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Abstract; In the process of oil and gas exploration, development and production, reservoir pressure plays a crucial
role in the accumulation, distribution and migration of oil and gas. Abnormally high-pressure reservoirs can lead to
drilling accidents such as wellbore collapse, kicks and blowouts. Traditional methods for predicting reservoir pressure,
mainly based on well logging calculations using empirical formula and effective stress methods, suffer from drawbacks
including complex parameter identification and significant subjectivity. Consequently, the paper uses the DF block in
the Yinggehai Basin as a case study, building a reservoir pressure prediction model based on real-time pressure data
using both the BP neural network and convolutional neural network. This process established an implicit direct rela-
tionship between logging curves and real-time reservoir pressure, allowing for the prediction of reservoir pressure and
an analysis of the causes of overpressure. The results of the study indicate that: (1) The established convolutional
neural network model demonstrates high accuracy in predicting reservoir pressure, with a root mean square error of
0.27 MPa for the optimal model. (2) The predicted reservoir pressure range for the Huangliu Formation in the DF
block of the Yinggehai Basin is 53.26—-55.60 MPa, with an average pressure coefficient of 1.66—1.95, consistent with
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overpressure. (3) The mechanism behind the overpressure in the Huangliu Formation, DF block, is mainly due

to fluid expansion, supplemented by undercompaction.

Key words: reservoir pressure prediction; BP neural network; convolutional neural network; overpressure;

Huangliu Formation; Yinggehai Basin
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Fig.1  Structural unit distribution and composite columnar section of DF block in the Yinggehai Basin
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Fig.2  Architecture of convolutional neural network ( CNN)
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Table 2 Comparison of predicted and real-time
pressure using convolutional neural networks

AR, WA, #E/ AW, SR, BT/

VI /m s

API (Q-m)  (g/em?) (ws/ft) MPa MPa
2 905.00 73.40 3.59 2.37 0.19 92.48 56.27 55.82
3 054.38 113.49 3.09 2.55 0.17 84.90 52.91 53.00
3 059.98 74.24 7.92 2.32 0.18 89.74 52.92 53.71
3 072.83 102.52 4.65 2.45 0.17 84.70 52.98 52.81
3074.02 103.11 5.26 2.47 0.15 82.85 52.98 53.00
3 094.60 75.70 15.13 2.29 0.15 89.42 53.01 53.16
3 116.99 78.94 7.29 2.32 0.17 85.89 53.06 53.02
3117.99 78.02 7.21 2.33 0.16 88.44 53.05 53.24
3 121.09 85.07 11.26 2.29 0.15 89.41 53.07 52.95
3 180.52 103.64 3.71 2.53 0.17 80.28 52.74 52.89
3 187.92 128.29 3.17 2.55 0.17 80.72 52.77 53.02
3 191.51 72.33 6.93 2.31 0.16 83.89 53.22 53.11
3 206.48 81.29 4.29 2.35 0.18 85.97 53.37 53.15
3 213.62 74.66 3.29 2.39 0.21 81.79 53.43 53.26
3262.92 69.77 2.71 2.36 0.20 81.96 53.44 53.49
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Fig.6  Predicted reservoir pressure for two typical wells in DF block, Yinggehai Basin
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Table 3 Predicted reservoir pressure in Huangliu
Formation of DF block, Yingehai Basin

USRS 7SN VA Ly
1-14 2 778.10 2 999.69 53.81 1.86
1-2 2 839.06 3 140.35 54.64 1.83
1-3 2 795.02 2 921.81 53.82 1.88
1-5 3 090.06 3228.29 54.24 1.72
1-6 2 756.76 2 946.04 54.12 1.90
1-10 2 750.10 2935.20 54.00 1.90
2-2 2995.12 3 159.56 54.23 1.76
2-4 3 105.10 3478.10 54.72 1.66
2-6 2 997.56 3238.35 53.69 1.72
2-8 2973.10 3202.00 53.69 1.74
2-1 2 600.00 3103.30 55.61 1.96
1-4 2 783.35 2927.73 53.26 1.87
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