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Abstract

In recent years, Shield TBM construction has been continuously increasing in
domestic tunnels. The main excavation tool in the shield TBM construction is a disc
cutter which naturally wears during the excavation process and significantly degrades
the excavation efficiency. Therefore, it is important to know the appropriate time of
the disc cutter replacement. In this study, it is proposed a predictive model that can
determine yes/no of disc cutter replacement using machine learning algorithm. To do
this, the shield TBM machine data which is highly correlated to the disc cutter wears
and the disc cutter replacement from the shield TBM field which is already constructed
are used as the input data in the model. Also, the algorithms used in the study were the
support vector machine, k-nearest neighbor algorithm, and decision tree algorithm are
all classification methods used in machine learning. In order to construct an optimal
predictive model and to evaluate the performance of the model, the classification
performance evaluation index was compared and analyzed.
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Sk= 7o ® Efotl 8o e 8455 VeEdjofsle oS Rdof mi-- a4l k7 E 4= Q1

B A Lol As T AT AE 1A 552 BRely] 8l wiled ]9 & A 2 E #E] BA)(Support Vector
Machine, SVM), 2713 0]-2(k-Nearest Neighbor, kKNN) &112]5; JAFEAA E 2](Decision Tree, DT) a18]&
= A8kl B SR RS Foto] darelEe] A vl TEkslt). H A= AE O] wAR| 7o TRt 7]
=2 ZF @ol o) wt ohelRt 8 A5 e{slofsly| wlizel mAalad 7S o8-8 HAd A WA {7
5 el 72 E TBM SAPZ IR S5 SAH] DS 7FsA stel 8idated el 24| 710 4 & A

=

2, tj23 7{g| uH 77 IS e RIS

A2 d(Machine Learning) 4] 5775 (Classification Methods)-< Z]&=51<5(Supervised Learning)2] 3+
7IR 02 Fo)7 Qi H|o|E & Shgsto] Afghell whet 7H e} E Hoh= i o= F719] SeilAs ERohe
oREFLHAl o o] S AR ERdhE i R Wiroldith 2 Aol HAA A A §-5F 5=
2I5te] A 2E wE] MAl(Support Vector Machine, SVM), £ 0]-2(k-Nearest Neighbor, kNN) &2}, <]

A7 Eg](Decision Tree, DT) Y252 4-85H3H:

2.1 Support Vector Machine, SVM

SVM 7|*H-2 Vapnik (1995)°1] oJsfi AIQHH Sl5ol@ & & 7)) ol 220 7 wAlE the= 7o th
dlo]e] 7he] oful(Margin) S HhaFet 4= Qs A7 28 H(Hyperplane) S 2o} Hlo]el S Zofgh & B ol A
o7 A4 WS AHoR s 4 oW A% SVM Bd, 12| 2o BlAY SVM HEl2 Ao
SVMZ A1 E= HIAT R obdzt o), o] &4l -5 of 2] 2ol B8] &85 glom, .24 919
%] A8 Structural risk minimization)E 7|9FO 2 5}a1 Q17| wj2o] YRtste] @ 75 TAA| 7= HoA] 7]Ee

W E RTS8 58 ZhRIThT 24 2t Burges, 1998).

HH 02 BRI 7Hs SV 7 A1) e 745 N7IS] A7 pAh B3kel 913 gbeki /e
ul, pAFl BN T S ReRe el AARE Fig. 1(2)9) 2o] B0 B WO R s 4 gl
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2w -
Z|A o] 272 Fig. 1(b)2F o ol +1 1= X|ehe shAENE 7P & 7 4 e A4 o= vl
U, of7]x A (Boundary)e 2785k A AR E sk HPE A ZE HE(Support
vector)2t gttt

A7 ZFolA A7 227t 4] s Afell= HIAE SVM A2 HlolHE 1Ak e] £ 31t = mij
(Mapping) AlXIth B8-S AAT= AEE2 o8 77 EA sk 11 5 i34 2 = thgl2](Polynomial)
I} AR | 4@ Radial Basis Function, RBF)7}F AREEITE, o7] 4, RBF+= thHEF gjo] g o] H7RS 9] AIQHe
AR E R 2felo] TRt 54 F1te] ui g ot A o= AREET:
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(a) Hyperplane (b) Concept of support vector machine

Fig. 1. Conceptual diagram of SVM (La et al., 2019b)

