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ABSTRACT

As the era of Industry 4.0 arrives, the researches using artificial intelligence in the field of rock
engineering as well have increased. For a better understanding and availability of Al, this
paper analyzed the types of algorithms and how to apply them to the research papers where
Al is applied among domestic and international studies related to tunnels, blasting and mines
that are major objects in which rock engineering techniques are applied. The analysis results
show that the main specific fields in which Al is applied are rock mass classification and
prediction of TBM advance rate as well as geological condition ahead of TBM in a tunnel field,
prediction of fragmentation and flyrock in a blasting field, and the evaluation of subsidence
risk in abandoned mines. Of various Al algorithms, an artificial neural network is overwhelmingly
applied among investigated fields. To enhance the credibility and accuracy of a study result,
an accurate and thorough understanding on Al algorithms that a researcher wants to use is
essential, and it is expected that to solve various problems in the rock engineering fields which
have difficulty in approaching or analyzing at present, research ideas using not only machine
learning but also deep learning such as CNN or RNN will increase.
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42 AR A AAP Rt A oo T8 0 2= < QIF Al S( Artificial intelligence, Al) 2] 57, 7471402+ <3}
7l o | glo] wihE I St of| whE ARS] ARES] S-S omghe). QIF A5 2 AE ARR] o] HiHgt Hlo[ElE Sl5dt= 7|
A7 A A AFRE S8 4= Q| Hlok= HollA] w7 9F 2 Ao | & H2Ith (Committee on the fourth industrial revolution, 2019).
ole]| 252 AIE M2 57 0= Q1sky, 224 2o S-S 9t ol Al Tl A 3l ks 541 Folrt
(Secretariat of committee on the fourth industrial revolution, 2020).

o]o} Zhe uiollA] eFRkEeH g Aol =7t Fdohs AL UAE VO = 201918 AWE 1d71& S-8AYS AT
YHCERIK, 2019), Fig. 1°] YeRd v} Zho], vig|o]g] B Q525 Zoke] Z-¢- A4 ZAV 244719 2017 5 HH|o]
TS 71ee REAY ARSI 9F= 7199] H80] 88.6% 2 FEFATE oA B 11.4%2] 71¢uto] Q13415 7|42
34 QIER= A4S Sfplskg], 100 Hielole] 2 QlgAps 7148 w I Asloleln el 718do] Bt 28% 2 UehFig. 2)
AR QIF A s= HoA B8 7Hsdo] 6] obd 2 o & HREle}. 12 AV 719 5 AREE7 s B
A=4R1 S A SAE 167/E ALl 2] S S 907H H A=A 2xF9571 5 Bt F 24% o] 101 W Q1E4]
5710 TQkE ArEokal Sl Aot whebA] =) Rlskett 2 A T 1] A, S, 75‘11]/‘3% SF4IX717] $1siA,
TR Uiz lsR A7IelE el A5 tiestl 22 Ve8RS 257 AsliA 43 AR r1E, 551 Qs Al
7ol tiet Bt & g2 ofsfiet =291 &-go] Hasit.
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Fig. 1. Application level of smart construction technologies among local construction companies (CERIK, 2019)
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Fig. 2. Plan of local construction companies to introduce smart construction technologies in 10 years (CERIK, 2019)
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™

ASAs 2L2F M2

19563 tl=r hEHATHS}O|A] John McCarthy ¥ Marvin Minsky 52| T2 0|2E F50k= fl3&0] 7HZ]1H o9 (Moor,
2006) Al71&=> 53] 250 H|oF o = sl ik Alsh 254 74| £5] 2152 e Te 15S The= wfoht 5ot
o, AFEE ARE3IA It 2[5-5 olslich= A&t A= oItk (McCarth, 2007).

