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Abstract

Tunnel boring machine (TBM) is widely used for tunnel excavation in hard rock and
soft ground. In the perspective of TBM-based tunneling, one of the main challenges is
to drive the machine optimally according to varying geological conditions, which
could significantly lead to saving highly expensive costs by reducing the total operation
time. Generally, drilling investigations are conducted to survey the geological ground
before the TBM tunneling. However, it is difficult to provide the precise ground
information over the whole tunnel path to operators because it acquires insufficient
samples around the path sparsely and irregularly. To overcome this issue, in this study,
we proposed a geological type classification system using the TBM operating data
recorded in a 5 s sampling rate. We first categorized the various geological conditions
(here, we limit to granite) as three geological types (i.e., rock, soil, and mixed type).
Then, we applied the preprocessing methods including outlier rejection, normalization,
and extracting input features, etc. We adopted a deep neural network (DNN), which
has 6 hidden layers, to classify the geological types based on TBM operating data. We
evaluated the classification system using the 10-fold cross-validation. Average
classification accuracy presents the 75.4% (here, the total number of data were
388,639 samples). Our experimental results still need to improve accuracy but show
that geology information classification technique based on TBM operating data could
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be utilized in the real environment to complement the sparse ground information.

Keywords: Shield TBM, Deep neural network, Deep learning, Weathered rock, Prediction model
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Table 1. Rock weathering classification for Bukit Timah Granite and Gombak Norite

Geo notation Grade/Class Classification Type
G(I) I Fresh
G(I) 11 Slightly weathered Rock
G(IIT) I Moderately weathered
G(1V) v Highly weathered
G(V) \" Completely weathered Soil
G(VI) VI Residual soil
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Fig. 1. Example of deep neural network model architecture
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S 13,681,0987H, Fl0TE] 2 S 2,000 02 AT 24 A TBM BHRE|AH QIS Fo] 24
Sk ATRE ol chet dlolelst mele] geigro 2 Abgsig

Table 2. Summary of TBM specification and segment information

Parameter Value
TBM diameter 6.9m
Max. RPM 6
Max. cutterhead torque 6,250 kKN - m
Max. thrust force 51,200 kN
Disc cutter size 19 inch
Segment ring length 1.4m
Total segment ring 1,894 rings
Total data samples (5 s) 13,681,098 samples
Data items ~2,000 items

Ao ohHtegt AA Z2FsPHA A= #E W A|(CutterHead Intervention, CHI) Aol =271
™ T (Face mapping) 5ol Ao A= Yetea-5 Ld o 237121 2hl(Label) = AR-SIHATE A - ZAF HATA
(Geotechnical Data Report, GDR) W A5 AX 507, CHIE F5l 119702 & 1,8947l12] A THE & FofA]
16771°] tigt et hibsa-& ehll= ARSIt Eot, 2 dAtelse 22 Al A4 9 +4==TBM 77|
gloJelgke = @A) A|HkS ASTl= Zlo] HAo|B g2, YeFoll= 2|Ht Hlo|e7 =eEA] ¢f, S5t &
B5k3ich

2 AtollM= A Flole& Aol Wt Rock, Mixed, Soil Al 72| = 7263t Table 3-2 of5ol &
|5 TlolE 9 ofNFE & Xl e glolE A L& @ ©IE E ol Rock 2] 73-¢- G()HFE] G(IID)
7 Al 7o) S St 1L 290 & dE AL, Soil> G(IV), G(V) 2] 802 53 Seilofl sidsh= =
2 38K 539 G(VD= offF @l EA6kA] ehaten=, =15 dlolEelAl A=t} Mixed A9k
Table 174°] Rock™} Soil @] 550l £ o] Y= 2 0 & 7013 olF T2 Rock © & 7%= #]qto
2F70%°]H, Mixed2} Soil 2 5= z]Hto] Z}z} oF 25%, 5%S ZFA|jict.
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Table 3. Ground labels and its composition used in this study

