KSCE Journal of Civil and Environmental Engineering Research ISSN 1015-6348 (Print)
Vol. 41, No. 2: 123-131/ April, 2021 ISSN 2287-934X (Online)
DOI: https://doi.org/10.12652 /Ksce.2021.41.2.0123 www.kscejournal.or.kr

Geotechnical Engineering X| gtz ot

ISR HE S0t o1 WIELJ0|S0| SHEE X8 TY )

=== TTO L&

S AT HIBIE . ZAG - Rafarre

Yoon, Seok*, Bang, Hyun-Tae**, Kim, Geon-Young***, Jeon, Haemin****

Evaluation of a Thermal Conductivity Prediction Model for
Compacted Clay Based on a Machine Learning Method

ABSTRACT

The buffer is a key component of an engineered barrier system that safeguards the disposal of high-level radioactive waste. Buffers are
located between disposal canisters and host rock, and they can restrain the release of radionuclides and protect canisters from the inflow
of ground water. Since considerable heat is released from a disposal canister to the surrounding buffer, the thermal conductivity of the
buffer is a very important parameter in the entire disposal safety. For this reason, a lot of research has been conducted on thermal
conductivity prediction models that consider various factors. In this study, the thermal conductivity of a buffer is estimated using the
machine learning methods of: linear regression, decision tree, support vector machine (SVM), ensemble, Gaussian process regression
(GPR), neural network, deep belief network, and genetic programming. In the results, the machine learning methods such as ensemble,
genetic programming, SVM with cubic parameter, and GPR showed better performance compared with the regression model, with the
ensemble with XGBoost and Gaussian process regression models showing best performance.
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Fig. 1. Engineered Barrier System for HLW Disposal (Yoon and Kim, 2021)
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Table 1. Statistical Quantities for the Compacted Bentonite
Dataset

.. . Standard
Minimum | Maximum | Mean a.n ar
deviation
Dry density (g/cm?®) 1.314 1.836 1.636 0.116
Water content 0.000 0.234 0.072 0.067
Temperature (C) 25 87 44.847 | 22.203
Thermal conductivity
0.388 1.536 0.834 0.227
(W/(m-K))
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Fig. 2. Thermal Conductivity Variation of the Compacted Bentonite
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Hi(Bang et al., 2020).
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HE Ao g FEste] o S7|E WhEal ofe] Al
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Table 2. Root Mean Square Error of Thermal Conductivity Estimation Using the Machine Learning Methods

Method Parameter RMSE Method Parameter RMSE
Empirical
mpea - 0.054 Linear 0.073
Regression
interactions 0.060 Quadratic 0.051
Pol ial
oynomia robust 0.072 Support Cubic 0.048
Regression - Vector Machine N .
stepwise 0.060 Gaussian RBF similarity : 0.35 0.175
B Min. leaf size : 4 0.103 Gaussian RBF similarity : 1.4 0.066
Dej;:rlzleon Min. leaf size : 12 0.111 Gaussian RBF similarity : 5.7 0.079
Min. leaf'size : 36 0.174 squared exponential 0.048
Bagging 0.221 . . 5/2 Matern 0.044
Gaussian Processes Regression -
Random Forest 0.083 Exponential 0.049
Ensemble - -
LSBoost 0.045 Rational Quadratic 0.044
XGBoost 0.043 Neural Network (20,25) 0.064
Genetic Programming tournament 0.045 Deep Belief Network (100) 0.062
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, o] Ha& BZ V)& VHA] 20 E )& Fol 6
& TEsI8tE HE 79 oy HeE TAshE HAal
H]O]Eie 22} 4, 12, 36702 dgsle] 3709 dignds 753K
I HF 3 TR A 9] HolelE 7R 239
zdo] 71 & HAAE HAoFnk
3.3 A:E HIE]{ HA(Support Vector Machine, SVM) 22!
AEE WE wAle tPdo] B vlofE] MEe 33 oAt
U A5 LEste] A 2akE F8E e ANE
w SVME AMES1it)E ] 9xE Adsial Alofslr] <1s)
SUATE =951 Eq. 5)F 22 E315E Aaslslie sst
oo, kel RIShs Eq. (607 2ol AAste] g3l
ti(Vapnik, 1995). Eqgs. (5) and (6)°14] z,9} y,= 22 tlo]E]
AES] JErel STl =1ny,, n,e HlolEL] 71,
Wt b= Z¥2} vlofe] F3bde] 24 wellx] 18 wigl z, 7}
7RI 7RI WEe] ) e violEe] HAIE veie A2E
HIEE} 31712 1] ARl AoEaL W, b2 7Mduk= 2lo] e BTt
2k QA48 7S sk Hale] Aot &, € = vlojE] A=
HM R2E dolHdx 02 & gk 7, dlolE AlE e
A= L] S8l Aold sdirEA 5187Fs3 Il
_:J}—— T eRkS A 4 QA BTk Bq. ()2 C= A
UH7H34 =2 SANgT) §88 ¢ e e HWAE Alojgitk
=rolile A vlolE7t 7ke-AIE il 7Pyt
ALed} CE *‘01—— Hjo|E7} 71 B0 & ARESEe]
¥zt 0109k o 2 ATt 15k XX E w1 3]7]2jo]
HAES 7}%_1 T AES galr] sl JHEHTE Hsks W‘/}
ZR-AIQE BAL 717 3 o]8gh Ak HEg YETE
Frete] BES FEITH