SA s TAoh= N B TR 7] o] whet ufe- thelsiA| 7T o] it 71 B it e AlREoR A
ORI th=A| skl QIRIEL Q1SR s Aol whet T1 ROk tHA|= Table 13} o] -7 4= Itk Fof| A e tief
eHEoFF T A A Rololl A T 8T ST IekL Qs AR A R(NLP )= 357 Q17Ee] 101 E ofsfistal shAlshH 22t
SR e Eoke]H, 3931 (speech recognition) AFFFe] TA2|E Y Wol IAE = Wglel| 3= 7]&0] 11, FFE Bl
(computer vision)= FAHO[E| 2 HE {-83t AH S A}5.0 2 FE517] $I3F 714(Spencer et al., 2019)0]2kl A olat 4= Qct.

Table 1. Subsets of Al

Subsets Definition Algorithms/Categories

The task of finding a procedural course of action for a declaratively described
Al Planning system to reach its goals while optimizing overall performance measures -
(https://researcher.watson.ibm.com/researcher/view_group.php?id=8432)

Expert systems A computer system emulating the decision-making ability of a human expert
bert sy (https://en.wikipedia.org/wiki/Expert_system)

A multidisciplinary area that combines electrical engineering, mechanical
Robotics engineering and computer science -
(https://eecs.oregonstate.edu/robotics)

* Text generation
The automatic manipulation of natural language, like speech and text, by  * Question answering

NLP .
(Natural Language Processing) software * Context extraction
Buas 8 (https://machinelearningmastery.com/natural-language-processing/) * Classification
* Machine translation
.. The task of recognising speech within audio and converting it into text * Speech to text
Speech recognition . ..
(https://paperswithcode.com/task/speech-recognition) * Text to speech

A field of study that seeks to develop techniques to help computers “see” and
Computer vision understand the content of digital images
(https://machinelearningmastery.com/what-is-computer-vision/)

* Machine vision
* Image recognition

* Supervised learning
A branch of artificial intelligence that aims to program machines to perform  * Unsupervised learning

Machine learning their jobs more skillfully. This is done by using intelligent software that takes  * Reinforced learning
inputs to train a model to produce the desired result (Morgenroth et al., 2019) * Deep learning
* Ensemble
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7| A/85(machine learning) S SIS E= ARIISulc} oy th2A] Aolsla QAR 7]Alsks Bhde] 2 792 dfe
Mitchell(1997)2 F7E] Lz 1710 54|30l ofsl S =le ofme 2ils +4 e wf o] F2=wA 5ol Fddrtd,
AFrE 2 2 1 21 Bl s Aot Rl Fe o2 slsErial & 4 Qlet, oA mal g ol g ofstaint. ey
StEopllMe @4 574, Al B ofet 24 Hiolelg Btz Folil 7|a4] 4] 2 75 iu A58 o, E= dleles

71AISkE dareE2 okaE T, Y H iRl Wt Fig. 3ol WERd Hie} o] ZA| A|ksk5(supervised learning), H] A&t
H(unsupervised learning), Z32Fel55(reinforcement learning), /"5 <5(ensemble learning), Q15417 2 42fel5(neural

networks and deep learning) ©.& L5 4= QIz|Ht -S-gHHHof| w2t ALS Thof] AA3tE]o] Qlct
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Fig. 3. Mind map of machine learning algorithms (Downloaded from https://medium.com/datadriveninvestor/)

i

a2 =gt 9 olo]l thet Axfgho] Foj2H, gk ol-8sle] Ailglo] AFEE =S S5ohs O = E-R(class-
ification)2} 2] (regression) @ 2}F 0 = FEEIC HIZ|EokE2 gl th-8ol= 24kl Algglo] HiE A= ot
L= ol=r 02 ¥ (clustering), A3 F2]815(association rule learning), AF=4x(dimension reduction) ¥118|&0 2 &
T 4= Qiok Zekels2 ol 2H ¢tollx] A oH A4 (agent) 7+ AAHS] A H(state) S THEEGI] AEiSt 4= Ql= S a(action) & &

