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Abstract

Using traditional spatial interpolation method based on borehole data for 3D stratum modeling is
easily affected by subjective factors. In order to overcome the errors in the stratum modeling
process, this paper proposes a new stratum recognition method based on the Random Forest
model. Part of the engineering investigation data of Nanning Metro Line 1 is selected to carry out
the research. After the classifier parameters are determined by the grid parameter search, the
Random Forest model is constructed and compared with the Support Vector Machine. Research
shows that the prediction accuracy of the random forest model reaches 81.7%, and its hyperpa-
rameter stability is significantly higher than that of the support vector machine, and the predic-
tion accuracy is less affected by changes in its main parameters (the number of trees and the
minimum number of leaf nodes). The cross-validation results also confirm that the generalization
performance of random forest is better. When the number of samples is small, the random forest
classifier still has a good performance in terms of classification accuracy and stability. This me-
thod has a good application prospect in 3D geological modeling.
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L FLEE R 5V, IF 5 SR ) AL (Support Vector Machine, SVM)A% Y 347 % EL /34T .
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Figure 1. Process of strata recognition for borehole data based on Random Forests
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Figure 2. Single strata classification tree
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Table 1. Drilling data and feature attributes
=1 SRR RAFER M

AR AR RN FIR R FIR

LGS Witrm WERE  WESR

B sedR PhAEFR IR # MR
MAZ3-CY-34 532,528 2,524,505 0 4.6 76.78 46 237+
4.6 8 76.78 3.4 it
8 11 76.78 3 i+
11 12 76.78 1 L
12 14.4 76.78 24 ik
14.4 21 76.78 6.6 BRA
MAZ3-CY-35 532,535.1 2,524,485 10 11.7 76.63 1.7 i+t
11.7 13 76.63 13 it
13 14 76.63 1 LAk
14 16.2 76.63 22 A
162 45.1 76.63 28.9 Ve
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Figure 3. Drilling profile
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Figure 4. Hyperparameter sensitivity map of Random Forest (a)~(c) and Support Vector Machine (d)~(f) under 5-fold cross-validation.
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Figure 6. Confusion matrix of the SVM classifier
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Table 2. Classification results of RF and SVM classifiers
= 2.RF 5 SVM fREE 53 HER
Accuracy F1 (0)% BRI

n_estimators = 80, criterion = ‘gini’, max_depth =9,
min_samples_leaf =1, min_samples = 5

BEALAR PR 0.817 0.816 0.824

SCRFIEAL 0.8 0.801 0.817 C = 10, gamma = 1, kernel = ‘rbf’
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Figure 7. Mean accuracy and its standard deviation (RF runs 1000 times) versus the number of samples
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