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Safety Grade Prediction for Port Infrastructure Using a Markov-Based
Deterioration Model with Multiple Imputation
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Jun-Cheol Jeon* and Yong-Sung Park™**
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Stk ARSI IR AIRE el w50l ?ﬂo}ﬂ‘ﬂ# olg HFHoR ASsh= 3t B XHE A
ol #@AARI Erolnt, Tevt 3 Qle), 53] QY e el tidt g3t Y Ave FuigFoR wig
A o|t}, olo] & Aol wo|x|et nfEF T ol EEHIFIEZMCMC)2 U thAH (Multiple ImputationyS-
AZS MCMI 7171 Ag3to] vt Ale] okd G HSlE dSshs 93t BEs 7530l dl9=PAH-(MOF,
2012)9] AHPAXIE RS 7Nk R AXEE F3E T F 103719 dHolHE Al E8sigler, AR,
OWBB, MCMC, MCMI¢] Y] 717 ZAgjHdgold 7S 28sle] o= A%S nlwslgith. RMSES UX% X5
(Index of Agreement, IAYE ©]-&3t H7} A3}, MCMI 71" dlEgk 7122 #HZ3PH 2 OWBBS 553 <5
FEE(A = 0.722, RMSE = 04475 Hol= 7Rl 95% A1 71ke] 4-sigto] 7Pg fgete] 23ty g3

SdollA] 97t AoR U B4 Aol wE, S ek AP E—? Aol f= AlUele 7Eew 3
AR 2de Bsw, 199(95% A1=T3E: 13~309)°] Cow, 5611(95% 2173k 36~131)°ll De+w, 1244
(95% AF|F7E 75~3000)0l Eswell ZEshe 2102 ekt 2 A7 It fx8e] dil 9 2 oAuE 1
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Abstract : This study aims to develop a probabilistic deterioration model to predict the performance degradation
of port civil infrastructure. Infrastructure systems deteriorate over time, and deterioration models that
quantitatively predict this decline serve as essential tools for maintenance decision-making. However, research on
deterioration modeling for port infrastructure—particularly quay structures—remains highly limited both globally
and in South Korea. To address this gap, this study develops a deterioration model to predict changes in the safety
grades of port facilities by applying the MCMI (Markov Chain Monte Carlo with Multiple Imputation) approach,
which integrates Bayesian MCMC with Multiple Imputation. After preprocessing precision safety inspection data
from the Ministry of Oceans and Fisheries (MOF, 2012), a total of 103 data records were utilized for analysis. The
predictive performance of four calibration methods—Optimization, OWBB, MCMC, and MCMI—was compared.
Evaluation using Root Mean Square Error (RMSE) and Index of Agreement (IA) demonstrated that while the
MCMI method showed a predictive accuracy equivalent to Optimization and OWBB based on representative
values (IA = 0.722, RMSE = 0.447), it provided the most favorable upper and lower bounds for the 95%
confidence interval, indicating that MCMI offers more comprehensive uncertainty quantification among the
methods. According to the analysis, under a scenario with no maintenance intervention, domestic port facilities
reach Grade B in 2 years on average, Grade C in 19 years (95% confidence interval [CI]: 13~30 years), Grade D
in 56 years (95% CI: 36~131 years), and Grade E in 124 years (95% CI: 75~300 years). This study provides a
reference standard as a preliminary scenario analysis technique for establishing port maintenance budgets and
determining the timing for preventive conservation. Furthermore, the proposed methodology can be extended and
applied to ports in other countries where performance indicators are available.

Keywords : deterioration model, Markov chain, multiple imputation, port infrastructure, safety grade, maintenance
budget

=32 4 A 3} 2 (Director, Arctic Sea Route Policy Division, Ministry of Oceans and Fisheries)

i=]
N - o
e E el a A48 973 287 - aL(Corresponding Author: Yong-Sung Park, Associate Professor, Department of Civil & Environmental
National University, 1 Gwanak-ro, Gwanak-gu, Seoul 08826, Korea, Tel: +82-2-880-8387, dryspark@snu.ac.kr)