oflA] 7 FeH] A reward) S 7P Q50| ROQIAE Sl WAlo|k, PR BH ofe] o] dhatelEe A5t

_lO

TUNNEL & UNDERGROUND SPACE Vol. 31, No. 1, 2021



An Analysis of Artificial Intelligence Algorithms Applied to Rock Engineering * 29

of 1 AME AeRlo s Hrt et 52 eEshs 7ol tiE 7SRt HiAA 0 & oot AsS UeliZ]ol 2t 1
8ol STkl U
ApR[EEO & QFSAIEHA Ao QI R O] AAAREE 4-0FA 0 & mdlElel Aok )] AR 0 & F-8x= QlEAl
A2 Fig. 4048 AZZ(input layer), =5<5(hidden layer), 225 (output layer) 2.2 4 =]o] Q131 ZF2o] S
£ 7k QeiE A2to] e e o) JelE SHTo e featurey e AEE ES 13 24210] 1S Alolo] ¢10]2 4
7V (weight2F BT Blbias)2} HolAH 21 27te] ER Qzlo] 1 7, tialet £7] B4} Hexactivation
function) & Ea}ahA] 1 Egto] MBI ol2A o A 7} e me] ATQEES 1 kg2 Z0 2 Jeislo] oz} 5
792 A UPAIEE S output layer) 02 FEE Q1A Zrgto] AESRd] o] 1A gt A dlabel 71l AL}
49 (loss function)of] OJal] A o] 4]0 & $eFdul(feedforward propagation) o] ha ¥l 3 Aol Of5]
29 032 24A717] 12 nkback propagation)7Ho] WAL, Sjzine Lol eeko 2 AIEHA 2
3} g1 E}E(optimizer)©ll &Jol k- & 7F7152|9F HARE oA 0 2 HulEshH T3S AT QFSAIEY ss-2 o2’
Yt GG H L A SN s AR S S SfEge =Eek Bt
SAIRRS 11 0] A 2 TS HAEZ(single layer perceptron, SLP), T HAIEZ(multi layer perceptron,
MLP) 2 24Zo0] HF 27 o)Al AS5A17 W (deep neural network, DNN) S 2 GLEE 4= Q1 01 DNN-=-3-83F d12]50]|
73 (convolutional neural network, CNN), £2H 17 (recurrent neural network, RNN) 5°] 3Itt. ©2{d(deep
learning) |3} H|o]E] 9] EAFZ(feature extraction)}7g 50| 129] oJ5f] o] Foix]= 7| Alel53H= 2] DNNUoA 2502

Seael sl

/
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Fig. 4. Typical architecture of ANN
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3. QUKEE ChAlo] HBE TS UD2YF Al 24

3.1 64

3.1.1 Face mapping 2 ¢HHEES

jutt)

1990t ZRP7IR|= Hot Akafo| 1l G-5-2]Q1 (A Ret A HAAE 91et Aol )52 2] 7okl HE7 A 2~ Hlo]
2 #-gr]o] gtk Butler and Franklin, 1990). 1 0|3 7| AlSks Y172]E&2] QFAIATANN) O] Q]2 0 2 i =of 2]
&]7] A=, Sklavounos and Sakellariou(1995)= 57H RMR B713=.0 2 42445 F20712] dlo]EHE Q1521 559
851, = HielAi= Lee and Moon(1994)°] RMR Q@Y Afe] o] FAIE AT 4= Sl S84 dks 2185131k
2k, Yang and Kim(1999)-2 ¢fHte] A4S 87 Isk= 57471 2] A8l 2ol =i o Hlo[eHo] A& 7[HEo & Q1S4 H= o8-

