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Abstract

Exact rock classification helps suitable support patterns to be installed. Face mapping
is usually conducted to classify the rock mass using RMR (Rock Mass Ration) or Q
values. There have been several attempts to predict the grade of rock mass using
mechanical data of jumbo drills or probe drills and photographs of excavation surfaces
by using deep learning. However, they took long time, or had a limitation that it is
impossible to grasp the rock grade in ahead of the tunnel surface. In this study, a
method to predict the Q value ahead of excavation surface is developed using recurrent
neural network (RNN) technique and it is compared with the Q values from face
mapping for verification. Among Q values from over 4,600 tunnel faces, 70% of data
was used for learning, and the rests were used for verification. Repeated learnings
were performed in different number of learning and number of previous excavation
surfaces utilized for learning. The coincidence between the predicted and actual Q
values was compared with the root mean square error (RMSE). RMSE value from 600
times repeated learning with 2 prior excavation faces gives a lowest values. The results
from this study can vary with the input data sets, the results can help to understand how
the past ground conditions affect the future ground conditions and to predict the Q

value ahead of the tunnel excavation face.
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2=

Bd =2 A] ekt ot e ARt A EaeS Aok o] e =t oHHe] ERE 915 = RMR (Rock
Mass Ration) 7} QS AFsto] 4=3%]0, of|o| A uf i (face mapping)= HF O 2 AFJEIct HHEd D ngHTd
O] 71A ello|el& Z-8skAY 1;5121%%@&?_}%‘_]-1_ ARl 24 Fol HiHo] RS H 25 IS5k Sl ARSE AL
Ao, 24 A @0 AJgto] A Q EAL Z AP O] e Ha el = §lth= ol AE Zheth 2 A
A= w2473 (Recurrent neural network, RNN)QQ} Slof Z2H ] Qg 5ok = 7Sl
Hlo|2A g © =HE =57 QR HIw/HFSHITE. 4,60009719] 221 ol 5 70%E gl 8511, U
2] 30%+= 5ol ARSI 552 Slg-et al5o]| E8et o[ = At o] 7 H7sto] S5 Aottt 5
Q& AA] QEHe] A= RMSE (root mean square error) s 7|50 2 H|WsItt A7l Z2PHvHuEZ 217 0] =2t
O] Qaka Z-8510] 6003] hssole] A5t Qate] RMSE#e] 7H 22 Zi& ERIskIH: 2 19 Aik= g5l
AF3E BT 7k Sol Wateks 715 Hafat 4 9o} EPee] o] Ak} g0 2] 4
EAIAES olgllslal, o2 Fafl BlE 22 i) Qo] dlEo] ke Ao 2wt

220} IR, QZL SBITANAY, E9FHA AYels
1.LME

RMR (rock mass ratmg)-b]- Q/\]i ) 6 2 HE| dojz]= QFre] Itk Bieniawski (1973)7F A9t RMR2 ¢yt
O] AZA=7 5 (uniaxial compressive strength, UCS), RQD (rock quality designation), A& 714, A2] 74,
Aot de] ek 5= efsto] A=, Q72 RQD, A set®] 7l Ae] A7, Ae, Aot S AA

Z(stress reduction factor, SRF) 5= &-§5to] 255}, B]'d 22| ¢ F= tiF 2427 8¢k &

5l 7155t #lo] A w3 (face mapping)= IO & o] F0| 2= Zlo] @dou HE Eg/x2 HEZO] 7|7 Hlo]
], A7HAF AL 121 Al s Hel e 285 22 AR 24 55 E-85te] fofA)7] = fith(Ryu et
al.,2014; Kim et al., 2015; Kim et al., 2019a; 2019b). SFA|F HH =Zo|up T2 H =28 8Laet Hy/F 0|55
Al 71A HlolelE -85t 22 Aol ohER -2 dole &5 9 240 @7 AlRte] A Q FHrk= THlo]
ATt Eoh =2 AR 24 9] B9 ARS Foll TFSHA SEERE 4 Atk o] AR =2 A
O] et S-goll thaliA= s wefed 4 girt.

