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Abstract

Accurate prediction of gas wells’ dynamic reserves is a critical foundation for the efficient develop-
ment of tight gas reservoirs. Aiming at the technical problems in predicting dynamic reserves of
tight gas wells, this study uses machine learning methods to predict dynamic reserves of tight gas
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wells based on the actual data of 400 tight gas wells in a block of the X Tight Gas Reservoir. First, the
original data is preprocessed. Second, the Pearson correlation coefficient method is used for analy-
sis to screen out the main controlling factors affecting dynamic reserves. Then, machine learning
methods are applied to establish a prediction model for dynamic reserves. Finally, the particle
swarm optimization algorithm is used to optimize hyperparameters. The results show that the ran-
dom forest algorithm provides good prediction results and can effectively predict the dynamic re-
serves of gas wells. This study provides a new technical means for predicting the dynamic reserves
of gas wells.
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Figure 1. Example of a box plot
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Figure 2. Factor correlation coefficient diagram
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Figure 3. Statistical chart of parameter contribution rate
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Table 2. Description of main built-in parameters of the algorithm
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min_samples_split: (2, 10, 1) 5
C: (1, 250) 218.14
Kernel: [‘linear’, ‘poly’, ‘rbf’, ‘sigmoid’]
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Table 3. Model evaluation metrics
% 3. HEENT hIERR
Hik FEARER MSE RMSE R?
PlIEE S 0.956 0.978 0.858
XGhoost i
WA 1.256 0.952 0.824
PR S 0.912 0.955 0.864
BEHLAE A \
WA 0.945 0.935 0.847
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