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Development of Prediction Model of Chloride Diffusion Coefficient

using Machine Learning
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Abstract

Chloride is one of the most common threats to reinforced concrete (RC) durability. Alkaline environment of concrete
makes a passive layer on the surface of reinforcement bars that prevents the bar from corrosion. However, when the

chloride concentration amount at the reinforcement bar reaches a certain level,

deterioration of the passive protection

layer occurs, causing corrosion and ultimately reducing the structure’s safety and durability. Therefore, understanding the
chloride diffusion and its prediction are important to evaluate the safety and durability of RC structure. In this study, the
chloride diffusion coefficient is predicted by machine learning techniques. Various machine learning techniques such as
multiple linear regression, decision tree, random forest, support vector machine, artificial neural networks, extreme gradient

boosting annd k-nearest neighbor were used and accuracy of there models were compared. In order to evaluate the
accuracy, root mean square error (RMSE), mean square error (MSE), mean absolute error (MAE) and coefficient of
determination (R?) were used as prediction performance indices. The k-fold cross-validation procedure was used to estimate
the performance of machine learning models when making predictions on data not used during training. Grid search was
applied to hyperparameter optimization. It has been shown from numerical simulation that ensemble learning methods such
as random forest and extreme gradient boosting successfully predicted the chloride diffusion coefficient and artificial neural
networks also provided accurate result.
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1. ME APE U] dske 2t Sgg ulefshy] fIgt A+t
7h T elio] ST olet G Sato]
Be TARIE Ead oiet fske HES R e yRolA %ﬂs—a}gm HEEl 20 WAUZ)
=0 Urdol 7k 2 9gS Xl 290 B0 5t g sggosn tegiEr. 2301E R g
Holth. AursoR Zot BRI EAREC BE go) YRsis 1S Fickd A2EE0] Jug B
95U RSH mRte Agetol 220l BA mE LM (non-steady state) SHAAS BrHRES
= Zls Beth BoF 2320 JRE d8kE0l  apgaks Ao) gukE ol
SE +ES 7P =W s wete] uhvt o3 YBlE BAIAAE o=5l7] YA AlslZ
dojLial AMHoT AIRACR Q) 7229 & = wigor rjokst 5PRAZHS AR oS
B, Ak B uTdel 2 g8 nAA BrY. puo) wmyo) 90y, Zejole AAskso] T
ety dokzel g% dde oldlchal gek=9 51 Zstgow) MeEo] 2IREQ AL EFA S
e et diEsts e A2 FAUE FEE ¢ 722 xR0 MEEA o=ny Adly) 948
o +d3 YFde ddctet SQ8 dee s »ue gehpn Q. 71AskS 1 = E5) Uy
Hot JHEE Ra7A oidet oz B4E 2 yo 1xREo] HAE St o|ZolL} KA Fokr
g N, ASAolLAEE Ad S Hit 536t o

« BARAL, FA8)Y, HROjstE A5 14, 2eup
Division of Architecture, Sunmoon University.
Tel: 041-530-2315 Fax: 041-530-2839
E-mail : hskim72@sunmoon.ac.kr

zo0 ojpie BAlo| KgHol H2
CHOY, TRt BER Red 2TEES Qo §




o
rok
-£>

2

Ag oS50 22 iAo R E5do] & Al
HESHHH sisagollA T gho] eAlste] sk
HX 2 tlolHof thet olE54s0] KXok 7tsd
o] Ut} mWekd TSt 1Aleks danlEe #84d)
A ZAZE WHO AstE ShtAs d&5dse B
7tetal Adst duelge Adshs Z10] €Qsith
RE7R oy 7|1Asks duglEe &8s dsi=
shAls: olERE S AdsluAtsls A7} Q)
QAT AFETE 71AISS aIR|EoIL Bl5E HolH
HolA B4 SolA o Ze 97 FQst dgo|th

OlZ{st HiZS HIEOE B FojA= THEt 7]
Asts LAEEE olgdiA] HstE S oSE
dle ety 2 BEo] Hehde Hlu-AE SiHR}k
Ll Ol flolAl & AFollAe HIEAEH9 STA]
H = (Fig. 1)0] LERHA NT Build 492 (R7|19%
olst HIGA MEjo] Algo] Qlst Hoke SHitAl
APEHRR) Yol OJsiA] AANE HEHE SHbAsE T
AH HolEH0|AE SE5IL

2 =z

0]

LLoai

DC power
supply
Plastic box —o
Anode
Rubber sleeve )
— Stainless
Anolyte Il steel clamps
(0.3 mol/l NaOH) Concrete
specimen
Catholyte —f—* L Cathode
(10% NaCl) with spacers
— Plastic
support

(Fig. 1) Configuration of NT Build 492"

Aste HHAF S Jde floty] thsdy
)9 (Multiple Linear Regression; MLR), ZFET]
(Decision Tree; DT), #E 2HAE( Random
RF), AMEZE HE MAI(Support Vector
SVM), QIZ4A1Z(Artificial  Neural
ANN), XG RAE(eXtreme Gradient
Boosting; XGBoost), K ZIF  O(K-Nearest
Neighbor; KNN) 2II2|ES AHSSIQICE e of
SLYo detde ASol] floia B AE
ZHRoot Mean Square Error; RMSE), HtAlH A}
(Mean Squared Error; MSE), E+t At 2AHMean

Forest;
Machine;
Networks;

Absolute Error; MAE) B ZA&ZA4 (Coefficient of
determination; R)E ALtslo] HAESIUCE 2 A7

g oA e shedad

o
i)
=g
El
i)
ox
i
QL
=1

N

etz 2 HISZE siES 2

3 CO|E#I0|A

7IAIks 7T olgoto] Heke ehiAle olETE
S Ve Llelikle &ESH HolHHoIAE ARSSh=
Z0] "Qslty 2 Aol Taffese@t Espinosa-
Leal(2029)79] 917014 ARSHE BlOEo] A0k =
g 410] Q= HIOJEHE AAHskL ARSSITE Taffese@t
Espinosa-Leal®] A7olkl= HIZAAEIQ AolE St
ARG Do) & AT ZZENEQ} =2A] Aldol UHE A8
ZAUZRE] Fglolo] 843719] AlSZIE 28leh= Ho]
EHIOIAE 51T HIoJEHIO1A9] &2 #2 HIF
ARENO] sk SbAolal ¥ B2 E/AMEH],
AHIE, Sl S210] ofAl, Ael7h &9 o B ThAl,

2 I, FsoE, 371098A § 22719] gEoR
Ao} QITE B Gtk 843719] 71E HOE ZojA]
=2t HolE s Aelele AAelntEs Sdl (Fig
20 LER €8] W42 71X HIoJHH0IAE S5}
Pl F 176709 HOoHE 7K

1. Water-to-binder ratio Chloride
2. Water content Diffusion
3. Cement content Coefficient
4.Slag (Dpssm)
5. Fly ash

6. Silica fume

7.Fine aggregate

8. Coarse aggregate

9. Total aggregate

10. Superplasticizer

11 Comp. Str. Test Age

12. Compressive Strength
13. Fresh Density

\‘14. Migration Test Age

J

(Fig. 2) Inputs and output of database
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Algorithms Base

Multiple Linear Regression (MLR) | Model
Decision Tree (DT) Model

Random Forest (RF) Model

Support Vector Machine (SVM) Model
Artificial Neural Networks (ANN) | Model
eXtreme Gradient Boosting (XGBoost) Model
K-Nearest Neighbor (KNN) Instance
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