifically, to capture the periodicity of the data. the MTNN decom-
posed the power consumption data by using the ensemble empirical mode decomposition (EEMD) method to obtain
intrinsic mode functions (IMF) in different time scales. Then, LSTM was used to predict the high-order IMF com-
ponents. For the low-order IMF components, the MTNN designed a multi-order time-frequency attention neural
network to calculate the predicted value of the low-order IMF components. The experimental results show that com-

pared with the commonly-used electricity consumption forecasting models, the MTNN can better capture the char-
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acteristics of electricity data, thus improving the accuracy of electricity consumption forecasting.
Key words: clectricity consumption forecasting; multi-resolution analysis; time sequence neural network; time-fre-

quency neural attention
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Fig. 1 Electricity consumption curves of an area in China Southern Power Grid
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Tab. 1 Test MSE on manufactured dataset

MTNN LSTM SVR DWT-LSTM FFT-LSTM MSD-LSTM EMD-SVRCKH EEMD-LSTM

MSE 0.023 0.035 0.043 0.031 0.029 0.030 0.026 0.027
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Tab. 2 Test MSE on total electricity consumption in each area

Pig e MTNN LSTM SVR DWT-LSTM FFT-LSTM MSD-LSTM  EMD-SVRCKH EEMD-LSTM
X 1 0.037 9 0.041 1 0.041 9 0.039 9 0.040 8 0.040 2 0.038 2 0.038 1
M X 2 0.037 5 0.039 1 0.041 1 0.039 0 0.039 3 0.039 0 0.037 9 0.038 1
X 3 0.050 1 0.060 3 0.080 9 0.059 8 0.060 0 0.059 4 0.051 6 0.050 2
X 4 0.029 3 0.0315 0.042 0 0.030 7 0.0311 0.030 3 0.030 1 0.029 5
M X5 0.037 7 0.041 3 0.051 1 0.040 2 0.042 4 0.039 8 0.039 9 0.038 0
X 6 0.029 9 0.030 7 0.041 3 0.030 7 0.030 9 0.030 0 0.030 2 0.030 4

M X7 0.029 6 0.032 3 0.039 4 0.030 9 0.032 1 0.030 2 0.030 7 0.030 3
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Tab. 3 Test MSE on electricity consumption in No.1 area

B4 MTNN LSTM SVR DWT-LSTM FFT-LSTM MSD-LSTM  EMD-SVRCKH EEMD-LSTM
5—7ml 0.034 1 0.037 9 0.041 3 0.036 5 0.036 9 0.036 2 0.035 1 0.034 7
B 00376 0 0.0382  0.042 7 0.038 5 0.038 7 0.038 3 0.037 6 0.037 7
H= 00378 0 0.0403  0.047 9 0.039 4 0.039 2 0.040 1 0.038 5 0.038 0

Tk 0.0391  0.0405  0.047 7 0.040 7 0.040 8 0.039 3 0.039 2 0.039 3

il 8 Al 0.0377  0.0413  0.0420 0.040 2 0.040 5 0.039 9 0.038 4 0.037 9

WHER  0.0425  0.0477  0.059 4 0.044 4 0.044 9 0.044 3 0.043 3 0.042 9
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Tab. 4 Test MSE on electricity consumption in each area

Bl 4 MTNN MTFANN EEMD-LSTM EEMD-MFANN EEMD-MTANN
X 1 0.037 9 0.040 1 0.038 1 0.037 6 0.037 8
HIIX 2 0.037 5 0.038 9 0.038 1 0.037 8 0.037 7
WX 3 0.050 1 0.058 8 0.050 2 0.050 5 0.050 0
HLIX 4 0.029 3 0.030 3 0.029 5 0.029 6 0.029 4
HIX 5 0.037 7 0.039 3 0.038 0 0.037 9 0.038 0
HIX 6 0.029 9 0.030 1 0.030 4 0.029 6 0.029 3
WX 7 0.029 6 0.030 2 0.030 3 0.029 7 0.029 9
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Tab. 5 Test MSE on electricity consumption in each area

g MTNN MTNN-Conise MTNN-Dot MTNN-Neural MTNN-Concat
X 1 0.037 9 0.037 7 0.038 1 0.037 9 0.038 0
X 2 0.037 5 0.037 9 0.037 7 0.037 9 0.037 9
X 3 0.050 1 0.050 3 0.050 5 0.050 3 0.050 7
HbIX 4 0.029 3 0.029 4 0.029 5 0.029 4 0.029 9
X 5 0.037 7 0.037 9 0.038 2 0.037 4 0.037 8
WX 6 0.029 9 0.030 3 0.030 2 0.030 3 0.030 6
HuIX 7 0.029 6 0.029 7 0.030 2 0.029 7 0.030 1
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Tab. 6 Test MSE on electricity consumption in each area

PGS MTNN MTNN-N =1 MTNN-N =3 MTNN-N =4 MTNN-N =5
X 1 0.037 9 0.038 0 0.037 7 0.037 7 0.037 8
X 2 0.037 5 0.037 4 0.037 4 0.037 5 0.037 5
X3 0.050 1 0.050 1 0.050 2 0.050 2 0.050 2
X 4 0.029 3 0.029 4 0.029 4 0.029 5 0.029 5
WX 5 0.037 7 0.037 9 0.037 7 0.037 7 0.037 7
HIX 6 0.029 9 0.030 1 0.029 8 0.029 8 0.029 8
M X 7 0.029 6 0.029 6 0.029 8 0.029 9 0.029 9
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