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ABSTRACT

The PCT (Power Cable Tunnel) and UT (Utility Tunnel) are important non-transport 

infrastructures installed underground to accommodate electricity, water and sewerage, gas, and 

telecommunications facilities. Most of the PCT and UT are RC (Reinforced Concrete) structures, 

and their deterioration is intensified due to the increase in duration of use. As a result, the repair 

and reinforcement costs have been increasing rapidly, which leads to difficulties in maintenance.

In general, carbonation of concrete is known to be a major cause of durability deterioration for 

the PCT and UT. The rate of carbonation should be predicted using a reliable model that 

considers the materials and mix proportions of concrete and the environmental conditions under

which the structure is in service. However, there are insufficient data on that, and it is difficult 

to accurately present carbonation prediction models for each structure.

This study aims to develop a model that predicts the carbonation depth on the existing 

underground RC structures, such as the PCT and UT, which have been aged in Korea for 

maintenance. (1) To understand the carbonation tendency and characteristic, the probabilistic 

approach to the carbonation rate of the PCT and UT was carried out, and the uncertainty for the 

random variables of carbonation rate was measured by entropy. (2) In addition, in order to check 

the possibility of developing a predictive model, the relationship between the carbonation factors 

and the carbonation rate coefficients was analyzed by classical multiple linear regression analysis. 

(3) Then, an AI (Artificial Intelligence) -based DNN (Deep Neural Network) model was 

developed by a deep learning algorithm to predict the carbonation rate coefficients on the PCT 

and UT. This study is expected to contribute to the determination of the optimal repair timing 

for the PCT and UT by carbonation. It could be helpful to plan the preventive maintenance and 

asset management for the PCT and UT by using the developed model. In particular, it will be an 

example in the maintenance field to promote the development of AI based on deep learning from 

maintenance big data on the structures. This dissertation consists mainly of nine chapters as 

follows:

In Chapter 1, the background of this research, problem statement, research objective and 

limitation, research contribution and novelty, and dissertation outline were described. The 

objective of this research is to develop the prediction model on the carbonation depth of existing 

underground reinforced concrete structures such as the PCT and UT which are aged in Korea for 

maintenance. It is practically impossible to obtain quantitative data on classical internal and 
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external factors known to influence carbonation rates for the considerably aged structures. 

Therefore, the new model for predicting the carbonation depth of the PCT and UT based on 

limited maintenance information from safety inspection results is going to be an AI using deep 

learning algorithms by maintenance data. The developed AI-based DNN model would present 

appropriate carbonation prediction results only for the PCT and UT for which training data were 

provided at the time of model development.

In Chapter 2, the carbonation mechanism and the carbonation influencing factors which 

are summarized by reviewing various types of literature related to carbonation of concrete were 

described. A lot of techniques for the prediction of concrete carbonation and the proposed 

carbonation prediction models were reviewed. These literatures or reviews became necessary 

information in order to distinguish the features as input variables of AI-based DNN models. In 

particular, the literature study results provided necessary information which is the possibility of 

carbonation prediction by the compressive strength of concrete.

In Chapter 3, the status of data collection on the carbonation was presented. In particular, 

environmental characteristics which are a temperature, humidity, and CO2 concentration during 

normal operation of the PCT and UT were investigated. Total span lengths on the existing 

underground structures to be collected for this study are 143 km for the PCT and 104 km for the 

UT. The results of NDT (Nondestructive Testing) such as concrete carbonation test, concrete 

rebound hardness test, and so on were extracted from the precision safety diagnosis reports. As 

for environmental characteristics, the seasonal temperature of the underground structures is in 

the range of 13.8 ~ 24.2 °C and humidity of the underground structures is in the range of 35 ~ 

70 %. The CO2 concentration in the underground structures is in the range of 419 ~ 629 ppm. 

These results mean that environmental characteristics depend on the local as well as the 

performance of the ventilation system of underground structures. Therefore, it is necessary to 

consider regional characteristics when predicting the carbonation rate of underground structures.

In Chapter 4, the data analysis and the probabilistic approach to the carbonation of the 

PCT and UT were provided. The carbonation rate of the PCT and UT was analyzed for the non-

exceedance probability 50 % ~ 95 % through probability analysis, and the approximate 

carbonation rate of the PCT and UT operated in Korea was presented. As a result of the analysis 

of the carbonation status, it was found that the carbonation depth dispersion is large enough to 

be difficult to characterize the pattern, unlike the test result of the limited laboratory. In particular, 

the carbonation rate coefficient of the PCT is in the range of 0.017 ~ 5.774 mm/√year, and the 

carbonation rate coefficient of the UT is 0.080 ~ 11.612 mm/√year, and the dispersion is so large 

that the reliability of the carbonation prediction model of JSCE (Japan Society of Civil Engineers)
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and JASS 5 (Japanese Architectural Standard Specification for Reinforced Concrete Work) is 

low to be directly applied. The analysis of probability for carbonation by region of the PCT 

showed that at 50 % and 95 % of the CDF (Cumulative Distribution Function) F(x), the 

carbonation rate coefficient was in the range of 0.249 ~ 2.195 mm/√year and 0.485 ~ 4.123 

mm/√year, respectively. For the concrete cover depth, the range was 40.407 ~ 75.034 mm at 50 % 

of the CDF F(x) and 71.297 ~ 114.687 mm at 95 % of the CDF F(x). As in the case of the PCT, 

the analysis of probability for carbonation by region of the UT showed that at 50 % and 95 % of 

the CDF F(x), the carbonation rate coefficient was in the range of 1.000 ~ 3.233 mm/√year and 

1.532 ~ 6.589 mm/√year, respectively. For the concrete cover depth, the range was 34.750 ~ 

56.430 mm at 50 % of the CDF F(x) and 57.345 ~ 87.381 mm at 95 % of the CDF F(x).

In Chapter 5, the uncertainty of random variables for carbonation rate coefficients of the 

PCT and UT was measured. The uncertainty was quantified for the probability distribution of 

carbonation rate coefficients of the PCT and UT by region estimated using the principle of 

maximum entropy that is a method of maximizing and quantifying uncertainty based on given 

information. By quantifying the uncertainty for the random variables of carbonation rate 

coefficients of the PCT and UT by region into a single numerical value by entropy, the 

uncertainty could be measured simpler and more understandable than the CDF analysis. As a 

result of measuring the uncertainty of carbonation rate coefficient due to entropy, in order to 

improve the reliability of the statistical estimation, it could be necessary to supplement the 

randomness on the random variables of the carbonation rate coefficient for the PCT in Incheon 

and the UT in Busan.

In Chapter 6, the multiple regression models for prediction of carbonation rate 

coefficients on the existing underground structures such as the PCT and UT were presented. The 

multiple regression analysis was used to quantitatively analyze the relationship between the 

variables and the carbonation rate coefficient to find out how the selected characteristic variables 

influence the carbonation rate coefficient of underground structures. The multiple linear 

regression model was made to estimate the carbonation rate coefficient of underground structures 

such as the PCT and UT. The adjusted coefficient of determination (Ra2) of the multiple linear 

regression model is 0.6703, indicating that the model can explain about 67 % of the variation on 

the dependent variables. The explanatory powers of the multiple linear regression models 

presented for the estimation of carbonation rate coefficients of underground structures were 

found to vary by structures and region. The results of this analysis indicate that the multiple 

linear regression model is somewhat not appropriate for the data and variables prepared. 
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Therefore, in order to increase the explanatory power of the model, it is necessary to try to 

analyze the nonlinear relationship between the independent and dependent variables.

In Chapter 7, the DNN model for prediction of carbonation rate coefficients on the PCT 

and UT was presented by deep learning algorithm. The DNN model which considered the 

features such as structures classification, region classification, construction type, measurement 

location, member parts of structures, and concrete strength of the PCT and UT using deep 

learning algorithm was developed to predict the carbonation rate coefficient of underground 

structures. The DNN model with more explanatory power was developed by using the nonlinear 

coupling between input characteristics for carbonation rate coefficient prediction. Sensitivity 

analysis depending on hyperparameters such as batch size, epoch condition, and optimizer was 

performed. DNN_5H_12_5000_AdaMax was determined as the optimal DNN model for 

prediction of carbonation rate coefficient of underground structures. The explanatory power of 

the DNN_5H_12_5000_AdaMax model proposed is 82.48 %.

In Chapter 8, the validity of the prediction results was examined before the practical 

application of the developed carbonation rate coefficient prediction DNNM (Deep Neural 

Network Model). In order to predict the carbonation rate coefficient of underground structures 

such as the PCT and UT, the prediction performances of the proposed model and the existing 

specification model were compared. As a result of predicting carbonation rate coefficient by 

prediction model, the explanatory power of DNNM on the PCT was 72.17 ~ 86.26 % depending 

on the region and the explanatory power of DNNM on the UT was 76.53 ~ 91.95 % by region, 

showing significant regression performance. In addition, the metric of MSE (Mean Squared 

Error), MAE (Mean Absolute Error) and RMSE (Root Mean Square Error) were also shown to 

have better DNNM compared to other models. From these results, the DNNM was able to show 

the high explanatory power compared to other linear regression based prediction models by 

considering nonlinear correlation between data for estimating carbonation rate coefficients. A 

plan was established to apply the DNN model developed for the prediction of carbonation rate 

coefficient of underground structures. If transient data in the construction phase and historical 

data on the O & M (Operation & Maintenance) phase are collected by the building of big data 

platforms in the future, models based on deep learning algorithms with better prediction 

performance than the currently developed DNN models could be proposed.

In Chapter 9, a summary of the study, overview of contributions and conclusions, and 

recommendation for research work in the future were presented.
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1.1 Research background

Public investment in infrastructures such as roads, bridges, tunnels, ports, and railways

is one of the important elements for national economic development. Since the 1970s, public 

investment in infrastructures has been widely promoted in Korea with rapid industrial 

development. However, as the industrial development matures, investment in infrastructures

gradually increases maintenance costs, while new construction costs tend to decrease. In 

particular, the costs of repair and maintenance are expected to be enormous due to the aging of 

infrastructures in the future. As of the end of 2018, the amount of infrastructure maintenance in 

Korea is estimated to be approximately KRW 6.0 trillion (US $ 5 billion) [1.1].

Among the infrastructures represented by roads, railways, and ports, there are some 

underground structures that we often overlook, such as the PCT (Power Cable Tunnel) and UT 

(Utility Tunnel). As shown in Fig. 1.1, the PCT and UT are important non-transport 

infrastructures installed underground to accommodate electricity, water and sewerage, gas, and 

telecommunications facilities. This allows improvement of urban aesthetics, preservation of road 

structure, and smooth communication of traffic.

Since the PCT and UT are mostly RC (Reinforced Concrete) structures, damages such 

as cracks, leaks, and efflorescence increased depending on the usage period of the PCT and UT, 

which increases deterioration and eventually decreases durability. According to the 2018 aging 

survey on the infrastructures, 10 % of the PCT and 33 % of the UT were used for more than 30 

years. In particular, 34 % of the PCT and 81 % of the UT were found when the period of use was 

set for 20 years or more. As a result, maintenance and repair costs of the existing underground 

structures have been seriously increasing, which makes difficult to maintain it. Especially, the 

PCT and UT are required to be able to efficiently maintain structures during the life cycle of 

structures because those are not easy to dismantle and dispose of even after the end of durability 

service life due to characteristics of underground structures. Therefore, various studies have been 

conducted on predicting the durability service life for optimum repair of structures.
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Fig. 1.1 The aging trend of the PCT and UT

1.2 Problem statement

Previous studies have shown that the durability degradation of underground structures 

such as the PCT and UT is due to the carbonation, chloride attack, and chemical attack, of which 

carbonation has been identified as a major factor in the decrease in durability [1.2-4]. In other 

words, predicting the progression of carbonation for the PCT and UT is a key process to evaluate 

the durability service life of structures. In general, carbonation has been influenced by the 

internal factors such as concrete mix design, concrete compounds, and concrete properties, the 

external factors such as atmospheric CO2 concentration, temperature, frequency of precipitation, 

solar radiation, humidity, and so on. In order to predict the durability service life on the 

carbonation of structures, many researchers have proposed a carbonation prediction model that 

predicts the carbonation depth over time from indoor experiments and exposure experiments.

However, because of the different factors that take into account the rate of carbonation among 

researchers, the carbonation prediction models proposed would inevitably show a difference in 

carbonation prediction depth during the intended service life. In addition, the classical 

carbonation prediction models proposed could be applied when there is construction information 

such as cement, aggregate, admixtures, water-binder ratio (W/B), curing conditions, and so on.

However, it is practically impossible to obtain the construction information for existing 

underground structures that have been used for more than 20 years.

At present, infrastructures have been maintained by regular safety inspection through 

visual inspection, NDT (Nondestructive Testing), and structural safety evaluation in Korea. The 

studies have been carried out predicting the carbonation of concrete using various actual 

measurement data obtained from such safety inspection results. In general, most of the previous 
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research was conducted on transport infrastructures such as bridges, road tunnels, railway tunnels, 

and subways [1.5-7]. However, the PCT and UT are different from the general transport 

infrastructures in terms of environmental condition which is an external factor of carbonation, 

so it could be supposed that the progress of concrete carbonation is different.