22 4%

Hye
—Xrs

r°1'

Minimize % W2 O (e +€) ®
i=1

Subject to y,—< Wz, >+b < e+¢;
< Wz, >+b—y, <e+&

(©6)

ufeps] AgA R olele] 2xf 3= HIAIE 3]4ks 7

U=S ePget well) 71ARE WAL 717 $H(Gaussian Radial
Basis Function, Gaussian RBF)E 0]83F YJ#EHSFE S
sl WA 71A = 7R fAREE 035, 14, 572 A3
s s F~ T ofle] M= ThE e 7RI B TSkl
Z}zte] Aeg vty 1 A 33} ’%}—ri +F 7Fsshes
e & mhol b g A HelEsle

H puial oo &

H3

&LE

3.4 oI-JkI-E EI:-II

TPEZARI tere] ElkS: tele] Bl RS sk TR
WIE 7 =, & =M widat F2Ee] 7 W}L
he] BES F=ete] 1 e Hlasilth A HA 2k
54’“" S1gk dlole] AEA WS s18sto] FAR9]R Tlo]
shal o]& o|g3l ozl /e AHEYE 71
w7 7e A8sislnt 7 WA medke vl 7T ZIkE Al
2ol vlolBlE Eilehs 7S FRIR AgsHA she] 2t
e R g 7ie] ARERE heal Afehs WHEdS
E 7S ARSI Al WA Bk Sy vlo]EE of8sl A
Ea] Uté~ L= In=Nd oq]__ ,g}\-jq. 2 %}1\- 7]-3] o;‘q_é 74])\].—3]_ 'Er
19 we 71EAE IRl ke AN S 850
wele] FE} 1A B WMo X HHsshe e
= 8472 73K LSBoost7 S ARg3tgick vl ) mle
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Ao o5 W % TSR TRl ks H“}Jﬂ TE3]
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3.5 7I12A1RF Z2MIA S|F(Gaussian Process Regression,
GPR) 22!

7AIRE Z2AI BF(GPR)= Shase tlofH AlES] &3
o 7I9kg o] RIS FEIP] whiEe] B 3R] e
Ao sl Zlo] ko] A5 F F3Re T Frk dlolHy AEe]
3| Fe] = AERTE TR SiEre] S dofE] AlE
X0 EEAE FdskeE SrEA wiviHTR HolEA drk
wEpA] FEAF o] AL mdle] s AAshE gl
847} ok 2 =ReXE AlFA, 525 S Matern, A,
2] 22k 4714 o] A s S & oS Rdlg
B3l Ades vtk 1 A¥) 52F F$ Matern 378
TR TR S W) 7P S22 4SS Bl ERIsKITE

3.6 QlZAIZ4nE 9l A= Al2| AMZ{9KDeep Belief Network,

AL UESe] TEE AR L) o] Fi4]
e} e 71ERIe) Wake) el wele] Bk} delivk
wele] Bl Shesp 28 e 7o) o] 18K
olFolx|x) EaA TAo] Aol 7PsAo] Jone S5}
£ dlolele] 42 aeste] g 7le] Zo 307) olse] k=S
7= 2-3%2] VEZE 7Pgskal Frel=Eeh] 3] 2338
ke An} o] & A 7 Zwit) (20, 25)7)e] wEE
7 J1EAEE Bdo] 7P 22 Aes B FTh

