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ABSTRACT
Received: December 5, 2023 Recently, research on predicting ground classification using machine learning techniques,
Revised: December 11 2023 TBM excavation data, and ground data is increasing. In this study, a multi-classification

prediction study for uniaxial compressive strength (UCS) was conducted by applying random
forest model based on a decision tree among machine learning techniques widely used in
various fields to machine data and ground data acquired at three slurry shield TBM sites. For
the classification prediction, the training and test data were divided into 7:3, and a grid search
including 5-fold cross-validation was used to select the optimal parameter. As a result of
classification learning for UCS using a random forest, the accuracy of the multi-classification
prediction model was found to be high at both 0.983 and 0.982 in the training set and the
test set, respectively. However, due to the imbalance in data distribution between classes, the
recall was evaluated low in class 4. It is judged that additional research is needed to increase
the amount of measured data of UCS acquired in various sites.
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Of L2 HILE|QICH CHs S A0AM BS 3 Y22 2T 0| 27 0|EYS Sal ATt Bas A
o= mohEct

O O|A TBM, 7|AShE, E2YSEE, EREY, APEYLE

1.LME

9] E'2-241o)4 TBM (Tunnel Boring Machine) S48 SV 17 48, 115 5:0] 974212) 5-Hol ) g2 o] a7k
olo}A] Thah At 1ol e ARg L Qlck. o] Fahie Autel 28 278 iAol ed ARIoL B4 S8 2
She ] Fa% oS Tk B A7) A] Saehe AR Alabe] 2ol ofold] Auke A4 22 Sl e Al
ch2 AL ofZska] Bk et oAzt dste] TBMO 231 Aol Asteli 24 @ae] oA BAVH R 4 Sk
TBM 271 242 B272 |2 qhite] oo SAv} Aot 27, TBMO| £:027] 5ol B34 02 eRe 7] vfe]

Mokhtari and Mooney(2020)= A& 8l<5 7[5H0] 7| Ajelss 7| Hat E¢FA] TBM 27 HloElE -85l 2XE L o5 RS
7RSI, ESPA TBM O] 231 £rof] Jaks vl = 58 /o] F(thrust), AE] S1= E(torque), & d(foam flow) Z
235 Hjo]o] EXL Folefal 513l o, =Xt AR Z1E0] of2feh EA4dEol Pk Hol 41 a7, T w2t TBM =%
I Fepinkal AEsisich

Kang et al.(2020, 2021, 2022)-& 7| AlS57HE-S 83510 o154 TBM @AollA] 31=5t ZAH|o]E9} RQD, Y=4=7
I, S of tiste] ottt 54 55 o5& 8511 EFA] TBM @ollA 2153 EARAIRES] 2004 Skt #<
AFOINZL 7o = 2t 57 oI, EPA TBM O] ZIA[Eo[HE &-83t 275 AI5-& sialtt. 1 An=RE, 9dd%
Hro] 257 oS HdlofA] Alsh= A F5of| 71919 Bt RAIE Sastlal dli5/ds 4RlelE shidsh| flside & o o
Rt HlolE7t EaghS AXEIT:

Ayawah et al.(2022)= NS 75 RTHYRIAL 2 71AlRS RS 282t oAkl diste] HE R AR 75 4a86131o
™, HHEA RS St SRR T2, AHES, A 25, 2%, 71 ol |x], HAd 212 S-S Akt
STt Yang et al.(2022)= EAL A[RF] EETRIAIE NG4S RMR (Rock Mass Rating)-2 E-837H47 ] B0 2 J1E5}
1 EFReRE Bl Y ZAE, Tt AE FAR, AR EMEHALS E-8slo] FXTo|EE Sk5olo] AR B 2 cll5sk=
SHE SRk 1A, 2[R QS ASshet] F 52, WS, X1 9] vlE 5ol 7P 2 Rk nikItal siick