1.3 Research objective and limitation

This study aims to develop a model that predicts the carbonation depth on the existing 

underground RC structures, such as the PCT and UT, which have been aged in Korea for 

maintenance. To understand the carbonation tendency and characteristic, the probabilistic 

approach to the carbonation rate of the PCT and UT was carried out, and the uncertainty for the 

random variables of carbonation rate was measured by entropy. In addition, in order to check the 

possibility of developing a predictive model, the relationship between the carbonation factors 

and the carbonation rate coefficients was analyzed by classical multiple linear regression analysis. 

Finally, the AI (Artificial Intelligence) -based DNN (Deep Neural Network) model was 

developed by deep learning algorithm to predict carbonation rate coefficient on the PCT and UT.

The new AI-based model for predicting carbonation depth of the PCT and UT based on 

limited maintenance information from safety inspection results was developed. Hence, the AI-

based model developed would present appropriate carbonation prediction results only for the 

PCT and UT for which training data were provided at the time of model development.

1.4 Contribution and novelty

The main purpose of this study is to develop a model that predicts the carbonation depth 

of existing underground structures such as the PCT and UT based on limited data. The finding 

of this study may contribute to:

• Identifying the progress and characteristic of carbonation on the PCT and UT by region

• Determining the optimal repair timing for the PCT and UT by carbonation prediction

• Planning the preventive maintenance and asset management for the PCT and UT

• Promoting the development of AI based on deep learning from maintenance data of structures

Currently, it is not practically easy to obtain the quantitative data on internal and external 

factors that are known to influence the carbonation rate of significantly aging structures.
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Hopefully, by carrying out this research, it can make a valuable contribution in the maintenance 

industry of concrete structures in the world, especially Asian countries.

1.5 Dissertation outline

The structure of the dissertation outline is shown in Fig. 1.2, which consists of nine

chapters, as described below:

Chapter 1 is an introduction intended to present the background of the study as well as 

the objectives and limitations.

Chapter 2 gives the carbonation mechanism and the carbonation influencing factors 

which are summarized by reviewing various types of literature related to carbonation of concrete. 

In addition, a lot of techniques for the prediction of concrete carbonation and carbonation 

prediction models proposed were reviewed.

Chapter 3 provides status of data collection on the carbonation. The results of NDT such

as concrete carbonation test and concrete rebound hardness test are extracted from the precision 

safety diagnosis reports. In addition, environmental characteristics such as temperature, humidity,

and CO2 concentration during normal operation of the PCT and UT were investigated.

Chapter 4 provides data analysis and probabilistic approach to the carbonation rate of

the PCT and UT. The carbonation rates of the PCT and UT were analyzed for the non-exceedance 

probability 50 % ~ 95 % through probability analysis, and the approximate carbonation rate 

coefficients of the PCT and UT operated in Korea were estimated.

Chapter 5 describes the uncertainty measurement of random variables for the 

carbonation rate coefficients of the PCT and UT by region estimated using the principle of 

maximum entropy that is a method of maximizing and quantifying uncertainty based on given 

information.

Chapter 6 proposes the multiple linear regression models for predicting carbonation rate 

coefficients of the PCT and UT. The multiple regression analysis was used to quantitatively 

analyze the relationship between the variables and the carbonation rate coefficient to find out

how the selected characteristic variables influence the carbonation rate coefficients of the PCT 

and UT.

Chapter 7 proposes the DNN model for predicting carbonation rate coefficients of the 

PCT and UT. The DNN model was developed to predict carbonation rate coefficient of 

underground structures using deep learning algorithms which can consider the nonlinear 

coupling between features for carbonation rate coefficient prediction.
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Chapter 8 represents the scheme for practical application of the carbonation rate 

coefficient prediction model. In particular, the validity of the prediction results was analyzed 

before the practical application of the developed carbonation rate coefficient prediction DNN 

model. In order to predict the carbonation rate coefficient of underground structures such as the 

PCT and UT, the prediction performances of the developed model and the existing specification 

model were compared.

Chapter 9 conveys a summary, an overview of contributions and conclusions, and 

recommendations for research work in the future.

Fig. 1.2 Structure of dissertation outline
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2.1 Introduction

Concrete carbonation is a phenomenon in which the alkalinity of concrete decreases due 

to carbonic acid compounds generated by reacting the hydration product of cement with carbon 

dioxide (CO2) in the air, which makes rebar vulnerable to corrosion. Corrosion of rebar reduces 

the amount of tensile reinforcement that resists external forces, thereby decreasing the load 

carrying capacity of structures such as the PCT and UT in the long term. In general, the behavior 

of concrete in the tension zone is governed by rebar, carbonation is a very serious deterioration 

factor in views of rebar corrosion. In addition, carbonation causes cracking and spalling of 

concrete, damaging the durability of the RC structures such as the PCT and UT. Therefore, it is 

very important to clearly predict the progress of carbonation for the maintenance of RC structures. 

In order to obtain high prediction accuracy, it is required to derive a reasonable prediction model

through analysis between the field test results and the factors influencing carbonation.

Generally, carbonation has been influenced by the internal factors such as concrete mix 

design, concrete compounds, and concrete properties, the external factors such as atmospheric

CO2 concentration, temperature, humidity, and so on. In addition, in order to predict the 

carbonation depth of concrete, many researchers have proposed a carbonation prediction model 

depending on the factors influencing carbonation through experiments and analysis. However, 

since the proposed carbonation prediction model has different factors to consider carbonation 

rate for each researcher, which inevitably makes a difference in the carbonation prediction depth.

In particular, as in most RC structures, a large amount of carbonation depth measurement data 

collected by exposure to various environments has a very large variation, which makes difficult 

to directly apply an existing classical carbonation prediction model.

In this chapter, the carbonation mechanism and the factors influencing carbonation are 

summarized by reviewing various types of literature related to carbonation of concrete. In 

addition, a lot of techniques for the prediction of concrete carbonation and the proposed 

carbonation prediction model were reviewed.
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2.2 Concrete carbonation

Carbonation of concrete is one of the reasons for rebar corrosion. Carbonation is a 

phenomenon in which CO2 in the air penetrates into concrete and causes a carbonation reaction 

with cement hydrate such as calcium hydroxide (Ca(OH)2) to lower the pH of the pore solution. 

As a result, the passive state film on the surface of the inner rebar is damaged, and the corrosion 

proceeds by the supply of oxygen and moisture. Cracking, spalling, and decreasing load carry 

capacity are caused by rebar corrosion in the concrete. In addition, it is known that all the 

hydrates including calcium silicate hydrate (C-S-H) are altered by carbonation, and also the 

strength change and carbonation shrinkage phenomenon are caused by the change of pore 

structure of the cement hardened body [2.1].

In general, a ton of cement is produced by burning 1.2 tons of limestone and 0.3 tons of 

clay that is composed aluminum oxide (Al2O3) mainly. In this case, limestone releases 45 % by 

weight of CO2 at a high temperature of 800 ℃ and is converted into calcium oxide (CaO), which 

is an oxide, and is bonded to the constituents of clay by burning, and these react with water to 

produce cement hydrates as follows [2.2].

- Calcium silicate hydrate: 3CaO‧SiO2‧3H2O

- Calcium hydroxide: Ca(OH)2

- Ettringite: 3CaO‧Al2O3‧3CaSO4‧32H2O

- Friedel’s salt: 3CaO‧Al2O3‧CaCl2‧10H2O

These cement hydrates decompose into calcium carbonate (CaCO3) and other substances 

as follows by reacting with CO2 which is weakly acidic, about 0.035 % by weight in the air. This 

process is called carbonation.

- Carbonation of calcium silicate hydrate

3CaO‧SiO2‧3H2O + CO2 → 3CaCO3 + 2SiO2 + 3H2O (2.1)

- Carbonation of calcium hydroxide

Ca(OH)2 + CO2 → CaCO3 + H2O (2.2)

- Carbonation of ettringite



9

3CaO‧Al2O3‧3CaSO4‧32H2O+3CO2 → 3CaCO3+2Al(OH)3+3CaSO4‧H2O+23H2O (2.3)

- Carbonation of Friedel’s salt

3CaO‧Al2O3‧CaCl2‧10H2O + 3CO2 → 3CaCO3 + 2Al(OH)3 + 3CaCl2 + 29H2O (2.4)

The Ca(OH)2 of Eq. (2.2) is strongly alkaline with a pH of 12 ~ 13, which mainly 

determines the pH of the concrete. The Ca(OH)2 reacts with CO2 in the air to form CaCO3, and 

this is at a pH of about 8.5 ~ 10, so this is called neutralization. However, neutralization means 

a phenomenon in which the alkalinity of a cemented product is decreased. The process of 

producing CaCO3 by CO2 as in Eq. (2.1), Eq. (2.3), and Eq. (2.4), including Eq. (2.2), is called 

carbonation. Neutralization can be thought of as a range that includes concrete alkalinity 

degradation due to acid rain, acidic soil, and fire including carbonation.

As shown in Fig. 2.1, CO2 is dissolved in water in the pore solution to become carbonic 

acid (CO2 + H2O → H2CO3), and the carbonic acid generated here is ionized to become carbonate 

ion (H2CO3 → 2H+ + CO3
2-). The Ca2+ in the pore solution reacts with carbonate ions to form 

calcium carbonate (Ca2+ + CO3
2- → CaCO3), which is hardly soluble in water, and is deposited 

on the pore walls. When the Ca2+ is lost due to this reaction, the concentration of Ca2+ in the pore 

solution decreases, so that the Ca(OH)2 present in the solid state dissolves again in the pore 

solution, and this process is repeated to progress the carbonation, thereby growing CaCO3 in the 

pores. Since the pH of the pore solution is determined by the hydroxyl group ion in equilibrium 

with Na+ and K+, the Ca(OH)2 in the solid state continues to supply hydroxide ions (OH-), the pH 

of concrete decreases [2.3].

Fig. 2.1 Schematic representation of concrete carbonation [2.4]
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Also, when the pH of the pore solution is high, carbonation is promoted. This is because 

the amount of alkali in the cement is increased and the concentration of hydroxyl ions is increased 

by the sodium chloride (NaCl) in the sea sand. This is because NaCl is ionized into Na+ and Cl-

in the presence of water, and tricalcium aluminate (3CaO‧Al2O3) in cement binds to Cl- up to 

0.4 % of the weight of the cement to form Friedel’s salt. The anion which is in equilibrium with 

excess Na+ is needed in the pore, and the solid hydroxide Ca(OH)2 is dissolved. Therefore, within 

the limit of chloride ion immobilization capacity of 3CaO‧Al2O3, the concentration of hydroxyl 

group ion increases with the increase of NaCl and the depth of carbonation increases with 

concrete containing a lot of NaCl. Thus, salt in concrete promotes carbonation [2.5].

Generally, the percentage of CO2 present in the air varies from place to place. In the case 

of rural areas the concentration of CO2 in air may be about 0.03 % by volume, whereas in urban 

areas it may vary from 0.3 % to 1.0 %. This CO2 changes into dilute carbonic acid in the presence 

of moisture and attacks the concrete, reduces the alkalinity of concrete [2.1]. Due to reduction of 

the alkalinity of concrete, the pH value of pore water in the hardened cement paste reduces from 

13 to 9. When all the Ca(OH)2 has become carbonated, the pH value again reduces to about 8.3. 

And at this low pH value, the protective layer gets destroyed and the rebar is exposed to corrosion. 

The phenolphthalein 1.0 % solution is pink at pH 8.2 ~ 10 and above [2.6]. This process is shown 

in Fig. 2.2.

As carbonation progresses, hair cracks occur on the surface of concrete, but the 

deterioration in performance of concrete caused by this occurs is not a problem. But, physical 

degradation caused by carbonation is associated with rebar corrosion. Rebar inside concrete has 

a protective coating called passive state film under a strong alkaline environment of pH 11 or 

higher, so that rust does not occur even if oxygen (O2) is present in the concrete. However, when 

carbonation reaches the position of the reinforcement and the pH is lower than 11, rust is 

generated in the rebar.