W= EES A5 2 226171 ] wize] o =22bHe g RIT oFo 2 S B Ia e He
A3t o] Hof Qlrk= A2 x| yolo] ARl o= di% 7}—0}4 Stk o5 A o 2 g vt HEH
o] EAfis] etk T TBMOlA 8 2 E5 52| 7|AlZX] Hlo|H & v o 2 Jeldoto] B'd =2H4
AS A5t d4-=0] 38501 a7 JIATHJung et al., 2019) AU B2 =2 3 A 22 0| ot ea
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TS g-8oto] 22 el Rt g-E ASshs Ul Al 719 glck

% Aol A= 4,00071 od2] Bl Z2H Hjo| A wiEg-S -Fol 2155 Qs Held 9] SRSl =2el54l
Zd%(recurrent neural network, RNN)= ‘%"S Al7]110 sh5E QIE A2 E-8oto] =2 o] QatS oI5t
o

o
1 Apslin. o] 137 Stel A wol: w0 2R e SIST Qg vl U RAjskck

. k2.2 (Rock mass classification)

AR FH-E ot " 5 7P E7] AR8Eh= Z©] RMR (rock mass rating) ?F Q-FHo |tk RMR
Bieniawski (1973)°]] &Jal] Aot B o 2 Qte] AZQE==7 0 (uniaxial compressive strength, UCS), RQD
(rock quality designation), 2]7F2(spacing of discontinuity), 2 2}4El(condition of discontinuity), A|5F

(groundwater), A2 K discontinuity orientation) 5-2] FE5-= A45lolal o5 =2 viHS Hokal wi &

RMR= UCS. + RQD, + SoD, + CoD, + GWC, + DCO, (1)
o714, UCS2 €E5UF7IEE v O 2 31 M (rating), RQD,-> RQDE B O 2 3 A<+, SoD,-2> A+
S HIRO 2 3F 4, CoDr> de] 2705 v o= 3F A4, GWC2 A[olrE 1S v O 2 JF 347, DCO
HeHeke viglo 2 5t Ao},

Q#k> Barton (1974)°]] 2Jlf A|QtE]| 210 ™ RQD, A2t 7l 12KJ,), AeAZA7 12K, HEl(J.), A5k
Q12ZKJ,,), 183 SRF (stress reduction factor)2] H1} LHm-© 2 K8 S5 7Ict Q7] ¥ 91+=0.001~1,000.0.2
-

_RQD _ 4y
©= =7 SFR @)

71&9] A3 AIA A} S A7 (Convolutional neural network, CNN)Of| A= A|7Fe] 5531} o] 0] 7 9]
o] o] 29| 3tEol FFE nlRl= @0l et E4o] o itk 55] @A JHnt Jdare|E2 FAEE
ol eI 58 &g3slo] mjEgto] 00] HE AH-S o e E A 9] o v AA| %] 4FH(global minimum)
o] ofd Fi | A(local minimum) ke 7HAl= HREC 2 Zud 4 ok A o] EAfRlt). o] & =551 9

ey

ol M) o] SRIQIEAAHRNN). 08 A= 0] o] 5, BApA59HE 5] Hopol ] 43402 Abg sl
SIck, 28RBS AL ThS Fig. 19 2-0m Qo] WA olMlES} the o] 21 ol She o] ke
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FLE A= QtHZhang et al., 2018). & A7Lof| 4] Z-E8FRNN ¥’ 2]5-2 LSTM (Long short term memory)

HH © 2 Hochreiter and Schmidhuber (1997)°1] 2J5] 213 AIF=] .27 GRU (gated recurrent unit)2} B1&E0]

74 thaE2Q1 RNN A &7 2]& 0|ttt Fig. 2(a)= LSTM Q] 721X 2 1 (input), B2 (forget), == (output)

02 o]Fo|A Q11! Fig. 2(b)+=GRUY] 7| 21Z 2 2All(reset)d} Ao E(update) = o Foi¥Itt. T2 7=

o} 01 2= 1o M (Python)S E-51A I LSTMS E-8517] $fall F2ollA Algohs 'IAE2-tensor flow) S
-85ttt

Outputs
N Yea /) Yia
@h, — (b, —> h,l—_>h,,,T>
A ]
T Unfold
" o 2 e
Inputs

Fig. 1. Basic concept of recurrent neural network system (Zhang et al., 2018)
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Fig. 2. Basic concept of (a) LSTM and (b) GRU (Zhao et al., 2019)
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tt2rt. 19] Zutz QIRt 23727 2789t HA2 o ARt %49l B d =2t fﬂohﬂolﬂi & AFollME
Eld=2t o] 7l g B85t A= ShEsIith ARHARl 5 Als 9 AP ] 7B F HlolE 9] oF