2 Aolki= o452 TBM &7 33 of|A] S153 7 AElolej et ZRFY RS Ty o 2 obA] o] FokA ER7 i} tiefet 2ofollA
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2 Tofsl] Slglolet. nPITIA|R Qo] B b, QkS 4K A5 Hols 150 2 THsle] AL Telsis 71 g
aistara} tolch, 9P B Balvh S Ao uhet (et 1, Bola R 502 PHER, @A) 0 QURLRIPS ot
5}&5(Terzaghi, 1946), RQD (Rock Quality Designation, Deere et al., 1967), 2173 (Deere and Miller, 1966), RSR (Rock
Structure Rating, Wickham et al., 1972), RMR (Rock Mass Rating, Bieniawski, 1989), Q-system (Barton et al., 1974), EHJu}
£I=(Anon, 1979), ARFESH R(ISRM, 1981) -50] AREE|AL it HhER= o] S-a3t A4S 4131 Bkt -80S A
-85t TSI A /777 e stolob ottt Rt 7o) THAl= 7R E219), A, HEe, Ao s FEsto] oFEl
theh et et Adeol tisl 8, Az, S2VdH, 735, A5 11, e A7) 55 FHEsls ool tigh ER= Lol
A et ol2fet kS 2 Sl 71 A S0 whE i, 301 B4 okt i ol et v vhE 4 3l

2 ATors G e B0l viet-ERllA taa] Fobd 54 7129 @544 5 (Table 1)E 7IARSS] &7 71E 352

= A7stlr
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Table 1. Classification of rocks based on UCS (ISRM, 1979)

Classification Uniaxial compressive strength (UCS), MPa
Extra weak 025 -1
Very weak 1-5
Weak 5-25
Medium Strong 25 =50
Strong 50 — 100
Very strong 100 — 250
Extra strong >250

2.2 NfZHER] 7|ho| WHEAAE B oy

2 AolA = FERAS(target) £ 2l|olE(label)okal & Ho]E|(training dataset)= 083l 552 X13¥ok= A& 8<5(super-
vised learning) 7|5t 22|52 AFSISACE EQt o]5=4] H= TBM &) oF4] E4do] tet 257 o5 a2 5]
5 7IHE ARSI B 7 THolle B2 g arelEe] IRIEL v R skl 7124 Q1 dare|Ee] oxEA

w7 ARSI |2 S RS 4= Q= e B F ) (Bagging, Bootstrap Aggregating) I

d

= =R 0 2 7] Refole] fiE ARkl 92 vheo] A g T
T Wpol| T ARS- 7HEsk AFpSAL Ha A8 5 oAb A& 55
2 W Foll A AeE o 2 FERSol| = FRS met & 4= Qltk(Breiman et al., 1984). ER7[H2 IFE2 £ o
At o] Fchof| &5=A] oL E mlelsto] AlEst skt &84l 7|Ho k. o] A peht Bas) e HAert "astH]
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Fig. 1. Diagram of decision tree algorithms

ol2)3 tHAE-S s st T 22 d|& 52 9okl A gare]Eo] oPAFE B El(Ensemble Learning Method)©]th. 94F
£ L2 SRFEPUT 7IHEo & AR thiE 2 darelE REe A skl Zelsto] Alee 12k kSl 40 Avte RSt
= o 2 Zeol= 0 2 thiAQl AE 7|HH-2 B AR (Boosting) 7 HZ) H2@lo] @1t} Kearns and Valiant(1994)7F 42
O g AR FAY 7L Tl HElks 88510 b4 0 = Slssslal WAsh= @S Hetsh | fsf tha w77 1ol 71 A1E -