2.2 k-Nearest Neighbor Algorithm, kNN

FZA ol LAFE 7IAlokE & 71W F SP= Fig. 29} o] 71 Hlo[efe} &s1alAt Sh= ol H
Atolo] A& SA4ste] 7Fd FARTKIN O] HlolH = RIFE lS3th KNN-2 ZHhsla e 21329l O*_T’_Tﬂ—ég
& RElS A o stolw] miEtu|E 9l k gt ohlRt A A =5 Atshe A=Ak oo Aldlo] HElo] A
P& ol HElo] jigdo] gololr|of B2 ZofollA] Z-8etth Tl k gh& AEe Al k #lo] Y+ 2to
Z}z1o] glolgof| RigtsA| HEg-ste] T2l gh(Overfitting) o] Y11l $LoH, k gro] Y I 42 %l(Under-
fitting) ©] ZA|7H IR T KNN Fare]Eol A AYAE 2 AR 4 Q= 722 E(Euclidean), 8713t -

T (Standardized Euclidean), 3384 A|(Correlation) A4S T2k Zo] 41 (1), (2), (3)°ll AAIsH3ATE. ©] ﬂoﬂ
I AH]4: I (Chebychev), =AE-5{Manhattan), ZAF(Cosine) 2] 4 5 o121714] ®A2]o] ZAf5HH kNN
A1) Fol| H-gsh= thefet A S-S Abu Alfeilat et al. (2019)f] AIAIE]1 Uk
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Fig. 2. Conceptual diagram of k-Nearest Neighbor (k-NN) algorithm
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2.3 Decision Tree, DT

SNHEHE ] o3-S Fig. 33 Zo] Hlo[elE UR+X2 T xdlolo] ofE A of theh H=5ght 53aks
A Gl =S A2 M4 Breiman et al. (1984)°f 2]} AJAI=]2]. 2™ CART (Classification And Regresstion
Trees) 2fal 21t} o] 7|H-2 Hlo]g] nfo|dof|x| 2 ARgsh 722 0 2 A Er]= FAA o =dst] $lsf
Al ofjofd @ HFEE o]o] LA elgotH Eg]7t o] BA| Agol=X]of thet 58 =5 SRl o = Jltk= 44
o] it

Root Node
NO YES
2=C2 Internal Node
Terminal Node NO YES
Terminal Node Terminal Node

Fig. 3. Conceptual diagram of Decision Tree
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3. 0|5 22 Hjo[g{ 41

2 A710)4 L= TBM tl237] 24| 472 Tekslr] S8 2 00~00 2445 00-0 F7E 2 TBM
A HlolEE sk @8] €= TBM 71t 5 Bl 50 ARGE Ho[Bl= 2F 550 m {Ee= of2] 7]
= H3

o] 23t ERA|te] e}t Wot Z&to] ol whet 2§ 47 2 R, £33 €= TBM 714
dlole] ¥ tjA3 WA o] RS BT oZ0] 8PS 1=0]7] $lste] TIAT A H ulio] RS F= @9l
O 2 S-S A1 A 2] 2H9jo] 1 i HlolE=MATLAB Z= T3] 2-57H<Q1 SVM, kNN,

DT 7130 sHelolel 2 oASElolelz Ahgstof T2 Ael 1A 47 5S SHse). siAleld =]
Sl 7 ol 53 o] 452 B7keb] 9Isto] BRI A HES Elelel vl 9 4jsksiet. £l2a7
B 37| 75 Teleh] 91 Ahe] SRS Fig, 49k 2ol Aslai

‘ Prediction of disc cutter replacement of shield TBM

Choose the Ground Type

GROUND TYPE 1 ‘ GROUND TYPE 2 GROUND TYPE 3 ‘ GROUND TYPE 4
INPUT VALUES
* Disc cutter accumulation revolution distance
* TBM Thrust force
* Cutter head torque
+ RPM

Disc cutter replacement (record)

Machine learning classification methods
SVM kNN DT

* linear SVM * k-value
* Polynomial SVM * Distance function
= RBF SVM | ( Euclidean, Seuclidean, Correlation)

l

Performance evaluation index

* Number of leaf
* Number of split

Accuracy Precision Recall Error rate F-score

Fig. 4. Flow chart
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3.1 A9k =24

