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Short-term power load forecasting based on multi-strategy improved golden jackal
algorithm-optimized LSTM
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(Henan Key Lab of Information-Based Electrical Appliances, Zhengzhou University of Light Industry, Zhengzhou 450002, China)

Abstract: There are problems of low accuracy and poor stability in short-term load forecasting using long short-term
memory (LSTM) neural networks. Thus this paper proposes an improved golden jackal optimization (IGJO) algorithm to
optimize the LSTM model. First, it integrates a convex lens reverse learning strategy for better starting positions. It
introduces the sigmoid function to change the escape energy and balance exploration and development stage. It fuses
whale optimization algorithm’s spiral enclosure to improve exploration capability and convergence accuracy. Then, it
introduces the LSTM neural network, and uses the IGJO algorithm to optimize its hyperparameters and to establish the
IGJO-LSTM short-term electricity load forecasting model. Finally, the IGJO-LSTM short-term load forecasting model is
validated using actual power load data from a region in Henan province. The experimental results show that the short-term
load prediction results of the IGJO-LSTM model at different times on weekdays and weekends are closer to the actual load.
Compared to traditional methods, it demonstrates higher accuracy and stability, indicating practical application potential.
This work is supported by the National Natural Science Foundation of China (No. 62272424 and No. 62276239).
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Fig. 2 Convex lens imaging reverse learning schematic
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Table 3 Comparison of weekend prediction accuracy

A Mpp/% Mye/MW Ryse/MW

LSTM 15.43 137.51 240.64
GJO-LSTM 5.63 52.54 82.52
WOA-LSTM 6.26 66.27 139.37
MVO-LSTM 4.68 39.96 60.23
ALO-LSTM 11.68 110.26 179.01
GWO-LSTM 9.28 81.38 127.60
IGJO-LSTM 3.74 21.33 34.43
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Table 4 Comparison of weekday prediction accuracy

it Mape/% Mag/MW Ryse/ MW

LSTM 13.17 113.42 184.87
GJO-LSTM 4.83 44.28 70.54
WOA-LSTM 5.11 49.23 82.71
MVO-LSTM 437 33.54 53.60
ALO-LSTM 8.34 90.57 144.68
GWO-LSTM 6.29 67.31 109.84
IGJO-LSTM 3.42 19.86 30.19
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