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Abstract

Rock mass classification results have a great influence on construction schedule and
budget as well as tunnel stability in tunnel design. A total of 3,526 tunnels have been
constructed in Korea and the associated techniques in tunnel design and construction
have been continuously developed, however, not many studies have been performed
on how to assess rock mass quality and grade more accurately. Thus, numerous cases
show big differences in the results according to inspectors’ experience and judgement.
Hence, this study aims to suggest a more reliable rock mass classification (RMR)
model using machine learning algorithms, which is surging in availability, through the
analyses based on various rock and rock mass information collected from boring
investigations. For this, 11 learning parameters (depth, rock type, RQD, electrical
resistivity, UCS, V), V;, Young’s modulus, unit weight, Poisson’s ratio, RMR) from 13
local tunnel cases were selected, 337 learning data sets as well as 60 test data sets were
prepared, and 6 machine learning algorithms (DT, SVM, ANN, PCA & ANN, RF,
XGBoost) were tested for various hyperparameters for each algorithm. The results
show that the mean absolute errors in RMR value from five algorithms except Decision
Tree were less than 8 and a Support Vector Machine model is the best model. The
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applicability of the model, established through this study, was confirmed and this prediction model can be applied for
more reliable rock mass classification when additional various data is continuously cumulated.

Keywords: Tunnel design, Ground investigation, Rock classification, Machine learning
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Agolol Bk, ERRok 53] ehikgsiiolell ] AurE0 2 Ahg sl n]4leld YTEES DT, SVM, ANN,
PCA,RF 5 XGBoost 591 S10Kim, 2021), 2 A7l 7] 71| o121 /192 27 ALk 2 1
o] |45 Tables 1-63} o] WshAl7|0] 2} 73.5-0] QIR 5B 85417 1 AntS vl ashick

2.1 SVM (Support Vector Machine)
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Fig. 1. Typical example of SVM

v

Table 1. Hyperparameters for SVM

Hyper-parameter Description Values
C Tolerance of data misclassification 0.1, 1, 10, 100
Gamma Determine the distance of the data sample to influence 0.0001, 0.001, 0.01, 0.1, 1, 10, 100

Select a method of mapping data in an input space into a

Kernel . . . S . e
eme high-dimensional space which is capable of linear classification

Rbf, Linear, Poly, Sigmoid

2.2 ANN (Artificial Neural Network)

NE A (8 R TS E(RE)S AT ANN R o33t S Aelo] oo

=0
2Y52 Wgsta, 217 29 Fol thpd] ke EE v A]sto] TS| Erh(Fig. 2). ofw, HEl FLEof mEbA
Elyss ;J—]r—’l Zfol7} oy, B ATLof| A= -245-9] 7i4x(layer number), ZF 245 1= = 9] 7i45(node number)
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QF F-2 el L2 o} SHJ9H=0] i activation function), £=A8=2] £-F(loss function) 5= Table 22} 70|
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Fig. 2. Typical example of ANN

Table 2. Hyperparameters for ANN

Hyper-parameter Description Values
Number of hidden layer Number of layers placed between input layer and output layer 1,2,3
Number of node Number of nodes to place in the hidden layer 16, 32, 48, 64
Activation function Select the way to activate nodes Sigmoid, Relu
Loss function Select the way to calculate the difference between model output MSE

and actual value
Optimizer Select the way to update the weight and bias Adam
Dropout rate Set the ratio of nodes to be dropped out 0.1,0.2,0.3,0.4
0.0001, 0.001, 0.01
Learni 1 th f learni ’ ¢ ’
earning rate Control the degree of learning 0.1,02,03

2.3 PCA (Principal Component Analysis)

PCAE= 11AF 9] glo
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1st PC Axis

Fig. 3. Typical example of PCA

Table 3. Hyperparameters for PCA

Hyper-parameter Description Values

Minimum required model performance (The number of principal components that 0.95 (95%)

PCA . ; i
CA score satisfy the PCA score will be selected automatically.)