2 Aol E 2= TBM =21l oA @A AlFZAL 108, A71H A EAE SWASHA]
Q02 230 FEiE FRlstal AUARIQl EF A B oA AlES El= ofHhe] & sllsto] 2159
ZHIE ERIskInt 11 A Relle f86talA) Sk AT TBM 712 52k} B 2150] £ ool 7+
= AT Aol Ecte Bt A5 0= SRIE 7)ol 2 Aol A AHE-E Fig. 59k o] E-7stlth Bd
Ao whetFeQto] =5 o] F= 29H5(Ground type 1)1} -E2}5(Ground type 2), 0] 5 o|F= 285
(Ground type 3)¥} E]23(Ground type 4). 0.2 WAt} Z|9F 2 740f theh B}k 2R -8-2 La et al. (2019b)
of| 71& =] ik

<
)

= Ground condition 1 = Ground condition 2 Ground condition 3 Ground condition 4

Weathered rock 45%, Soft rock 21%, Hard rock 34% |

Ground
condition

\ Sedimentary layer

Weathered rock 10%, Soft rock 45%, Hard rock 20%, Sedimentary layer 25%

100 150 200 250 300 350 400 450 500 550 600 650

Distace(m)

Fig. 5. Ground types along the shield tunnel excavation distance (after La et al., 2019b)

3.2 £1= TBM 7|A[Ci[0]Eq

2= TBM HH|:=5%Y HERRENKNECHTA|A] ARHE o|4=71ok4] 2l & TBM A2 =8 A Table 12+
Zom B3t 2|5 tf-§-8-0 2 A=)

Table 1. Summary of the slurry TBM specification

TBM type Slurry shield TBM
TBM outer diameter 8,410 mm
TBM length 10,500 mm
Number of motor 8
RPM Max 3.1
Torque 4,680~6,786 kKN - m
A XA D E TBM 7| AH|lE 5 F ?E—i E, SRS E A5l s st o
)1 A A AL 1550 1] T35 o B e BT, 2 TBMEL 3

2| (Thrust foree) & T2 7| Ejol] 24§ ok P02 smapo] 27 Gk nlx|w], Aura0 2 ote] w7t

b

248 5210] Z7| AX ] £ A7l A48 BAE F219] 277k oF15.0-

(0%)
IS
(V)]
2
of, H
i
=2
%9
2
o
o H
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A% W7t Aot Bgkaute & 2o 5717} 31 W} 415t A telde). ES(Torque) 24| HA3 7]
o] /et e Ado] w2 QIR I @A = 2F0.5~4.0 MN - m 2] H 9|2 S 3} npdrix| 2 Hal o] Z 4
= | 23 2% WS} 7] wjRe] 1.0-2.5 RPMO) Uk 1<)

_La

o= ettt 7AH sl=9] S)idE: HA] 27t 2|50
oA A5l Al ERjEo] W] PR 2R Adsigl o, vlw A A 7|2 S|HLEE 925}

Fae & 4 ek Hot AAR 71 AH 018 2] 8- La et al. (2019a)°]] 7]&%]] 1.
2= 7B = Fig. 631 20| = TBM B g =0l F2t=o] 9lom & 7[Alo] F2td e Haa 7He S
40712 2732 17 incho]H o] AST|olH = ARgol3it.

r&“

ARM 2 x Ky ARM 16

é’ ARM 15

&
% <) 46

LA 15

\ - ' ARM 14

“aas 19 . 8
Y N 48

R

J 13 3 xﬂsﬂ .’# ? J{p{ BB

e e oNL VS
ARM S5 5&,2’; 214;} i 14 \«

.38[32 - 26

o ¥ o N7
' az ) 7 AN ,
ARM 6 2N/ ARM 12
47 p 3 5l 39
43" T 2‘*‘0’)) @ ﬁ‘b,
. N 29 >
5 45 135
p o
ARne'y & Yy ARM 11
ARM 8 ARM 10

Fig. 6. Configuration of shield TBM disc cutters on cutter head (La et al., 2019b)

330529

o7 F 5 22t 1to]| tisliA] Table 29t o] A9 7oL ARF 240 M= v A3 AE o] A 7|
ot 2|, W22 72 E Fig. 701 AXSIH: @7 ollA wAl| tjAT AE 0] o= F3lete] B 295
(Ground type 1), 23}45(Ground type 2), A90| 5 235 Ground type 3), E|Z%(Ground type 4)°l|4] 2+
7+ 1970, 497, 757H, 67700k, ol= 7+ Atz A lofe] AEolA] wWAgE AT #E 9] WAH ]%0
1.9%, 1.2%, 1.8%, 1.75%2 @A3] Yol BE77|Ho 2 ndls o &s5)|ofl= A2 w7} - Yk wick
o A AE WA 7|%S PHE-& 70%E 2] A7t Hlo]E AlES] WA & F7HAA Bk a8kl

r
el
2
N9

582 Journal of Korean Tunnelling and Underground Space Association



Performance comparison of machine learning classification methods for decision of disc cutter replacement of shield TBM