161



162 A
LM E

A R
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(MOSF, 2017), &wk Qlxzel fx]#e o £ F 3= Al
A2 G Agkd Zlow A o]X7 Fas= ot §
73 HoM AEZ 07 wF3lE= gk JZekE a8 0R
A B8] S1eliAl= AlAdEe] dsk(deterioration) P85
HstH o7 o &stal, 1 Ays AelF7] FA e (Life
Cycle Management, LCM) ¢JAF Al & ol 2| A 2] 0.2 wiefa}
= o] 5F ot}

kS Qb (quay wall), 2?1, &k ], il 5 thF
AR FE, o] T M B Qlxgty ERErh
PV B Qlxxeh= 7|A]- 7] Al vla)] a7 3
Ao w 43| o]FolA] gtow, WA g Ao Tt 4t
A% FAEke] 100 o 284 AV EASITHPIANC,
1998). o123t A=A -1 A= Qlaf &t B ¢z}
o] g} o] #t A= SujelA o w G| FaEA
S} thH(Zhang et al., 2016). A& X #2] H]E F74
Tegk ] o] 4 BlES A8eke AR el 9
shar Qlo], AAl AldES] d3g) AHlE WHEA Kok
27 3AS A tH(Cha, 2008; PIANC, 2008). ©]= A1)
Bl E&2 vt 71 B 408 F7FE o]ojd = glon,
A71A 0 2= 3k PN Astehs A A 2HE ¢
64/\%% H}_é’}]:]-_

ful

émié

71E9) Qlzet s} B Ay TR ER A, wa,
SR 5 Ak Q1S FA 0% e $O W (Butt et al.,

1987; Carnahan et al., 1987; Jiang et al., 1988; Madanat

. vk A
-

o o

et al., 1995; Frangopol et al., 2001; Morcous et al., 2002),
sl B & QT g}o] tfjsl A-g-S AfA o2 u|Ask AlEo]
U 53] vpEas A 7Nk 43 o] g A
olF gEA 0w V|ushs e o R de| &iue] kot
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719 Hld-sAd 0% Ql8) 3t 7 Al Aot EA, Uk
AEe] 46 F71% A el whet T3 A3 /b
= HolE7E A o7 A=wo] Qltk, o] Ft At ES
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Imputation, M) 714 0% A3t 53 ZAejHgo]d =
A9, 71 Ee] AEA o md Agso] g T
W25 gl ol Ao Ao s Bl z_j&—iq.: 7(—10]]
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Table 1. Safety grades (MOLIT, 1997)
S;Zig C(;Egiet;on Condition
A 45<CI <50 No significant event-induced damage observed; no further action required.
B 35<Cl<45 Minor .defections on.sub-.elements that do not affect on performance of facility. Maintenance
is required for extending life.
c 25 <Cl<35 Minor defections on main elements or broad defections on subelements that do not affect on
safety but on performance of facility. Maintenance or rehabilitation is required for extending life.
D 15<Cl<25 Broad defectif)ns on m.ain-elefnents and instant maintenance or rehabilitation and decision for
whether stopping using is required.
E 1.0<CI<15 Broad defections on main-elements. So instant stop of using and rehabilitation are required.
Rk PAXI Aol A g-shal, oS Hee 9 BEA A U 5 7 x2A Adse BAete] A A A
F3t SdollA AAA o= Bl EA T o] F A= 7I% Barsle] HF CIE AHEsh, sl CI %k
A, 2R AR W 24 A5 ZAE sAlel AEs) o whe} Table 17} 3Fe] Qb el A€
7] 9et T3 2P AEA MCMI 7S Aljkeka, 1 ol st FUAHS d3 Hd Sell weEt 1-3d
Hed g #4 4= A5t 712, AU 4~ 7|7 AAE ol g A
AR, MCMI B E1e] 7] o= dis afg o = 3 718] Hlxts A 0= <lal] b S HlolEl= AldEE AV
qhe] ok T WSk Al 46k, ol& AelFr] #A T A5 WETL Aolshe, 3 AR e HlolE7t TR 0%
e A Al s Eget= %% Weks EES ASE = 54E Ad) o] k=S 7IRE A3t 2]
T A9 dhmA] Vlols Al 7 SHelA B 5 Sk olghkE F4 A vt A AR EAE oblekH, & AT
W24 © 2= Bayesian =3 th5 thAM ©] Folehs oA MCMI 7" AlQtstAl | &4 7ol Fct.
Az AejBeold AAE It B Qlze} Folo] Hx
T AGToRM, 7|E dATtelx T3] thFolAA ekskd 20123 o4 J(dh HEs 2
AEAS AR EAE SAH R dUsHA Aelshs W 221 92 A ‘%—J 78 T2
FS AAJBITE AFA 0 2= oS AE AolFT] AAH nhE 55 Ay 7Nk A} wE f\]*é%iﬂ JH) ol = gE
2] v FY 1} AAIEH, Ak ik F el A '3“?} QI o7 7|k B0, o) é(Transmon Probability
2he] fA1ah ARl E Bsk] Sl 23 e ¢ Matrix, TPM)2] 5745 &3l /\Vé%ﬂ 7] 43t S o
15=$] 77 (screening-level prioritization)S- 7\]%‘6]-—‘ ES =3t} B Ao nl2a e g3 gL ko) okd S5
AAZA Flefiicy ol g Qe vel BAVFAHE T & A B,CD. E#l s BehEhoR Beiaint, %
oli= Sls] gk ge] Jlzel WA FAH FOIZ AF & AY bl wheh A9 AElR o5 ek B
&l Z)ddr Bl °x1 St & vl o A whiek do] PxE 2t
ok PR, ot 7 okl SRl Anghe 2ol o
2. 0|=2X "4 b A7t 7bsetEs A, B, C, D, EE 2171 5,4, 3,2, 1
9] #ko = ujsgste] AR (Condition Index, CI)2} AAIS}
2.1 o= 0| oM S AA| Aok A= B e 57 vk EA] ok Akl A
A=) PdEHS TAEES xdve]e] Bdk 589 o] A3} S oz e, 3 Ax U ok TF W
of g5t ¥ Axzetd] e A %R ¢ SH(A~E)°] = gt WA oJulZ Algtecial 7Pttt o]est 7Hel| wt
A AgHE), ok 552 A ZFAl(state analysis)2} T3 2} &1k ok 552 TPM PP U5} #o] Rd Ht).
Qb B4 (structural safety analysis)e HMH O 2 AFEE = P B 0 0
8] 2]4=(Condition Index, CI)e} AAIE ™, CI kol whef _ 8 Pgs 1= pap ]_0 8 )
AE9G)RE] BEZHA S9AlE TEHTHMOLIT, 1997). o o O
Ch= A14%9) 2214 A3 Aelg 93202 Bdlal) 9| o0 00
gt A AEE, 1.0~5.08] HLE 7K Fhol =575 Al AZNA, pass Pop Pees Pop= 22 A, B, C, DswollA tha
e A7 dedte Snsitt ke T ‘;‘rﬁli T Areli Y 5= AT FES Aviet, viAY T
Tt WA A 2AF Gl = A= 7 , ¥ Q1 Ex= Ho}o] “EHOLE o] Fol= EJHE A8
g, vt & WY AE ZAkete] F-AE A % ? Ak ot A4 A =09 7] AEHEE ¢, = (1,0,0,0,002
gatar, 7x A B DAl e T2 A ek & A7gshd, Od% A 5] AEE G vt 2ol Ak
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2.2.2 TPM Zg| B oA 7Y