of8lan thA] Shrg Walel: oIk olsh Al Breiman(1996)0] Sfal ARKE WAL FAIR F2 A bootsuap
Wgsto] §EE 0 2 ALGSFEA TlFop Sisohe wlo] , TlESel Mo 2 R Ml AE(Randomforest)
79Ik Fig. 2). RS WA S WS Lt AFshA ALgS] el /112171] ARdo] At TPy S
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of kel kS WAIaled ASHE} atEhs o] ek
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Fig. 2. Diagram of Random forest algorithms
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ATl o]=A1 TBM B 37 @742] AH)(S-01 ~ 03) 27 E ZARRE 751 B AA A ZAH 2JEhzAbE 7 A9}
A S S3dote] EAGHSITE
A A3 ZEEZAJo A TBM BY 77tol= & 72719] AJZ7) o] 2oi o, A2 A2 tis)] 4-30e o4 B4 A3 A
A5 TBM S-01 “gH7Hgasl= B 71 Rt 1402 Amiehzt 12%, Aol 23%, 0] 65%°]
31, RQD=25 ©J517}F24%, 25~507130%, 50 oVdo] 46% 2 LEPREO ™, AR At A=UE7r+=25.95~116 MPaZ tf
Az ot Fdo] Rarskal Ik S-02 FB7FFash= 2[HHe] AdHolle AEA Wl 2= AEE A& 52150 T
of lom, Bd Tk k] Z[RIRF o] A%te] 95%, Y 5%°14L, RQD7F25%°15ke] F7t0] 57.9%, 25% Vel 71o]
42.1%2 VERL O, AS95754=7.9 ~ 101.9 MPa= thA: 1oRet ¢hdo] gte|giet. et Bl Fat 417tol S5 2
AoFe EARICE S-03 ZH]O] 27 Z[Htofli= Aol 2 A ELH A E R AH EjAS 9 Foprt X1aE Z2tErT EAehH,
B SREe] Brolle A oF64.3%, Y ©F35.7% 2 3=, Aol AFRE 4 0] @5USFAE719.08 ~ 67.13 MPa
W= Fep xlegx]o] Bt F e ThA: ERIEYITH(Fig. 3).
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Fig. 3. Geological profile along tunnel track
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ol ZashSHiA A7 B8sI8irh IEUFAT7T oFel(Weak, 25 MPaoloh O] 7395 ¥ 7 oF 52 21~ 1 2 51,
E%(Medium Strong 25-50 MPa), 743}(Strong, 50-100 MPa), T-¢- %48k Very Strong, 100 MPaclih) ] A2 ZEllA 2, 3, 4
2 sfo] dFASFEe] iRt i S4B SISt Table 2).

Table 2. Criteria for classification of Uniaxial compressive strength (UCS)

Class range Uniaxial compressive strength (MPa) Number of data Percentage of data (%)
1 UCsS <25 5936 31.7
2 25<UCS <50 4060 21.7
3 50 <UCS < 100 7686 41.0
4 UCS = 100 1056 5.6
3.3 ElO[EMIE 71

QPO YA B o2 o] dlole] F4lel B A e ok 7o) ANk, LA, TBM 71 do]e]
So] 9. 2 A7l AR8 7] HlolElS R o}54] H= TBM ] 3te] F0 AL Table 37 ek o] 4e
3.5~7.3 mo]al, FhFH-29.6~56 MN, ZFHEF=5.4~53.3 kN-m, Z|t RPM-2 3.6~4.6°]tt.

Table 3. Summary of Slurry TBM specification

Slurry TBM shield machine S-01 S-02 S-03
Outside diameter (mm) 7,300 3,590 3,500
Inside diameter (mm) 6,600 3,530 3,436
Max. shield jack thrust force (MN) 56 (2 x 28 shield jack) 12 (1.0 x 12 shield jack) 12 (1.0 x 12 shield jack)
Max. cutterhead torque (MN-m) 5.33 1.41 0.54
Max. RPM (1/min) 3.6 4.6 4.6
Cutter (EA) 45 38 22
Segment ring length (m) 1.5 1.2 1.2

=71 glole] B4 A}, ARSE ] 3oH(S-01~03) 2] Bt 0] 21.67, 4.74, 5.02 MN OS2 ] Xt A452] 2F38.7, 39.5,

46,4%0°]11, AES|E B ET=1.25,0.26, 0.1 MN-m= ZHA1Y o E=1.2] F17.8, 18.7, 23.45 % HYo|A F2 8|9

om B EQ 188.29 ~303.75 kPa2 ¢FgA oz GA=grk 18]1 0|44 TBM AH| 3tfo] B 24 &5 oF
13.02~17.33 mm/min®] 3, 763 =0] Wt 3|ALEE=2 68~ 3.17 r/min®]th. 94 57 o= djo|e] o] HAof| ARE-H F=Q fo]
] 2] TA[SHA E4d7t dlo]E] 5 H B 5442 Fig. 49 Table 40]14] 218 4= 9Jct.