A% 18] AP(DBN)2 Ask =11 4)Restricted Boltzmann
Machine, RBM)< AH8sle] E8gkel] W& TS A7-d8t
o] tlofe] MEe] BEE FH3L Ewe B3l nAEAe]
AA dZ BdS FE3H| ok olFe HAS AX7] wizol
E3EE =ol7] S8l V9] F5% 1007]9] ==8 7K vESTE
FeEE 23l Blse ZIelEl): g58 $1g DBNUT
ol F2lsl= RBMY] mi7fi=2A siEd) sy Sl 22
0.013} 2002 Agslal RBMS A% BEe] nAlzgS 9
ARSERE QIS4 S5 By Sl 717} 0013} 20002
Ak 2ol AA A ARSEE B/33) FrEE Relu
(Rectified Linear Unit)E ARSI HloJE] <=7} AgHeo|n g
3k Hel] Sl HlolEe] 7= VIR 2Aste Sas 3kl
mEls TSI

3.7 {8 =27a|el oE

7 meaee Ae, wa wel, thale] The AxwA
wdle] HAalE Sapa Hick ol Fas MpiuE Aashe
Zo] shte] Ak o] F44e] S} theAlhE F48H19]
& WA 915 T Aeolr)
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B =olis she] AthE ol F= 7o & 15002
A7gallek GEATe] T3 913 o] B9 BURIE WAe
ARt T8 T 4709 RAIE sk L 3 v AtkE
AR HAE Adehs 2 wEste] deAdE Tdskler,
A2 AlthE 7d8hH 2503)E wHEsto] HHste aste]
5 s TSk

4. 2E

B dorte am9le] MG dV IS A% ARshat] o]
A 7P F83E A8 A F SRR MEUR|E gkeAle] drlew
4 w2l 7 A HS 283t Arfslazt sksiek ol E3h
AFA 3R Haste] 7AISE 283 BEle] %S
AL o o]83te] 5 F-re)-dgt Edrts mdhte]
L&7FsAS RISkt sk 3, Ay, el 2%
312 EHSE o]gale] & 147 Aol et SHEE AR
ds AAEReH, FdE 2ol XGBoost 7o) 7 A
RMSE 3}(0.043)& RS ERIeke) o= A4 372
RMSEZK0.054) .t} 20 %o 74¥ ko 2, 7AISY A4
A¥ Aoyl ot g QHns Rds =5 ¢ 9eS
& QUSITE: w3 A sl Ee] v} FolE A
Astel= v vl 7AISRGS AMSE ke
HlaA 5Ye Ades Bobrdltt 58] 728 710l vhds =
WHES A PEET 7RAIRE ZRAIX 3]F)(GPR),
=z 2dor] o g =& Aed BTk F8
719, 7RI Z2A2 S]A(GPR), 3 RO Rdke R
Sk tlofElel] w2 ARl HAsh} 7hsst Rddolt) H2E]
719l 7S A4 B Rdg PSSkl Bdox] 2R oS
WE 7FEAE Fofeb it exle] s itsle] Slees XIagst
= el 7RI A2 BF(GPR)S] A= T tlofE]
& M3 Hlo[Ele] REE FABIE W0 R oSS stk
3 Z2Ie] B AlE vEshAA HHstE zls)shd
A Hlo|HAE HAE ARSE HHst RedErk £ =2l
AdlEe R e QRS JE A8 dlofEl| HE3le] S
3] Bls50] Brls P9 S 7Bl iy VTS B9 Hekst
T AT RS 7R RS AR B2 Aes B
Ao Rl o]Hdt AHE nigo = TAIBlse] WS AR
S Ao R AL o vloeE ARgsle] Y SRS
e ¢ 9le-S HoEr) SFoll= 7R ES Salo] sl
olE gheAle] Fxiwmrtint oel FeRAEiAle] d-rel-5t
EE mdS Mdelets S8 888 5 oS Zlo s
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