Fig. 2.2 pH reduction by carbonation process [2.7]

14     13    12     11    10      9       8      7       6       5      4       3       2      1       0    pH

Alkalinity Acidity

Pink             Colorlessness
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Ca(OH)2 CaCO3
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(a) PCT

(b) UT

Photo 2.1 Damages on the carbonation of underground RC structures

Photo 2.1 shows the damage and deterioration of the underground RC structures due to 

the carbonation. As shown in Fig. 2.3, the carbonated concrete destabilizes the alkaline passive 

state film surrounding the rebar, causing the corrosion. The corroded rebar expands the volume 

several times, causing cracks in the cover concrete, resulting in deterioration of the structures. In 

step 1, there is almost no change in the material and strength as shown in Fig. 2.3 (a), and there 

is only a slight hair crack due to drying shrinkage. In step 2, expansion pressure due to rust 

generation occurs inside the concrete as shown in Fig. 2.3 (b) and cracks occur. In step 3, as the 

upper surface of the rebar starts to expand as shown in Fig. 2.3 (c), the cracks extend to the 

surface and the penetration of air and water intensifies, causing other deterioration such as frost 

damage and showing the rust. In step 4, the cover concrete on the upper surface of the rebar is 

broken and the rebar starts to be exposed as shown in Fig. 2.3 (d), and the cross-sectional area 

decreases. Finally, as shown in Fig. 2.3 (e), the cover concrete of the rebar is almost lost and the 

reinforcements are exposed to the air to lose their durability [2.8].
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(a) Deterioration step 1

(b) Deterioration step 2

(c) Deterioration step 3

(d) Deterioration step 4

(e) Deterioration step 5

Fig. 2.3 Performance degradation of RC due to carbonation [2.8]
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Fig. 2.4 Classification of factors influencing carbonation

2.3 Factors influencing carbonation

Carbonation of concrete is affected not only by the concentration of CO2 but also by the 

external factors such as temperature, humidity, etc., and the internal factors of material quality 

caused by changes in the properties of concrete itself. In general, concrete has the external factor 

and the internal factor interacting with each other, and several factors simultaneously work to 

promote carbonation. As shown in Fig. 2.4, factors influencing carbonation can be classified into 

the internal factors of structures such as concrete mix design, concrete compounds, and concrete 

properties, and the external factors of the environment in which structures are in contact [2.9].

2.3.1 Effect of materials used

Even with concrete of the same strength, carbonation depth of concrete varies during the 

same period depending on the type of cement, aggregate used, and the presence of surfactant. In 

the case of cement, blended cement has a lower content of Ca(OH)2 than that of ordinary Portland 

cement (OPC), which is disadvantageous to rust inhibition of reinforcements. Under the same 

conditions, high early strength Portland cement is slower in carbonation than OPC, and slag 

cement, fly ash cement is relatively fast in carbonation rate. Mixing pozzolans such as blast 

furnace slag or fly ash with OPC usually promotes the rate of carbonation [2.10-11].
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According to the used aggregate, lightweight concrete using natural or artificial 

lightweight aggregate, which is porous compared to normal concrete using ordinary aggregate, 

increases the rate of carbonation by 1.1 ~ 1.5 times that of concrete [2.12]. It is known that the 

diffusion of water or CO2 is easy due to the porosity of the aggregate. Also, in order to improve 

the performance of the concrete or improve the workability, at least one concrete admixture is 

used in most concrete. The rate of carbonation of concrete using admixture is not different from 

that of normal concrete which is the same water-cement ratio (W/C) and slump, but the 

carbonation is retarded when the W/C is decreased by the water reducing effect [2.13].

In general, it is expected that the carbonation rate will increase as the amount of air in 

the concrete increases. However, in the concrete having the air amount of about 4 % by adding 

the air entraining (AE) agent or the AE water reducing agent, the air amount increases to improve 

the dispersion of cement or decrease the unit water amount. Thus, it can be assumed that the 

amount of accelerated carbonation is canceled by the effect of the concrete densification [2.14].

2.3.2 Effect of water-cement ratio

The W/C determines the microstructure of the cement paste matrix, and has a correlation 

with the compressive strength. The W/C has the greatest influence on the carbonation rate. If the 

W/C increases when other conditions of concrete are constant, not only the strength decreases 

but also the watertightness decreases. The amount of water required to hydrate the cement in 

concrete is 28 ~ 30 % of the weight of the cement, and water above that increases the pores of 

the gel made of cement hydrate and forms a capillary to lower watertightness. As the W/C

becomes larger, the tightness is deteriorated, and the total void quantity per unit volume is 

increased, which leads to a higher diffusion coefficient of CO2, which leads to faster carbonation. 

There is a constant curvilinear relationship between the diffusion coefficient and the carbonation 

depth. This tendency is also observed when slag and fly ash are mixed [2.3].

When the W/C is increased, the rate of carbonation is promoted by increasing the porosity 

of the concrete. Also, as the W/C becomes smaller, the amount of pores decreases, and concretes 

become dense and CO2 becomes difficult to penetrate, and the carbonation rate is delayed [2.14].

2.3.3 Effect of construction quality

Carbonation of concrete depends on the quality of the construction. According to the 

existing model proposed, the quality coefficient α of concrete is applied as 1.0: 0.25: 0.1 when 
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the quality of concrete is classified into three kinds of very good, ordinary, and bad [2.15]. In 

addition, if the initial curing is not appropriate, the hydrated tissue may not be densely formed 

or cracks may be formed on the surface, thereby acting as a passage of moisture or CO2. Direct 

exposure to strong direct sunlight or heavy winds before concrete hardens causes crack due to 

drying shrinkage on the surface, which can lead to accelerated carbonation. If there is a defective 

part such as a placing joint, a poor honeycomb construction or a crack, the carbonation proceeds 

locally, and the part of rebar is liable to corrode [2.16-17].

2.3.4 Effect of temperature and humidity

The carbonation of concrete can vary depending on the surrounding environmental 

conditions, even if the same materials are used. As a result of a 50 days exposure experiment 

with different temperature and humidity for the carbonation depth of mortar, the depth of 

carbonation was the largest at around 50 % relative humidity and decreased at 30 % and 80 % 

[2.18-19]. Also, it was shown that the coefficient of carbonation rate decreases at high humidity. 

Further, in the case of temperature, the diffusion of CO2 is promoted by the evaporation of water 

at a high temperature and the equilibrium vapor pressure in the pores. As the W/C increases, the 

carbonation becomes faster. The temperature is related to the activation of CO2, the diffusion 

rate and the carbonation reaction inside the concrete, and the carbonation is accelerated when the 

temperature rises [2.20]. Carbonation is mainly caused by CO2 in the air. The higher the 

concentration of CO2, the faster the carbonation [2.21]. Generally, since the CO2 concentration 

in the indoor air is larger than that of the outdoors, the carbonation of the interior of the structures

is faster than that of the concrete facing the outside [2.22].

2.3.5 Effect of chlorides

Chlorides contained in the concrete have been shown to promote carbonation [2.5]. The 

depth of carbonation after 10 years of concrete containing 0.2 % chloride of the aggregate weight 

of the dried aggregate under the same conditions is twice as large as that of the concrete 

containing no chloride [2.3]. In addition, the presence of moisture in the concrete containing 

chloride may significantly affect the carbonation. Concrete not containing Cl- is carbonated 

slowly in a humid environment, but rapidly rusting when the carbonation depth reaches the rebar. 

Carbonation is fast in a dry environment, but since the inside of the concrete is dry, the progress 

of the rust of the rebar is extremely slow even if the carbonation depth reaches the rebar. However, 
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if the concrete contains Cl-, the corrosion of the rebar proceeds if the concrete contains more than 

a certain amount of Cl- even without carbonation [2.23].

2.4 Prediction models for concrete carbonation

The rate of progress of carbonation is determined by the velocity of movement of CO2 in 

concrete and the capacity of retaining pH of water in voids. The velocity of movement of CO2 is 

affected by the hardened cement and the quantity and structure of voids in aggregate. Therefore, 

cement, admixtures, aggregate, W/C, and the degree of hydration of the binder influence the 

carbonation rate. Especially, CO2 moves at a much lower rate in the liquid phase than in the 

gaseous phase. In cases where voids are fully filled with water, the progress of carbonation can 

be ignored [2.5]. On the contrary, carbonation does not occur under very dry conditions [2.19].

The rate of carbonation is influenced by the water content of concrete, temperature, 

humidity, frequency of precipitation, and solar radiation. Thus, it should be taken into 

consideration as environmental conditions. The capacity of retaining pH of water in the voids of 

concrete is determined by the quantity of Ca(OH)2. In other words, cement, type of admixture, 

W/C, cement content, and the degree of hydration of the binder should be considered for 

predicting the rate of carbonation. Therefore, it is necessary to predict the progress of carbonation 

by evaluating the effects of these factors.

In general, the classical methods on the prediction of carbonation progression are based 

on the rules, the use of physico-chemical models, and the use of accelerated tests [2.24]. In 

the case of the rule, the coefficient for carbonation rate of concrete depends on the concrete 

quality, the presence and type of the surface finishing materials, and the CO2 concentration, and 

it is the core of the carbonation prediction to accurately evaluate it. However, the coefficient for 

carbonation rate of concrete should be determined through the survey of the actual condition of 

many on-site structures, but data on them are lacking in Korea.

In the case of the calculation using physico-chemical models, a method of modeling the 

movement and reaction of the substances involved in carbonation such as moisture, CO2, and 

Ca(OH)2 in concrete and performing the prediction by numerical calculation is being. As an 

advantage of such a method, when the parameters necessary for calculation are set appropriately, 

highly accurate prediction results can be expected.

The accelerated carbonation test is a convenient way to evaluate the rate of carbonation 

relative to the short term. However, absolute evaluation is not easy because the acceleration scale 
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which means ratio of carbonation rate in accelerated test to natural carbonation rate depends on 

materials, mix proportions, initial curing conditions before the initiation of acceleration,

dimensions of specimens, and so on.

On the other hand, the new modern methods on the prediction of carbonation progression 

are based on the AI techniques such as machine learning and neural networks. AI-based models 

are more focused on carbonation data and algorithms. In the AI-based models, it is possible to 

expect excellent carbonation prediction performance because it uses an advanced type of 

algorithm rather than simple statistical or low-dimensional regression analysis using data.

However, high predictive reliability can be obtained only when the data are systematically 

prepared for various factors influencing carbonation of concrete.

2.4.1 Experimental models

Numerous studies have confirmed that the depth of carbonation is in proportion to the 

square root of the period of carbonation. Generally, carbonation progress from the concrete 

surface by CO2 in the air can be expressed as a function of exposure time as shown in Eq. (2.5). 

In Eq. (2.5), the carbonation rate coefficient (b) which is influenced by various factors such as

W/C of concrete, compressive strength of concrete, type of admixture, type of cement, degree of 

curing, CO2 concentration in the air, temperature, and relative humidity has been determining 

experimentally.

(2.5)

Where, 

Xc : Carbonation depth in concrete

b : Coefficient for carbonation rate of concrete

t : Exposed time in the air

2.4.1.1 Models based on W/C of concrete

1) Model of Hamada

Hamada has shown that the reinforcements are related to the neutralization of the 

concrete from the exposure test using the specimens. Based on the results, the theoretical Eq. 

(2.6) for the water-cement ratio (Wo) and the neutralization progress of the concrete was proposed
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[2.25]. Hamada proposed Eq. (2.7) by using Kishitani’s data to calculate the neutralization ratio 

R and to consider the effects of cement, surfactant, and aggregate types [2.26].

(2.6)

Where, 

t : Period during which reinforcements begins to rust (year)

Wo : W/C (including moisture in aggregate)

x : Concrete cover (cm)

(2.7)

Where, 

t : Period to neutralize to C (year)

k : = 0.3(1.15 + 3x) / (x - 0.25)2

x : W/C

R : Neutralization ratio (= γc‧γa‧γs, Table 2.1 Ref.)

γc : Constant depending on the type of cement

γa : Constant depending on the type of aggregate

γs : Constant depending on the type of surfactant

C : Neutralization depth (cm)

Table 2.1 Neutralization ratio R by Hamada [2.26]

Constant 
Depending on 

the Type of 
Cement (γc)

Portland
Cement

Blast Furnace
Slag Cement

Silica
Cement

Fly Ash
Cement

Normal
(1.0)

Early Strength 
(0.6)

Slag 30 ~ 40 % 
(1.4)

Slag 60 %
(2.2)

(1.7)
FA 20 %

(1.9)

Constant 
Depending on 

the Type of 
Aggregate (γa)

River Sand
River Gravel

(1.0)

River Sand
Lightweight 
Aggregate

(1.2)

River Sand
Lightweight 
Aggregate

(2.9)

Coal Shell (Fine 
Grained·Coarse 

Grained)
(3.3)

Constant 
Depending on 

the Type of 
Surfactant (γs)

Plain
(1.0)

Air Entraining 
Agent
(0.6)

Dispersant
(0.4)

-
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2) Model of Yamada

Yamada proposed Eq. (2.8) [2.27]. The relationship between porosity and neutralization 

time is theoretically suggested by modeling the pore structure of a cement paste of a unit cube 

and considering the movement of CO2 in the pore as a driving force of pressure difference as a 

one-dimensional diffusion phenomenon. In Eq. (2.8), the coefficient α indicating the difference 

in material is a coefficient depending on the pore state in the cement type and W/C. In particular, 

the regional difference could be considered by the coefficient β.

(2.8)

Where, 

α : Factors to indicate difference in material (as an example, Table 2.2 Ref.)

β : Factors to indicate regional difference (Table 2.3 Ref.)

