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Abstract

Anomaly detection for the penetration rate of tunnel boring machines (TBMs) is
crucial for effective risk management in TBM tunnel projects. However, previous
machine learning models for predicting the penetration rate have struggled with
imbalanced data between normal and abnormal penetration rates. This study aims to
enhance the performance of machine learning-based anomaly detection for the penet-
ration rate by utilizing a data augmentation technique to address this data imbalance.
Initially, six input features were selected through correlation analysis. The lowest
and highest 10% of the penetration rates were designated as abnormal classes, while
the remaining penetration rates were categorized as a normal class. Two prediction
models were developed, each trained on an original training set and an oversampled
training set constructed using SMOTE (synthetic minority oversampling technique):
an XGB (extreme gradient boosting) model and an XGB-SMOTE model. The predic-
tion results showed that the XGB model performed poorly for the abnormal classes,
despite performing well for the normal class. In contrast, the XGB-SMOTE model
consistently exhibited superior performance across all classes. These findings can be
attributed to the data augmentation for the abnormal penetration rates using SMOTE,
which enhances the model’s ability to learn patterns between geological and opera-
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tional factors that contribute to abnormal penetration rates. Consequently, this study demonstrates the effectiveness of
employing data augmentation to manage imbalanced data in anomaly detection for TBM penetration rates.

Keywords: Imbalanced data, Machine learning, Penetration rate, Synthetic minority oversampling technique,
Tunnel boring machine

E

TBM (tunnel boring machine) E'd T2 A E 0] 2|~ 3 ] SN 2%1& G52 5861, o It mAl=d 7]
HFTBM 2218 of|& A7} 2452 0 &2 Zdiw]o] i}, e 7]1& dte] MAley o & Rele A 27183 o|AF
27& TH] B4R Hlo[HE Alefoh= ol AP QU 2 Atollil= Hlole 74 712 ol B3 HlolHE A 2fst
of mAleld 718 TBM 2%1& oVdEA] Ads= 7Adstlt. WA, A 2442 &l fA -5 Al ste] 6714]
PHE S-S A7t T3, 5191 10%2H 391 10% 0] 232 22t ol 5=, 1 i 2 g 55
02 27 53 Tl 715 85 glo]El2 SMOTE (synthetic minority oversampling technique)E- -5l 5
735 o5 HloE S ZH2E XGB (extreme gradient boosting)©ll 2-83F XGB 223} XGB-SMOTE H&2-& 415513itt.
2X& 55 A5 g2 vlwet Avk XGB RE2 A 2] et % 52 ok o 2%1E % e
A o 2 WA TZE] Qi) ¥, XGB-SMOTE 232 = 2718 5ok du=A 242t o5 52 Eorh
o= SMOTEE -5t o =%1& Hlo[e] ] o] o[ 2X1a-S F ke AN TBM - Q1A 1R wfjed o5
TS PN vl & Ty ARA 0w 2 As HAlRY Z7|RETBM 2318 o VEA] Al HlolE 73 7]
HeE G823 HlolE A2t 8 ele ot

ZR0f 27 Hlole], thAleld, 2718, SMOTE, TBM

1.ME

[

2, EAIA] QI @] 7RERkE L wEEgH|8o] STl wet Bl'E AlEe] F87d0] TS Rt
1 QAtk(Broere, 2016). TR E'E Al5- 715 5 X124, P, Al d S0 = 95 TBM (tunnel boring
machine)®] 2}-g0] | €]2] 0 = S| 1 It Hyun et al., 2015). B'd Z2AE O] FAM] B FAL7|7H] 2]
At Tl E 215 TBM A<l thet et el 5 0] 851 tK Yang et al., 2022). YHH 02 TBM 45 Tl
2| AAZHdowntime)& A|2]Rt <= Z2A ]| gt 22 A 2] 9] Hl-g ofu|ohe aXlas 7|Hh o 2 430511 §)
Om(Yagiz et al., 2009), ©li= 1te}6l7] of 2 TRt 8Rlof ofgt A AXTHS A e B4 oA viA[sE] 9
ro|th(Farrokh, 2018). o], ] AATRE AE] 4 W WA, Al THE 2], vt o & 5.0 2 Q15| TBMO| g A]
H A7ES o]t Kwon et al., 2024a).

