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ABSTRACT

Uniaxial compressive strength (UCS) of rock is one of the important factors to determine the
advance speed during shield TBM tunnel excavation. UCS can be obtained through the
Geotechnical Data Report (GDR), and it is difficult to measure UCS for all tunneling
alignment. Therefore, the purpose of this study is to predict UCS by utilizing TBM machine
driving data and machine learning technique. Several machine learning technigues were
compared to predict UCS, and it was confirmed the stacking model has the most successful
prediction performance. TBM machine data and UCS used in the analysis were obtained from
the excavation of rock strata with slurry shield TBMs. The data were divided into 8:2 for
training and test and pre-processed including feature selection, scaling, and outlier removal.
After completing the hyper-parameter tuning, the stacking model was evaluated with the
root-mean-square error (RMSE) and the determination coefficient (R?), and it was found to be
5.556 and 0.943, respectively. Based on the results, the sacking models are considered useful
in predicting rock strength with TBM excavation data.
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4= TBM(Tunnel Boring Machine)< ©-83h 22t FAIA 271485 (Performance)-> 24| TBM AR |7 F-5AH] oj&0]]
B A= SR 240H, o] F dlE5H| Hsﬁ oot HElo] AlQtE| o] gk thE4 0 2 TBM 2] 2315 Heii= 4]
= Q1 &(Penetration Rate, PR)Z} &% 321 Z|4x(Field Penetration Index, FPI)7} It} 2314852 o|Soh= 40l &
2= gAg Alo] g El e yHte 7 3}; o]222l CSM 22Z(Rostami and Ozdemir, 1993, Rostami, 1997) TBM
A AHIES 7HEe 2 S1= P29 NTNU X2 9)(Bruland, 1998, Macias, 2016)°] 9117, ©]2Jo|% Gehring(Gehring, 1995),
Qqrem(Barton, 1999), RME(Bieniawski et al., 2006) 5°] It} 2000t 0] $9] %{WL of|= relo]] thafl Lee et al. (2016)-
267119] S5 RS FAIsHo] IR A AR AIS7 1 A8 A R HE QL

§HH, At TBM 9| 23152 TBM “H] 9] A5, 24K Operator) &) <%, @7 2] A)A|, B A 24 35, FA18E
SOl Y= LA, Tl =2 o] Aot g2 X]HL%ZM Z 9FS HE=r Lee et al.(2016)=TBM 2345 &=
dlo] 1 2 =2 QIS Aesle] 8 FRIAe] A RIS 7461310, o5 /9] 5719 QIAkE QoFeh t2-2] Table 1
1} 7} ARgE HIE 2o Rt =2 oledolal opAlo] QlekE A e (Uniaxial Compressive Strength, UCS)0|H, o} 55l
UCS7H 71 Z-a3t QIR Aol 7] ARApt 2l5517] 4k AR 1 B857 =52 752 o itk sHAI9L UCS+=
27 e& A= 587t 8ok Bkl AERAF A AU TS Fall B 4 Lo, A TBM 271 1] tisf &
T gl Aol Al
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(Machine Learning) 7|"H-& 2-8510] 271 5 AAREC =2 @A Z26l= 29kl iRt UCSE A5 4= e G2 3okl
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Table 1. Frequency of input parameter for TBM performance prediction (Lee et al., 2016)

Rank Input parameters Frequency
1 UCS : Uniaxial compressive strength 24
2 Js : Joint spacing(=Distance between plane of weakness) 13
3 a : Angle between plane of weakness and TBM-driven direction 11
4 B; : Brittleness index 10
5 RQD : Rock quality designation 6
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Table 2. Correlation of FPI with RMR input parameters (Hamidi and Bejari, 2013)

RMR five input parameters R? value
1 ucs 0.70
2 Joint spacing 0.62
3 RQD 0.59
4 Partial rating of joint conditions 0.45
5 Partial rating of groundwater conditions 0.04
30 ~
25 | s o .......... .
T 20 - e ool
3 PR ‘
£ 15 - ga.i ........ ' R*=0.70
g "oy
SRR IS
5 4
0 T T T T T T T ]
0 20 40 60 80 100 120 140 160
UCS (MPa)

Fig. 1. Corrleation between FPl and UCS (Hamidi and Bejari, 2013)
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2.2 A2y (Machine Learning)

52 52] gt Hol= maled(Machine Learnlng) 2 H2'd(Deep Learning)-> 2] ool 2s] &-g=]11 9lom, sk
0 2= JHde HAilEd 9] oF FRolrt MAlE -2 X 8l5(Supervised Learning), H]A|&=85(Unsupervised Learning)™}