γ : Factors indicating the difference in state

  (coefficient by defect, part, driving direction, etc., usually 1.0)

τ : Neutralization time elongation rate when coating material is applied

C : Neutralization constant in standard state (year/cm2)

x : Neutralization depth (cm)

t : Neutralization period (years)

Table 2.2 Factors indicating a difference in material, α [2.27]

W/C
(%)

Early Strength Portland 
Cement

Ordinary Portland 
Cement

Blast Furnace Slag 
Cement (Type B)

70
65
60
55
50

0.89
1.20
1.67
2.63
4.70

0.74
1.00
1.45
2.11
3.70

0.29
0.54
0.57
0.78
1.15

Table 2.3 Factors indicating regional differences, β [2.27]

Region
Coefficient

β
CO2 Concentration

(%)

General Area
Urban

Basement (where people are coming and going)
General Interior

1.00
0.81
0.67
0.46

0.030
0.037
0.045
0.065
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3) Model of Kishitani

The Kishitani’s model was proposed based on a detailed and extensive promotion and 

natural exposure test based on the Hamada’s model [2.13]. In Kishitani’s model, concrete is 

constructed in the range of 50 ~ 70 % of W/C using OPC, which is a standard of W/C and 

neutralization rate coefficient. The neutralization rate coefficient can be obtained from Eq. (2.9) 

and Eq. (2.10). As shown in Table 2.4, the neutralization ratio R is constant on the effect of

aggregate type, cement type, and type of chemical admixture such as air entraining agent, water 

reducing agent on the basis of neutralization depth 1.0 of normal concrete using sand and river 

gravel in the OPC.

Table 2.4 Neutralization ratio R by Kishitani [2.13]

Classification

River Sand
River Gravel

River Sand
Volcanic Lightweight 

Gravel

Volcanic Lightweight 
Gravel

Plain
AE

Agent
AE & 
WRA* Plain

AE
Agent

AE & 
WRA* Plain

AE
Agent

AE & 
WRA*

Ordinary Portland 
Cement (OPC)

1.0 0.6 0.4 1.2 0.8 0.5 2.9 1.8 1.1

Early Strength OPC 0.6 0.4 0.2 0.7 0.4 0.3 1.8 1.0 0.7

Blast Furnace Slag 
Cement

(Slag 30 ~ 40 %)
1.4 0.8 0.6 1.7 1.0 0.7 4.1 2.4 1.6

Blast Furnace Slag 
Cement

(Slag around 60 %)
2.2 1.3 0.9 2/6 1.6 1.1 6.4 3.8 2.6

Silica Cement 1.7 1.0 0.7 2.0 1.2 0.8 4.9 3.0 2.0

Fly Ash Cement
(Fly Ash 20 %)

1.9 1.1 0.8 2.3 1.4 0.9 5.5 3.3 2.2

*Air Entraining and Water Reducing Agent 
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(2.9)

(2.10)

Where, 

t : Period to neutralize to C (year)

x : Water-cement ratio on strength

R : Neutralization ratio (Table 2.4 Ref.)

C : Neutralization depth (cm)

4) Model of Shirayama

Shirayama proposed Eq. (2.11) by analyzing and comparing a number of studies on 

neutralization [2.22]. The Shirayama’s model was compared and examined to obtain the depth 

of neutralization that does not correspond to the Hamada’s model, the Kishitani’s model, and the

Yamada’s model. In Eq. (2.11), the condition of aggregates and chemical admixtures, type of 

cement, construction quality, finishing, and ambient condition could be considered by the factors 

on α, β, γ, δ, ε.

(2.11)

Where, 

t : Period to neutralize to C (Year)

x : W/C

C : Neutralization depth (cm)

α, β, γ, δ, ε : Aggregate, admixture, cement, construction degree, finishing

  factors by indoor and outdoor, etc. (Table 2.5 ~ Table 2.9 Ref.)

Table 2.5 Factors for aggregates and chemical admixtures, α [2.22]

Chemical
Admixture

Aggregate
Plain

AE
Agent

Water Reducing 
Agent

Sand · Gravel · Crushed Aggregate
Sand · Lightweight Aggregate

Lightweight Aggregate

1.00
0.70
0.12

2.80
1.60
0.31

6.20
4.00
0.83
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Table 2.6 Factors on the type of cement, β [2.22]

Ordinary 
Portland 
Cement

Early 
Strength 
Portland 
Cement

Blast Furnace Slag Cement Fly Ash 
Cement
Type B

Silica 
Cement

Type A Type B Type C

1.0 1.6 0.6 0.5 0.3 0.3 0.3

Table 2.7 Factors on the quality of construction, γ [2.22]

Construction Quality Excellent Good Fair Poor

γ 4.0 2.0 1.0 0.5

Table 2.8 Factors on the finishing, δ [2.22]

Type of Finishing Non Finishing Paint Mortar Tile

δ 1 2 3 7

Table 2.9 Factors for ambient condition, ε [2.22]

Ambient Condition
Outdoor

Indoor
Urban Suburban

ε 1.0 1.3 0.5

5) Model of Ohga and Nagataki

Ohga and Nagataki conducted a test with a main accelerated test in order to examine the 

effect of fly ash on the neutralization of the mixed concrete and proposed the following Eq. 

(2.12), Eq. (2.13), and Eq. (2.14) [2.28]. Experiments with varying initial underwater curing 

periods and some indoor and outdoor natural exposure tests were conducted. It is a prediction 

model based on the water binding capacity or the 28 days compressive strength as parameters. 

The water-binder ratio (W/B) of concrete used to prepare the prediction model is in the range of 

about 50 ~ 70 %. As a significant feature of this prediction model, the depth of neutralization in 

the outdoor case is proportional to 0.25 squared rather than 0.5 squared of time. 

(2.12)

(2.13)

(2.14)
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Where, 

W/(C+kF) : Effective water-binder ratio (%)

Xc : Neutralization depth (mm)

f : Compressive strength (kg/cm2) at 28 days of age

γ : Outdoor = 0.25, Indoor = 0.5

α, β, λ, μ, η, θ : Various coefficients of neutralization depth prediction formula 

t : Neutralization period (week)

6) Model of Uomoto and Takada

Uomoto and Takada have experimentally examined the effect of environmental 

conditions such as CO2 concentration and temperature on the neutralization rate and proposed a 

prediction Eq. (2.15) and Eq. (2.16) considering the influence factors [2.29]. The Eq. (2.15) and 

Eq. (2.16) approximate the relationship between the W/C and the neutralization rate coefficient 

of the concrete by the first order and the second order, respectively. The concrete used in the 

experiment is usually three cases of W/C 50 %, 60 %, and 70 % using OPC. 

- First-order approximate expression of W/C

(2.15)

- Second-order approximate expression of W/C

(2.16)

Where, 

WC : Water-cement ratio (%)

X : Neutralization depth (mm)

C : CO2 concentration (0.0351 %)

T : Kelvin temperature (K)

t : Neutralization period (week)

7) Model of Yoda

Yoda conducted 40-year of outdoor and indoor exposure tests of concrete using various 

finishing materials for blast furnace cement type A, type B, type C, and OPC, and proposed the

prediction model as shown in Table 2.10 [2.30].
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Table 2.10 Yoda’s prediction model for carbonation [2.30]

Cement Indoor Outdoor

Blast 
Furnace 

Slag 
Cement

Type A

Type B

Type C

Ordinary Portland 
Cement

Where, 

t : Neutralization period (years)

W/C : Water-cement ratio

α : Concrete quality factor (Table 2.11 Ref.)

β : Neutralization delay (suppression) effect factor (Table 2.12 Ref.)

γ : Environmental conditions

  (1.0 for very common environments, Table 2.13 Ref.)

X : Neutralization depth (mm)

Table 2.11 Factors on the quality of concrete, α [2.30]

Very good 1.00

Ordinary 0.25

Bad 0.10

Table 2.12 Factors on the delay effect for neutralization rate of concrete, β [2.30]

Type of Finishing Non Finishing Paint Mortar Tile

Ratio 1.000 0.400 0.170 0.125

β 1.0 2.5 6.0 8.0
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Table 2.13 Factors for environmental conditions, γ [2.30]

Ordinary 1.0

Cold Area 0.9

Seashore 0.8

8) Model of Hasegawa and Senbu

Hasegawa and Senbu proposed Eq. (2.17) by the data which were extracted from

literature review to predict the progress of neutralization of concrete in outdoors [2.31]. In Eq. 

(2.17), the neutralization depth of the concrete with different curing periods is corrected by the 

Eq. (2.18) as the ratio of the neutralization depth of the under-cured concrete for 28 days, and 

converted into the neutralization depth of the under-cured concrete at 28 days. 

The neutralization rate coefficient can be expressed as a regression equation obtained by 

the least squares method in inverse proportion to the square root of the concrete compressive 

strength. In particular, when the compressive strength on the 28 days is about 60 N/mm2, it has 

been reported that the neutralization rate coefficient approaches zero. It is important to consider 

regional influence as well as the condition of the part of the structure when predicting 

carbonation progress.

(2.17)

Where, 

W/C : Water-cement ratio (%)

D : Neutralization depth (mm)

t : Neutralization period (year)

(2.18)

Where, 

Atcure : Ratio of neutralization rate coefficient for case of curing period of

  28 days

tcure : Curing period (day)



26

9) Model of Izumi

Izumi proposed Eq. (2.19) based on the actual survey results of existing buildings and 

the results of extensive neutralization promotion tests over 95 cases [2.32]. Since the unit of

material in Eq. (2.19) is ‘week’, it is converted into ‘year’ as a practical unit, so that Eq. (2.19) 

is expressed as Eq. (2.20).

(2.19)

(2.20)

Where, 

C : Neutralization depth (mm)

t : Aging (week)

ty : Aging (year)

x : W/C

M : Integrated temperature during underwater curing (°D)

CO2 : CO2 concentration

Tem : Temperature (℃)

Hu : Relative humidity (%)

OPC : R1 = e3.34x-2.004

Early strength Portland cement : R1 = 0.997e3.39x-2.004

Blast furnace slag cement (type A) : R1 = 0.968e3.42x-2.004

Blast furnace slag cement (type B) : R1 = 1.586e2.69x-2.004

Fly ash cement (type A) : R1 = 1.188e3.06x-2.004

OPC : R2 = 2.60M -0.175

Early strength Portland cement : R2 = 1.32M -0.027

Moderate heat Portland cement : R2 = 3.58M-0.176

Blast furnace slag cement (type B) : R2 = 2.90M -0.115

Fly ash cement (type B) : R2 = 5.08M -0.191

   R3 = (CO2/5)0.5

    R4 = 0.017Tem+ 0.48

    R5 = Hu(100 -Hu)(140 -Hu)/192000

   R6 (Table 2.14 Ref.)

    R7 = 1.00 (Indoor), 0.59 (Outdoor)
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Table 2.14 Factors of R6 [2.32]

(a) Factor for indoor

Indoor

Non 
Finishing

Plaster Paint
Mortar +
Plaster

Mortar Tile
Artificial 

stone
Mortar + 

Paint

1.00 0.73 0.61 0.49 0.48 0.31 0.31 0.19

(b) Factor for outdoor

Outdoor

Non Finishing Mortar Mortar + Paint Tile Mortar + Resin

1.00 0.26 0.20 0.16 0.12

10) Model of Smolczyk

Smolczyk has identified various factors that affect the carbonation of concrete over the 

type of cement for the corrosion of prestressed steels containing 17 cements from the long-term 

research project ‘München II’ [2.33]. The results are presented in Eq. (2.21) by performing a 

regression analysis.

(2.21)

Where, 

x : Carbonation depth (mm)

t : Aging

NT : Standard compressive strength of cement after T days (kg/cm2)

T : 

N5 : Standard compressive strength of cement after 5 days (kg/cm2)

11) Model of Wierig

Wierig proposed the prediction model as shown in Eq. (2.22) using the carbonation 

results of the concrete obtained from the specimens stored under the roof in Rheinhausen, 

Germany. The proposed regression equation showed a coefficient of determination of about 94 % 

[2.33].
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(2.22)

Where, 

x : Carbonation depth (mm)

t : Aging

N7 : Standard compressive strength of cement after 7 days (kg/cm2)

2.4.1.2 Models based on concrete compressive strength

Concrete compressive strength is one of the parameters often used in durability 

evaluation because it reflects the quality and content of concrete, which is the criterion of design. 

Many researchers have represented that the depth of carbonation is based on the compressive 

strength of concrete.

1) Model of Fontenay

Fontenay proposed Eq. (2.23) to predict carbonation depth [2.34]. This model used 

compressive strength after 28 days.

(2.23)

Where,

x : Carbonation depth (mm)

fc28 : Compressive strength after 28 days (MPa)

2) Model of Parrott

Parrott represented the correlation of carbonation depth and concrete compressive 

strength as the exponential function such as Eq. (2.24) [2.35].

(2.24)

Where,

x : Carbonation depth (mm)

t : Exposure time (years) 

fc28 : Compressive strength after 28 days (MPa)
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3) Model of Brown

In Eq. (2.25), Brown proposed a model that describes the approximate course of 

carbonation with time t as inversely proportional to the concrete compressive strength [2.36].

(2.25)

Where,

x : Carbonation depth (mm)

Kc : Carbonation rate (mm/years1/2)

fc : Compressive strength (MPa)

t : Exposure time (years)

4) Model of Duval

Duval proposed the relation between the depth of carbonation and compressive strength 

of concrete as in Eq. (2.26) [2.37].

(2.26)

Where,

x : Carbonation depth (mm)

t : Exposure time (years) 

fc28 : Compressive strength after 28 days (MPa)

5) Model of Bob

Bob used several factors such as binding capacity of cement type, environmental 

condition, and surface concentration in Eq. (2.27) to describe the relationship between depth of 

carbonation and compressive strength of concrete [2.38].

