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Abstract

This paper proposes a natural gas load forecasting algorithm that combines the Seagull Optimiza-
tion Algorithm (SOA) to optimize the Gated Recurrent Unit (GRU), and incorporates Singular Value
Decomposition (SVD) and Long Short-Term Memory (LSTM). The SOA is used to optimize the mod-
el parameters of GRU and obtain the optimal values. SVD is employed to reduce dimensionality
and extract features from the original data, enhancing data quality. Finally, LSTM is utilized for re-
sidual prediction, combining the prediction results of GRU as the final forecast. This approach
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further improves the prediction accuracy of the model. The evaluation criteria are Root Mean
Square Error (RMSE) and Mean Absolute Percentage Error (MAPE). The model achieves an RMSE
0of 4766 and a MAPE of 5.61% in the prediction results.
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Figure 2. GRU model cell
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Figure 4. Predictive process diagram
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Table 1. Correlation coefficients of each parameter
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Figure 5. Singular value line plot
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Figure 6. Residuals for different k values
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Figure 7. Predicted results of each model
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Table 2. Errors of each model
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RMSE 14665 12358 8985 4766
MAPE 15.23% 13.55% 10.27% 5.61%
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