Ground label Types The number of rings (ratio)
G() 8
G(I1) 7
Rock G(1I) 7 116/167 (70%)
G(I) + G(I) 40
G(I) + G(II) 54
G(I) + G(I) + G(I) + G(1V) 1
G() + G(I) + GIV) 1
Mixed G(1) + G(II) + GIV) + G(V) 1 2167 25%)
G(I) + G(II) + GV) 16
G(ID) + G(IV) 20
G(ID) + G(IV) + G(V)
. G(1V) 4
Soil 9/167 (5%)
G(IV) + G(V) 5

3.2 0[] 22|

2 HolA=TBM 7 1A HlolElE EA4l6H, o5 A3 474 Wol 2-86t0] Rl sk 2A-& A Hstat
gt & Atolli= AR 22 A B RAo| B2 5 xuit 7| S5 Hlo|elE Z-8513irh TBM 78/ 24t
Zoll /45 dlofe vk EAstct. TBMolA] E55h=2,0009] 7H<] Hlo]e] =4 F-2]ugt tlofeE 7]
A sl o] Slal AR Zke] B L fo 3-8 e clole AEE AASGL) B 45
A= 2 A Ul(Rock, Mixed, Soil) ATFEIES FESH= glo]H -3 A1 0 H(p < 0.05), S22t HZ
oflA+= S~ 7HRock-Mixed, Rock-Soil, Mixed-Soil) #-testE 5ol H|0|E] 52 AEsIATHp < 0.05).

oVIA AAE S5l Hiolel =8 AARE 7180 A|A 7|2 uhstal o™, 5kl AAGK Lower Threshold
Value)Z} 9] AARZL(Upper Threshold Value)2 1+ 5 - 0?1 213-& 312 AAJSIITh(H, 84 22 =] d
oH gkt o= St OoH, jii= B, o= EFHAY). AEH 107119] Hlo]H =t o]of sfigsle= AR
Table 4] A =]o] QIot. AARES B4 22 118 F<1 Hlo[elE th o =2 51517] uff 2ol of¢] 0174]7111*01 0ol
O] GF& Zt= =0 AN Penetration®} Consumed Energy+= 2] (1), (2)& &9l AL 0 519 845
o] oVdR|7t AIAH Fof| AtE R e B g o F] AlA 7Re A-85HA] bttt

]1

O

Penetration = Thrust Speed Average | Cutter Head Speed (1)

Consumed Energy = Cutter Absolute Torque - Cutter Head Speed (2)
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Table 4. Primary data list and its threshold value

Data (unit) Lower threshold value Upper threshold value

Cutter absolute torque (kN - m) 0 2,500
Cutter head speed (r/min) 0.5 6
Thrust force (kN) 5,000 33,000
Articulate thrust force (kN) 5,000 33,000
Bearing thrust force (kN) 10 20,000
Feed pressure (kPa) 125 520
Face pressure (kPa) 125 520
Thrust speed average (mm/min) 0.5 26
Penetration (mm/r) - -
Consumed energy (kN - m * r/min) - -

UE 71A dlo]E](13,681,098712] lo]E] A1E, 2,000017]2] Hlo]e] =)ollA TA 71H-& F3t dlofe =
A} o 2] A|AE 55K 388,6397] AE 2 10719] Hlofe] Eo = AHL| gk

A7 o] ThE HlolH FRE-S AT BAlsl 7] AISRS 2-8517] SJ6l] Aels Mgt on], Ho-24
513t 715 AH-gste] 2t dloef o] HYE 0.001~12 Hgtelct 45 A8 <5
Z3to 2 Aeigt 3 HIE Alktste] 271 2] EA(Al: A A 7 EA =

95l 1079 dlole] 52714 2o 2 Aeg > == 3 w7
%0 Ylole] G5/ 5 WA T4 vlolel §%).0 4§t ol 9074e] 71 Eo] A EISLom, % 10070

o] Pl 27 943 %, 24 %, 53 302 1Tk 92 50 =EL 100
.