(2.27)
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Where,

x : Carbonation depth (mm)

t : Exposure time (years) 

fc : Compressive strength after 28 days (N/mm2)

c : Binding capacity coefficient of type of cement

k : Environmental condition coefficient

d : Surface concentration coefficient

6) Model of Niu

If an appropriate field and weather data are provided sufficiently, the theoretical 

carbonation depth can be described in Eq. (2.28) which has nine undetermined parameters

proposed by Niu [2.39-40].

(2.28)

Where,

x : Carbonation depth (mm)

kmc : Uncertainty coefficient

kj : Coefficient of structural member position

kco2 : CO2 concentration coefficient

kp : Surface finishing condition

ks : Condition of axial loading

T : Environmental temperature (K)

RH : Relative humidity

fcu : Compressive strength of cube concrete (MPa)

mc : Ratio of concrete compressive strength

t : Exposure time (years) 

7) Model of Smolczyk

Smolczyk proposed a carbonation prediction model as in Eq. (2.29), assuming that the 

ultimate strength of no carbonation concrete is 62.4 MPa [2.41].
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(2.29)

Where,

x : Carbonation depth (mm)

Fcuk : Compressive strength of concrete

Fg : Ultimate strength assuming no carbonation (62.4 MPa)

t : Exposure time (years)

2.4.2 Rigorous models

Rigorous models are based on Fick’s diffusion law. In general, the amount of CO2

penetrating into the concrete through the concrete layer is as in Eq. (2.30) [2.1, 2.8]. The amount 

of CO2 required to carbonate the alkaline components (a) in concrete is as in Eq. (2.31).

(2.30)

Where,

dq : Amount of CO2 which has penetrated (kg)

x : Carbonation depth (m)

t : Time (s)

Ao : Cross-sectional area (m2)

Dc : Diffusion coefficient of CO2 in concrete (m/s2)

C1-C2 : Concentration difference of CO2 between the air and the

  carbonation front (kg/m3)

(2.31)

Where,

a : Amount of alkaline components (kg/m3)

dV : Volume of concrete (m3)
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From the Eq. (2.30) and Eq. (2.31), the following Eq. (2.32) can be obtained. The Eq. 

(2.32) can be summarized as in Eq. (2.33).

(2.32)

(2.33)

If Dc and C1 – C2 are constants for time (t) and depth (x), the carbonation depth (xc) can 

be obtained as in Eq. (2.34) by integrating the above equations.

(2.34)

2.4.2.1 Model of Schiessl

Concrete carbonation is governed by the diffusion of CO2, the depth of carbonation is 

closely related to the air permeability in concrete cover depth. The air permeability resistance of

concrete cover depth is expressed by the diffusion coefficient of CO2. The diffusion coefficient 

is a function on the type of cement, the mixing characteristics of concrete and curing conditions, 

the change of micro gap structure, and so on. Schiessl proposed the model that takes into account 

the variation of diffusion coefficient as the internal state of the concrete changes as carbonation 

proceeds inside [2.42]. The Eq. (2.30) can be modified as shown in Eq. (2.35).

(2.35)

Where,

DB,A : Diffusion coefficient of CO2 at 90 days
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f : Factor representing the reduction of the diffusion coefficient by depth

a : Amount of alkaline components in concrete

b : Retarding factor determined by the amount of alkaline components

              diffusing into the concrete

Schiessl adopted coefficients such as f and b to consider the effect of slowing carbonation 

by decreasing the diffusion coefficient depending on the depth. As a result, the carbonation is 

determined like Eq. (2.36) by Eq. (2.35) as a standstill. Even if the diffusion of alkaline materials 

does not have a dominant effect, the influence of the coefficient of influence (f) on the concrete 

function is very large. Thus, if f·DB, A·(C1 – C2) is the dominant influencing factor, then the 

maximum carbonation depth is given by Eq. (2.37).

(2.36)

Where,

b1 : Carbonation retarding factor (= b + f·DB, A·(C1 – C2))

(2.37)

2.4.2.2 Model of Bakker

In order to consider the case of repeated dryness and wetness of concrete, the carbonation 

model was developed by Bakker [2.43-44]. As shown in Eq. (2.38) and Eq. (2.39), the model

which is considering not only the diffusion of CO2 but also the diffusion of water is based on 

Fick’s diffusion law.

(2.38)

(2.39)
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Where, 

A : 

B : 

a : CaO content in concrete

Wv : Amount of moisture which evaporates from concrete

Dc : Diffusion coefficient of CO2 of concrete of a given composition

and moisture condition

Dv : Diffusion coefficient of moisture evaporation

C1- C2 : Concentration difference of CO2 between air and the carbonation front

C3 - C4 : Moisture difference between the air and that at the evaporation depth

Therefore, the depth of carbonation can be expressed by Eq. (2.40) while the dryness and 

wetness is repeated.

(2.40)

Where, 

xc : Depth of carbonation

tn : Duration of the n’th drying period

xn : Carbonation depth after the n’th drying period

(xn-1/B)2 means the time required for water to evaporate to the depth of carbonation after 

the (n-1) drying period. If the concrete is still dry, this model will have the form Eq. (2.34) or 

Eq. (2.38). However, if dryness and wetness are repeated, the depth of carbonation follows Eq. 

(2.40) and its limit value can’t be greater than the depth of the evaporation. Therefore, the 

evaporation depth in the n drying period is the maximum carbonation depth xlim as shown in Eq. 

(2.41). 

(2.41)
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2.4.2.3 Model of Tuutti

Tuutti proposed a diffusional model on the carbonation rate [2.45]. The proposed model 

is based on the concept of moving boundaries, which considers the diffusion plus a complete 

reaction of the CO2. It is the mathematical solution for a non-steady-state diffusion process at 

which the penetration rate is combined with a reaction of such importance that the profile of 

concentration is sharp [2.46]. The Eq. (2.42) and Eq. (2.43) on the carbonation rate were 

presented as follows.

(2.42)

(2.43)

Where,

Cs : CO2 concentration in the atmosphere

Cx : Amount of bound CO2 (cement phases pore solution), mol/m3

D : CO2 diffusion coefficient

erf : Error function

x : Carbonation depth

t : Time

2.4.2.4 Model of Papadakis

Papadakis proposed a model based on chemical considerations [2.47-48]. Prediction 

model was proposed for carbonation depth as in Eq. (2.44) which is proportional to the 

concentration and the diffusion coefficient of CO2 in the atmosphere and is in reverse 

proportional to the molar concentration of substances that are hydration products in concrete.

The effective diffusion coefficient is influenced by pore size, distribution, and saturation degree 

and saturation degree is affected by relative humidity in the atmosphere in Eq. (2.44).

(2.44)
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Where,

x : Carbonation depth

[CO2] : Effective diffusion coefficient of CO2

DCO2 : Concentration of CO2 in the air

[Ca(OH)2]+3[CSH]+3[C3S]+2[C2S] : The initial concentration of

             carbonizable substances

2.4.2.5 Model of Parrott

Parrott proposed a predictive model based on fitting a parabolic curve to carbonation data 

obtained from a large set of structures [2.49-50]. The fitting was made with 90 % confidence. In 

other words, it only excludes 10 % of the results. The prediction model proposed for carbonation 

depth is like Eq. (2.45).

(2.45)

Where, 

k : Air permeability (= mk60)

m : A function of RH (1.6 - 0.00115RH - 0.0001475RH2 or 1.0 if RH ≤ 60)

k60 : Air permeability at RH 60 % (m2)

n : 0.02536 + 0.01785RH -0.0001623RH2

c : CaO content in the concrete (kg/m3)

t : Time (year)

a : Carbonation constant proportional to square root of carbonation 

concentration

Parameter k is the air permeability of cover concrete and depends on the relative humidity, 

r % in the cover concrete. If k is unknown, it can be estimated from the permeability of the dried 

specimen at 60 % relative humidity. n is a power exponent, which is close to 0.5 for indoor 

exposure but decreases as the relative humidity rises above 70 % to account for the slower rates 

of carbonation observed under wetter conditions. c is the CaO content in the hydrated cement 

matrix of the cover concrete which can react with and retard the rate of CO2 penetration. It 

depends on cement composition, exposure conditions, and proportion of cement reacted.
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2.4.3 Standard specification models

2.4.3.1 Model of JSCE and KCI

If the investigation result is not available, the rate of carbonation should be predicted 

using a reliable model for calculating the rate of carbonation properly considering the materials 

and mix proportions of concrete and the environmental conditions under which the structure is 

in service [2.5]. The rate of carbonation is subject to various factors. Most existing models for 

calculating the rate of carbonation use W/C or W/B and compressive strength as indicators of 

concrete quality.

To predict the rate of carbonation, it is preferable to apply the same or similar prediction 

models for the target structures, material, mix proportions, and environmental conditions for 

prediction. But, Eq. (2.46) and Eq. (2.47) may be used if there is no such a prediction model [2.5, 

2.24]. Eq. (2.46) of KCI (Korea Concrete Institute) and Eq. (2.47) of JSCE (Japan Society of 

Civil Engineering) are the same in form.

(2.46)

(2.47)

Where, 

W/B : Effective water-binder ratio

= W / (Cp + k Ad)

W : Unit-area mass of water

B : Unit-area mass of effective binder

Cp : Unit-area mass of Portland cement

Ad : Unit-area mass of admixture

k : Coefficient indicating the effect of admixture

for fly ash, k = 0

for ground blast furnace slag, k = 0.7

R, β : Coefficient indicating the effect of environmental conditions

for easy to dry environment (R = 1.6, β = 1.6)

for difficult to dry environment (R = 1.0, β = 1.0)
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2.4.3.2 Model of JASS 5

According to the JASS 5 (Japanese Architectural Standard Specification for Reinforced 

Concrete Work), AIJ (Architectural Institute of Japan) considered that there is a difference in 

strength and durability of concrete between specimens cured in laboratory conditions and 

structures even in the same concrete proportioning [2.51-52]. Therefore, as shown in Fig. 2.5, 

the durability design criteria strength reflecting the difference in performance is applied when 

designing concrete mix.

The relationship between the compressive strength and the coefficient of carbonation rate 

at 28 days is shown in Fig. 2.6. The carbonation rate coefficient is a regression equation obtained 

by the method of least squares in inverse proportion to the square root of the compressive strength.

Fig. 2.5 Relationship between compressive strength and carbonation rate coefficient [2.51]

Fig. 2.6 Relationship between 28 days strength and carbonation rate coefficient [2.31]
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2.4.3.3 Model of CEB

The carbonation rate is modeled as a description of the irregular drying and wetting 

process on the concrete during the rainfall and the duration of the drying period between them. 

It is assumed that the diffusion of CO2 is negligible for wet concrete. This effect can be expressed 

as Eq. (2.48) by the variable n according to the environmental grade [2.53].

(2.48)

Where, 

dc : Depth of carbonation

Dnom : Diffusion coefficient of dry concrete to CO2 at 20 ℃, relative

humidity 65 %

a : CO2 amount when fully carbonated

Δc : Difference in CO2 concentration between front of carbonation and air

k1 : Micro environmental condition variable indicating average wetting

amount of concrete

k2 : Variable indicating the curing condition

k3 : Variable indicating the effect of water separation (local W/C)

n : Micro climate condition variable indicating wetting and drying process

for indoor conditions, n = 0

for outdoor conditions, n ≤ 0.3

to : Base period, rule (ie, one year)

t : Time

2.4.3.4 Model of FIB

A joint project composed in the EU member states formulated a model in 1990 to 

estimate the carbonation induced corrosion of crack-free concrete. This model was modified in 

the research project DARTS (Durable and Reliable Tunnel Structures) in which a full 

probabilistic approach of that is the basis of the model shown in the model code 2010 [2.54]. 

According to this model, the carbonation depth is based on the Eq. (2.49). Because the model 

considers various parameters such as number of days with precipitation, relative humidity, CO2
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concentration, and the number of days of concrete curing, which seems like that the model could 

consider a reasonable amount of data that directly influences CO2 penetration.

(2.49)

Where,

xc(t) : Carbonation depth at the time t (mm)

t : Time (years)

ke : Environmental function

kc : Execution transfer parameter

Cs : CO2 concentration (kg/m3)

W(t) : Weather function

R-1
NAC,o: Inverse effective carbonation resistance (mm2/years)/(kg/m3)

= kt‧R-1
ACC,o + εt

kt : Regression parameter for the test effect of the ACC test

εt : Error term for inaccuracies which occur conditionally when using the

ACC test method (mm2/years)/(kg/m3)

2.4.4 AI-based models

Recently, research on the carbonation of concrete using AI (Artificial Intelligence) 

techniques has emerged. As shown in the Fig. 2.7, AI is a concept that includes an expert system 

at a lower level and deep learning at an upper level [2.55]. The expert system is a tool that stores 

the knowledge and know-how possessed by experts in a computer and makes the computer 

perform judgments and inferences similar to those of experts. Machine learning technology, 

including deep learning, is to develop an algorithm that enables proper work on new data based 

on what is learned using data.

As shown in Fig. 2.8, an expert system has been developed to produce concrete that is 

durable against CO2 exposure [2.56]. This system provides recommendations on issues such as 

water-binder ratio (W/B), strength requirement, cover requirement, curing requirement and so on. 

