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Abstract PCT (Power Cable Tunnel) and UT (Utility Tunnel), which are non-transport underground
infrastructures, are mostly RC (Reinforced Concrete) structures, and their durability decreases due to the
deterioration caused by carbonation over time. In particular, since the rate of carbonation varies by use
and region, a predictive model based on actual carbonation data is required for individual maintenance.
In this study, a carbonation prediction model was developed for non-transport underground
infrastructures, such as PCT and UT. A carbonation prediction model was developed using multiple
regression analysis and deep neural network techniques based on the actual data obtained from a safety
inspection. The structures, region, measurement location, construction method, measurement member,
and concrete strength were selected as independent variables to determine the dependent variable
carbonation rate coefficient in multiple regression analysis. The adjusted coefficient of determination
(R.) of the multiple regression model was found to be 0.67. The coefficient of determination (R?) of the
model for predicting the carbonation of non-transport underground infrastructures using a deep neural
network was 0.82, which was superior to the comparative prediction model. These results are expected
to help determine the optimal timing for repair on carbonation and preventive maintenance
methodology for PCT and UT.
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Where, y denotes carbonation depth in concrete

b denotes carbonation rate coefficient of

concrete t denotes exposed time in the air.
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Table 1. Data collection status on PCT and UT by region

Structures Span Year Year Num.
& Lengths of of of Data

Region (km) | Construction | Inspection (set)
Seoul 8.488 | 1987 ~ 2008 2017 297
Incheon | 19.441 | 1978 ~ 1998 2017 54
Daejeon | 11.092 | 1993 ~ 2002 2018 59

ret Daegu | 37.848 | 1985 ~ 2016 2017 229
Gwangju | 24.926 | 1987 ~ 2015 2017 217
Busan | 41.604 | 1982 ~ 2009 2018 148

Seoul 39.040 | 1978 ~ 2003 2017 159
Incheon | 27.562 | 1992 ~ 2014 | 2017 ~ 2019 114
Daejeon | 21.671 | 1994 ~ 2016 | 2016, 2018 77

vt Daegu | 6.945 | 1979 ~ 1983 | 2017, 2019 38
Gwangju | 1.797 1998 2015, 2017 46
Busan | 7.270 1996 2016, 2018 59
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Fig. 1. Carbonation and cover depth on PCT and UT3
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42 Eq. 2 Zrh F4&AFHA ot IAAS
(Regression Coefficient) #2] 73 Ai}= Table 49}
Zon, 234 3AAFE 242t A Ehe WEA]7
= Ao& Yett

c = B, + Bistructures + Byregion; + Bytype (2)
+ B location + Bsmember + Bgstrength

Table 4. Confidence intervals of regression coefficients

Table 33 Ztt Regression Confidence Interval
Variable o
Coefficient 25 % 97.5 %
Table 2. Variables of the multiple regression model (ntercept) 4116421 3.8000666 4.43277620
structures 0.42880 0.3440046 0.51360072
Variable Definition Values region -0.16558 -0.3014634 | -0.02968991
Structures Clﬂ:ﬁgigz of :? : II}%T regions 0.40984 0.2718828 | 0.54780064
regions 0.61959 0.5106527 0.72852342
0 = Seoul regions 0.38698 0.2727017 | 0.50125423
*1 = Incheon (region;) -
region Region classification |*2 = Daejeon (regionz) reglons 0.25067 0.1330210 0.36832666
8 of structures *3 = Daegu (regions) type 1.58142 1.3305292 1.83230543
*4 = Gwangju (regions) -
-5 = Busan (regions) location -0.01485 -0.1244387 0.09473149
Construction method |*0 = Cast-in-Place RC member 1.52421 14414190 160699156
type of structures «1 = Precast concrete strength -0.11713 -0.1280466 | -0.10621388
. Measurement location |[*0 = Wall
location
of structures *1 = Slab
] 3 & 0] O0lAL8 m}s o5 HLH
e [0~ Tonnd 2748 519 B39) fo14e Wetely] Sfalol B
member of structures |*1 = Shaft /E](ANOVA Analysis of Variance)% f'\_ﬁ‘gﬁ_]—%\q—.
strength Comprgssive strength 'Rar'lge: 17.5 ~ 57.5 Table Soﬂ/\—]g} 71—0] F_%}z«]oﬂ 9/]—6]_ izﬂ%p_ 305.150
of concrete *Unit: MPa '1H o =1
o = A S
cre Carbonation rate  [*Range: 0.017 ~ 8.807 ]'L P- %): (e =005 -1 QJ:H E(é 71“
coeffcient__|-Unit mm/year oz gelg Ao W) Table 69 HAHIY

