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Abstract

There are many fitting prediction models for time series, but with the constant change of practical
problems, the traditional time series prediction model has gradually failed to meet the require-
ments, and now more problem-oriented prediction models with high precision and high generali-
zation ability are needed. In this paper, ARIMA and machine learning algorithms are used to pre-
dict the electricity load in a region at an interval of 15 minutes in the next ten days, and the accu-
racy is compared by MAE, RMSE and MAPE of the predicted value and observed value. It is found
that the GBDT model has the best accuracy, so GBDT model is finally selected for the subsequent
prediction work.
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Figure 1. Sequence timing diagram
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Figure 2. Sequence autocorrelation diagram
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Figure 3. Sequence partial autocorrelation diagram
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Figure4. Time sequence diagram of some data
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Figure 5. ACF diagram of partial data
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Figure 6. PACF diagram of partial data
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Table 1. Indicators of the ARIMA model test set
%z 1. ARIMA 1= BNR £ RI$EFR

MAE RMSE MAPE

22562.25 25787.213 9.973476

3.2.2. ARIMA jnEFHIER
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Table 2. Indicators of ARIMA additive seasonal model
Fz 2. ARIMA NZASETRE IEFR

MAE RMSE MAPE

1821.363 4878.357 1.147699
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Figure 7. STL decomposition diagram
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Table 3. Indicators of STL decomposition model

3% 3. STL 5y fRARBURHEHR

MAE RMSE MAPE

24283.51 31297.69 1.01619
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Figure 8. Power time series diagram
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Figure 9. Time series for the last 14 days
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Figure 10. Time series diagram from May to August 2021
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Figure 11. Comparison of random forest test set predictions
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Table 4. Model evaluation index

3 4. RENFNEIR

MAE RMSE MAPE

3647.64 4936.00 0.0159
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Figure 12. Comparison of GBDT test set predictions
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Table 5. Model evaluation index
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MAE RMSE MAPE

3351.45 4481.62 0.0147
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Figure 13. Comparison of XGBoost test set predictions
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Table 6. Model evaluation index

= 6. HEITNERR

MAE RMSE MAPE

4212.00 5415.24 0.0185
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