TBM =%1& e A], 2|23 ] SHo|A ARdof| QI/d®= dl5sto] skl ofof theh At of-3- =
S Yol 882402 TBME =XI5H7| flslixl= ARdol AAIE 84 RISIE Hlold o 2389 &

2 ]
10| cMoharrami et al., 2022). o2 5o, 24 Aol WASH AHHE 14 5 Helgh AukEzlo.
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2 Qlaf| 2] Apdo] WA ¢ = %l-go] A|5kE 4= Ith(Vergara and Saroglou, 2017). 2L, o 17F 2.2
SRS HesH w2 2EE T Al HlAT AR 7HsiAlE 2 9 stsol Skt tiA= 7§ 9
npR ek 371 82 vIAAY utrt R o= QITKToth et al., 2013; Agrawal et al., 2022).
o]23t TBM =7& ¥e] o] T3 2%a RIS Alel9] Bl 4] TA R s miled 7|Wh =131&
all& A7} S| =38 =] o] githBenardos and Kaliampakos, 2004; Yagiz et al., 2009; Mahdevari et al., 2014;
Armaghani et al., 2017; Xu et al., 2019; Gao et al., 2021; Zhou et al., 2021; Yang et al., 2022; Ghorbani and
Yagiz, 2024). Z12u}, 7]& AR oA} Z70-g-0] Lo MR T 2 olgt AR} oA} 2718 7Ho] Bt o] E
ek Hl AP Itk Bt HlolEE aatA o 2 1BfekR] Hoh= e, wAlEd ¢S Hdlo] 4t =
1-& ol &0 HtE|o] oA} 2180 tish '] A5o] A51E 4= 2Uth(Rezapour, 2021; Bae et al., 2022).
2 Aol M= B HIolHE a82 0= Aefste] mAl2d 7|5 TBM 231& o/d=2] A5-& 714513l
T}. SMOTE (synthetic minority oversampling technique) 7|5t Hlo]8 S5734& Bl A4} o 2731& 710 &
73 HlolHE A2t o], Hlol S-S 2187t Aot 13 2] of2 Aol L oS ndo] 2X&
B e Bl B7SIelt 2 0] A= TBM Al 5 919 A3l tist 7] B AIAH] A150 7]
043}04, TBM Al3-9] b/ 311} 747V & FdA1d A o= st

E
X
o

2, HHIY N

2.1 XGB (extreme gradient boosting)

XGB 7|H2 27 Egjet 22 ol ak57|E =414 0 2 Agloto] 73t 51571 & AJ/J5h= gradient boosting
39 Y= 7IM 2=, Chen and Guestrin (2016)°1 2J5f] A= ATt Gradient boosting> 017 Sl57]0flA4]
WY TARE T SE7 I shasto] AR RS A7)0 HEAH e R RE sl dise E
sto] 2|F A& AE =EShe 7ol 591, XGB 7I¥2 oF57 9 =TT 5715 g e & Falohe
“grtobe &4 er(regularized loss function) & AHESH] ks ®WAlshs £40] lof &8 W7t =t
(Kim et al., 2022; Kwon et al., 2022; 2024c; Pham et al., 2023).

lN

2.2 SMOTE (synthetic minority oversampling technique)

SMOTE+= 4 559 Hlo[HE $7st0] ohs NES] 5% 58 225 wsotA £4sk= tlolE 7%
7|%o]th(Chawla et al., 2002). ©] 7|2 tHEAQ] B Hlo|e] A2] ¥R 0 =] tjefet Aol A FiEs] &
4537 ItHLiu et al., 2020; Chen et al., 2022; Kwon et al., 2024b; Song et al., 2024).