Table 3. Variables selection by all possible regression

Num.
Variable of R* | R | G | AIC
Var.

structures/ regioni/
regiony/ regions/ regions/
regions/ type/ location/

member/ strength

10 | 0.673|0.670 | 11.00 [-1029

QEA~ F BARY T2TY R(Ver. 3.6.1)2
83}o] Table 19] Hlole] 1,407 M=ol tis] 242

(VIF: Variance Inflation Factor)o] 2|3t thEa414]
Addst, =59 AeE9] S5 EA45HA S A
o7 UEyiT

Table 5. ANOVA on the multiple regression model

- Sum Sq Df Mean Sq| F value | Pr OF)
Regression | 1523.146 10 152.315 | 305.150 | < 0.0001
Residuals | 741.731 1486 0.499

Sum 2264.877| 1496




el

R

2 A22@ A43, 2021

Table 6. VIF on the multiple regression model

Variable VIF Variable VIF
structures 1.2379 region5 1.2856
regionl 1.4340 type 1.6145
region2 1.2253 location 1.1779
region3 1.3555 member 1.2258
regiond 1.4741 strength 1.8765
. o
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Fig. 2. Residual analysis on
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Table 7. Architecture of deep neural network

models
Model Hidden Layer (ea.) Node (ea.)
DNN_3H 3 9-5-3
DNN_4H 4 15-9-5-3
DNN_5H 5 20-15-9-5-3
DNN_6H 6 25-20-15-9-5-3
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Table 8. Modelling condition of the DNN model time in the air A denotes environmental
Condition Deep Neural Network condition coefficient
Training Algorithm Error Backpropagation
Activation Function Rectified Linear Unit (ReLU) w/C = 61/(f/K+ 0.34) )

Loss Function

Mean Squared Error (MSE)

Optimizer AdaMax
Learning Rate 0.001
Epoch 5000
Batch Size 12

Table 9. Metrics results of the DNN models

Metrics
Model MSE MAE RMSE R2
(mm/v year)* | (mm/+ year) | (mm/v year)
DNN_3H 0.4718 0.4798 0.6869 0.7471
DNN_4H 0.4406 0.4557 0.6638 0.7638
DNN_5H 0.3269 0.3763 0.0571 0.8248
DNN_6H 0.4492 0.4184 0.6702 0.7592

BHAFLAHMSE), Bdd @2HMAE), BaAlS
QAHRMSE), 2HASR)E 7148ks 2d9] 452 ¥
7Vl 9 A #o[ch21]. AYF ¢ FE+9] shalst
q Al 7HE mEEC] Wit 85%7F A=
Table 99} 2t} DNN_5H9] dl& 4350l 7P S5t
Ao Yeow, E3] 4845 0.822 UEHith
wEbA] 2 Ao A Ajbete ASAH T o835 v
AFT2EY TS 5 z2de 5-24359
DNN_5HZ A1733}% .

=0
=

A

ExY
o

2.5 7|& TN Mot ROl ds

H 5 ASF2EY B8} &2 99 thEdAE
A& olgst WI(MLRM: Multiple Linear Regression
Model, °fs} MLRMT+ &4 o183t ZZ(DNNM:
Deep Neural Network Model, ©]5} DNNM)& Aot
Sttt Fig. 4 9 Fig. 59142k Zo] Abe mdle] g4t
3} A& Asol tigt B 87k f15ke] Eq. (4)
9] =23 8] ES}S](KCI: Korea Concrete Institute,
olst KCI) A% 2da} v wstgtH22]. o] W, Eq. (D)<
W/B= AF A1 AF tlol87}l glis AR JASS 59
Eq. O)EHEH FEs5trH23].

Hlw

y =R(—357+9.0W/B)Vt @)
Where, y denotes carbonation depth W/5B denotes

effective water-binder ratio ¢ denotes exposed
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Where, W/C denotes water-cement ratio £ denotes
compressive strength of concrete K denotes

cement strength

Fig. 4, Fig. 59141€} Zo] A 9EE DNNM9] A+
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Fig. 4. Comparison results of proposed models for
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