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Abstract: Power load has the characteristics of non-linearity
and timing. In order to dig deeper into the importance of
characteristic variables for power load forecasting and obtain
higher accuracy of power load forecasting, in this paper, a
hybrid load forecasting model based on random forest (RF)
algorithm and long-term and short-term memory (LSTM) neural
network model is applied to load forecasting. First, according to
the time and date factors and climate factors, a high-dimensional
characteristic data set is established as the input of the random
forest model, and then the important features selected by the
random forest algorithm and combined with historical load
as the input of the LSTM network model. The particle swarm
optimization algorithm is used to optimize the parameters of
the LSTM network model to get the final RF-LSTM hybrid
model and the load forecasting results. This method is applied to
predict the power load of a certain station in Hebei. The results
show that the hybrid prediction model proposed in this paper
has better prediction accuracy than random forest model, LSTM
network model and BP neural network without characteristic

variable screening.

Keywords: random forest; long short-term memory; power load
forecasting; hybrid model
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Fig. 1 Flow chart of random forest algorithm
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Table 7 Comparison of prediction results of different models
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Fig. 8 Comparison of prediction results of different models
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Table 8 Summary of forecast data for different models
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}f BEXE  gummeg  PHEYNE  ARTNE THANE AETNE FHANE ARTUE FHaeNE
kW kW SELIRZE /% /KW S ELIRZE% kW S ELIRZE/% /KW S ELIRZE%

1 4.007 3.810 4.91 4.074 1.67 3.764 6.06 4.045 0.95

2 4266 3.854 9.66 4.119 3.45 3.654 1435 4.107 3.73

3 4341 3.844 11.45 4.128 491 4.589 5.71 4.182 3.66

4 4.175 3.708 11.19 4.120 1.32 3.587 14.08 4173 0.05

5 3.865 3.483 9.88 4.050 479 3.317 14.18 3.976 2.87

6 3.446 3.284 4.70 3.535 2.58 3.044 11.67 3.504 1.68

7 3.093 3177 2.72 3.408 10.18 2.558 17.30 3.250 5.08

8 2.847 2.969 429 2.803 1.55 2.470 13.24 2.839 0.28

9 2.738 2.792 1.97 2.754 0.58 2.460 10.15 2.746 0.29
10 2.685 2.706 0.78 2.741 2.09 2.400 10.61 2.705 0.74
11 2.677 2.695 0.67 2.733 2.09 2.509 6.28 2.694 0.64
12 2.756 2.800 1.60 2.553 7.37 2.580 6.39 2.716 1.45
13 3.042 3.188 4.80 2.893 4.90 2.976 2.17 2.878 5.39
14 3.585 3.668 2.32 3.641 1.56 3.580 0.14 3.641 1.56
15 3.965 3.956 0.23 3.931 0.86 3.936 0.73 3.944 0.53
16 4.054 4.058 0.10 3.991 1.55 4.021 0.81 4.029 0.62
17 4.059 4.096 0.91 3.998 1.50 4.062 0.07 4.047 0.30
18 4.081 4.075 0.15 3.989 2.25 4.053 0.69 4.048 0.81
19 4.067 4.096 0.71 3.986 1.99 4.022 1.11 4.058 0.22
20 4.021 4.060 0.97 3.988 0.82 3.980 1.02 4,051 0.75
21 4.019 4.076 1.42 3.971 1.19 3.905 2.84 4.021 0.05
22 3.990 4.082 231 3.964 0.65 3.942 1.20 3.999 0.23
23 3.969 4.140 431 4.070 2.54 3.816 3.85 3.976 0.18
24 4.030 4221 4.74 3.965 1.61 3.926 2.58 3.975 136
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