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Abstract

To address the issue of improving the accuracy of load forecasting, research on load forecasting
based on different principles was conducted. First, data preprocessing was performed. Secondly, a
load forecasting process based on LSTM was formed, followed by a load forecasting process based
on ARIMA. Finally, a case analysis was conducted, which verified that the LSTM-based prediction
method has higher accuracy in predicting the comprehensive load in the region. Furthermore, the
advantages and disadvantages of the two methods were analyzed. The ARIMA model has a simple
calculation, but it is difficult to accurately predict complex nonlinear load changes. On the other
hand, the LSTM model can better handle complex nonlinear load changes, but it requires high
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computing resources and training time.
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Figure 1. Schematic diagram of LSTM model
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Table 1. LSTM model parameter settings
1. LSTM iRES KR E

ZH =514 1 2
units 32 64
input size 1 1
batch size 16 16
dropout 0.1 0.1
patience 20 20
epoch 100 100
model train vs val loss
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Figure 2. Annual forecast loss graph
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Figure 3. The annual predicted value versus the true value (MW)
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Figure 4. Monthly forecast loss graph
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Figure 5. Graph of the predicted and true monthly values (MW)
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Figure 6. Daily forecast loss graph
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Figure 7. Daily predicted value versus true value (MW)
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Figure 8. Residual ACF and PACF plots
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Figure 9. Residual normality test QQ graph
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Figure 10. Histogram of residual normality test
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Figure 11. Graph comparing original data with predicted data (MW)
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