AR R AT ARSI

S

ol
>

d

-

sl

tlo
rol

¢

9ot BYE AL, Jang et al.(2019)2 5 3,125719] RMREﬂ [E1E o851 737 d A (robust design)©ll 2J2t 8155 J,]- o1 FA]
&= 28519 dl=7gel=g STielsllt. Xue et al.(2019)2 YSU=ALE, ARFFEARS, AoHAle, dele, #[sia~dH=
T 5N =S FEEA(PCA) T oV o] B 5ol NHERE AlE sttt A olgh AR S-EAT TAE ol8sto] 5

ozl tloJelE2] HellA Hlole & HEsh= 7P 583 8453 ol 1Akle] HlolEE A0 Hlo]H & W7 =
Z4-9] gHabHolT}. Hasegawa et al.(2019)2 Qg2 E-8610] BAJTRS T M7 |0]#] e a4l o] ufet e duld 3 o
RS 49A R ASsiet, sAldd o] a7t Bsitial AISAHSt 7 IEA] P ER= ethe 482 23
S NHERE QIR PR Al 7P BAPE Ele AR she Al 71kl ol 7 Eanict B gl B
= = ok Holok 2oz "eld 5 /dtlole 4of At CNN(convolutional neural networks)= ©-8-5}] o2t
7] SIF AT o] Fo|x]3L Qi C % 1990 dt]] +&the}+] Yann LeCun w==2] 7|4 SRR A5 5
A1 HRE FAsH] o e dE kS ERhe 24 ol 2 S50

A

1% NN QS 717 Sl YIERIE 6 A Aok 0 2 87} AEIeo0], ZNel, VGO, Restel

O

Image preprocessing Data training Data testing and visualization

Fig. 5. Classification process of tunnel faces using Inception-ResNet-v2 model (Chen et al., 2021)
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GoogLeNet(Inception-v1), DenseNet 5°] 57oFATH Lee et al., 2018). Kim et al.(2019) 2FgH HPYE] 2572 A1&55H
A75E7] flole], CNN7IHS S0 = diotoll 7HEE]AL on|2]7F AR o5 VGG16 R Ee A-8-oto] BFgARIREe 2 a9
=2 ST o EASIE S TESITE Chen et al.(2021)E 15071 Bl @0l 4 35,000%2] 2FgH AFHS 7]Z9]
Inception v3 X2 ResNet & SA171 L] Inception-ResNet-v2 2 515399 571x] 2 Bqt wAhH QRIATE} S

ol s¥alA BRsITFig. 5).

3.1.2 XA (Rock burst)

2ot 35 22 o ROl =2 T 5= 0% Qlofl o4 o] T, ot Ul EASHO S/of whet L= FPdA S oA
T (rock burst)= 9=517] sl 71AISRS EatelEo] ARSE]ISI Dong et al.(2013)2 HRtotA @A 0] 7154310 A s o=
st S5l 71AI5ks €ar2]52] Random forest(RF)E 2-851%9+=0|, RF+=Decision Tree 2] E-FH Tt &= 7HAA]7]7] S5l
of2] 7)) U (tree) & A Joto] 212 L0 o5& Foto] A2-& Ulels Fxolth 241 ol ARk E, Y5454,
L, SHIOARA G 5 471A1E JERIANE, 482 S A E0] s S=9IA= sto] 5367119 skstlolEE
ARSI SVM B QIFAIEY B} oS 23E B Wik A RF7L 7P -$<r2t o578 LEHITE Li et al.(2017) SA|
1357119 P EAfE =R A S ASsh | el BG4S, 2] FA-88, dEUEFAE, S, eIz
T 57H19] g Iztet wIIAYG-FE A A 485150 o] dAtel= HlolE Q] EAdE0] A= eFds] EEe] QL
Th= Bayes 2] “g2]of| 7|Rtstoq, HA 9] Hlo|HE &85t nlEfjo] APIEE-2 F45k= 71Alok59] 9F 7<) Naive Bayes &l
25o] A8

Feng et al.(2019)= =440 AR E U] At I A TS &5 | ol AARE aIAIA %] (microseismic) AlS -2 50l
H 937110 et o|e| S 25417 W (probabilistic neural network, PNN). 2.2 BA51THFig. 6). ZFEAIEH-2 4174
= T Hjo] 2|t ER712A Az A=Al tisl 578 S0l £ S Alktsto] -2/t Specht, 1990).