SMOTEE &-8<t t|o]E] S78-> th&ah 22 Atz paleh. WA, 919)9] 7|& 44 5w o8 (z,)E 7]
w=o= l9] 22 A Ta HlolEE BRI thao &2, FAE k7l2] HlolE F Ao = o] HolE(x,)
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E A8 2 ATk ghe s 712 A gkl & AEskln nile e =, A8 ¢, 0F 2, & doj ol HlE
2 A9 WiEste] At 2455 HlolElE A/deit. SMOTE 7[Rt Hlof8] S732] 7H=ft=E Fig. 19 AISHAT.

O O O
O O ]
O O O
0 o O O
0 O o
H e QO
[ OOQ DDD

oXNe)

O Majority class 0 Minority class ° Synthetic
instance instance instance

Fig. 1. Schematic of data augmentation using SMOTE

3. Hl2ld of| S 2 sHe

B A TR AV ES BoPA 0 2 £-85E 4= Q=5 A% 2.2 km o] = HE] FERE HE Alw &
2 %1.7 kmo]| Slgsh= 259H~1,400H A 1THE - ALhAt 1o 0 2 A7gs1ict. g fH ol A= 22t
2174 7.74 m 2] EQFA] FE TBMO| -85 0H, A T1THE g}o]

YOl A Y& 917 7.41 m, W7 6.81 m, 4o 1.5
mo|th. @A AL8H EQMA] A& TBM O] AR ARRES Table 19 89FstSict.

Table 1. Specifications of TBM used in the studied site

Specification Description
TBM type EPB (earth pressure balance) shield TBM
TBM excavation diameter 7.74 m
TBM shield length 9.77 m
Max. thrust force 55.0 MN
Max. torque 10.4 MN ' m
Segment lining diameter 7.41 m (outer diameter), 6.81 m (inner diameter)

Segment width 1.5m
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AN G L] 2|15 BE= A B2RE wHT, =S, SHE, F9L A, AdeR eApHor A5
o] girt. FLEFH e, iiEE-2 SM, ElZ45-2 SM 52 SC, Z3HE= SM S22 SW-SMO &2 H-R 5| g]ct.
2158 NgE B2 ullgd= 5/30~50/9, E1Z15 4/30~30/30, F3LE 1/30~50/12, &319150/10~50/20]0, A9k}
742S] RQD (rock quality designation)+= ZF2} 0~75%%} 34~100%2 =& It

TBM 27 & 298 A2 F9kE, Fo19l, A%, Y o=, 7 A9tz of vl e e g3
SHE 28.9 kPa, 519 55.3 kPa, 1% 282.1 kPa, Z/%2,050.3 kPa©]tt. A1agedo] ofaf) A&t & Hnj
AR 59 AT et =%1E&o] §H]e] TAof| Qo] &R1%I% © ™ (Frenzel et al., 2008; Gong and Zhao,
2009; Jamshidi, 2018), 4% Aol A= 2%1-& o FE Aol Bl Y& S8t

2 A7V 79 HE En]1l=5.8~23.5 m Helol EA5IAL, TBM-2 0.5%9] Ak il = 2316H3it.
Aokl Bl 0 =R E A 3.63~18.92 mof| #1x[shH, Enal Y Z[s}-9] FAEE Vefoto] 4PYE 4
%> TBM =71 Wafe] wet 254 0 = AF5ohe ks Holrh A7t 749 $9HEE Fig. 20l =AIsH
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Fig. 2. Longitudinal profile of the TBM tunneling site
3.2 HO[EAMIE 71

TBM 27-&0] kS 0|2 Q1= Wz AT TBM -2 0122 LEE T Grima et al., 2000). 2 S]]
A= 371 2§k 47F2] 2G5 771 B 2RISR A3 AITIHE & B4t tlolE S 254
£ AlQ)Rt 1,138719] Hlole7t 3= ik, AWkl o 2= viulas Mo, Eu 1, B A7-2]514-9] 7=
7} AR QUAL, TBM 2 F At 2= 5 R At HEtt 7