N

J2Fel5(Reinforcement Learning) 3 7FA = -]?_"‘I'EF?E]— 7 o Ao wiet AEet mAleyd 7S A-8ofoF gttt A maks

U AIRES To] 771 8152 A I O R 2R W 3l7) 5 ofe] 74 el o]0 2 B Aelis Al g &

ol 3]AEA 7HE A8t HEld(Deep Learning)-> Edlo] AHE Y= 1S &7] o] E2H2(Black box) FEf
2t Zxjo]| thieh o] a7 AekolA] etom Avp &7 o] Alfto] 8l AejEg, 35 TBM oM AARH A wh=
7IA HlofElE 24slo] BE EEshr]olhe ofdeol Jlttal meke o] 247 el Alefstint. 2 Aelkte o= slHARE
= ARgsto] vl Bristal, 2t ol R o] et Zi2FAQ] 82 tha-o] Table 33 2T
Table 3. Summary of the machine learning models used in this study
Regression Model Model type description

1 Linear Multiple Linear

2 Ridge L2 Regularization

3 Lasso L1 Regularization

4 Mixed 1 Mixed Model (Multiple Linear, Ridge, Lasso)

5 SVM (Support Vector Machine) Support Vector Regression (RBF Kernel)

6 XGBoost (eXtra Gradient Boosting) Ensemble learning - Boosting

7 LightGBM (Light Gradient Boosting Machine) Ensemble learning - Boosting

8 Mixed 2 Mixed Model (SVM, XGBoost, LightGBM)

9 Stacking Meta Model Ensemble learning - Stacking

Sub Model (Linear, Ridge, Lasso, SVR, XGBoost, Light GBM)

2.2.1 71AI(Regularization) 22

ATEA Q1 A5 ofA] B8 &<(Cost function)= A g1t oAlS4ke] zfo]Q1 2} Al Residual Sum of Squares, RSS)
= = AR Rl o] 749, Sl HlofE of) AUR|A 95EA| E|41, 31 Al F Al AR @5]2] Mol AHsix| AL o
= /350l Aotk=]7| At whebA] Bl-g- or= RSS HAst Pt wPARkS WiAslr| Qlol 2] Al gto] AAA] =5 oh=
o] M= 75 olFojof it o] F flall HIE- &=rofl alphath= 7 wietn|E = S G ElE Foisl 21 Al 3ke] 271& A4aA

A WA AR HrALS %FZﬂ(Regularlzatlon)E‘rﬂ St} T ARs 27| L29F L1 02 A5, o]:=ZF2} Ridge 2} Lasso 2]7]
2k gtk 2 dqlof| A= = 3] vl tis] alphagls 24se] 2kt ez UCSE o|=313ith

2.2.2 AEE dE] X (Support Vector Machine, SVM)

SVM-<2 Cortes and Vapnik (1995)°f] 2Jsl} 2715 o] PFE| Al o] thFE]7] H ok o &2 Aot gl B2 <17
S G} v A0 oA A'E @(Kernel function)E 018510 A A} F1 | AVSAI] F EFok=t, #'d
= FHolh= thE 9 2 Polynomial, Sigmoid, RBF(Radial Basis Function)©] 2t} SVM-2 855 H|o]E] o] E7wA| a5
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1L AR RBF 71d 95 AH851o] UCS & 5513l

2.2.3 Y= S5(Ensemble learning) 29

I
olt
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of tislirl= 2HEA A5 = == o2 571017 k= 715X (weight) & FofotA] Sl &S X aisk= Aol o5 A
0] Holuh S S52 Fhotal 9o thEd oz GBM(Gradient Boosting Machine), XGBoost(eXtra Gradient
Boosting), Light GBM(Light Gradient Boosting Machine)©| Q1t}. AEf7)-2 o= 71| th2 4|2 2 d)(Sub model) 2] 9|5 At
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Fig. 2. Geological strata of the TBM tunneling site
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Table 4. Summary of slurry TBM specification

TBM type Slurry
TBM outside diameter (mm) 6,900
TBM length (mm) 11,650
Max. shield jack thrust force (kN) 51,200 (1,600 x 32 shield jack)
Max. cutterhead torque (kN*m) 6,250
Max. RPM 6