ntE 5132 7|0k A3} BEA TPME 542 2dle o
o= ke A dAlolt 2 ATelMs TPM=
3171 ¢lske] # A3, OWBB(Optimization with Bayesian
Bootstrap), MCMC, MCMI(MCMC with Multiple Imputation)
o] vl 74+ A B o]l 7S A8sielh 7 7S &
Ak bd T ARE o sy, 499 B B8
A ] A2 Wlo A Zpol & 7T
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m HF3Y

HA S AS5A= ) B 5A] Ae]€] Aoz} Havt
=5 TPM 2| E & dgshs Wolth & Aelr=
7t TTe AS5He AR 5, AR oS A

o) Aot g BARFE APl BAEFE o

F(0)= Z::(CR,-“Z”' ~CI(1,0))

o7)1M, CR™ = B5H T HES FA 2 WEst grolH,
CI(t, 6= TPM 3}2}v|E] 7

iAol & ATtellAE Tho &
(scipy.optimize.minimize)& ©]-83slo] 3130, LS
< L-BFGS-BZ 2]-85}3{t}. HA sk ARte] 1F

r
ok
R
=
=

o X
mot N,

7F57go] glek.

(2) OWBB 71

OWBB(Optimization with Bayesian Bootstrap)= 3 4 4
o] & A stAIE B3] $l3te] Bayesian Bootstrap
< A3k uhHolt). Bayesian Bootstrape #5549 Dirichlet
71N 7R E Fofste] AEgs sk Ao, B
o 28 gEA R YT 5 UTH(Rubin, 1981). &
Aol A OWBB= th9] Atz =3iaiglet. WA dats
Z4-¥| Bayesian Bootstraps ©]-8-3to] A1 AR E A
skelet. o] % ZF A Apsmel| diste] HA s 28510
TPM< 7433t o] & sk Slvs w3t