BN o

Input layer

Pattern layer

Summation layer

Output layer

Fig. 6. Probabilistic neural network block diagram (Feng et al., 2019)
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A
A

_04

ofl,

HE

2 gy ta] Aol QA ek GHAF ek

3.1.3 TBM 23&

As= AH&SH TBMEE 9] tiFE-2 TBM =XIdlo[gof 7|8kt 2718 ol 2457, 18] 21w 212 3 H]
&l gt A2 =, 27 St P 220 Ahe I EAEES 7R 0 R R dardlE B A HS F0t
5lo] of|= Aol Aot = gRAIR|7] 112} 5= G} 242 0 2 A5 17 Ik Pham et al., 2011, Salimi et al., 2015, Armaghani
et al., 2019). Pham et al.(2011)2 EgHA]WoA TBMZZ-8-2 Htt AFols] d&sh7] Yl Q- aAlFgol| HA52 g
(fuzzy reasoning evaluation model) S M =519t o] Aol A= o] AR TBMAIY X L1z A0 7 FAE £ 10714
O] ARHOHE o551 25182 53T Armaghani et al.(2019) = 301 =7t THE Pl Y1219t 12,649mZ
0]0] 42 EFof|A] %]——f—%‘——f—ﬂi RMR 53 -2 HHEAY, 38, AHS|= RPM 53 -2 TBM-- A5 70-S Y=iTo[E| = 5}
o] TBM 9| 2ZI&EEE AS5I8Int o] AollME Q48 2441 Hl(bias) 2 7152 (weight) 0] /352 FA1717] S1al &
SA17gvdof| Al=r=2] AL 1 2 E(imperialist competitive algorithm, ICA) = AR quﬂ(partlcle swarm optimization,
PSO)7} Aot Eotz|2ebr o] 7]l om, 2487 PSO-ANN &7 |o] 23] dl5-d7-E Hehilt.

Zhou et al.(2019)2 TBM 271& dll&2 5l Q1AW 377} 2 718w (genetic programming)”|H-& 2-8513ct. ]
ATel= 52, RPMI 22 TBM 242707 RQD, RMR I 22 AIREEA © 2 S0 F 6712] A=ito[elet TBM 2%1&

S ZdolE2 oh= 5 1,286712] Ho[EIE o851t T2 Xu et al.(2019)> TBM 2X1-&915S $1al] Qa4 e elo]|
KNN(K-nearest neighbor, 2|74 o2 &312]5), SVM(support vector machine), CART(classification and regression tree, &
7 X 2 7R T 570 darelEs A85to] T AaE HI sk, KNNOA] 7HE ot Ai5EvE 9 4 2AS1et of

714 KNN-2 label (A Aakgh) o] F012]2] 932 Hlo[HE, 7H 7P/ke- -FrAS d& 7 label o] 50171 o [Efo] whet 7ok
Areoly dargfEolH, SVM-2 017l glofe] T152 B0 & Al22- Ho|E7} ofd Ho[B| 1ol &84S mksl= oxl A
9 E=HAY —erEG]O]‘:]' CARTE=To Ho[E HEE 7|Hho 2 AYHrES AlSA 0 =2 Fadohal 7ot tiol 4
T k& cl5sh= 7IH 02, SERGT o |iHA ) 9ol ERURTE, G5AR1 7ol S-S AR S Ao ?—l-‘ﬂz—q.?l
Decision tree( GAFEA W) Q] §F da1e]Fo|Th.