2
o}, Exa= Ti2F30 ~ 60 m Afe]o]H, A[sle=h= AR off 5 mE A8oks k2 4 ~
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s 7HA o R 2 blo|8E ARSI o, HloTE Z4 Alofz A TBMO| F-5HEQ] 2Rt &5} Welgo] ofigro =
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ozl F 407 UCS ghe Hdlo] E2gto R AFgaigl o, AIHE 194 226k 512 UCS7Ha dsittal 7Pdslolnt. &
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Table 5. Summary of uniaxial compressive strength data

ucs
Tunnel section Valeu of UCS (MPa)
Number of UCS data -
Min Max Average
A 23 17.2 1443 85.0
B 17 44.0 115.1 85.1
3.2 pld sV HE
2 Aol e 31 B 9 7 Ao [HE 245t UCSE ISt ] 91kt e stz gt miileld o] A|wals 7]
5 A R LB S AR SO M, Python 3.7 BT o]-8510] 24 S = aislgit. Sl 72 2 8sh= 55

LT=Fig. 37t 2om, A8-5 SR A= 941 3. 18004 gt el o] HlolelE 31t 2, 2448 Hlo|E|et EIAEL-Hlo
E]2 Balslojof 51, B Aol A= §:2 0] HI-&-S ARSI Test-8-0 2 Halgh A= UCSE o= UCs e} H|ws7] 9igteld.
A, A2 (Preprocessing) T2 H4l2]d 71 A-gof|A v F-a 37k Folo} AlZAle] wht Aolsir]gt i Aol =
2F20007171 E+=TBM 7| Alel|o]E| o] £ S 28 E Table 6914 & 4= Q1%0l, 5712 Aot o, o] EHE2 A TBM ] 4
B 2 AgE 4= 9= dxpEolth ZAH 5712] EX(Feature) THUCS 2] ATHIAIE E2l15}7] 9150 Fig. 40l R tia
Q1 o] ‘AR SOl T HAIS ZA s H, 53 (Thrust force) ] 718 =2 O] FHBAIE Kol a7, of= o4 4=
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+ Splitting Data

Data collection el
(Training / Test)

+ Feature determination
Preprocessing + Feature scaling

+ Outlier removal etc

+ Regression model selection
Model learning | * Regression model learning

+ Hyperparameter tuning etc

*+ RMSE (Root Mean Squared Error)

Model evaluation [ |, g2 (R-square) etc

Fig. 3. Flow chart of the machine learning regression analysis

o Torque .H 0 14 H

=
-]

RPM | 0515 0.6
ThruSt Force 0' 11 0A4
0.2

- 0.0
Face Pressure - 0.14  0.059 BRI N0HE 1 -0.14
- -0.2

ucs Wl -0.44 -0.14

RPM
UCS -

Thrust Force -
Face Pressure -

v
=
=
=
o
=
P
o
=
-
=
)

Advance Speed -

Fig. 4. Correlation analysis results with TBM features and UCS

oVdA|(Outlier)= 24 TBM 8] A Alde 7IE22 AZSIAH. ol A2 02 TBMo| 38 = §lom, Al o] ol
o= I8 27se ke AZIshe ©@AelH, ofd ghEel et o] sjhiAte AAIE A 5 BolER ] Hit. eA=
Table 6914 & = QL50] BEHAE 08510 SAK 02 oVIAIE ASIAT. oVdA| A7 5Bt 0, w4t 1 2 BLE gho] 27
LS T —7f—§(8tandardlzatlon)e 2 g3HA. ohs 54 7 27 Lo] vl 2fo ] whzol| HEEA] 8| ojof she
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Aock. Al #A) el 51%(Model learning) ZHJol A= Table 3°] 97 1] HELS S 5158 X715, 7+ RellEo] wpAGHE]A]
2o e TEIEE o}owrama

Table 6. Summary of modelling details

&,

J(Hyperparameter tuning)= 5~45131. 2™ o] ] AREE|o|%] ml2Ha|E}E Table 6]
A AR 3 o) A SIS S - shooh o ok e

= X2 s, 0002 14

AL dfolelel w2t o]} 5ka 4 ek nhAato 2 Rel ol A 93} 3k
= F2517] Sl 22} gloll FEZ #9+=RMSE(Root Mean Squared Error)2}-241 7|9H0 2 o5 452 57}ot
= AAAS (R-square, R*) S A&t