2.4 DT (Decision Tree)

DT &8 x| U27kx] e o] Hlo|BE 7sH7] et 20 o] Folxl £71H(k 5, 2715 o =ht
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True False

Node 3
Split Criteria 3

Node 2

Split Criteria 2

Node 7

Split Criteria 7

Node 6

Split Criteria 6

Node 5

Split Criteria 5

Node 4

Split Criteria 4

‘ Result *Result { Result { Result

Fig. 4. Typical example of DT
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Table 4. Hyperparameters for DT

Hyper-parameter Description Values
Criterion Criteria for measuring impurities of nodes MSE, MAE
Splitter Criteria to divide nodes Best, Random
Max depth Maximum number of branching 1~10
Max features Number of features to randomly select Auto, Sqrt, Log2
Min samples leaf Criteria to terminate the branching for each node 3,4,5,6

2.5 Ensemble (Random Forest, XGBoost)

Al REle ok I of| A A ete] WAYSHA HTh 217k mdle wPARbE Zdeko] A2 thEral 7HY
@2 glo0] tige] Mg AVgste] 1 2 ik shiol mag AL ) o] GaE 1
Al 4= Qlet. o]ef o] th-0] Rl kA1 5 Agkoto] ARESh= WHAS Vd=(ensemble) 7] ol2} 7ttt

= FA 0 2 Fig. 52 22 RF (random forest)2} Fig. 63 -2 XGBoost 2] 272] &ate]&o]
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Fig. 5. Typical example of RF
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Fig. 6. Typical example of XGBoost
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5o, ARg5= mElo] AN estimators), 7|8 2@ Sl A] ARRS1= Hlo]E] 2] Zx(subsample) S} Z-S 2]
7= Table 5 Y Table 61} Zo] A&}t

Table 5. Hyperparameters for RF

Hyper-parameter Description Values
N estimators Number of DT model to create 1~100
Max depth Maximum number of branching for each DT model 1~14
Max features (Same with Table 4) Auto, Sqrt, Log2
Min samples leaf (Same with Table 4) 3,4,5,6

Table 6. Hyperparameters for XGBoost

Hyper-parameter Description Values
N Estimators Number of DT model to create 1~100
Max depth Maximum number of branching for each DT model 1~10
Subsample Ratio of data to use for training each model 0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1
Learning rate Control the degree of learning 0.0001, 0.001, 0.01, 0.1, 0.2, 0.3

3. HlojE{ ZH]

3.1 Gj|ojg{ =2

SMFES o ZmEle] 84S 9J] AU U5 W T2 Ed-S oo 2 AJEZAL o] el S 56}, Table 7

B O
3 Table 81} o] 1371 B1'd, & 73 km 71toll A 39770 A|FZ2A AFRE TV C = F 11 719 oh5RIAE A4
SET 9370tz A5 = (depth) 2t A =E RMR 2 F(rock type) £]ofl, 2ol tiet ot 54495 tieh]
= Y=9U0=7d 5 (uniaxial compressive strength, UCS), PI}55( Vp) ST (1), BE(Young’s modulus, E),
S unit weight, UW), ZoF5H](Poisson’s ratio, v) 5 67} &44%|, 21811 o] B4 31} Z]ol<=o] 2]

FFS HxS= AlFAIE o4 9] Z7]H] A& electrical resistivity, ER) BAFE} 9 RQD7} 3=, RMR
Z2(output) A= 1231 7] 2 10715 Y (input) IAHE A5t

flo ot

Table 7. List of learning factor

Data group Collected factors

Depth, Rock type, RQD, Electric resistivity, Lab test (UCS, V,, V,, Young’s modulus, unit weight,
Poisson’s ratio)

Input parameter

Output parameter | RMR
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Table 8. List of tunnels used for data collection

