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Short-term Power Load Forecasting Method Based on HDBO-LSTM
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Abstract; To improve the accuracy of short-term power load forecasting in the power system, a
prediction model (HDBO-LSTM) based on hybrid dung beetle optimization (HDBO) algorithm to
optimize long short-term memory ( LSTM) network is proposed. Firstly, to solve the problem of
weak global search ability and susceptibility to local optima in the original dung beetle optimization
(DBO) algorithm ,the HDBO algorithm is formed by introducing random opposition learning strat-
egy , Harris hawks optimization algorithm , dimension-by-dimension Gaussian variation strategy , and
dynamic boundary handling mechanism based on the original DBO algorithm. This enhances the
search ability and convergence speed of the algorithm,and the search performance of the HDBO al-
gorithm is verified through comparative experiments with 10 benchmark functions. Secondly, the
HDBO algorithm is used to optimize the hyperparameters of the LSTM network,in order to reduce
the impact of random hyperparameter selection on the accuracy of load forecasting. Finally, the
model is evaluated by using the power load dataset from the electrical mathematics modeling com-
petition. The results show that compared to the original LSTM model ,the HDBO-LSTM model re-

duces root mean square error (RMSE) , mean absolute percentage error ( MAPE) , mean absolute
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error (MAE) ,and coefficient of variation (COV) by 22.38% ,16.33% ,19.16% ,and 22.52% ,

respectively,in the randomly selected seven day prediction task within the dataset. This model can

effectively improve the accuracy of short-term power load forecasting.

Key words: power load forecasting ;dung beetle optimization algorithm;long short-term memory network
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Table 1 Test results of each algorithm based on different benchmark functions
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Fig.2 Convergence curves of each algorithm based on different benchmark functions
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Table 3 Optimized hyperparameter values
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Fig.5 Load forecasting curves for randomized seven-day
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Table 4 Load forecasting evaluation indicators for

randomized seven-day

F5iT MAPE RMSE MAE cov

LSTM 0.0245 227.0377 169.3004  0.0333
DBO-LSTM  0.0229  208.9153 152.9167 0.0306
HDBO-LSTM 0.0205  176.2246 136.8610  0.025 8
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Table 5 Comparison of model complexity

iRy L, L, FLOPs/10°
HDBO-LSTM 252 327 2.23
DBO-LSTM 428 196 2.79

Ry 20 B IR AR SRR AR Y I 4 E 1B
SSA PSO  JK AR {4k ( grey wolf optimizer, GWO)
F1 DBO 45 4 Fhot s & 55530 T LSTM ¥
KSR, P HE 4 Fp O NI SRR AR
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Table 6 Load forecasting evaluation indicators of

different models

LAY MAPE RMSE MAE cov
HDBO-LSTM 0.0144  133.7758 105.2148  0.0190
DBO-LSTM  0.0156  150.0530 114.8435 0.0213
SSA-LSTM  0.0171  151.5679 122.5961  0.021 5
GWO-LSTM  0.0182  156.7376 129.7714  0.0222
PSO-LSTM  0.0173  157.2725 124.3666  0.0223
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