However, the expert system has the disadvantage that it cannot automatically modify the 

system’s base knowledge or add new rules.
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Fig. 2.7 Classification of AI [2.55]

Fig. 2.8 Portion of knowledge tree regarding carbonation of concrete [2.56]

The prediction of concrete carbonation using decision trees was studied [2.57]. The 

decision tree learning technique shown in Fig. 2.9 is one of the most useful techniques in 

supervised classification learning in machine learning. Three different decision trees that are 

regression tree, ensemble bagged regression tree and bagged regression tree after features 

reduced were used to predict concrete carbonation depth.
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Fig. 2.9 Example of data set and the corresponding decision tree [2.57]

A study that applied a GA (Genetic Algorithm) to the mix design of concrete structures 

exposed to carbonation was conducted [2.58]. GA is an optimization technique based on the 

hypothesis that living organisms evolve to fit the environment with intersecting, mutating, and 

culling. In order to derive the diffusion coefficient of concrete, as shown in Eq. (2.50), the 

optimal function formula for the CO2 diffusion coefficient was derived using mixing factors 

which are W/C, cement content per unit volume of concrete, mass of the fine aggregate per unit 

volume of concrete, mass of coarse aggregate per unit volume of concrete, and the humidity on 

the environmental condition as variables.

(2.50)

Where, 

W/C : Water-cement ratio (%)

C : Cement content (kg/m3)

S/a : Sand percentage (%)

Agg : Coarse aggregate content (kg/m3)

RH : Relative humidity (%)

I : Intersection constant (= 16307.931)

A study was performed to evaluate the carbonation depth of RC structures using ANFIS

(Adaptive Neuro-Fuzzy Inference System) [2.59]. As shown in Fig. 2.10, ANFIS is widely 

applied in various engineering fields as one of the representative methods of intelligent 

information systems, and is also applied as a practical solution to uncertain problems in the field 

of reinforced concrete structures. In order to evaluate the carbonation depth of RC structures, 

surface chlorine ion concentration, chloride ion diffusion coefficient, concrete compressive 

strength, crack width, time, and the carbonation rate coefficient were used as input variables.
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(a) Fuzzy set                                                 (b) ANFIS structure

Fig. 2.10 ANFIS algorithm [2.59]

A study was conducted to predict carbonation of concrete using ANN (Artificial Neural 

Network). ANN is a statistical learning algorithm inspired by biological neural networks in 

machine learning and cognitive science. Carbonation behavior was predicted by applying an 

ANN to derive the CO2 diffusion coefficient and applying the derived diffusion coefficient to 

the carbonation analysis model along with the porosity that changes according to carbonation 

[2.60].

In addition, to predict the length of the partial carbonation zone of concrete, an ANN 

model was developed in which the W/C, cement content, and relative humidity were set as input 

variables as shown in Fig. 2.11 [2.61].

Fig. 2.11 Topology of prediction model for the length of partial carbonation zone [2.61]
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Fig. 2.12 Multi-layer feed-forward neural network with a single layer [2.62]

In addition, as shown in Fig. 2.12, a neural network-based carbonation prediction model 

optimized with a multi-layer feed-forward architecture was developed [2.62]. This model is 

characterized by selecting the most relevant carbonation parameters and removing irrelevant or 

redundant features from the original input data to build a robust learning model. 

Recently, a study on predicting carbonation progress using deep learning techniques has

been conducted. Deep learning is a machine learning technique that teaches computers to learn 

from data. Most deep learning methods use neural network architectures, and for this reason, 

deep learning models are known as deep neural network models. Deep neural network models 

are sometimes trained using large-scale data labeled with a neural network architecture including 

multi-layered layers to show a high level of accuracy.

A deep learning method was used to predict the carbonation depth of concrete by learning 

the W/C and cement content data extracted from the existing experimental data [2.63]. In addition, 

a basic study was conducted on the prediction of carbonation progression based on a deep 

learning algorithm considering the mixing factor [2.64]. After learning the selected mixing and 

carbonation rate coefficients using a deep learning algorithm, the accuracy of predicting the 

carbonation depth of the deep learning model according to the hidden layer configuration was 

analyzed through MAPE (Mean Absolute Percentage Error) analysis as shown in Fig. 2.13.

Fig. 2.13 MAPE analysis result depending on hidden layer configuration [2.64]
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Fig. 2.14 MAPE analysis result depending on activation function [2.65]

In addition, a study on the application of the activation function in the prediction of 

carbonation progression based on the deep learning algorithm was conducted [2.65]. As shown 

in Fig. 2.14, a sigmoid activation function that is not suitable for carbonation prediction was 

identified.

2.5 Conclusions

This chapter summarizes past research related to carbonation of concrete. Carbonation 

mechanisms, factors influencing carbonation, and various techniques to predict concrete 

carbonation rate were reviewed. As a result, the following is clear.

• Carbonation is influenced by the internal factors such as concrete mix design, concrete 

compounds, and concrete properties, the external factors such as atmospheric CO2

concentration, temperature, humidity, and so on.

• When the water-cement ratio (W/C) is large, the watertightness is decreased, the amount of 

voids per unit cement is increased, and the gas transmission coefficient of CO2 is increased, so 

that the carbonation is accelerated.

• It is a fact that the production of calcium hydroxide (Ca(OH)2) directly responsive to 

carbonation is determined by the amount of cement used. Therefore, it is general that as the 

amount of cement increases, Ca(OH)2 increases and resistance to carbonation increases. Also, 

as cement increases, the water-cement ratio becomes smaller, which increases the resistance 

to diffusion of CO2.

• The increase in Ca(OH)2 increases the resistance to carbonation. When the W/C is constant, 

OPC which produces a large amount of Ca(OH)2 is more resistant to carbonation than mixed 

cement such as a blast furnace slag fine powder, fly ash added blast furnace slag cement, and 
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fly ash cement consuming Ca(OH)2.

• It is true that the permeability of the aggregate depends on the depth of carbonation as the 

effect of the aggregate. That is, as the aggregate becomes porous and the specific gravity of 

the aggregate becomes smaller, the carbonation rate increases.

• Since the chemical admixture has a low W/C and maintains workability, the rate of carbonation 

decreases as the hydrated structure becomes dense.

• Blast furnace slag fine powder and fly ash are densified by the secondary reaction, but the 

overall carbonation is increased. This is because even if the total porosity decreases, the change

in pore size distribution is affected by the reduction of Ca(OH)2.

• The rate of carbonation is different depending on the places such as indoors and outdoors, 

where rainwater is wet and where it is not. Also in relation to the amount of sunshine, the 

southward direction dries water faster than the north direction, so the southward concrete has

a faster carbonation rate. Therefore, it is important to consider regional influence as well as the 

condition of the part of the structures when predicting carbonation progress.

• In the case of the finishing material, carbonation occurs rapidly in the place where the finishing 

material is not applied, and the effect differs depending on the type of finishing material even 

when the finishing material is applied.

• The existing proposed prediction model of concrete carbonation can divide into experimental 

models, rigorous models, and AI-based models. The experimental models are mainly proposed 

by W/C (or W/B) and compressive strength experimental results of concrete, the rigorous 

models are based on Fick’s diffusion law, and the AI-based models are more focused on 

carbonation data and prediction algorithms.

• In order to predict the carbonation depth of concrete, many researchers have proposed a 

carbonation prediction model according to the carbonation influence factor through 

experiments and analysis. However, since the proposed carbonation prediction model has 

different factors to consider for the carbonation rate for each researcher, a difference in the 

carbonation prediction depth inevitably occurs.

• As in most RC structures, a large amount of carbonation depth measurement data collected by 

exposure to various environments has a very large distribution and therefore lacks predictive 

reliability when applying the existing carbonation prediction model.

• Therefore, in order to predict the carbonation rate of RC structures that are in use for a long 

time, a technique using carbonation depth measurement data that have reflected external or 
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internal carbonation effect factors is needed. It is necessary to consider a new method to 

reasonably deduce the results of predictions from correlations between data.
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3.1 Introduction

For the analysis of carbonation on the existing underground structures as a target 

structure of this study, the precision inspection and precision safety diagnosis reports were 

collected for underground structures such as the PCT and UT. In Korea, since the enactment of 

‘The Special Act on the Safety Control of Public Structures’ in 1994, periodical precision 

inspection and precision safety diagnosis have been carried out on public structures. Precision 

inspection and precision safety diagnosis of public structures are performed by visual inspection, 

nondestructive tests (NDT), various material tests, structural safety evaluation, condition 

evaluation, and so on [3.1]. Particularly, these precision inspection and precision safety diagnosis 

have been strictly conducted under the control of KISTEC (Korea Infrastructure Safety & 

Technology Corporation) which is a quasi-governmental agency that ensures the security of the 

people and sustainable development of the national economy through prevention of facility 

safety accidents.

Total span lengths on the existing underground structures to be collected for this study 

are 143 km for the PCT and 104 km for the UT. The results of NDT such as the concrete 

carbonation test and concrete rebound hardness test are extracted from the report of KISTEC and 

KEPCO (Korea Electric Power Corporation), which were completed from 2015 to 2019. Prior 

to the extraction and summary of concrete carbonation and concrete rebound hardness data on 

the underground structures, the regulations of NDT such as concrete carbonation test and 

concrete rebound hardness test applied in Korea were checked. In addition, for the data collection

of carbonation on the existing underground structures, the precision inspection and precision 

safety diagnosis reports were looked for underground structures such as the PCT and UT.

In previous studies, temperature, humidity, CO2 concentration, and so on were known to 

act as parameters in concrete carbonation. Therefore, environmental characteristics which are a 

temperature, humidity, and CO2 concentration during normal operation of the PCT and UT were 

investigated.
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3.2 NDT Regulations

Material tests and nondestructive tests are to be carried out in accordance with the 

purpose of safety inspection and precision safety diagnosis in order to properly evaluate the 

condition and safety of the structure. These tests measure the strength and defects without 

damaging the structure in situ where the structure is located. The details of the tests are in 

accordance with the standards and specifications of each country such as KS F, JIS A, ASTM, 

and so on [3.2-5].

  Test results such as concrete carbonation and concrete rebound hardness collected in 

this work are an indirect measurement of the characteristics of the structure according to material 

test and nondestructive test method. Therefore, the reliability of the test results can be expected 

when the test is performed considering the characteristics of the test equipment, the measurement 

method and the application limit.

3.2.1 Method for measuring carbonation depth of concrete

The purpose of this regulation is to measure the depth of carbonation by spraying

phenolphthalein solution to determine the effect of carbonation which can corrode rebar 

embedded in concrete as a standard of KISTEC in Korea. As shown in Photo 3.1, 

Phenolphthalein solution used as an indicator is dissolved in 90 ㎖ of 95 % ethanol and dissolve 

1 g of phenolphthalein powder and add distilled water to make 100 ㎖.

This measurement method is based on KS F 2596 (Method for Measuring Carbonation 

Depth of Concrete) [3.4]. It can be applied to concrete or mortar specimens produced in the 

laboratory or in situ, such as concrete and mortar specimens preserved indoors or outdoors, core 

specimens taken from concrete structures or concrete products, and specimens taken from 

concrete structures in use.

(a) Drilling concrete           (b) Setting phenolphthalein solution (c) Measuring carbonation depth

Photo 3.1 Measuring carbonation depth of concrete using phenolphthalein solution [3.1]
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3.2.2 Concrete rebound hardness test

The rebound hardness test is a nondestructive estimation method of the compressive 

strength of concrete. Experimental experience has shown that there is a specific correlation 

between the measured rebound hardness (R) and the compressive strength (Fc) of concrete when 

hitting the hardened concrete surface. As the result of the rebound hardness test, the concrete 

nondestructive strength is confined to the concrete surface condition and the strength on the 

inside of the concrete cannot be estimated. Therefore, it could have a problem to be used as the 

only index in the estimation of the nondestructive strength of concrete.

This method is based on the KS F 2730 (Testing Method for Rebound Number to 

Conclude Compressive Strength of Concrete) as the standard of KISTEC [3.1]. It is a principle 

to derive a formula according to the correlation between the rebound hardness and the 

compressive strength of the cured concrete. If this is not easy, it can be evaluated by using the 

existing concrete nondestructive compressive strength formula. Although a number of reliable 

nondestructive compressive strength estimating formulas are presented, since the nondestructive 

compressive strength is not constant as much as the diversity of the estimation formula.

Therefore, it could be preferable to obtain the compressive strength of the core specimens to 

correlate these measurements with the rebound hardness values [3.5].

As shown in Photo 3.2, in order to estimate the nondestructive strength using rebound 

hardness, the rebound hardness should be obtained for several points of the structures to be tested, 

and it is needed the nondestructive strength formula of rebound hardness and compressive 

strength. Table 3.1 is a summary of the proposals that are mainly used in Korea. It is important 

to select the formula that matches the test method and test conditions.