Mol B4 5l =3E Hlole 9] 7& A
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Table 2, Statistical descriptions of the dataset

Feature Symbol Min. Q1* Median Q3* Max. Unit
Undrained shear strength Su 28.9 553 282.1 282.1 2,050.3 kPa
Cover depth C 5.8 18.6 19.2 19.7 235 m
DISti?;?&?i;;ﬁzlvgown DTG 3.6 11.9 14.1 14.9 18.9 m
Thrust force TF 6.4 10.5 12.7 16.3 34.8 MN
Torque TQ 1.1 2.3 2.7 3.1 3.7 MN ‘- m
Chamber pressure CP 0.01 0.08 0.15 0.25 1.68 kPa
Grouting volume for tail void GV 4.1 6.0 6.2 6.5 21.1 m’
Penetration rate PR 4.1 15.3 20.1 25.0 35.6 mm/min

*Q1: first quartile; Q3: third quartile

QItHYu and Liu, 2004). £

AT A= Fig. 31+ 2ol 54

= A
S5l 1ol AJA|SG(Pearson correlation coefficient) S 7|50 2 ATHEHA| EA41-S 458519

FHEAT 2 AEEEES AP ARE AlTste] oS B 1S S/ s 2

=48 A7As7] Sls) 54 7o)

THLiu et al.,

2021; Xue et al., 2023). 71 A}, Exjye} B A-2]ske 2] A= 0.81 2 EEEHL, ol

=4 740] 745k Qo] AR} 9L8-S ©JlEithMoon et al., 2020). olo] wek,

1 o

T

T AZE A2t 67 E4da TBM 231& 55 o5 Lo &A= A3l

1.00
o- 0.02 0.75
2. 01 [EN -0.50
[a)

-0.25
- 0.23 -0.51

-0.00
o- 01 -0.39 -0.56 0.33

--0.25
&--0.33 -0.52 0.39  0.48 | 050
Z--011 003 0.06 0.11 0.07 0.15 I—0-75

-1.00
®-..0.14 026 0.19 KM 0.07 -0.35 -0.19

Slu é D'i"G TIF TIQ CIP G|V PIR

Fig. 3. Pearson correlation matrix of the dataset
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£ A-oli= R 2XE HlolE oA 5E9] 10%2H 9] 10%E oV M2 Ad7gstar 11 2o HelE A4
Q=2 755109, Table 37 o] 5H9] 10%5 low, 34 HEIE medium, 491 10%E highZ 278 552 7
B35t 5H9 10%2H 4 10%9] 715 27318 g2 212 1.4 mm/min®} 28.0 mm/min©|c}.

T of

q

Table 3. Criteria for penetration rate classes

Class Low Medium High
Range PR < 11.4 mm/min 11.4 mm/min < PR < 28.0 mm/min PR > 28.0 mm/min
3.3 05 22 7ol
2 dAollM= 67H] dEEAS Bl 371 =X ~:(10w medium, highy& 2575k= 7 7H] 9|5 22
& FEk WA, 1,138719] 4 HlolEl S 238 S BRE G AR 80%= S AlER, L]

20%+= A MER 2513l et Hiel o], ok AlE W E;""ﬂ 2=l oS Rde o 5w
(medium)©f] TFE]A| 51oq o= dl o] 44+ S(low, high)oll et o= A5-& ASHA|Z 4= St whehA|, &
¢ollAl= SMOTE 714t 7|& 85 Al E Uj 45 58 HIo[8] S22 B+ Hlo[HE A2t 54 sks Al E

2 %72 THT Fig, 41 71 81 A9 27 514 A=Y 248 57 HES e

800
700
= 600
<
= 500
=}
= 400
E 300
Z 200
100
o L1 [ 1]