A& AAE 5k5517] 5l 5H58(Learning rate)= 0.001 2 51510, 7&K overfitting) TAS 12|}
T2 Dropout 7S BE U = T} 0.5 H&2 Agalit) Tt 44 FH(Loss function)= ThE 2|~
$57] A8 = Sparse categorical cross-entropy & AH831IC 7] A7t 5T gle] 9 A4S AHgSl
9] 715212 44517] 913t Ak (Backpropagation) THAOlA S X2l 714 wo| -8-5]11 9l RMSpropt
Momentum®] $4 7] Adam-2 285199t

A mria A= o5l 107 WA AZ 7|H-S AF8S1T) 815 glo]Ele} Wt Hlo] Bl = LES w e A

= =
B9 7|92 AR L Al AR AR AR Raslelr) ol 2L 7] 02 HlolEi S Relsiel

)

Journal of Korean Tunnelling and Underground Space Association 19



Tae-Hwan Kim - No-Sang Kwak - Taek Kon Kim - Sabum Jung - Tae Young Ko

wFbA Fold titt 2lolE

AHgstAck

z7
N7 2

Al
= o

o[)h

T Hlgol ohE & Sl viAl =
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Table 5. Summary of DNN training methods

5007H/V\] o]—/_\o].E_i o]-O:] (@) Eq uH _.1.1_7\]' A= u]-u]- o]-/\
Z71 —‘—E_(Early stopping)°l|
R e

Details
Input 100 nodes
Output 3 nodes (rock, mixed, soil)
Hidden layer and node 6 layers (2,000, 1,000, 500, 250, 100, 50 nodes)
Batch size 500
Learning rate 0.001
Drop out 0.5
Loss function Sparse categorical cross-entropy
Optimizer Adam

2 Qo= AT A o=
FSH A% (Accuracy) 2t 24 B AU L (Precision ) U Zfd-S(Recall)of] ol =2]5}ct, o] A=t
do] —E‘rr@' 74| tlolEf oA AA| =2 -HtE A ERet Aol vle-E oju|itt, FU = ot A A2 BRIt A 5

7k A5 AT 3

E ARz A vl

5477 B

mdlo] thjsl] gt -8l Hish 7Iest it 24

2 oJfsie], AL

ko S HEE EE8F A EX A5

A2 1078 o

‘|_7 ap=e)

© A7) Ae)A ol 2 olaka ol & Ao] W &L
A 7+ Hlo]E 9] 4-0] Eao] ZAE ] ot Wtk o et Jul ol AR S wslokeith =
7o) o t=olat ek

4.1 12t 235 Hat
Table 62 107 22 A3 ’c‘&ﬂé% gt ot sl s gAJsk=t] 489 Epoch 8 Hoj=ot Wt
A= 75.4% 2, 6114 Fold -9 86%2] 71 =& Ast=S WY ow, 2WA FoldQ 7% 7P w-o 4st

ER162% 5 HAAT A5 A7 o] o5l 4-2% Epoch =

et 40.83]F 7| =513

Table 6. 10-fold cross-validation results

Fold 1 2 3 4 5 6 7 8 9 10 Avg.

Epoch 33 51 30 49 47 31 40 54 50 23 40.8
Acc (%) 74 62 85 75 69 86 79 76 77 72 75.4
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Fig. 2= 7+ Zef20] e U ot AHH-8-S H oIt Rock 2] 7% 242 0.859, 0.841-2 H 3.0 ™, Mixed 2]
73 0.636, 0.57-2, Soil2] 749 0.51, 0.428-2 H I}, B ALolA AL dlo]E] 9] 3¢ Rock, Mixed, Soil ]
Hlgo] 2F 70 : 25 : 5H.0H, 4T Aol Wol shxet HlolE o] =2 He g Hol= B4l w} Rock,
Mixed, Soil %0 2 U} AL HolFleh, A He, Safj H UL o} 8- FAAZ17] 5l
F7HA]1 dlolE] et Zajjiof k2 tlofE] 4=0] F S Hetallof & A0 = wohch