(a) Cleaning surface           (b) Marking measurement

(c) Testing rebound hardness        (d) Analyzing results

Photo 3.2 Rebound hardness test [3.1]
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Table 3.1 Proposed nondestructive strength estimation formula

Classification Strength Estimation Formula (MPa) Remark

JSMS Fc = -18.0 + 1.27Ro
* [3.6]

AIJ Fc = (7.3Ro + 100) × 0.098 [3.7]

KISTEC Fc = (15.2Ro – 112.8) × 0.098 [3.1]

* Ro: The mean of rebound hardness value R

Table 3.2 Age correction coefficient, α

Age (days) 28 100 300 500 1000 3000

α 1.0 0.78 0.70 0.67 0.65 0.63

The correlation of rebound hardness and compressive strength with age of concrete 

changes, and the effect of carbonation increases the surface rebound hardness of concrete. 

Therefore, in the estimation of the strength of long-term age concrete, the nondestructive strength 

obtained from the 28 days strength estimation formula is multiplied by the age correction 

coefficient (α) of Table 3.2 presented by the Schmidt hammer manufacturer.

3.3 Collection of carbonation related data on the existing underground 

structures

For the collection of carbonation related data on the existing underground structures, the 

current status of the PCT and UT was investigated. As shown in Fig 3.1 and Fig 3.2, the total 

span length of the PCT has been over 600 km since its first construction in 1973, and the span 

length of the PCT used for more than 20 years is about 204 km (34 %), and the aging of the PCT 

is proceeding rapidly. The compressive strength of the concrete design standard on the cut-and-

cover tunneling type PCT was applied to 21 MPa in the early 1990’s and the compressive 

strength of concrete design standard of 24 MPa or 27 MPa was applied since the mid 1990’s. 

The compressive strength of the concrete design standard on the trenchless tunneling type PCT 

was 42 ~ 50 MPa for the TBM (Tunnel Boring Machine) construction method and applied to the 

precast lining. The compressive strength of the concrete design standard of in-situ lining on the 

NATM (New Austrian Tunneling Method) construction method was 24 MPa.
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(a) Cut-and-Cover type   (b) Trenchless tunneling type (TBM)                    (c) Internal view

Fig. 3.1 Samples of drawing and photo on the PCT

(a) Power transmission cable tunnels

(b) Power distribution cable tunnels

Fig. 3.2 Construction status on the PCT in Korea
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The PCT is constructed for only electricity but the UT installed underground to 

accommodate electricity, gas, telecommunications, and water and sewerage facilities. Samples 

of the UT were shown in Fig. 3.3. Most of the UT are constructed in cut-and-cover tunneling 

type and are box-shaped RC structures. As shown in Fig. 3.4, buried depth of the UT is regulated 

to be at least 2.5 m, and the depth of buried in special parts such as entrances and vents is built 

to be 1.0 m or more and securing more than the thickness of pavement at least. The compressive 

strength of concrete design standard on the UT was applied to 18 MPa in the late 1970’s and the 

compressive strength of concrete design standard of 21 MPa or 24 MPa was applied since the 

mid 1990’s. Recently, the compressive strength of the concrete design standard was mainly 27 

MPa which is the same with the PCT except for 35 MPa in some of the structures made precast.

As of 2018, total span length of the UT is 254.2 km, as shown in Table 3.3. The UT was 

built in 1978 and has reached 40 years of use. Recently, according to the new city construction 

plan in 2015, 22.3 km of the UT has been constructed and operated at Sejong city in Korea.

Especially, the span length of the UT which has been used for 30 years or more is 83.3 km, but 

when the criterion is applied for 20 years or more, the span length is 206.9 km, and it is time to 

appropriately prepare for maintenance on the aging of the UT. The PCT is in charge of 

construction and maintenance by KEPCO, a private operator, according to its purpose of use. 

However, in the case of the UT, state agencies maintain it because the UT are public goods.

(a) Drawing                                                                (b) Internal view

Fig. 3.3 Samples of drawing and photo on the UT

Fig. 3.4 Buried depth of the UT constructed by cut-and-cover tunneling

Electricity
Facility

Heating
Facility

Waste
Facility

Water 
Supply
Facility Sewage

Facility

Telecommunication
Facility
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Table 3.3 Construction status on the UT in Korea

Classification
Year of 
Const.

Period of 
Use

(Year)

Total 
Length
(km)

Installed Facility

Seoul

Mokdong 1987 31 25.2
Water / Electricity / Heating /

Telecommunication

Yeoeuido 1978 40 12.2
Water / Electricity / Heating /

Telecommunication

Gaepo 1987 31 8.4 Water / Electricity / Telecommunication

Garak 1987 31 15.7 Water / Electricity / Telecommunication

Sanggye 1989 29 1.1 Water / Electricity / Telecommunication

Sangam 2004 14 4.6
Water / Electricity / Heating /

Telecommunication

Eunpyung 2010 8 1.0
Water / Electricity / Heating / Waste /

Telecommunication

Busan (Haewoondae) 1996 22 7.3 Water / Electricity / Telecommunication

Incheon 
Yeonsu 1992 26 7.9 Water / Electricity / Telecommunication

Songdo 2010 8 9.3
Water / Electricity / Heating / Waste /

Telecommunication

Kwangju (Sangmu) 1998 20 4.9 Water / Electricity / Telecommunication

Daejeon (Dunsan) 1994 24 16.8 Water / Electricity / Telecommunication

Gyeonggi

Bucheon 1993 25 14.8 Water / Electricity / Telecommunication

Bundang 1994 24 32.8 Water / Electricity / Telecommunication

Pyeongchon 1993 25 10.0 Water / Electricity / Telecommunication

Ilsan 1994 24 22.4 Water / Electricity / Telecommunication

Sanbon 1994 24 4.6 Water / Telecommunication

Suwon 1985 33 1.3 Water / Telecommunication

Ansan 2005 13 5.9 Water / Electricity / Telecommunication

Chungbuk (Ochang) 2004 14 5.2 Water / Electricity / Telecommunication

Jeonnam (Yeosu) 1980 38 1.2 Water / Telecommunication

Gyeongbuk (Gumi) 1979 39 3.1 Water / Electricity / Telecommunication

Gyeongnam (Changwon) 1983 35 16.2 Water / Electricity / Telecommunication

Sejong 2015 3 22.3
Water / Electricity / Heating / Waste /

Telecommunication
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3.3.1 Status of collected data on the PCT and UT

For the collection of carbonation on the PCT and UT, the precision inspection and 

precision safety diagnosis reports were investigated for the PCT and UT. Precision inspection 

and precision safety diagnosis data performed in six major areas of Korea were collected for the 

carbonation data collection of existing underground structures. As the basic specifications of the 

structures, size, construction methods, construction year, and service period were investigated. 

From the results of nondestructive testing of precision inspection, concrete rebound hardness, 

estimated compressive strength, carbonation depth, and cover thickness were collected. The 

collected precision inspection nondestructive test data is the result of the inside surface of the

PCT and UT, and it is not possible to inspect the exterior surface of the PCT and UT considering 

the characteristics of underground structure. However, since the deterioration of concrete due to 

carbonation is faster inside than outside of the PCT and UT, the collected precision inspection 

nondestructive test data can represent carbonation of the PCT and UT.

Most of these reports are managed by the FMS (Facility Management System) of MOLIT 

(Ministry of Land, Infrastructure and Transport), as shown in Fig. 3.5 [3.8]. The precision 

inspection and precision safety diagnosis data on the PCT and UT performed in 6 major regions 

of Korea, such as Seoul, Incheon, Daejeon, Daegu, Gwangju, and Busan, were collected as 

shown in Table 3.4 [3.9-35]. The existing underground structures for data collection were 

constructed between 1978 and 2016, with a total span length of 143 km for the PCT and 104 km 

for the UT.

Fig. 3.5 FMS (Facility Management System) [3.8]
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As a central region, Seoul’s data collected the 302 sets from the precision inspection

conducted in 2017 for the PCT constructed between 1987 and 2008, and the 161 sets for the UT 

constructed between 1987 and 2003. Incheon’s data collected the 61 sets from precision 

inspection conducted in 2017 for the PCT constructed between 1978 and 1998. In addition, the 

116 sets of data were collected from the precision inspection conducted from 2017 to 2019 for 

the UT constructed between 1992 and 2014. The data in Daejeon obtained the 60 sets in the PCT 

of 11.092 km constructed from 1993 to 2002, and the 77 sets in the UT of 21.671 km constructed 

from 1994 to 2016 in a through the precision inspection carried out in 2018.

As a southern region, data in Daegu were obtained the 229 sets from precision inspection 

conducted in 2017 for the PCT constructed between 1985 and 2016. Also, the 39 sets of data 

were collected from the precision inspection conducted from 2017 to 2019 for the UT

constructed between 1979 and 1983. The data in Gwangju obtained a set of 217 sets from the 

precision inspection carried out in 2017 for the PCT constructed between 1987 and 2015, and 46 

sets for the UT constructed 1998. The data in Busan collected the 148 sets from precision 

inspection conducted in 2018 for the PCT of 41.604 km in total span length of structures 

constructed from 1982 to 2009, and the 64 sets for the UT of 7.270 km constructed in 1996.

Table 3.4 Status of data collection on the PCT and UT by region

Region
Span 

Lengths
(km)

Construction
Year

Inspection
Year

Num.
of Data

(set)
Remark

PCT

ⓐ Seoul 8.488 1987 ~ 2008 2017 302

ⓑ Incheon 19.441 1978 ~ 1998 2017 61

ⓒ Daejeon 11.092 1993 ~ 2002 2018 60

ⓓ Daegu 37.848 1985 ~ 2016 2017 229

ⓔ Gwangju 24.926 1987 ~ 2015 2017 217

ⓕ Busan 41.604 1982 ~ 2009 2018 148

UT

ⓐ Seoul 39.040 1978 ~ 2003 2017 161

ⓑ Incheon 27.562 1992 ~ 2014 2017 ~ 2019 116

ⓒ Daejeon 21.671 1994 ~ 2016 2016, 2018 77

ⓓ Daegu 6.945 1979 ~ 1983 2017, 2019 39

ⓔ Gwangju 1.797 1998 2015, 2017 46

ⓕ Busan 7.270 1996 2016, 2018 64
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3.3.2 Analysis of environmental conditions on the PCT and UT

According to previous studies, carbonation of concrete is affected not only by the 

concentration of CO2 but also by external factors such as temperature and humidity, etc., as well 

as internal factors of material quality caused by changes in the properties of the concrete itself. 

However, most of the PCT and UT used for a long time are insufficient basic information on 

internal and external factors that can predict carbonation. That is, there is no historical data on 

the operating environment of the PCT and UT such as temperature, humidity, CO2 concentration 

as well as design and construction data. In previous studies, temperature, humidity, and CO2

concentration are known to act as parameters in concrete carbonation. However, systematic 

history management of temperature, humidity, and CO2 concentration is not implemented for 

existing underground structures until now. Restrictively, there are cases where the investigation 

of temperature, humidity, and CO2 concentration is carried out temporarily during the precision 

inspection of structures only.

In order to identify environmental conditions related to the carbonation of the existing 

underground structures, data such as temperature, humidity and CO2 concentration were 

investigated by major regions. For the analysis of the temperature, humidity, and CO2

concentration characteristics of the existing underground structures, reference was made to the 

results of the PCT environmental conditions survey conducted in 2011 [3.36]. As shown in Table 

3.5, values of temperature, humidity, CO2 concentration for inside and outside on the PCT were 

summarized.

The average annual temperature in Korea is 10 to 15 °C, with the exception of the central 

mountains and islands, August, the hottest month, 23 to 26 °C, and January, the coldest month, 

-6 to 3 °C.  The average annual temperature change tendency is markedly increased, especially 

the lowest temperature increase rate. In addition, the average temperature rise in winter was the 

highest in the season, and the trend of temperature rise in the metropolitan area was large by 

region [3.37].

As shown in Table 3.5 (a), the seasonal temperature of the underground structures is in 

the range of 13.8 ~ 24.2 °C, and the internal temperature of the underground structures in summer

is similar to the outside. In winter, the internal temperature of the underground structure was 

higher than that of the outdoors. The humidity characteristic of Korea is high in summer and low 

in winter. Nationally, it ranges from 60 to 75 % of the year, from 70 to 85 % in July and August, 

and from 50 to 70 % in March and April.
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Table 3.5 Characteristic of temperature, relative humidity, CO2 concentration

(a) Inside of the PCT – field data

Region
(Measuring

Term)

Temperature
(°C )

Relative Humidity
(%)

CO2 Concentration
(ppm)

Mean SD* Mean SD Mean SD

① Seoul

(Aug)
24.2 3.573 46 10.83 554 84.19

② Gwacheon

(Sep) 
20.7 1.424 70 8.99 629 96.23

③ Daegu

(Dec)
17.4 1.575 56 3.58 608 35.10

④ Gwangju

(Dec)
13.8 1.360 35 1.87 446 18.38

⑤ Busan

(Dec)
20.7 2.318 42 1.64 419 35.06

* SD: Standard Deviation

(b) Outdoors (KMA, Korea Meteorological Administration) [3.38]

Region
(Measuring

Term)

Monthly Mean

Temperature
(°C )

Relative Humidity
(%)

① Seoul

(Aug)
25.8 74

② Gwacheon

(Sep) 
21.7 71

③ Daegu

(Dec)
2.3 46

④ Gwangju

(Dec)
2.2 65

⑤ Busan

(Dec)
4.4 41

Humidity is closely related to urbanization, and changes in land cover may lead to rapid 

outflow of rainfall and decrease of vegetation-induced evapotranspiration, which may directly

affect atmospheric humidity. As shown in Table 3.5 (b), observations show that the relative 

humidity of the atmosphere is continuously decreasing in the Seoul metropolitan area. The 

seasonal humidity of the underground structure is in the range of 35 ~ 70 %. It was found that 

the humidity in summer is lower inside of the underground structure than outside and the 

humidity in winter is similar to that of the underground structure.
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Fig. 3.6 shows the change of CO2 concentration in Korea. According to the results of the 

CO2 concentration survey in Table 3.6, Korea’s CO2 concentration characteristics are high in

winter and low in summer. The CO2 concentration is increasing by 0.5 ~ 0.8 % per year, and the 

CO2 concentration in the underground structure is in the range of 419 ~ 629 ppm. Especially, it 

is deemed that the concentration of CO2 inside the PCT exceeds the average concentration of 

396.8 ~ 412.2 ppm of external CO2 between 2011 and 2017. In addition, as shown in Table 3.5

(a), there was a large difference in CO2 concentration inside the PCT depending on the region. 

