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Abstract: Soil conditioning is an effective measure to solve the problems in the construction
process of earth pressure balance (EPB) shield, such as cutter clogging and cutter abrasions. The
use of machine learning models to predict soil conditioners varying with geological conditions can
not only reduce the aforementioned construction risks, but also make up for the lag in determining
the amount of modifier by test method. Based on the shield project of Shenyang Metro Line 4,
the excavation data of 1 396 ring are preprocessed, and torque penetration index (TPI) and field
penetration index (FPI) are used as the criteria for the soil conditioning effect to select good
datasets. The Optuna—XGBoost model is established to predict the soil conditioners. The results
show that Optuna algorithm owns obvious advantages over other methods in hyperparameters
optimization. Compared with the other five prediction models, Optuna-XGBoost model owns
higher accuracy under changeable geological conditions.

Key words: earth pressure balance shield; soil conditioning; tunneling parameters; geological
parameter; prediction model
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Table 1 Different geological properties
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E/MPa G/MPa  p/(g-ecm™)  C/kPa o/(°)  K/(m-d') E/MPa
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Table 3 Tunneling data of 1~1 396 ring

. TVEAA JIEE A et B NUIAE ISR R R
WS iR — — —
kN-m r-min"' kN mm-min”' kN-m r-min"' bar
1 15:45:00 1020.251 1.174 2 290. 500 0.318 0 0. 090 1. 16
1 15:45:10 964. 438 1.176 2579.734 1.591 0 0.090 1.17
1 15:45:20 1016.740 1.175 4023. 811 11. 140 0 0. 009 1.24
1 15:45:30 995. 710 1.172 5367.500 14. 004 5. 608 5. 608 1.29
1396 6:30:10 3 184.901 1.179 12 252. 636 95. 487 33.701 13.012 1. 84
1396 6:30:20 3412.209 1. 175 12 148. 345 97.714 35.439 13. 064 1. 89
1396 6:30:30 3681. 826 1. 153 12 279. 574 91. 985 34.129 13.125 1. 86
1396 6:30:40 3 857.941 1. 144 12 409. 705 93.257 34.746 13. 030 1. 85
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Table 5 Search space hyperparameters of XGBoost and optimal Optuna results

S & X TR WK R URIRRRLE i ek A i
max depth ) e IR B [5,20] 13 15 15
min child weight /NG (1,15) 5 9 5
learning rate 2] (0.01,0.2) 0.0763 0.1668 0.1465
gamma A2 % W AEST I [0.1,1.0] 0.8 0.1 0.2
alpha L1 1E I 244 (0.01,10.0) 1.1127 0.0322 0.0729
lambda L2 IE I ) 25k (0.01,10.0) 0.046 5 0.001 8 4.476 2
subsample FEAIL Sl EBORE AR HE 3l [0.1,1.0] 0.8 1 0.7
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Fig. 6 Hyperparameter optimization

(a)—learning rate; (b)—alpha; (c)—lambda.
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Table 6 Comparison of hyperparameter optimization algorithms

LIRS RFR /%

. . LR S TIARFIAER L g 1 e 3¢
PRALS - - )
R MAE R MAE R MAE
Optuna 0.9513 2.338 1 0.948 1 0.0277 0.9247 5.7536
BO 0.9123 2.8629 0.9213 0.0579 0.902 1 6.878 5
GS 0.9227 3.1300 0.917 4 0.024 5 0.8765 7.6145
PSO 0.933 6 2.8700 0.9255 6.3240 0.9200 6.324 4
R7 6HIERBEHESN
Table 7 The analysis results of the fitting accuracy for 6 models
B ERERER TR TIRFIMAER L gzt - Ve 3 ik
R’ MAE R’ MAE R’ MAE
XGBoost 0.918 1 4.669 1 0.8577 0.079 4 0.8954 8.2136
SVR 0.9156 4.603 6 0.8519 0.081 1 0.8859 7.276 9
RF 0.901 1 2.796 7 0.8371 0.080 7 0.8603 7.9389
Optuna—-XGBoost 0.9513 2.3381 0.948 1 0.0277 0.9247 5.7536
Optuna-SVR 0.9227 2.8829 0.8895 0. 066 8 0.900 8 6.438 5
Optuna-RF 0.9433 2.0579 0.9012 0.0579 0.9199 6.2675

PEIE A S 8 i PCA B SC IR 4 IR T

5 4 ® i AR R B TUARAS
2) %} T Optuna, BO, GS, PSO {4k 5 1 %)
1) ARSCHE L 7E i - o BB RE AL TN P SEEE B ) O M fE (9 B2 W, (8 1 Optuna 1 1 (9
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