® Rock = Mixed = Soil

0.75 +

0.5 +

0.25 +

Precision Recall

Fig. 2. Precision and recall results

Fig. 32 6114 Foldo| A 2] 37} glofefof] tisf AA] SeA(dHh et o5 R2=HH o5H 2xhhE
HAFE 02, Y52 7 £40/H X552 ¥t Hlo[el o] A& & vehdn). 1048 w2} A5 13 Al i

E AL AFE S 9T A HRE I510] B B9 HolEhE irgly] e wlgo] thE 2 ik

Mixed

Soil
Rock I_I l |_|

Mixed

Soil

wo | L ILL L LLLE

0 10,000 20,000 30,000 40,000 50,000 60,000

Test data numbers

Fig. 3. Actual classes (top) and predicted classes (bottom)
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Fig. 4= 1 AolA] b5 A5 A180S o185t % rtolld Wdehs aks 22 T ks glos
HIgIt 5 o] 5 o] goto] 2 M O] Fa R ARt T olnk 53t A0 BHE FAIH 191 Fo g, s 2ol
A ZEo] 7P 2 gro] ti A o] Hek. B S 0] BETF100%2 55 FH-S 5l vlo] e 2 e
FE (M HA oI 1 9] B2 TBM =2t 4 A ZAP7 o] 0|2 7] R Htot. A4 TBM 22 & &
ZARpol|A| 218 AL BArA o AlFE]A] b2 7H71H] A RIS AlFslo] #A 4E 7hs Akt 282
W& o= 7|t

T F

Training Mixed Mixed Mixed Rock

oy ! ! 11

1.0
0.8
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Probability

0.4
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0
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The number of data samples

Fig. 4. Predicted ground distribution using DNN

2 ATl M= TBM 7| Ao HE E-g-5to] AARE 22 AW AlS50h= 1S5 A8 RS AIRtsISt =

= [e]
2 24 5517 sl AS AT 2 7THE ARSI o, Rl 7 IS AR ot ol A
=]

— =
Qo At 200} et B2 &gk At 202 Hlaste] FEsHA o] AL B T2 AR Y 4
oFe Thewt ik

. TBMOA B155= 2,000 72 Hlol8] g=ollA frouet tlolEE 714 skaoll 885171 sl $AA
7IHEe] At g B o A= 1 HiolH AEe st o H, ] AAlgES Aefsto] o FAlE Al AsH
£ e Eedste, sznttt 7155 71A glolE e tisl MAf2]she e -kt

2. 22 Ak ISRt AT AT o] et e 2Rl A, Rock 2] 737 24740.859, 0.8415 H 3

O, Mixed®] 7% 0.636, 0.57=, Soil2] 4% 0.51, 0.428-2 3t AFSH dlo]E] 2] ZF Hl-E-2 Rock,

Mixed, Soil =02 °F70 : 25 : 5901, S~ E HUEet Ald-E-& FYA717] Asll 5714 <] HlolH =
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—_—
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3. 10-fold WA} 52 55 S FRIt Axt, Bt Hee=75.4%%, 64 foldd 73-7-86%°] 7Fd =2
A2 Bl ow 294 foldd -9 7P B-o At 01 62%S Rt Hehe AR sl 3714 ¢ oF A
O] Hlole gt et 45 A7 RdlFo] Vsl B e e 2l o7 wEr):

o,

o
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5. £ Q7 B @A WG Hlolel S /1o 2 Ak, 1ot 5 @ dlolel S sk A1 Aek:
RS THE @4ol 488 T TBM B4 B0 E4(5UEHTBM ARgo] ofehe, AW ke )7t 417
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