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A big data-based method to analyzing key factors controlling productivity in Sulige sandstone

reservoirs
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Abstract: To address the current challenges in fracturing design—where operational parameters often rely on empirical values with
insufficient theoretical support, and vast amounts of historical fracturing data remain underutilized—a data-driven method for intelligent
optimization of fracturing parameters was proposed. Taking dozens of wells in the Sulige gas field as the research subject, productivity
prediction models were constructed through neural networks, support vector machines, and random forest algorithms. By integrating
neural networks with particle swarm optimization algorithms, key operational parameters—such as fluid volume, proppant amount, and
displacement rate—were optimized with the objective of maximizing production. The results indicate that gas saturation, reservoir
thickness, net fluid volume, and proppant volume are the principal factors controlling productivity in the study area. Based on these
factors, a neural network-based productivity prediction model was developed, achieving a prediction accuracy of up to 98.95%. This
method enables the identification of optimal fracturing parameters tailored to sandstone reservoirs, thereby supporting the efficient
development of such reservoirs.

Keywords: Sulige sandstone reservoir; hydraulic fracturing; data-driven; productivity prediction model; operational parameter
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Fig.1 Correlation analysis diagram of production influencing factors
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Fig.3 Basic principles of support vector regression (SVR)
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Fig.4 Prediction accuracy of the Shihezi formation production model
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Fig.5 Prediction accuracy of the Shanxi formation production model
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Fig. 6 Optimization scheme of fracturing parameters and prediction of absolute open flow potential
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Table 2 Optimization results of applied well construction parameters
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