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Research and application of artificial intelligence—based prediction method for horizontal
well-formation modelling

LI Yutao, LI Chaoliu, WEI Xingyun, WANG Hao
(PetroChina Research Institute of Petroleum Exploration & Development, Beijing 100089, China)

Abstract: Horizontal well drilling has become an important method for oil companies to enhance single-well production in tight and
unconventional oil and gas reservoirs. However, due to the complex spatial relationship between the wellbore trajectory of horizontal wells
and the formation layers, traditional vertical well analysis methods cannot be effectively applied. Accurately describing the spatial
combination relationship between the wellbore trajectory, the target layer, and the surrounding rock is a primary task in horizontal well
logging interpretation. To address this issue, the mainstream approach is to construct an initial stratigraphic model based on a pilot well and
then adjust the model segment by segment using forward modeling constraints from logging data. However, this process is time—consuming
and requires numerous repetitive forward modeling calculations for different wells in the same area. Therefore, in the processing and
interpretation of horizontal well logging data, developing a reasonable well-formation model is essential. This model enables an accurate
description of the spatial relationship between the wellbore and the formation interfaces, including the distance between the wellbore position
and formation interfaces and the angle between the wellbore axis and the formation normal direction. At the same time, logging data analysis
methods based on machine learning and artificial intelligence (AI) technologies have been applied to various aspects of logging data
interpretation by training intelligent models. With the support of Al technologies, it is expected to overcome the bottlenecks of traditional
methods. To this end, the study proposed an automated horizontal well logging interpretation method based on multi-model integration and
deep neural networks. First, a theoretical model was constructed incorporating different wellbore trajectories and formation combination
relationships, and a logging response sample library was generated. Then, machine learning models such as eXtreme Gradient Boosting

(XGBoost), Light Gradient Boosting Machine (LightGBM), and Categorical Boosting (CatBoost) were integrated, and their prediction results
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were [urther fused using a multi-layer perceptron (MLP). Finally, intelligent automatic recognition of the geometric relationship between the

well trajectory and the surrounding rock was carried out using actual logging data. Case analysis showed that this method accurately captured

the complex logging response characteristics of horizontal wells while significantly improving interpretation speed and accuracy. The

proposed method meets the demand for rapid analysis of multiple wells in similar geological environments and provides an efficient,

intelligent approach to horizontal well logging interpretation.

Keywords: horizontal wells; well logging interpretation; artificial intelligence; deep learning; formation modelling
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Table 1

Logging response values of target layer and five sub—layers of surrounding rocks in pilot hole Su 47-A of well

Su 47-A-H1, Sulige gas field, Ordos Basin
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well-formation model
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Table 2 Classification of well-formation model numbers
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(Random Forest, RF) RIFEBEHLIE LR REAFIRRAE ISR, i A XU FR e M VAN ARV
SCRE AL A o A2 ) PR e OB I, Sl At A Ik e Ak S e e, B R A i
(Supp()rt Vector Machine,SVM) S TAT Fi /N 5 4 v A Y A iz AL RE S “
L R R
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(Categorical Boosting, CatBoost) P& i R B0 E R Y A B R WPKG B A0 2Ly Ly Ly L
B FR=% > Bl A AL A 1 S = B o VI R BE RN T P R, JE IR BE PR, R 2R L T E

(Extreme Learning Machine, ELM)
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Ak T f5e /0N e eF US4 T BE £ 55 F (Lasso, Least Absolute
Shrinkage and Selection Operator) 7] HEER L2 T8

(Ridge) MIEAERS . 3% 4 50 1 T 343 B0 5595 %4 104~ H
FR7AEt Y MSE {1 . MAE {8 1 R PEAL 45

LAY, A ph AN ) B 32 390300 2 5 v %ot L (L 4) mT LA
AL RE B B TR0 26 75 R 2008 B0 5 52 R s
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Table 4 Performance evaluation results of machine
learning algorithms for each target variable

Hbsdsm i MSE {f e ZE(R?) MAE {ii
Y, RF 0.008 6 0.998 3 0.007 8
Y, RF 0.021 6 0.990 1 0.014 2
Y, RF 0.0103 0.998 1 0.013 1
Y, RF 0.003 9 0.998 4 0.007 8
Y, XGBoost  0.000 7 0.997 4 0.005 3
Z, RF 0.024 3 0.998 6 0.097 0
Z, RF 0.000 7 0.999 8 0.097 0
Z, RF 0.000 5 0.998 8 0.009 9
Z, XGBoost  0.000 4 0.998 1 0.014 6
Z RF 0.000 1 0.999 1 0.009 4
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Table 5 Sensitivity experiments on parameters of target
variable Y, (number of hidden-layer nodes, activation
function, learning rate, etc. )

BIRZE e g wwsrme WER IR BIELE . R
N TS BREL R Wl MSE(E  MAEfS KAEEE R
16 ReL.U 1074 115 0.020 5 0.120 1 0.9950
32 ReLLU 107 132 0.016 0 0.1050 0.997 8
64 ReLLU 107 204 0.008 2 0.007 1 0.999 1
128 ReLLU 107 310 0.007 7 0.006 8 0.999 2
64 Sigmoid 10 220 0.0103 0.0114 0.996 5
64 Tanh 10 215 0.016 5 0.010 8 0.997 2
64 ReL.U 10°° 250 0.009 1 0.008 3 0.999 5
64 ReLU 1073 150 0.013 4 0.1150 0.9952
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