TPM stefolele] A RES TaGON, RE S90S

. vk A
-

o o

gxgke R, 2. 5HAEID T} 97 SHANEFDS 95% AlZ|F7Eo 2
AR AEHS $1814] Python®] numpy.random.choice
E o831l o, FAsHE YalA scipy.optimize.minimize” |
AREE 1o, Z} HiRofl A dolx A A5 sl Y
sk #HA g} dAHE 4883l =, OWBBE 9] 534
Q1 H&H3} LdarglEolgl71 ¥}, Bayesian Bootstrapd} =43}
e Age v 34 dAE o]dljsh= lo] A sttt
OWBB+= HZ g ¥} vluste] 244 A=Fsta = 3l
o, AEPS S8l A HeAs g1 5 vk A
o itk ol 7|3 527} A sl ZNksle . 2715k 9
TS eHAs) AAEA] =t wEbA] 2 ATRelA = R
ANEAE Sl ol vzt -S ¢hsletazt skt

¢

3) MCMC 719

wlo]x|et w2 T2 A FHJFEZ(Bayesian Markov
Chain Monte Carlo, MCMC)= &-313F AL R 2 HE] 214
B Aste] Bl BEAE ARskshs wlolxIt Al
A+ 719 o] th(Micevski et al., 2002; Tran, 2007). & &3} 0]
TPME] e A5 HES AFehs 23 2], MCMC= 2t
Ao|FE2) AR EE Alegrozm F49] BeAS AlF
Tre® AT vk Ad3lo] SitkJeon, 2019). MCMC
9] o] &4 7Nk AR (posterior)= AFIAEE (prior) 2} 952
(likelihood)®] 35l Bl&|gtch= wo]== 2] (Bayes’ theorem)
oltt.

p(0ID) < p(DP )- p(9)

7|1A, p(ODy= B3 A2 D7} FoIH S
ARSI O p(D|O= 5, p(O= AR, S, A

OJX|Qt FE 2] Aot} ARFRYEES F 4 02 Al o
HE A9, MCMC Al B0 S| AT EEZHE B1
[e)

o
12]F S 2 Metropolis-Hastings Algorithm(MHA)S || €43}
% THChib and Greenberg, 1995). MHA®= &4 912 6(i)oll A
AGHEE 0(0'167)F ol gt TR HE 95 WAk, o
=9 FEEE ool Wt FRE AEstAY 7| Zbsith

a:min{l p(DO)-p(0")-9(6"0") }
’p(Dlg(i)),p(g(f)),q(9*|9(i))

TAEE U0,1)elM FE5E 3wl oF ¥luslo], u<a
olw 0"V = g7, 8A] gkom 9" = o'= HAwL
o] g RHESIY nlE A A o] {3 ¥ (stationary
distribution)”} H-¥ ARFREE R 3514 Hh £ A4
TPME| YA B gy Pass Pees Pop®l 47001, o1&
5 09 1 Akl 8] ghs 7hAoF ghrh Be] th§h AR A
B} QlomE ARARIE U0,)E s o, o] F¢

9] A FEHTL S AT Z Tshah, ¢
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o] g35te] U2 o] o th(Micevski et al., 2002; Jeon,
2019).

lnL(G)ziin,(t)-ln[a,(t) @)

2 ATl A= ARREEE 7HPAIRE EEE ARESIGl oM,
Python®] emcee 2to]H 22|l T+ Metropolis-Hastings
sampler(emcee. MHSampler)E &3l &zl5S A3k
AR ARl 48 $I8l @Y A1 (Single chain) 7]
HEO 2 F 13,0003] 9] WM &5 Fasal o, 47171k
(Burn-in) 3,0003]5 A £]$t 2F 10,0003 2] EE-S w7
T Fol SE33itt. o] A2 19 (Trace plot)ell Tt
AR AES 8l ARl W g 22y st 23
(Good mixing)s gRlste] FHS 2deqlct, gk AF
FRE] Tk (median)© 2 APPSR L, 2,58 AlERI T} 97.5
HAEFAE 95% A1# 7] sl 9 ek o ® A A skt

MCMGC= 2713k 9)40] glar shefn]el ] 25haide Al
Fggro 2 AAAHA BHE 7 Qlvh=s Aol e, 5
7 bdeae] ASAEIE Wi FEE A9 AR
A4 91 Y7 vH= Bolgado] uhek 4= ojr). B ol
TolA= o]k sHAlE sk fl8l v A (Multiple
Imputation) 23 MCMI 7|HS F712 FL3t). &=
gk o] A QF 4L Ak 2w A AT Tl HFH
(point estimate)®] o} AR (posterior distribution)E 7|
Hho® R4g YR, dE2Ql A 7y F4 Kt
T4 2gE 1ot FEF o ® ks = Qi) o]t