No. Rock type Provinces Number of data
. Gyeonggi province
1 . 4.99
Gneiss (Seongnam, Yongin, Suwon, Osan, Pyeongtaek, Pocheon) 337 (84.9%)
. Busan (Buk-gu, Geumjeong-gu),
2 Granit . . 38(9.6%
rante Chungcheong province (Chungju, Yeongdong) (9-6%)
. Busan (Buk-gu, Geumjeong-gu), o
3 Andesite Gyeongsang province (Geoje, cheongdo), Ulsan (Ulju) 143:5%)
4 Others Jeolla province (Jeonju), Gyeongsang province (Geoje), 8 (2%)
(Breccia, Phyllite etc.) Chungcheong province (Yeongdong) °
Total 397

Fig. 7 tlo]8] 9] 2} 15 7HIEAIE LrERA heatmap©]th. UCSE V), S ZORSHIRL, V=V, B oS
Hlek Vs 98 B Eol$H|2k RQDE RMRTH0.5 o <] Gl l‘i‘?ﬁlﬁ} 1 FoME 53]

Vel ATASE Bl 5o ATHIS 818k 4= 9ol

1.0
Depth X . . -0.077 -0.0074 0.038
0.8
UCS(Mpa) -
vp(m/s) - 0.6
Vs(m/s) - -0.4
E(Mpa)- -0. -0.2
UW(kN/m3)--0.
-0.0
v-
-0.2
RQD- 0.26 0.25 0.075
-0.4
ER(Q)- 0.36 0.22 0.084 0.17 0.11 0.074 -0.25
-0.6

RMR- 0.22 0.38 0.36 0.27 0.11 0.23

Depth UCS(Mpa) Vp(m/s) Vs(m/s) E(Mpa) UN(kN/m3) v RQD  ER(Q) RMR

Fig. 7. Result of correlation analysis
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Fig. 8. Scatter plot of data
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Fig. 9. Flow chart with the data processing and model study
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Fig. 10. RMR prediction performances for each machine learning model (When V4is included as an input parameter)

480 Journal of Korean Tunnelling and Underground Space Association



A study on the rock mass classification in boreholes for a tunnel design using machine learning algorithms

HAlYY g yaj=E % ?91_4 A H7H Ha=0} HZ @ Zl(validation error), A @2 ZKtest error) W AAAI 4=

ERd ok, 7Hg 93t 52 Hole HE2 SVMe|3lom, 2|*/ 852 Uehd DT 293 A|efet47) e
(ANN, PCA & ANN, RF, XGBoost)?| H|5=3H 52 Rt SVMSMAE ¥ &A= o] 242t 6.43 2 0.81
2 UER =T, o] A2 & ATollA] egE SVM BE 2 A|Sg A E| thgt RMR S H7HA] AA RMR
] @217} 6.42k= omjo|H, ol £, AA RMREE] 500]2HH 2 SVM ZE 2 o5 A] RMREfo] oF
43~57 Apolof|A] A Eral g = Itk RMR O] ot ofitEH0] 204 7HA B= 3ol et 104 (A o= 4
HHth= Z2& S ), DT 29 A9 SVM 5-9] ofe} K Hlo] oibe+ B = guts o g 8ot
Rl A 02 AL EITE TS SVMO] o]2Rt 452 MAE B 2714 4e] 10.28 2 0.46%1 DTl HIsh

F

a

FIE A CR(MAE 37% 4, 4 147414 56% 57h B4 =90t HE MAES 7|50 2 1 49 FH s
< Uehd 4709] B F RF Rdlo] 7P oot Avkg B ow, AGAI-E 7IE 02 T 39 A7 47
g 5 ANNO| 7P 91t ATHE Bk

Fig. 102 S5 dlof Al (test) H|o|EE AF86}10] o &% RMR (predicted RMR) 7} A4 RMR (actual
RMR)#t= H|WSH] AP 5 EAJSHY, = x A4S 7|50 2 AAAIG & AFEsto] vrehd Aot 23 4
= DT &S A 2Jet 2] 57 Bell o] AP =7}y = yof] Tto] QLo o]t H ke AAA 4= ghol 1
o 7Hdr= oS FEE ERIg 4 ek