71 H T A A e o] nhiE Bl we A= A=A, dE TBM F4{ou 2]
70719 5 TR 84 Bl @Fofzdef whet wA| A717EERiA] ] whizel] ik 22 Aol A2 EAT /lrtal

Table 3-2 2 15LolA] AA3H B77]el SVM, kNN, DTS HojFH 7[HEC] At Z tz0]7] 93t &
21& Ul stolmuien]g ¥4 2 58 Hojrh fF 7ol E 249 HdeS 47| flote] tpgst

HEES 5010 dlE5S AlEsigiet. Aol 4431 vlolH AlEw fHE 02 3531 80%2] HlolH AERE
S]]l ARgSAL L A] 20%E SllEH|o B 2 AF-stTt

‘_.

1l
z
[0

nzm

Table 2. Specifications of ground condition in different ground types

Classification Specifications

Ground type | Weathered rock 45%, Soft rock 21%, Hard rock 34%

Ground type 2 Weathered rock

Ground type 3 Weathered rock 10%, Soft rock 45%, Hard rock 20%, Sedimentary layer 25%

Ground type 4 Sedimentary layer
E 80 90
E 70 |C=—Replacment number of disc cutter - ’ 80 E
2 - = = MWaximum excavation distance (m) ” —
S e - ; - ’ ELLT)
= CI Mean Excavation distance (m) . - =)
T g5p . ’ o 60 S
E A s0 &
& 40 =~ 4 ©
= ke 40 ¢
o 30 S
o 30 =
= 20 0 2
L ey Fd 1]
= o
3 10 10 35
¥ 0 0
= Ground type 1 Ground type 2 Ground type 3 Ground type 4

Mumber of data set 1,000 4,080 4,200 3,800
Number of replacement 19 49 75 &7
Replacement rate 1.9% 1.2% 1.5% 1.75%
Abrasion status Marmal wear One-side wear

Fig. 7. Ground types along the shield tunnel excavation distance

Table 3. Algorithms used in dick cutter replacement prediction model

Machine learning classification methods

* Linear SVM
SVM * Polynomial SVM
* RBF SVM
NN * Hyper parameter k
* Distance function (euclidean, seuclidean, correlation)
DT * Number of leaf and split
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4, 278 Tt AR L AHHR Zat

. ALo|A] 37HA] B77H(SVM, kNN, DT)2 Akgste] tAT AH WA 45 o= RdlS _/‘,\_6(1)4—5}1 A
gollX o] AE wA| ofFe} o] shsssto] Us2 AVHE H] 24151 flste] 5%

g5t Hrlolet. @ 2FE(Confusion Matrix) 2] 7|5H0 2 H7FE 48 4= Q= X391 A (Accuracy)
AU (Precision), AH&-&(Recall), L2-F-8(Error rate), f-4<(f-score) S Fot] R 9] o= A5 H|wH7}
stk

o EF7 oM Rl A 5HIIE & 4= Y= @ AFE(Confusion Matrix)-2 Table 40 AJA|5}H.0H o] wj,
2 F(TP)-2 AA| @t} o5 Axt BFo| A A3 A E wARE 4, 1231 AR FY(FP)y-2 AA 8%
o WASER] koLt diSoll = WARE -9, AR SAA(FN)-2 AA|= wASH 0L oS0l A= wAlst

2] 9 79, FRABLO 2 1A SA(TN)S vt o2 W wAISH) 95 492 242 ojujgict, o Aol
A B AR E 22 % QAR S S F Ao |of) SANBEA S Bo) 5|2 47 me wjeke 4 gl A

[e]
- 1=
= A= (Accuracy), Y% (Precision), A &-&(Recall), 2-5F-E(Error rate), f-5(f-score)©|Tt.

