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Pore Pressure Prediction Model Based on CNN-Attn Neural Network
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(1. Key Laboratory of Drilling and Production Engineering for Oil and Gas, Wuhan 430100, China; 2. School of Petroleum Engineering,
Yangtze University, National Engineering Research Center for Oil & Gas Drilling and Completion Technology, Wuhan 430100, China)

[ Abstract] In the exploration and exploitation of oil and gas, artificial intelligence models are extensively employed in the prediction
of formation pore pressure. Among them, single models tend to encounter problems such as overfitting or unstable prediction outcomes,
leaving room for improvement in aspects like prediction accuracy and generalization ability. To enhance the prediction accuracy of
formation pore pressure, a CNN-Attn neural network-based formation pore pressure prediction model was established by virtue of deep
learning technology. In this research, five types of logging and while-drilling data were optimally selected, and the linear correlation
between the data and formation pore pressure was verified using the Pearson correlation coefficient method. Through the optimization of
the structure of the one-dimensional CNN, the model can effectively capture the local characteristics of the data and, when combined
with the self-attention mechanism, strengthen the model’s ability to capture global dependencies, thereby elevating the model’s
expressiveness and comprehension. To validate the prediction accuracy of this model, two wells in the Bayan block were subjected to
prediction. The average absolute errors of the prediction results were both less than 1 MPa, the root mean square errors were both less
than 1 MPa, the average relative errors were both less than 1. 3% , and the determination coefficients were both greater than 0.9, with
higher accuracy compared to the BP, CNN, and LSTM models. This model has improved the prediction accuracy of formation pore
pressure and provided data support for drilling safety.

[ Keywords] formation pore pressure; intelligent prediction; deep learning; convolutional neural network; self-attention mechanism
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(grem™*)  (grem™?)

1154 52 139.9 52.85 2. 005 1. 042
1156 63 143.0 50. 25 1. 994 1. 045
1158 95 142.7 64. 54 2. 069 1. 045
1 160 56 144.2 86.37 2.208 1. 047
1162 87 151.6 87.67 2. 090 1.036
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Fig. 1  Data processing diagram
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Table 2 Superparameter optimization results for
wells A and B

FiA A JFHITHL Ry B I HITH
BP 120 BP 300
CNN 70 CNN 70
LSTM 50 LST™M 80
CNN 270, CNN 260,
CNN-Attn , CNN-Attn o
EIESEZ 70 EIERE)Z 80

3 A FHH 4 HEENEMIBRER

Table 3 Results of four model evaluation indexes of well A

sl MAE/MPa  RMSE/MPa  MRE/% R?
BP 2.32 2.64 3.29 0.55
CNN 1.38 1.67 1.97 0.82
LSTM 1.34 1.71 1.95 0. 81
CNN-Attn 0.78 0.97 1.13 0.94

x4 B HH 4 TRBELEMIEIRER

Table 4 Results of four model evaluation indexes of well B

FBETR MAE/MPa  RMSE/MPa  MRE/% R?
BP 3.46 3.88 7.81 -1.49
CNN 1.10 1.29 2.48 0.72
LSTM 2.06 2.72 4.71 -0.23
CNN-Attn 0.53 0.65 1.20 0.93
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Fig. 5 Comparison of predicted and actual values of the four models for Well A
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Fig. 6 Comparison of predicted and actual valuesof the four models for Well B
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Fig. 7 Generalized prediction results
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