TBM2- V2 Al el Hit Hlo[BE ol-85le] TBM 2P 1] AAGEE Q51178 W= ol8ste] Ao R 4
AT TSt 21 E] 7 Q=T ] (Zhao et al., 2019, Jung et al. 2019), Zhao et al.(2019)2 AL E=Z 57]2] 2|5 ZF21-& HE
7HA 9] Ee A, Aok Edof whet2-77M, F 207 1S Al A1 d el = SEstal, TBM 23 s F 72872 &
E| sealat 7S ey ’3}9&:} =71 9 2] Aol o] =19 A HE H ks flell 4% (feature augmentation)” | 2-8-5}
ol&2t At Q15417 o] Random forest, SVR, KNN 5t 22 7AIsk50] =9 Aa1ejSAvtHT o U2 o5 Aits g2
= USITE. Jung et al. (2019)- AHIA[HE, GAFAJHE, 1231 2o ME -5 374 2 B AHhS FHEstal, 2715k, 3, 7H B2
2 49 34 TBM 23H[0[E] 5,057715 2709] 24502 & Q1340 =2 Sl5AIA 90%0 V3] A& et 2JRks

=l

o)Lz
1O

FU

F3F 4= 9)9et Liu et al. (2020)%= RPM, B, 38, 2XIEE 5 471 502 444 320712 TBM 24245 QJ=tofe 2
o}, H2%(simulated annealing)”7 | 0] F5H SHnbald W back propagation neural network)=- -85t A=A, A
oFH Afolo] Ag], AL, EETO A 5 4710 AHELS 531t olet fAsH A5k B =XIA] 51 Thelst
=27 9 ZAHEAHO[HE IEAETeR FAste] X FEHo|A ] HotkS AR Ak =[St} (Koukoutas and
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Sofianos, 2015).

0]@}3= 2] Cachim and Bezuijen(2019) ¥ Li et al.(2021)-2 tiFRF TBM Z%Id|o|Efof 7|Hste] tFE TBM XX 1S
=531} 5F4L}. Cachim and Bezuijen(2019)+= <8} Q15217 (feedforward artificial neural network)= 08510 =714
T, 58, A5 7io]o]] B3, & SQIH|(Form Injection ratio, FIR)% AEJSI|E EF9} 7P A3Ado] =2 FIRS AAIE
(time series) = 5-4151%] EPB TBM 2] AH|E EFE dll&51a1A) 51t

ESHLSTM(long short-term memory)”|§=- 0]-8510] TBM 2] 24X 71S E451= A4k 21985 J+=0]| (Chen et al., 2019;
Lietal., 2021), RNN J2-5-2] &7 0] EAIE S48 LSTM-2 Hochreiter and Schmidhuber (1997)°]l 2]l 2714 7do]H
AR 0 2 2yZo] v e Ao Ao E(input gate), 82T Alo|E(forget gate), =2 Al°|E(output gate)E 57 F2F 30t}
(Fig. 7). RNNX} H|wsto] 71 A[EA0] IS Aefol=d] et 45 elohH, 21o], 2/4Q14] & thaRt RofollA ARg=] 11
Ak

£

LSTM block Legend

—— connection

peepholes conection

® multiplication

@ sum over all inputs

gate activation function
(always sigmoid)

input activation function
(usually tanh)

\_

\ output activation function
/ (usually tanh) )

() (@)

‘- N\ N\ N

Fig. 7. Typical architecture of LSTM (Houdt et al, 2020)

Lietal.(2021) =54 72.1 kmollA 4% TB
Z5(total thrust) ¥ ET(torque) & EA5k= 4=
VET E Rt ANE A 4 U3k
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Table 2. Algorithms applied to rock engineering

Field Use Algorithms
i * ANN
Rock mass classification “PCA
Drill & blast * Face mapping * CNN

« ANN, PNN, CNN

* Rock
ock burst * Naive Bayes, Random forest
* ANN
Tunnel
* Advance rate * KNN, SVR, CART
* Fuzzy model, Genetic algorithm
TBM * ANN

. logical ..
Geological condition * Random forest, SVR, KNN

+ Operating conditi * ANN
perating condition « RNN (LSTM)
* Fragmentation
. * Flyrock * ANN
Blasting * Blast vibration * Fuzzy model
* Overbreak
* ANN
Mine * Subsidence risk * SVM, Naive Baysian, Logistic regression
* Ensemble
* Rock type classification * CNN
Rock . * ANN, CNN
* Rock properties . SVM
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