70%—E—ﬂé"’ﬂ ARESEI U 2] 30% 5 50l ARSI 2 Aol A o 70%°f] sid k= 3,2 827H—4 Qo]
Ashs Tl BRI 67110 FEE(ROD, J, Jpy Jay Juy SFRYE ZRSY F 7700 Y=H4E S5A171 0L

1,407 7H94 Q#= RNNC & oS5 Qgls AFshe vl Z8sI3ltth. ofu, dl&3t Qak A 221 vz ko)

119] QZLS s Qgte] ool o] Zahio] Ari g ekt 1 dloleo] )y sty
% 1] 71 5125] AR T 4 X & 0 575K i mas sl — (Ko Xo)/ (o Xo)
= Eoolele AR 5 QTAS2 ST AEE QFke A8 IS Sitelel EEelT. LSTM
Alo] =2 17l1=0 2 519911 3= dlojol= 1072 /‘47‘43]- .0 515 H|-&(learning rate)+=0.01 = S}t
4 2900l S58 Qate] A} QIS TE51o] Bol ABAS- SHEAACM ol B8 213
0] 614 T2 SAB1o Fig, 33 ek, QLB AR 0] A9 ohrel At HlolelS ti s A1 1
S G RIS ] 2V B IS Dl QR RS
788 otEAI7 1= Hlofl qlel 2 79 Bk52] Sla(N) @ o B d =2 O] 7l (m) S B-8sto] oS ZIA]
S Qolt}. webA essol ARgRE Bl g2 o] 75 2~ 1070 2 B 6002], 8002, 1,0002], 1,2002]
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Fig. 3. Input data set for training and training process
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A& gho] AA| tk-FAkeE 2] ERlsk= B = root mean square error (RMSE)E &-8-5k= o] Sich

RMSEE= m7Ho] ghell tioted Ak, 2t o5 ghb,) 0.2 HAIm gho] 2255 A ght-fAfotc

RMSE= | 3] Tl 3)

= =
24 215131t o= RNN-S 287t B'd =21 o] Qgl i Solls A =2yt viz 2o 22 S 2t
15t 6009] oha& Foll =2 2] Qake dlSshe 2ol 2 Aol 7P A1#Ad Sla= Lehdin:.
RMSE®] gfo] Y2 27110 Z2t-a &-8-5] 1,2009] el55}o] Qaka IS5t 2 HH RMSE €] gro] 22 <571
o] =2a 284l 8002] Shsoto] QEtE ISRt 2ol | o] ot Ho| 2[Rt Qgke] 547 0.001°14
1,0009] H2 HEIE 71 AL 3lo] Qaks 75k shte] o] Abael jisle Qgfe] Hislol 2 = Al
5|22 RMSE#E2 22 QfellA o] Apo| Hrt Z Qgtoll A o] Aol 9] gefo] B 27 Hrh. RMSE#2 + 212 4
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1. E99] 79 o]a] At AFe7H Q0 2 o] At Aol G X L Apsht ol Ba ARl W o2
HET 4 Sl o] EAI5HA Slolek, SR 2RI ARRS BHaSH o]} o] o] o) ghSe] gho 2ol 7k
So] RS A= AL olalshis vl o] Hiet. 4,0007] o4Fe] B QgL % OF 0% 421 A%
S50l ARG St b1 30% QRS 2 BHIAY S50) Zule =2 uelEe] A3l 2859t

2. 270, 370, 571, 1074 o] B 25 Qake B85t 6002), 8003, 1,0008), 1,2008] QA5 8HsA]
731 0} 2 Hiet0 2 RMSEZES o189l o2 Qglat A14] QRhe Hlimsteart. 2710] Bl 24w 8008] 815
slel @2 0] QgES AI5H: 2lo] 71 Azl Gl 2102 Uehdek, sHI8T Qg 3 RMSES]

1o
il

=
52 Vel ) ol Z gt AR sk HhE ] SAVE EAIR. ol Qghe BHa 4+ 9l Qgle
= A

AL =

o] =72 2020\ = (IR B4 O] AP0 A ATe] A g ot 43 A7(No.
2017R1A5A1014883, 2020M2C9IA1062949).
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