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Implicit 3D Geological Modeling Method for Borehole Data
Based on Machine Learning
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Abstract; Considering the complex modeling process and difficulty in guaranteeing the model
quality of traditional explicit 3D modeling methods, an implicit 3D geological modeling method
for borehole data based on machine learning was proposed, which transformed the strata 3D
modeling problem into a process of geological attribute classification of the underground spatial
grid units. Based on the classification algorithms of support vector machine and BP neural
network, automatic 3D geological modeling from borehole data was realized. The results
demonstrate that for sparse and limited borehole data, support vector machine can generally
perform better than explicit methods. Finally, the influence of hyper-parameter on modeling
accuracy and model shape is studied through sensitivity analysis, which provides a new solution
for controllable 3D geological modeling.
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Fig. 1 Schematic diagram of proposed modeling
method
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Fig. 2 Schematic diagram of borehole data re-sampling
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Fig. 3 Process of implicit 3D geological modeling for
borehole data based on machine learning
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Table 1 Classification results of different classifiers
srdds WER® Kappa {8 ISR

C = 1.0, kernel =’
SVM  0.8642 0.8112 . ° )%y

leaf _ size = 30, n

KL 0.8608 0.8070 neighbors =5 -
n_estimators = 10, criterion =
'gini’, min _samples _leaf =
1,min_samples_split =2,
PRI TR IE 5 O
R

FEHLARAR 0.8459 0.7853

criterion =’ gini’, min _
samples _leaf = 1, min _
samples_split = 2, #5 #f
VI 15 A LR

c = 1.0,
"liblinear’, penalty = 'L2",
intercept_scaling = 1

RN 0.8282 0.761 1

solver =
EHEIT 0.7305 0.5920

K2 AEARAHMHEER

Table 2 Classification results of different kernel functions

A% ERR Kappa (H DRANBH
RBF 0.8642 0.8112 C=1.0, y=0.3333
4P 0.8370 0.7726 Cc=1.0

C=1.0, degree =3,
v =0.3333, coef0 =0.0

C=1.0, y=0.3333,
coefd =0.0

ZIR, 0.8269 0.7570

Sigmoid 0.6029 0.464 6
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Fig. 4 Modeling results based on SVM with
RBF kernel function
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Table 3 Modeling results accuracy comparison of
SVM and neural network
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Fig. 6 Hyper-parametric sensitivity analysis
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