Qap= o Lgle] ofsf Ay o], & gl 7HE F=a 't el o 2= thgat ol 270 E A HsikE
Z= 9l 51 = Q]2 0lzto] #| AR RIS EE AR = A5sP]ol T34

Atk RMR-2RQD, UCS, £ 712, EALH AH),
+=H, ©] 5 RQD F UCS+= 43l

G 12 WIT QIR AT RAE Wl 1A gl

mol'
392
rr

r
HL
1T

e NN
5 ox
o
4
R}
ol
I
oz

o NSE
w

=
lo

RN
W
|
%
9
%9
B
I
)
v
e
re
1p

4,
1o
M~
tal
Ru)
L
B
ot
>
)
)
reh gl
o
H
i
of
ek

2
]
2
o
)
(¢}
ol
fo
ok
(o
ro,
o
it
-
30,
lo
=S
Ol
oy
.
ox,
|
&
>
i,
i)
ot[‘l
ilo
j@
p
Jo
HL
o
AL
g
HT
L
0l
m}i 5
55

r
.
)
(1o
ro,
Mo
fin)
o,
o,
(¢}
oy T,
T o
2
o,
_a
i
>
)

»t— LWO* 11@‘.011*1 TR =] k. whebA] 2 A5R0] A Hrlet 2ol A9
A %*%Oﬂ tiofixl= AflS o] A & Qlrt. FF vt obgoll thet Tllol & 4
o] o|Fojxlehd Hrf agz{o] 1 A=Y 9= RMR o|50] 7Fsd Ao =2 7|t

Thstr] flol, A5 dlole of tigt MAESF Al HlofEle] thet MAE Hl-&<&
AESIAET], SVMO| 1.0422 7 Y11, PCA & ANN, ANN, XGBoost, RF, DT £~ & MAE H|-&© ]7@“}
7Fst3let. webA] SVMTF ANN 7[4He] HElSo] At © & DT 7]5te] Rl H o} v29ho] 9]qlo] Hrtal
Hok

rxl OlN

Journal of Korean Tunnelling and Underground Space Association 481



Je-Kyum Lee - Won-Hyuk Choi - Yangkyun Kim - Sean Seungwon Lee

O TS BOl 1, U 1, % V2 YR ASISHL 815849, Table 90] 2k} |2 w] DT
RS ASlet bl 57 Rl Aot 9 2AAY gel WA 02 1-3%0) Aol b gglon,

]
=
O & HIZSAL ) A %3 52 BTk TebA] 2 Aol A ARt HlolElE 2= SVM, ANN, PCA &
ANN, RF, XGBooste} &2 H4leld dare|E&2 &-82t o5 A thg34l4do] BEo] o5 Adsoll & 9=
] ] ] oP—E]J— 7] o _9_,]'.0 15} 2~ oh:]-‘

=T X

Table 9. RMR prediction performances and optimal hyperparameter by machine learning models (with 4 as an
input parameter)

Machine learning | Val. error Test error MAE ra.tio R value Optimal hyperparameter
model (MAE) (MAE) (test/train)
SVM 6.172 6.430 1.042 0.811 C: 10, Gamma: 0.01, Kernel: Rbf
Activation: Relu, Dropout rate: 0.1,
ANN 5.326 7.207 1.353 0.783 Learning rate: 0.0001, Loss fn.: MSE,

Layer structure: [32]

Activation: Relu, Dropout rate: 0.2.
PCA 5.746 7.293 1.269 0.782 Learning rate: 0.0001, Loss fn.: MSE,
Layer structure: [48]

Criterion: MAE, Splitter: Best,
DT 5.663 10.283 1.816 0.456 Max depth: 5, Max features: Auto,
Min samples leaf: 3

Max depth: 13, Max features: Auto,

RE 4.269 7145 1.674 0773 Min samples leaf: 3, N estimator: 23
Learning rate: 0.1, Max depth: 4,
XGBoost 4.649 7.309 1.572 0.753 N estimator: 40, Subsample: 0.5
528
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