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based on FOMNN
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Fig.3 Prediction result curves of different methods
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Table 1 Comparison among different methods under different date types

H SVM BPNN GRU FOMNN
i) MAPE /% RMSE/MW  MAPE/% RMSE/MW MAPE/% RMSE/MW MAPE/% RMSE /MW
1 1.76 295.49 3.30 378.69 3.25 423.24 2.23 329.68
2 3.47 413.24 2.59 334.46 2.38 386.23 0.79 193.24
3 1.45 262.72 2.27 290.87 1.03 179.66 1.25 309.80
4 2.24 288.50 3.15 421.90 0.85 165.40 0.92 223.12
5 2.11 351.38 1.73 288.15 1.18 186.21 0.34 116.93
6 5.82 579.46 5.38 517.44 4.67 473.24 0.88 177.05
7 3.61 462.43 4.37 598.56 4.04 419.35 1.09 224.44
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Table 2 Comparison of prediction performance between before and after neural network fusion
ik HEFRBEHLH HARREHLH KSR BEHLH A FHHEHLH
MAPE /% RMSE /MW  MAPE/ % RMSE/MW MAPE/% RMSE/MW MAPE/% RMSE /MW
LSTM 2.98 345.11 4.78 486.62 3.72 469.37 4.93 546.27
GRU 3.12 365.34 5.01 603.89 3.45 428.63 4.83 529.68
CNN-GRU 2.52 280.91 2.45 435.61 2.03 327.39 3.63 309.51
AM-GRU 1.65 261.13 4.56 562.80 2.61 374.77 3.85 429.34
Maxout-GRU 2.66 301.24 3.57 480.35 1.39 254.23 2.99 339.24
CNN-AM-GRU 1.01 203.88 2.69 381.09 1.89 279.01 3.08 354.74
FOMNN 0.73 187.90 1.52 209.26 1.03 223.40 1.78 263.41
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Short-term load forecasting method based on fusion of multiple neural networks
PANG Hao',GAO Jinfeng',DU Yaoheng’
(1. Industrial Technology Research Institute,Zhengzhou University ,Zhengzhou 450001, China;

2. Yantai Power Supply Company of State Grid Shandong Electric Power Company, Yantai 264000, China)
Abstract: In order to make use of the advantages of different deep neural networks and improve the ability
of deep learning algorithm for short-term load forecasting, a short-term load forecasting method based on
multiple neural networks fusion is proposed. The historical active power load,season,date type and weather
data of power system are taken as input characteristics,while the deep neural network and attention mecha-
nism network of parallel architecture are taken as core network. The static features are extracted by the
convolutional neural network channel in the parallel architecture, the dynamic time series features are
mined by the gated recurrent unit network channel, and the attention mechanism network is adopted to
fuse the extracted features and dynamically adjust the dependent degree of network on different features.
Maxout network is used to enhance the non-linear mapping ability of the whole network,and the forecasting
results are output through the fully connected network. Compared with the results of support vector machine
and long- and short-term memory network,the proposed method has higher forecasting stability and accuracy.
Key words: short-term load forecasting;fusion of multiple neural networks;gated recurrent unit network ; con-

volutional neural network ;attention mechanism network ; Maxout network
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Table A1 Temperature conditions of Clustering group 14 of Bus 6

VT AL T 3 AR/ C LA E 4 S5t Z/°C
170 25.483 88 24.94578
127 25.299 07 24.978 40
131 2527277 25.076 42
199 25.239 02 25.239 02
155 25.199 03 25.009 42
114 25.132 99 24.859 95
198 25.009 42 24.608 62
179 24.987 53 24.549 73

163 2494578 24.424 17
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Fig.A2 Temperature profiles of air conditioning of Clustering group 14 of Bus 6
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