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Fig.1  Structure diagram of LSTM
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Fig.2  Structure diagram of LSTM neural network
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Fig.3  Forecast model overall structure
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Tab.1 Model parameters for each season
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Tab.2  Comparison of MAE, MAPE, RMSE and ME
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Fig.7 Comparison of four daily load forecasting results
*3 MLEEE) MAE MAPE
Tab.3 MAE and MAPE of comparison models
o 2014.2.21 2014.5. 26 2014. 8. 28 2014.11.27
- MAE/MW  MAPE(%)  MAE/MW  MAPE(%)  MAE/MW  MAPE(%)  MAE/MW  MAPE(%)
BpP 139.76 2.56 191. 15 2.68 255.47 2.60 142.99 2.54
LSTM 131.91 2.44 174.59 2.25 220. 02 2.32 116. 63 2.24
PSO-BP 121. 61 2.30 163. 32 2.39 152. 65 1. 84 112. 87 2.17
PSO-LSTM 99. 19 2.06 146. 88 2.03 134. 55 1.43 110. 05 1. 96
SSA-BP 108. 50 2.25 164. 44 2.29 121. 12 1. 46 118.77 2.02
SSA-LSTM 94. 78 1.95 114. 8 1.58 90. 12 1.02 105. 16 1.83
F4 LB ME RMSE
Tab.4 ME and RMSE of comparison models
(A7 MW )
. 2H21H 5H2H 8 H28 H 11 H27H
X HE AR
ME RMSE ME RMSE ME RMSE ME RMSE
BP 141.74 177.18 193.70 242.12 246. 64 308. 30 128.79 160. 99
LSTM 128. 10 160. 12 150. 43 188. 04 216.57 270.71 112.57 140. 71
PSO-BP 119.32 149. 15 184.78 230. 98 162. 94 203. 68 108. 67 135. 84
PSO-LSTM 102.79 128. 49 136. 84 171. 05 144. 34 180. 42 102. 30 127. 87
SSA-BP 103. 23 129. 04 160. 29 200. 36 120. 77 150. 96 112. 18 140. 23
SSA-LSTM 91.34 114. 18 108. 84 136. 05 95.90 119. 88 96. 35 120. 44
(1) 38 2 X6 R, Ay 504 4 3 8 1 R AT K (2) A 3CGHE I SSA HATSEF I FEE LSTM

P, PEHCHI H AR SREE LR R B A TARE H 2
RUF28 45 1y s e Bl AT S AP 9 At IR
SRR AT | S8 75 J& 1 A SR e R 2850t 4 4y il
D2, A RO AR = T TR

T H%,@ﬁ%%/\ﬁﬁ%lﬂ% HHITR AL, A 2L
MR TR TN TR 2 O FE IR HL T OR AN Y 7]
AL IR T AR L
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Short-term load forecasting based on SSA-LSTM model

ZHAO Jing-yu, CHI Yue, ZHOU Ya-tong
(School of Electronics and Information Engineering, Hebei University of Technology, Tianjin 300401, China)

Abstract; Power load forecasting is essentially a time series forecasting problem, which has non-stationarity and

complexity of influencing factors. In order to improve the prediction accuracy and solve the problem of large random

and difficult selection of long-short term memory (LSTM) neural network parameters, a short-term power load fore-

casting model (SSA-LSTM) that uses the sparrow search algorithm (SSA) to optimize the parameters of the long-

short term memory neural network is proposed. The historical power load data related influencing factor data is used

to make load forecasts on the day to be forecasted. First, the historical power load data, weather, holidays and oth-

er influencing factors data are preprocessed. Secondly, the processed data is used to train the model, and the pa-

rameters of the long-short term memory neural network are optimized with the help of the sparrow search algorithm

to better match the input data with the network structure. Finally, load forecasting is performed and other algorithm

models are compared for analysis. The results of calculation examples show that the model proposed in this paper

can effectively improve the prediction accuracy and is effective in short-term load forecasting.

Key words: sparrow search algorithm (SSA) ; long-short term memory ( LSTM) ; combination forecasting model ;

prediction accuracy