L M H L M H
Original training set Oversampled training set

E

Fig. 4. Class distributions of original and oversampled training sets

2 A0 529 Bt Hlole ARS8 MAlEE 78 TBM 2718 o dE=] 4452 7iAd o 75 =<l
5171 91, /1 3 574 6145 A|=S 212} XGBS} Zlelo] XGB Bl XGB-SMOTE B9 551, o
o, XGB 2] 217 H<~(hyperparameter) B4 57k Table 41 AIA[SFATY.
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Table 4. Search space of XGB hyperparameters

Search Hyperparameter
space | n_estimators | max depth | min child weight | gamma | subsample | colsample bytree eta
Range 100~500 5~10 10~20 0.5~1 0.5~1 0.5~1 0.01~0.1

= Aol HloAISt 2 Htet s WAMETS AREoTo] oS HEe] 2u7HE 22 eloigltt. Ho|A]
= A Ske aaror Sk 7o R, o] B A

WE v C R og4 RS o] 85| tha B XS Ak o2 ARt s wAMES2 sk AEE 57N
O] FEo 2 Whe §, ZF FEg5 of MR A5 AER ARSSIAL UHA| Fgs ohs HER ARESto] & 51 9] <
S A5 Fcke 7R, R dilel AsS Wrlshe ol 8ottt HFA R, FUF A HE
7122 XGB 2H XGB-SMOTE B9 278 55 i 5 52 vlusielrt. s #lx= 4t

(accuracy), F1 score, A& -E(recall)= AFE5I3.0 ™, o]= 2] (1)~(4)E Bl AT 5= 9l

=2
N,
Er
Ol
2
P
o
3
rE
3
i

ol

I

m

K1

TP+ TN )
TP+ FP+ TN+ FN

Accuracy =

F] 1 i2 » Precision; X Recall, 2
score = n =4 Precision; + Recall; @
Precision. — TP, 3
recision; = m ©
Recall, = ——" !
ecat; = TP,"’FZV, ( )

A7|M, TP=E4 S5 45| A5t 81, TN B4 580l ofd e S a= 43| A5 4%, FP=

=]
< Aol A5 vlolE 9] Hlg R o5 e A 0 & Wehlis A ®oAe, =

o] SHA7} Ik H9HA, Fl score= 2= 58

L4 ¢
o Thal Hlad] 74 A oS A5-S BEShL, ARL-E 7H5Fol thet A HlolE] % e8] B Pl

O] HI-&-& O|m[5}eq, F1 score@t A& oA 435S B7 ol H| i 5h= o] -85}tk 2 9] oS 2
T A2F= Fig. 500 TASHI
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| Dataset |

I
] i

| Training set (80%) | | Test set (20%) |

I
v v
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training set training set

Model development
* XGB
* Bayesian optimization
*  5-fold cross-validation

! !

XGB model XGB-SMOTE
model

i

| Predictive performance evaluation and comparison |

Fig. 5. Flowchart of development and comparison of prediction models

4,

X

2 Y =9

XGB 227} XGB-SMOTE 2 &0 5Ust AH HIEES A-g5}o] =& @2} 3 (confusion matrix) T 5
A F1= ZV7} Fig. 627} Fig. 701 HEFH SLo ™, 7+ o] 22 Znfj7iti4=E Table 501l 2|5t

Low 10 13 0 Low 19 4 0
o Medium 4 178 1 o Medium 9 159 15
& &
High 0 16 6 High 0 6 16
Low Medium High Low Medium High
Predicted class Predicted class
(a) XGB model (b) XGB-SMOTE model

Fig. 6. Confusion matrix for developed models
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1 [0.973]

0.869
0.9 0.851 0.851 0.826
0.8 0.751 0.727

0.7 0.622
0.6 ]

0.5

0.4
0.2
0.1

Accuracy F1 score Recall, Recally, Recally
OXGB model OXGB-SMOTE model

Fig. 7. Predictive performance of developed models

Table 5. Optimal hyperparameters of each model

Hyperparameter
Model . min_child colsample
n_estimators | max_depth . gamma | subsample eta
weight bytree
XGB model 248 7 10 0.5 1.0 1.0 0.07
XGB-SMOTE model 500 8 10 0.5 0.8 1.0 0.1