TBM 27 A o A= ole] W s & 3

S AT,

I‘E

Pl 1%, 2 T B SIX) T i, BAARIOLE TRl g 5 )
S 717 Hole] 48 A7 HAE 4 9Lom, sk o @ell iz oF 1000017} 712 HI9lek webd TBMS] 271 HlolelE At
0 S T R oS S Bl 3

he SA GHE0] Aleln} e vlolelo] Haj} Rolknt Fasitt
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Fig. 4. Distribution of data according to ground conditions for the TBM

Table 4. Statistical description of the database

Factors Min Q1 (25%)

Q2 (50%)

Q3 (75%) Max Average

0.00
0.00
0.00

19.95
4.26
431

Total thrust force (MN)

22.05

4.81

23.75
5.65
5.64

26.96
7.70
7.76

21.67
4.74
5.02

0.00
0.00
0.00

1100.00
236.70
94.00

Cutter torque, kN-m

1262.00
270.00
96.00

1421.00
288.70
98.00

2388.00
348.10
124.00

1245.01
264.22
96.20
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Table 4. Statistical description of the database (continued)

. Standard
Factors Min Q1 (25%) Q2 (50%) Q3 (75%) Max Average deviation
S-01 0.00 3.02 3.21 3.28 3.50 3.17 0.23
Cutterhead rotation speed, 1/min ~ S-02 0.00 3.10 3.10 3.20 3.60 3.14 0.23
S-03 0.00 2.30 2.80 3.00 3.00 2.68 0.36
S-01 0.00 11.76 14.29 16.67 50.00 14.06 3.89
Advance speed, mm/min S-02 0.00 15.00 17.14 20.73 35.00 17.33 4.84
S-03 0.00 10.53 13.33 15.38 28.57 13.02 3.59
S-01 -0.08 0.18 0.22 0.27 1.29 0.37 0.39
Pitching, deg S-02 -1.36 0.32 0.40 0.51 2.08 0.48 0.50
S-03 0.03 0.18 0.21 0.22 0.25 0.20 0.03
S-01 -0.14 -0.03 -0.01 0.01 0.07 -0.01 0.03
Rolling, deg S-02 -0.53 -0.11 -0.01 0.09 1.26 0.01 0.20
S-03 -0.43 -0.04 0.01 0.06 0.33 0.01 0.09
S-01 0.00 8.12 9.50 11.81 38.50 10.48 4.02
Feeding line, m3 S-02 0.00 2.90 3.10 3.60 4.60 3.12 0.80
S-03 0.00 3.02 3.57 4.48 11.81 3.89 1.40
S-01 0.00 9.12 10.47 12.78 39.52 11.50 4.13
Suction line, m3 S-02 0.00 2.40 2.90 3.40 5.80 2.86 0.75
S-03 0.00 4.16 4.87 5.81 17.48 5.06 1.66
S-01 0.00 12.00 14.00 17.00 63.00 14.04 3.87
Average Jack speed, mm/min S-02 0.00 15.00 19.00 25.00 90.00 20.33 7.40
S-03 0.00 12.00 15.00 16.00 32.00 14.36 4.10
S-01 0.00 24.00 25.00 26.00 28.00 2491 2.20
Num. of used jacks, EA S-02 0.00 8.00 9.00 10.00 12.00 8.33 2.43
S-03 0.00 8.00 9.00 10.00 12.00 8.69 1.30
S-01 0.00 285.00 295.00 302.00 344.00 295.76 14.10
Soil pressure, kPa S-02 0.00 156.91 205.94 235.36 529.56 188.29 53.80
S-03 0.00 264.78 304.01 353.04 500.14 303.75 64.55
S-01 24.25 26.79 37.71 41.32 64.22 36.97 12.36
Soil level, m S-02 26.61 28.09 28.56 29.01 29.85 28.58 0.86
S-03 31.36 3242 33.52 34.57 53.54 34.49 4.04

2 AolA= =% HlolE oA A9 B oISl 7|ofok] S ThR A SA7E AlS =5, 9] 2 2| He 22 &
AJRAGE Aol AlLfednt. ERE, SARRI A4S Foto] ZF B4 W] A HlolHE 25% TI= tiE el Q1(1 ARES
), QRARER), Q3GBARERM = UEhd 4= glom, 11 Atz dlole| £i E4J7 oI & Thikslo] HE2 0= oRt 2R
AZof| AbeE EJHFE Aot A E EAJHS= 9 7Ado[E )] £5-2(total thrust force), 71E|E T (cutter torque),
AEB= 3] (cutterhead rotation speed), =X (advance speed), T%(pitching), E(rolling), -+ feeding line
discharge), BU-F=Hsuction line discharge), H+a A< (average Jack speed), AR A (number of used jacks), EX(soil

pressure). EI|3(cover depth)©]ct.
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4.1 22 ST Ie} sloimuiEoje] 2

