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ABSTRACT

TBM (Tunnel Boring Machine) method is gaining popularity in urban and underwater tunneling
projects due to its ability to ensure excavation face stability and minimize environmental
impact. Among the prominent models for predicting disc cutter life, the NTNU model uses the
Cutter Life Index(CLI) as a key parameter, but the complexity of testing procedures and rarity
of equipment make measurement challenging. In this study, CLI was predicted using multiple
linear regression analysis and tree-based machine learning techniques, utilizing rock pro-
perties. Through literature review, a database including rock uniaxial compressive strength,
Brazilian tensile strength, equivalent quartz content, and Cerchar abrasivity index was built,
and derived variables were added. The multiple linear regression analysis selected input
variables based on statistical significance and multicollinearity, while the machine learning
prediction model chose variables based on their importance. Dividing the data into 80% for
training and 20% for testing, a comparative analysis of the predictive performance was
conducted, and XGBoost was identified as the optimal model. The validity of the multiple
linear regression and XGBoost models derived in this study was confirmed by comparing their
predictive performance with prior research.
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Index, CAIE B0 2 AT AE O] 1S AR Rostami and Ozdemir, 1993). Gehring 2 @2 T]AH 7 E] 0] njit A%k
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Fig. 1. Outline of Siever’s J value (SJ) miniature drill test (a) and Abrasion Value Steel Cutters test (b) (Bruland, 2000)
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2.1 CLI of|=0f Clst i

Massalov et al.(2022)+= E|21%}, 2%, AR o5& 71 80712] A= dAt= 5 o]8510] CLIZF 4SS4T, Yadl
735, TV % (Brittleness) X B oto] FHAE ths A9 2 HIAE 214 S Sl 2ASISIT 11 AT, dEAE =t
AP S ol g WARIS Th 0] 4] (1), )= YeRrh

CLI=—0.048 UCS—4.601 BTS+74.176 (R*=0.53) (1)

CLI=—3.38In(UCS) —40.63In(BTS) +128.817 (R*=0.62) (2)

of714 UCS = 9P PEUE LT, BTS = ROl

Ko et al.(2016)-> Bruland(2000)7} AIAJRF CLISF CATS] th2Fa] oA =8 oh-gah Zhe 4]0 2 Lrelyich
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2.2.4 IAET JAE BAE(XGBoost)
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Aligholi et al., 2017, Macias et al., 2016), ¥="3-2 CLI, UCS, BTS, 57 3= (Equivalent Quartz Content, EQC), CAI
£ AQKRITh TS, oS o] shisof| B Aedet ¥ FE| Alefsto] 7]&E Hap-E0] SR B = uAY HpE TlofEH|o] Ao
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ArAtatct oioFeh HEA] © 2 A ol=th Meng et al., 2021). & A7o|A AR FHAHE(B~Bs)= EUST e = a
A=Y, oF2-2] 4] (9)~(13)7} ZtHHucka and Das, 1974, Ozfirat et al., 2016, Altindag, 2003, Altindag, 2010).
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Fig. 2. Histogram of frequency distribution for each variable
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Fig. 3. Heatmap for representing correlation in CLI data
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Fig. 4. Relationships between CLI and other variables
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Table 1. Variables selected by the variable selection method along with their VIF and R?

Forward selection Backward elimination Stepwise selection
Variables BTS EQC CAI EQC B4 CAI BTS EQC CAI
VIF 3.61 6.34 7.53 6.14 1.85 7.21 3.61 6.34 7.53
R’ 0.61 0.51 0.61

E9FFig. 4914 EQC, CAL RAIE= CLISH Hgr0] P2 HAR 2AAG7}0.40 10 =2 7} o] 2|55 5t 22 A2
& W2 oI5}, P-value”}0.05 o511 AT A1Ei5to] tha2] Table 20 WERAICE. CAI 3 RAI = 2At w7 2)57}
512 05344 Al TR oe 2 0 & Jheke:

~

Table 2. New variables obtained by applying exponent values to the variables

Variables CAI'™ RAI??
P-value 1.98 x10°% 2.93%x10™8
R? 0.71
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Fig. 5. Average variable importance ranking for each machine learning model
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4.1 CEEAHEIRIZA
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Table 3. Summary of multiple linear regression analysis results for CLI

. Train data Test data
Input variables
RMSE R2 RMSE R2
BTS, EQC, CAI 8.4 0.61 8.68 0.52
CAI'", RAT*? 7.14 0.71 7.35 0.62
70 Linear Regression 20 Linear Regression
training data, R? = 0.61 « training data, R? = 0.71
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Fig. 6. Scatter plot between predicted CLI and measured CLI in a multiple linear regression
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CLI=—1.27BTS—0.24 EQC—5.85CAI+55.92 (R*=0.61) (17)

CLI=20.59CAI ""+58.92RAI "°—4.78 (R*=0.71) (18)
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Table 4. Hyperparameters for CLI prediction models

Model Hyperparameter
Decision Tree max_depth: 4, max_features: sqrt, min_samples_leaf: 5, min_samples_split: 2
Random Forest max_depth: 5, max_features: sqrt, min_samples_leaf: 1, min_samples_split: 2, n_estimators: 100
Extra Tree max_depth: 5, max_features: sqrt, min_samples_leaf: 2, min_samples_split: 5, n_estimators: 70
XGBoost learning_rate: 0.1, max_depth: 1, n_estimators: 300
GrdientBoost max_depth: 2, max_features: sqrt, min_samples_leaf: 2, min_samples_split: 10, n_estimators: 30, learning rate : 0.1,
Ada Boost estimator=DecisionTreeRegressor (max_depth=3), loss : linear, n_estimators: 30, learning_rate: 1
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Table 5. Performance of machine learning models

Model Train data . Test data .
RMSE R RMSE R
Decision Tree 6.83 0.74 9.08 0.46
Random Forest 3.72 0.92 7.17 0.64
Extra Tree 5.78 0.81 7.37 0.64
XGBoost 4.00 0.91 6.55 0.67
Gadient Boosting 432 0.89 7.08 0.66
AdaBoost 1.67 0.98 7.56 0.57
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Fig. 7. Scatter plot between predicted CLI and measured CLI in a machine learning model
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70 Comparsion of CLI Prediction Performance
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Fig. 8. Performance comparison of CLI prediction models

Table 6. Summary of CLI prediction models

No. Reference Model Equation RMSE
1 Massalov et al.(2022) CLI=—0.048 UCS— 4.601 BTS+74.176 23.58
2 Massalov et al.(2022) CLI=—3.38In(UCS) — 40.63In (BTS) +128.817 28.94
3 Bruland(2000) (modified by Ko et al.(2016)) CLI= 2.87CAP— 35.62CAI+112.9 30.47
4 Dahl et al.(2012) (modified by Ko et al.(2016))  CLI=115.24CAI 7% 40.47
5 Koetal.(2016) CLI=—8.725In(CAD +18.898 12.02
6 Macias(2016) CAI=17.50CLI 26 19.53
7  This study LR model 1 CLI=—1.27BTS—0.24 EQC— 5.85CAI+55.92 8.46
8  This study LR model 2 CLI=20.59CAT "+ 58.92RAI *°—4.78 7.18
9 This study ML model XGBoost 4.20
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