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Short-term household load forecasting based on EMD-SLSTM

LIU Jianhua, LI Jincheng, YANG Longyue, YAN Yaoshuang, LIU Yanmei, ZHANG Yixiu
(School of Electrical and Power Engineering, China University of Mining and Technology, Xuzhou 221008, China)

Abstract: For non-stationary short-term household load data, it is difficult to mine deeper temporal characteristics by
directly applying the prediction model. A combination of Empirical Mode Decomposition (EMD) and Stack Long
Short-Term Memory (SLSTM) algorithm is proposed for short-term household load forecasting. Firstly, the principle of
EMD and SLSTM is analyzed and the EMD-SLSTM combined prediction model is proposed. Then, the load data is
decomposed by the EMD algorithm and the decomposed component data is respectively converted into three-dimensional
data. By designing the network architecture of SLSTM and its parameters, the normalized component data and original
data are separately predicted and reconstructed. In order to show the performance of the algorithm, the performance of the
support vector regression, artificial neural network, deep neural network, gradient boosting regression is compared and
verified by MAPE and RMSE performance metrics in two scenarios. The results show that EMD-SLSTM can more
effectively express the time series relationship of short-term household load and has higher prediction accuracy.
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Fig. 1 Structure of LSTM
forget gate: f, = U(fo, +Ry, , + bf)
candidate state: 4, = g, (W,x, + R,y, , + b,)
update state: u, = o (W,x, + Ry, +b,) M
cell state: b, =u, Oh, + f, O h,_,
output gate: o, =o' (W,x, + Ry, +b,)
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Fig. 2 Architecture of SLSTM
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Table 1 Platform of hardware and software

TH Ji A TH ZH
Python K4T/ix ~ Anaconda5.1 W1 RAM 4.00 GB
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Fig. 4 Short-term load of EMD decomposition curve
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Table 2 Dataset of training and test

i S B HoE timestep ASEYERF mini-batch
IMZR(J5) 80% 12 1 128
MR 20% 12 1 128
YkPy) 80% 12 1 128
TR(P) 20% 12 1 128
kP, 80% 12 1 128
MHA(P,) 20% 12 1 128
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Fig. 5 Architecture and parameters of SLSTM
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Table 3 MAE and RSME of component prediction

IMF 45 MAE RSME
SVR GBR ANN DNN SLSTM SVR GBR ANN DNN SLSTM

1 222 1.06 0.94 0.73 0.58 3.98 3.09 2.51 1.45 1.39
2 1.95 0.95 0.56 0.64 0.22 3.72 2.34 1.26 1.36 0.37
3 1.83 1.10 0.61 0.93 0.35 3.27 2.55 1.54 2.28 0.76
4 1.79 1.35 0.90 0.93 1.04 3.50 3.46 292 2.67 3.08
5 1.44 0.51 0.21 0.52 0.54 2.75 1.22 0.45 0.97 1.10
6 2.05 1.35 0.94 0.98 1.04 4.46 3.46 2.47 2.87 3.40
7 1.55 0.85 0.90 0.93 1.13 3.12 2.27 2.52 2.51 3.49
8 1.81 0.98 0.68 0.79 0.53 3.49 2.42 1.76 2.03 1.25
9 2.19 1.38 0.95 0.99 0.69 4.30 3.54 2.92 3.34 1.92
10 2.02 1.28 0.78 0.94 0.96 3.86 3.19 2.14 2.57 2.50
11 2.89 1.74 1.50 1.37 1.21 6.66 4.71 4.54 3.95 3.76
12 1.80 0.86 0.53 0.66 0.74 3.81 2.66 1.50 1.62 1.78
13 2.46 1.99 1.56 1.34 1.26 5.18 6.15 5.33 4.50 4.83
14 1.77 0.54 0.90 0.66 0.67 3.26 1.87 2.60 1.59 1.92
15 3.61 2.90 2.58 2.19 242 8.95 9.38 8.37 7.16 8.22
16 2.72 1.13 0.80 1.10 0.99 5.79 3.38 2.45 3.32 3.05
17 2.64 2.20 0.77 1.00 1.04 5.27 6.80 2.55 2.47 2.95
18 1.71 0.77 0.47 0.49 0.49 3.06 2.07 122 0.95 1.15
19 2.24 1.43 0.54 0.60 0.32 4.80 3.78 1.62 1.31 0.75
20 1.64 0.77 0.67 0.88 0.87 3.02 1.83 1.75 2.07 2.35
21 1.81 0.66 0.25 0.46 0.34 3.46 1.40 0.75 0.87 0.71
22 2.11 1.32 1.13 0.88 0.88 5.04 4.77 4.10 3.08 3.60
23 2.08 1.79 1.48 1.09 1.02 435 4.39 4.09 2.97 2.86
24(R) 1.33 0.77 0.50 0.66 0.38 2.40 1.90 1.13 1.95 0.86
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Table 4 Comparison of training and test performance

g AN BT EMD 414 T
kIt al/s  MAPE RMSE MAPE  RMSE
SVR 39 64.58 30.63 31.10 20.60
GBR 23 45.57 29.15 31.29 18.15
ANN 22 4691 29.73 29.71 15.99
DNN 30 4939 29.44 2691 16.15
SLSTM 760 39.64 29.65 25.73 14.54
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