[e}

Details
Data Splitting 8 (Training) : 2 (Test)
Feature (5) Torque, RPM, Thrust Force, Advance Speed, Face Pressure
Scaling Standardization
. Threshold Value(Shield TBM Specification)
Outlier Removal
4 (mean) + 5 ¢ (Standard Deviation)
Ridge Alpha (100)
Lasso Alpha (2)
SVR RBF Kernel, C value (100), Gamma (1), Epsilon (0.1)
XGBoost N (1000), Learning Rate (0.05), Colsample bytree(0.5), Subsample (0.8)
Hyperparameter Tuning LightGBM N (1000), Learning Rate (0.05), Num_leaves (4), Su‘psample (0.6),
Colsample_bytree (0.4), Reg_lambda (10), N_jobs (-1)
Stacking Lasso (Alpha =0.0001)
Mixed 1 Linear (0,4) + Ridge (0.3) + Lasso (0.3)
Mixed 2

SVR (0.4) + XGBoost (0.3) + LightGBM (0.3)

Model Evaluation

RMSE (Root Mean Squared Error), R* (R-square)

4,

Mo

SR<T|

oA 378014 245 TBM E43} UCs o] AlzkbAo] ol 243519
ol A b s g Ash aick TBMe] e 2 )
Slelshy] Sigtolck, ubHo R SR ae] SAA WS S §o

L, 2 FtollA] S5t 9712] HEle] Ad5-g Blwsh]
= 57(Feature) 0.5 A4t 534 7H] o)A

o
S(P-value)©] 0.05 Hc} Zjolof Shct E5E AXkA]

2 EHASEO AREIAIE oJn[sk= th-3-414d(Multicollinearity )2 Edok= 4% Q 9l(Variance inflation factors, VIF)
2 105t} Zfolof gttt 7Rl thE-Ag 8] BElo] folgE2 0. 002301”1, Table 75 HH, 57]9] SHHEE0] BAREAQ Q1
o 10015k TIE-EA 712 1A ko m o1} 7he] Tk} ke & el 4 ek

— -2
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Table 7. Summary of the VIF factors of multiple linear regression model

Features VIF Factors
Cutter torque 1.48
RPM 1.39
Thrust Force 3.08
Advance Speed 2.04
Face Pressure 3.38

SN B2 A7 97121 E o] §5lod RMSESIR ]| TAS o] B4 A0S Table 87 Fig. SOl YEISLY, o5 At
735kl et A9EB TIFC = Wiro] Z1&stlrh

APA 3.2l A] 71 vl o], RMSEE 22t ghs eI B 2 2845 @27 Arl= 21 on[git). Table 89 157 AE
B t5419, Ridge, Lasso, Mixed 1 222 RMSE ko] 17.1 ~ 17.6 &2 VR QLo A A= E30.50] 1] 2] 2] 25
o] o] Frial Wolr| ok Tt B 85 Al AREA] OF2 AZ Test-8 UCS 2t A5 UCSE HlL EA|2RRTFig. 5
9] (a), (b), (c)5 EHH of|50] & 5]7] ¢k 742 BRI 4= Ql}. oi=UCS Fholl 2t TBM Q] 7| Ald|e] )7} H|Ada Ao 1 Bxbgh
s Holu glo B g dukdl A 3l aAlS 2R HEE = oS0 of2fRo] glrtar Tt

Table 8 15 BS] RMSE 2] 7-¢- Ao]| HIaH @#]5] Y& 5.6 ~ 8.5 A= 2 TEF.0H, Light GBM-2 Aot REE0] AAA

4 ESH0.9 ool TestﬁUCSQ} & UCSE ZASse] vl RHFig. 52 (d), (e), (S EH o|=2lo] =2 712 8elgh 4~ 9]
o) 1 B RYE 5 AHP RE2 A4 B ARSSEA] G Holu, Aol et 2ol & s
Dol A-8ok= 7ot} 4 AijollA & &= o] AHA BE2 JiE o & oS Adso] 2 IF B UE HEERHTE X
3 HE2rd dEEe 7R A g o leng, HF2 08 AR RYo| UCSE A&kt 71 A gsial Tkt

Table 8. Results of regression modelling evaluation

Regression Model RMSE R?
Multiple linear 17.125 0.462
Group A Ridge 17.096 0.464
Lasso 17.583 0.433
Mixed 1 17.142 0.461
SVM(Support Vector Machine) 6.823 0.915
zi)G(gZOGStradient Boosting) 3953 0935
o ?Iiig;;tGErzldient Boosting Machine) 8.454 0869
Mixed 2 6.125 0.931
Stacking Meta Model 5.556 0.943
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Fig. 5. Results of comparison between the test UCS and predicted UCS according to the regression model
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