Table 4. Confusion matrix of binary classification

Predicted class
Replaced Not replaced
TP
Replaced (true positive) (false ::I ative)
Actual class I;P TI\Z‘Ig
1 .. i
Not replaced (false positive) (true negative)

g (Accuracy)= A (4)2F 2o A Hlol8] T AetolA| dl5o] H tlol8 o] Hle-g o|u|siH, dAl= v~
A AEE WA oFE o5 Bdlo] &5 AfiSRt 772 vlag Sfuleith
TP+ TN

Accuracy (%) = TP TN T FPT EN 100 4)

ol
-

il

f
rlr

A Precision)& TARET. o] A % 9o Az T2 AEle] TAYE Lol vlgE o
™ 2] (5)et At U= P &% (Positive Predictive Value, PPV)2Hl: S8 ARl 99 45 F0]
Jlo] a0l ] A5 A AR
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.. TP
Precision (%) = Tpg gp < 100 ®)

A H-E(Precision)= A2 YATAE 7T WA HlolH F ST o] wARITtY TRt 8-S oJn|shy
ol= TIZHE(Sensitivity), 2% 94 Bl-&(True Positive Rate, TPR)©|2t1l e &2t} 2] (6)} Zom HE QFA
HloElE A1 sfjoFstal ARl S/J(FN)S YA] &2 720l A B= ARERIT

TP
Recall (%) = mx 100 (6)

Laae A (1) 2o] LA R H2T A7 A=A AT wAlE Ao AR ERe Aol e

ofmgict.

Error rate (%)= —————x100 (7

Lm

Ao AIAEo] vl 587t 57 ol ARt AlA-g-of XA eet AU o] Aok T e A2

o] £o] x5 B #<] f-score A HE AFEITE. L¥FAQI fscorets A (8)7 2o B Floll AU A@-&<] 7}

TAE E 4 Utk &, AU AFE0] 7 AIS FUSHL (8 = 1), fl-score2tal AT TH: 2]
9)=F 2

g

(1+ *)(Precision X Recall)
3 Precision+ Recall

®)

f—score=

e (Precision < Recall)
Precision+ Recall

, (B=1) &)

2
f1 —score=

4.2 0|5 2 H|w FI}

4F50] 26t 274 w2t SVM, kNN, DT 7188 ARg-Sto] A3 A E WA -7 tigt oS eS80t
A} 7} 7ol A 24 0] 57 A5 187} A 3E Table 59} Fig. 8| HEFH ATt Table 50f| 4= 2 2[4k o
sto] Aok, JUn, AF-E, QEF-8, f-score 57HA] 2] A EE VFERHS).2H, Fig. 8ol|4= f-scoregto] JE =
of Ajd-e-0] Zohgrtghol7]o e, Q& f-socre A FETF HERQITE. A2 12 FR S5l B
Fr2ofl thallA= Fig. 8(a)2} o] A7 89%0]H @E5-80]3.1%=2 7F A1 f-score= 68.6%= H]|

55

r}OII

[e]
—
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25} 7FS Hol 2|2 o|2ndle oA ER| nd 2 Slolsiyin), |HtzA 22 Bar] Zolok Zof oA
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Table 5. Summary of the performance evaluation index of the prediction model

‘ Accuracy ‘ Precision ‘ Recall ‘ Error rate f-score Description of model properties
Ground type 1
SVM 86.5% 78.9% 61.2% 5.3% 69.0% RBF SVM, kernel scale = 10
kNN 84.1% 73.2% 63.0% 8.9% 67.7% KkNN-Seudlidean, k =7
DT 89.0% 82.8% 58.5% 3.1% 68.6% Maxsplit = 10, Minleaf = 10
Ground type 2
SVM 76.1% 64.3% 64.3% 17.8% 64.3% RBF SVM, kernel scale = 100
kNN 78.9% 65.0% 71.1% 17.5% 67.9% kNN-Seudlidean, k =3
DT 79.4% 71.3% 61.6% 12.0% 66.1% Maxsplit = 20, minleaf = 5
Ground type 3
SVM 82.4% 77.3% 54.1% 6.3% 63.6% RBF SVM, kernel scale = 10
kNN 81.0% 68.6% 64.6% 12.3% 66.5% KkNN-Seudlidean, k =3
DT 81.0% 73.7% 54.8% 8.4% 62.9% Maxsplit = 50, minleaf = 5
Ground type 4
SVM 83.3% 74.7% 76.0% 15.8% 75.3% RBF SVM, kernel scale 100
kNN 83.4% 77.8% 82.8% 16.2% 80.3% kNN-Seudlidean, k =3
DT 82.0% 77.8% 77.7% 15.0% 77.8% Maxsplit = 50, Minleaf = 5
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Fig. 8. Summary of the performance evaluation index in all ground type
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Fig. 8. Summary of the performance evaluation index in all ground type (continued)
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