B AT BRYSYT LR oIEL I A RIS TSI A 2080 AR oprAgEe ko 2 o
2R} bsoka wE Aol fele AR A 7 A sk A2 B AT /ARl Hol 3.8(python 3.8) T
U609 5 A lolEelE A SolShoT, KT AR AR Sk AR Fig 39 ek 7 A Sl A

‘d& 7 I5P7] sl elss tlolE(training data) 2} EIAE EO]E(test data) S 7:3 H]EE -Eje shlet. sk 7 Alsks 2 2

9] &2 H o= W O 2= Table 5@ go] 57 o] Hodvt o thS H o3 =883 (confusion matrix)= ©|-8<F

1 002
=

B 29 7} 23191 A2 (accuracy), U E(precision), A &-E(recall), Fl—i\:Tioi(score)E AHESIATK Table 6).

* TBM machine data
* Geological data

* Geometric data

* Etc.

Statistic and correlation
analysis
Feature selection and
Data-set configuration
Training data(70%) Test data(30%)

{ Hyperparameter tuning }

5-fold cross validation

‘ Training Data ‘

B0 S N N S

Performance evaluation |

Fig. 5. Flowchart of Machine Learning model procedure for classification prediction

Table 5. Confusion matrix of classification

Class Positive(1) Negative(0)
Positive(1) True Positive False Positive
Negative(0) False Negative True Negative
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Table 6. Classification Performance Measures

Formulas for measuring performance Definition of the Terms
A P+ TN Accuracy is the proportion of the total number of predictions
ceuracy TP+ IN+FP+FN that are correct

Precision is ratio of total number of correctly classified
Precisi I it les and the total number of predicted
recision TP+ 7P positive examples and the total number of predicte
positive examples

Recall TP+ EN Recall is also referred as True Positive Rate or Sensitivity
Precision X Recall F1 score is a weighted average of the recall (sensitivity) and
F1-score o ST ..
Precision+ Recall precision

N

tlo]E] A4 2](Preprocessing) g 0 = 3¢9 oA E=537t Hlo|e] 2t GrollA] gk W
o= o] F= tlofe] AA Y% (Min-Max Scaling)& 285k, Tlo[EIH|E||X TBM “H]|
AE2|Q} oA AASH: 3Ti<] AH|of| A E55 ZF2te] Hlo[elE HA 2t Fof Seltle] dSUFHEE w7 5= 9
A7) 85 HloElE sttt stelwuletn]E|(hyperparameter)= P4Al2]d RS T 214 ZAlT= ko= 229

1 ElS Sddsly] 9ol A7gsk= Hgrolnt. Hlofe &1 Bpollx] gare)E o] Aot uiein]e] ZghS 27| 918t stoln
uf2ha|e 7d(hyperparameter tuning)& & <~ A0 H, of= HAle]d REA 5ol Yok & 4 = stolwufeta|eof o
A 2 Aol 77k Ghe 271 919t 24 Aozt & 4= Qlrk

2 AN E YSUSAE 5 59 o5 At 4R tlolH el BN (overfitting) = 2= WWA[SE] ffoll £ wat A
S(k-fold cross validation)= -85}t 28 WAt HS5-2 9FA] 7:3 2 B8 55 o] (training data) & THA k 202 W
o5 HlofE|e} HIAE Ho]EE k7l 7/dste] ki S5 WHE skl k9] slss Axte] thsl Bt Ulo] HaF=|2] o= 254
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Table 7. Summary of Hyperparameter for Classification models

Model Hyperparameter

Ensemble Learning Method,

. k Randomforest Max_depth: 3, max features: 5, n_estimators: 100
Bagging, Bootstrap Aggregating - -
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Fig. 6. Confusion matrix of classification prediction for Shield TBM Datasets
Table 8. Evaluating the performance of the classification for Shield TBM Datasets
Randomforest Training dataset Test dataset
Model Accuracy Presicion Recall Fl-score Accuracy Presicion Recall Fl-score
Class 1 1.00 1.00 1.00 1.00 1.00 1.00
Class 2 1.00 1.00 1.00 1.00 1.00 1.00
0.983 0.982
Class 3 0.96 1.00 0.98 0.96 1.00 0.98
Class 4 1.00 0.68 0.81 1.00 0.69 0.82
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Fig. 7. Results of Predicted UCS classification using test data.
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