EAS 54 bdswe #S5X7F w9 A& &k ok
2478} o] 343k dlo|E (sparse data) $F A 53]
st Ao A Sk

4) MCMI 714
& Aol ASARS] 22y B 740 =94
Ae B Yol sAlel vidstr] fl&l, ths thAll (Multiple
Imputation)@} PF=F 3 Q1 ZHFFEEZMCMC) &S
S 71402 ZAEst MCMI(Multiple Imputation and
MCMC) =3 A B gold YA AS Asic). AgkE
WHEL T 7RE et eabA o Udsto] A8aks 7
=9 ﬂ?ﬂﬂe dol, b5 tiAlE Sall AAEE v edats
(Complete Data)=5-E] 7©] 353 & (Transition Probability
Matrix, ©]3} TPM)2] AFFHEE 55407 43}, o] &
Rubin®] A3} 7+2](Rubin's Combination Rules)ol|] w2} 7
z%gi g-&l—ﬂ.‘:‘ E-{sl—z% TZ= zﬂ—(:s_}l;]. o]a{ ) uhﬂim ]
71&9] A3} 719k 3ol MCMC s A8 |2
] H]?SH B 3749 Qg Ad(Stability) 2 A1 3]/ (Reliability)
= fremlstAl AT 53] 3220 A7|7F AlEHA o] an
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g_l '"9(1() (10) OH m7H-4 AsE *B*éﬂ?if/}. 7—1’ %ﬁx}ioﬂ ‘:HEH
mi MCMCE ?‘SPO% TPM= 5743t 5, o] 5 Asto] HF
UEEEZ o3 1 o M= o] ¥AS HiE =3
o AL} EE AH B JHEIIEIS el & el o) S U
so) sfenle o] A Ausislt. ol FE =
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Fig. 1. Flowchart of the MCMI framework.
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Table 3. TPM estimates by method

Parameter Optimization OWBB (Rep./95%CI) MCMC (Rep./95%CI) MCMI (Rep./95%CI)
DPaa 0.640 0.638 (0.436~0.786) 0.585 (0.445~0.707) 0.614 (0.576~0.669)
Pss 0.982 0.981 (0.940~0.992) 0.975 (0.958~0.986) 0.968 (0.957~0.978)
Pce 0.902 0.905 (0.725~1.000) 0.976 (0.914~0.997) 0.982 (0.965~0.995)
Pop 0.794 0.800 (0.513~1.000) 0.429 (0.060~0.990) 0.854 (0.243~0.972)
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0.958

0.940 0.957

MCMC @@ MCMI

1.000 0997

0.995

0.965
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0.725
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p_AA

p_BB

p_cC

Transition Parameter

Fig. 2. Confidence interval comparison by method.

Table 4. Comparison of model performance

p_DD

Method TA (Rep. Value) 1A (95%CI) RMSE (Rep. Value) RMSE (95%CI)
Optimization 0.722 - 0.447 -
OWBB 0.722 0.592~0.722 0.447 0.447~0.721
MCMC 0.656 0.592~0.767 0.490 0.447~0.529
MCMI 0.722 0.592~0.848 0.447 0.346~0.529
Table 5. Relative comparison of calibration method
Classification Optimization OWBB MCMC MCMI
Confidence interval provided X Vs v
Initial Value Dependency High High None None
Small-Scale Data stability Low Low High
Predictive Accuracy (Rep. Value) Moderate Moderate Moderate
Predictive Accuracy (95% CI) - Low Moderate High
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Table 6. Prediction of Safety grade transition via MCMI model
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Safety Grade Transition

Representative Value

95% Confidence Interval

A—>B 2 Years 2 Years

B—>C 19 Years 13~30 Years

C—->D 56 Years 36~131 Years

D—->E 124 Years 75~300 Years
Shading = 95% CI | Based on Natural Deterioration without Maintenance

501 |
4.5 :
aof i
35 i

3.04
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254 i
204

154 i

B - C: 19 Years
95% CI: 13-30 Years
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95% CI: 2 Years

1ol
0

95% Cor\.ﬁdence Interval

C - D: 56 Years
95% CI: 36-131 Years

= Representative Value

D - E: 124 Years E
95% CI: 75 Years+
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70 80 90 100 110 120 130

Facility Age (Years)

Fig. 3. Safety grade prediction over facility age using MCMI method.
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