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ABSTRACT
Received: November 26, 2020 Machine learning has been actively used in the field of automation due to the development
Revised: November 30, 2020 and establishment of Al technology. The important thing in utilizing machine learning is that

appropriate algorithms exist depending on data characteristics, and it is needed to analysis
the datasets for applying machine learning techniques. In this study, advance rate is predicted
using geotechnical and machine data of TBM tunnel section passing through the soil ground
below the stream. Although there were no problems of application of statistical technology in
the linear regression model, the coefficient of determination was 0.76. While, the ensemble
model and support vector machine showed the predicted performance of 0.88 or higher. it is
indicating that the model suitable for predicting advance rate of the EPB Shield TBM was the
support vector machine in the analyzed dataset. As a result, it is judged that the suitability of
the prediction model using data including mechanical data and ground information is high. In
addition, research is needed to increase the diversity of ground conditions and the amount of data.
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Fig. 1. Geological strata of the TBM tunneling site
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Table 1. Summary of TBM specification

TBM type EPB
TBM outside diameter (mm) 7,800
Max. shield jack thrust force (MN) 50 (2 x 25 shield jack)
Max. cutterhead torque (MN - m) 9.6
Max. RPM (rev/min) 0.89
Max .Screw revolution (rev/min) 14.2
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Fig. 2. Distribution of data according to soil conditions for the EPB TBM
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3|7 HHEO] FolekE(P-value)2 0.0003 024 FAA 7H HZ 71521 0.050[0L= o] B2 FAH O = folettal & 5 ¢l
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Table 2. Summary of the VIF factors of multiple linear regression model

Average
Total . No.l  Discharge No.1 . No.l  Soil . Thrust
shield £ Cutter Cutter Dischar Soil Ground
Features thrust Screw  d amount Screw .. Gate pressure Num N value USCS
jack . .. Torque Speed ged soil Pressure Level
force revolution  of soil Torque stroke (Down) Selected
stroke
VIF
1.03 2.82 1.52 1.1 393 297 127 171 3.57 3.45 1.58 1.89  2.11 1.77
Factors
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Fig. 4. Results of comparison between Measured and predicted Advance rate for multiple linear regression model
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Table 3. Summary of Hyperparameter for Models

Model Hyperparameter
Ridge Alpha: 1.0
Shrinkage Methods LASSO Alpha: 0.01
ElasticNet Alpha : 0.06, L1 ratio: 0.01
Decision Tree Max depth : 6
Tree-Based Methods Bagging - RandomForest Max depth : 6
Boosting - GradientBoosting Learning rate: 0.3, Max depth: 4, Mmax features: 3, n estimators: 45
Support Vector Machine SVR C: 10, gamma: 0.1, epsilon:0.1

EQP ATTBM] 2445 o5 S17t 713 ARl 447 71t 2 1elE g o} 831 A A3HE Table 49} Fig.
sofl efsiiek. mae] A »}EM%@_ A 10 7P oS 0] S4ahi RMSE S QA4S Lehilm 2
2 oA} Aol o250l S4olehs 242 olpjatek, BRESIIR AT S4He) 5, ek, ekre] vl 2YAG7H0.76 3
oL, RMSE7H 02 2 2 Aol A= AR 15 A $eha ik A= /11 et
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Table 4. Results of regression modelling for EPB TBM datasets

Test Dataset
Model
R2 RMSE (mm/min)
Multiple linear 0.760 6.195
Ridge 0.766 6.255
Shrinkage Methods LASSO 0.766 6.255
ElasticNet 0.762 6.299
Decision Tree 0.886 4257
Tree-Based .
Methods Bagging - RandomForest 0.884 4308
Boosting - GradientBoosting 0.942 3.102
Support Vector Machine 0.952 2.754

100 — 100 100
, Elastichet Regression . Gradient Boosting Regression Support Vector Machine Regression
R2 score: 0.76 e stores 094 *  R2score:0.95

60

Measured Advance Rate(Test Set), mm/min
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° 20 60 80 100 ] 20 60 80 100

[} 20 40 60 80 100 ey
Predicted Advance Rate, mm/min Predicted Ad"""(s Rate, mmimin Predicted Advance Rate, mm/min

(a) Shrinkage Methods (b) Tree-Based Methods (c) Support Vector Machine

Fig. 5. Results of comparison between Measured and predicted Advance rate for regression modelling
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