T ndo] o= s H|w At A 0.8512 5U6I. 0 U Fl score=XGB 220] 0.622, XGB-SMOTE
do] 0.751 2 T&E|9th o)1= 54f, XGB-SMOTE 2 dlo] RE 228 S3of gt 73 13l =S 4306
of olAtetAof| T2 A tA]9lS SIS

2123 ] ol A 218l ol o2&l thet FelR |A7t S 8ok &, Fig. 7 W 72 B9
28 53 ANAL(Recall;, Recally,, Recall ;)& B 05FAE XGB REo] -9, AN H 210l medium]|
oIS A @82 0.973 0.2 =7 Leht oL, oA ' Q)91 lowe} highol] theh A &2 242} 0.435910.273 0.2 At
35| WA =& 5%t} XGB-SMOTE =& 2] A2 low, medium, higholl thsl] 212} 0.826, 0.869, 0.727% =
E 2308 53004 FE=A <45t A 5-S Bt o]2fgh A3k=XGB REo] A4 27182 8ks| dl&oHA]
gk oA Z718-S &x]5l= o] 37} QL HHA, XGB-SMOTE R &8 RE 2718 9ol 4] ApHe]A] 9451
AN&5E As TS HeRdt) o5 5ol 2 Aellx= HlolE 74 7|5 E43 Hlole] 427t TBM 2%1& o
= S + O A S A5, o) Bl o5 dPgollA ol 231 Hlo[E] o] Sdo] o 2
Zgarh TR 2)6k2] 9 TBM 991t ko] lole| wjjed mjoks A7 | whiz o 2wk
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2 Aol B vlold Aeke 5 nlileld Z14 TBM 2218 oletA] A A o2 Selste)
R 242 B G4 542 At Hlole 37 714l SMOTES 2g3lo] 23 vlojele Hel
shoict. dlole] 37 2 A7l wet 217t thesf) 758 o) Bdle] 278 53 B AL vlmsiget £
AR £2E AR thev Ut

o

1. AR B4 A9, B ne} B W 71514-9] 712 7 Welst ool AR Selsl g, olo] wat, of
2 o] Biw g vy 3hgke WAsly] Sle) B A Askee] 712l deEAdoA Allsiart
2. XGB 2¥lv} XGB-SMOTE R E2] At = =519 0 - F1 scoret=XGB-SMOTE Rdlo] ¢ <=5
G 2E9h B8, XGB wHlo] ol 2218 53] g Al@ &L Alfa o2 ke v, XGB-SMOTE &
do s 2718 S Qs o AR e Rtk

3. ol A 24 A, 22 ole A2)s 56 TBM 248 oldex] 4% A =5)9]ct, o=
mﬂa%-%%ﬂw wulo] o} 27188 UeRi= 2|9hz A} TBM -2.%4217 k0] 1S wrt 7}

ol[‘
)
>,
fol
5
1A
IN
o
L

4. 2 034011*1 pieail fﬂol‘ﬂ 57& 7IHh =t wlole] A2]e] TBM =38 oVda~] /8% 7l 2= TBM Al
ZaH AJ2E 5500 Z1ofd 4= Sl o9 @, 545 15Eoll 4 SHAP (shapley
additive explanations)& 8-8-51%] 7} 4= 54Jo] mAl=d RO ol =& ©A] Ay nj2ls ¥
£ 24T 4T, TBM A5 4 9l AAVdE oS A1 A o= midet

B AL e nEEl7 L2590 7147]4A A (No. RS-2022-00144188) 2] 2| Q.0 & 48] 9] o

22} 7|0|5
AL A7 A A, dlolE] 53 L oA, AT S1AT, FHEL HlolH o, LnAES s
SRR Hole) B4 9 o s, 0L Hole 44 W BAE s, 2|54 Al A, Hlo]
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