It is considered that this is due to the difference of CO2 concentration according to regional

characteristics as well as the performance of the ventilation system of the PCT. Therefore, it is 

necessary to consider regional characteristics when predicting the carbonation rate of 

underground structures.

Table 3.6 Changes of CO2 concentration in Korea

Year
CO2 Concentration (ppm)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

2011 398.6 399.4 399.8 400.5 400.0 396.9 392.1 388.8 390.9 395.9 398.6 399.9

2012 401.3 402.2 403.4 404.3 403.2 399.6 394.9 392.2 393.9 398.9 402.3 403.1

2013 404.2 405.3 406.0 406.8 405.5 401.9 397.9 394.8 396.3 400.8 403.9 405.6

2014 406.6 407.7 409.2 409.1 407.5 404.3 399.3 396.9 398.9 402.6 405.8 407.8

2015 409.2 410.2 410.6 411.1 410.0 406.3 402.0 399.2 400.8 405.5 409.0 410.4

2016 411.4 412.4 413.7 414.2 412.8 409.1 404.5 402.1 404.3 408.8 411.8 413.2

2017 413.5 414.5 415.8 416.3 415.2 412.1 408.0 405.1 406.1 410.3 414.1 415.7

Fig. 3.6 Changes of CO2 concentration in Korea
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3.4 Conclusions

In this chapter, precision inspection and precision safety diagnosis data performed in 6

major areas of Korea were investigated for carbonation data collection of the PCT and UT. Also,

in order to identify environmental conditions related to carbonation of the PCT and UT, data 

such as temperature, humidity and CO2 concentration were investigated by major regions. The 

results of the investigation are as follows.

• As the basic specifications of the structures, size, construction methods, construction year and 

service period were investigated. In addition, from the results of nondestructive testing of 

precision inspection, concrete rebound hardness, estimated compressive strength, carbonation

depth, and cover thickness were collected.

• The collected precision inspection nondestructive test data is the result of the internal surface 

on the PCT and UT, and it is not possible to inspect the external surface of the PCT and UT 

considering the characteristics of underground structure. However, since deterioration of 

concrete due to carbonation is faster inside than outside of the PCT and UT, the collected 

precision inspection nondestructive test data can represent carbonation status of the PCT and 

UT.

• The seasonal temperature of the underground structures is in the range of 13.8 ~ 24.2 °C, and 

the internal temperature of the underground structures in summer is similar to the outside. In 

winter, the internal temperature of the underground structure was higher than that of the 

outdoors.

• The seasonal humidity of the underground structures is in the range of 35 ~ 70 %. It was found 

that the humidity in summer is lower inside the underground structure than outside and the 

humidity in winter is similar to that of the underground structure.

• The CO2 concentration in the underground structures is in the range of 419 ~ 629 ppm. 

Especially, it is deemed that the concentration of CO2 inside of the PCT exceeds the average 

concentration of 396.8 ~ 412.2 ppm of external CO2 between 2011 and 2017.

• There was a large difference in CO2 concentration inside of the PCT depending on the region. 

It is considered that this is due to the difference of CO2 concentration according to local 

characteristics as well as the performance of the ventilation system of the PCT. Therefore, it 

is necessary to consider regional characteristics when predicting the carbonation rate of 

underground structures.
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4.1 Introduction

Precision inspection and precision safety diagnosis data performed in six major regions 

of Korea were collected for carbonation analysis on the PCT and UT. As the basic specifications 

of the structures, size, construction methods, construction year and service period were 

investigated. From the results of nondestructive testing of precision inspection, concrete rebound 

hardness, estimated compressive strength, carbonation depth, and cover depth were collected. 

The collected precision inspection nondestructive test data is the result of the inside surface of 

the PCT and UT, and it is not possible to inspect the exterior surface of the PCT and UT 

considering the characteristics of underground structures. However, since the deterioration of 

concrete due to carbonation is faster inside than outside of the PCT and UT, the collected 

precision inspection nondestructive test data could represent carbonation of the PCT and UT.

In this chapter, the carbonation characteristics of the PCT and UT were analyzed based 

on the collected data. In other words, the data of precision inspection and precision safety 

diagnosis performed in six major regions of Korea were used for carbonation rate analysis on 

the PCT and UT. It is not easy to predict the carbonation depth of the PCT and UT using classical 

carbonation prediction equations because quantitative data such as W/B, CO2 concentration, and 

humidity that directly influence carbonation are insufficient. Therefore, the carbonation rates of 

the PCT and UT were analyzed through a probabilistic approach. The carbonation rate of the 

PCT and UT was analyzed for the non-exceedance probability 50 % ~ 95 % through probability 

analysis, and the approximate carbonation rate of the PCT and UT operated in Korea was 

presented. Particularly, in order to understand the trend of regional carbonation rates of the PCT 

and UT, the probability analysis results were compared with the results of the carbonation 

prediction model of standard specifications such as JSCE and JASS 5.
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4.2 Investigation of data

4.2.1 Status of data on the PCT and UT

Precision inspection and precision safety diagnosis data performed in six major regions 

of Korea were investigated for carbonation analysis on the PCT and UT. Fig. 4.1 shows the 

carbonation results of a total of 1,520 sets collected. The results of 1,520 sets on carbonation 

depth and cover depth are presented separately by the PCT and UT. The 1,520 sets of data consist 

of 1,017 sets on the PCT and 503 sets on the UT. According to the data, the PCT and UT were 

constructed from 1978 to 2016, and the duration of its use is 2 ~ 40 years. As shown in Fig. 4.1, 

most of the carbonation depths are smaller than the concrete cover depths.

The tendency of the carbonation on the PCT and UT was analyzed. Fig. 4.2 shows 

analysis results of carbonation data on the PCT and UT. Fig. 4.2 (a) is a histogram of carbonation 

rate coefficient on the PCT and UT. As shown in Fig. 4.2 (a), the carbonation rate coefficient of

the PCT is in the range of 0.017 ~ 5.774 mm/√year, and the carbonation rate coefficient of the 

UT is 0.080 ~ 11.612 mm/√year. Fig. 4.2 (b) shows the results of comparing the carbonation 

depths of the PCT and UT with the carbonation prediction model of JSCE as shown in Eq. (2.47). 

The carbonation trends over time were analyzed, and the field data were compared with the 

results of the carbonation prediction model of JSCE’s standard specification which is the same 

as KCI’s standard specification of Korea. In this case, The W/B is assumed to be 0.50, 0.55, and 

0.60, respectively. As shown in Fig. 4.2 (b), it is not easy to adequately explain the carbonation 

status of the field data by the prediction model of JSCE’s standard specification.

Fig. 4.1 Status of carbonation on the PCT and UT
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(a) Histogram of carbonation rate coefficient

(b) Comparison of carbonation depth with JSCE’s prediction model

Fig. 4.2 Investigation of carbonation on the PCT and UT

It is generally known that the depth of carbonation increases with the use time of the 

structures when the quality of the structures and the environment of use are the same. However, 

as can be seen in Fig. 4.2 (b), carbonation depths are found to vary widely, even if they are used 

at the same time. This result implies that the quality condition of construction and the usage 

environment are different even though the design standard of the structures is the same for many 

structures.

The analysis of carbonation tendency in Fig. 4.2 shows that the dispersion of carbonation 

depth is so large that it is difficult to characterize the pattern, unlike the limited laboratory test 

results. In particular, as shown in Fig. 4.2 (a), the carbonation rate coefficient is in the range of 

0.017 ~ 11.612 mm/√year, and the dispersion is so large that the reliability on the JSCE’s

carbonation prediction model that is the same with KCI’s one is very low to be directly applied.
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The cause of this phenomenon can be varied, but even if the PCT and UT design standard 

is the same, the difference in the construction quality condition, the usage environment of the 

PCT and UT can be the main cause. Therefore, in this study the carbonation status was analyzed 

by structures and regions because the usage environment such as temperature, humidity, and CO2

concentration were different in 6 major regions.

4.2.2 Outlier analysis of carbonation data on the PCT and UT

As a result of the collection of carbonation data, it was found that the carbonation depth 

dispersion is large enough to be difficult to characterize the pattern. So, an outlier detection was 

performed that affected the results of the statistics of the regional carbonation rate coefficient for

the PCT and UT. The partial reasons for the varying depth of carbonation may be human and 

mechanical errors that inevitably accompany inspecting. Therefore, prior to probability analysis, 

detection of outliers that affects statistical results was carried out.

In this study, the outlier detection method using a box plot sorts the carbonation rate 

coefficients by region from the minimum (Min.) to the maximum (Max.) through the median. 

And as shown in Fig. 4.3, the box is represented by the first quartiles (Q1) and the third quartiles 

(Q3) among the quartiles placed when the sorted data are divided into quadrants. The interval 

between Q1 and Q3 is defined as an interquartile range (IQR), and a position 1.5 times apart 

from IQR from Q1 and Q3 corresponds to the maximum and minimum values of the inner fence. 

Analysis values within the inner fence are judged to be normal values, and values outside this 

range are judged to be outliers. In the same way, the positions separated by 3.0 times the IQR 

correspond to the maximum and minimum values of the outer fence respectively. The outlier 

between inner and outer fence is a mild outlier, and the value beyond the outer fence is defined 

as an extreme outlier.

Fig. 4.3 Concept of box plot [4.1]



73

4.2.2.1 Outlier of carbonation data on the PCT

The outliers of carbonation on the PCT were detected by region. Fig. 4.4 shows a total 

of 1,017 sets of carbonation depth data collected from 6 major regions in Korea. The maximum 

carbonation depth was 26.0 mm, which occurred in the PCT in Busan. However, as shown in 

Fig. 4.4, the partial reasons for the varying depth of carbonation may be human and mechanical 

errors that inevitably accompany nondestructive testing. Therefore, prior to probability analysis, 

detection of outliers which influences statistical results was performed. Outliers were detected 

using a box plot of J. W. Tukey on the carbonation rate coefficient of the PCT [4.2].

In this study, the carbonation rate coefficient box plot is shown for each region for 

rational statistical analysis on the carbonation rate coefficient of the PCT. From this the 

carbonation rate coefficient, which greatly affected the statistical results, was identified and

outliers were detected at the same time. Fig. 4.5 shows a box plot derived from the KESS (Korean 

Educational statistical Software) statistics program for carbonation rate coefficients of the PCT

by region [4.3].

Outliers were detected in data from Seoul, Incheon, and Daejeon, and the status of the 

carbonation data is summarized in Table 4.1. In particular, extreme outliers were present in the 

PCT data of Incheon. Also, the interquartile range (IQR) for carbonation rate coefficient of the 

PCT was found to be the largest in Gwangju and the smallest in Incheon. Fig. 4.6 shows regional 

carbonation depth and concrete cover depth for the PCT with outliers removed. As shown in Fig. 

4.6, in most of the data, it can be seen that the cover depth of concrete is greater than the 

carbonation depth of concrete.

Fig. 4.4 Carbonation depth of the PCT by region
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Fig. 4.5 Outlier analysis of carbonation rate coefficient on the PCT

Table 4.1 Carbonation data on the PCT after outlier detection

Region
Total Span 

Lengths (km)
Construction

Year 
Inspection

Year 

Num. of Data (set)

Before Removing 
Outliers

After Removing 
Outliers

Seoul 8.488 1987 ~ 2008 2017 302 297

Incheon 19.441 1978 ~ 1998 2017 61 54

Daejeon 11.092 1993 ~ 2002 2018 60 59

Daegu 37.848 1985 ~ 2016 2017 229 229

Gwangju 24.926 1987 ~ 2015 2017 217 217

Busan 41.604 1982 ~ 2009 2018 148 148

Fig. 4.6 Carbonation and cover depth on the PCT after outlier detection



75

4.2.2.2 Outlier of carbonation data on the UT

The outliers of carbonation on the UT were detected by region. A total of 503 sets of 

carbonation data was collected for the UT constructed between 1978 and 2016. Fig. 4.7 shows a 

total of 503 sets of carbonation depth data collected from 6 major regions in Korea. The 

maximum carbonation depth was 68.7 mm, which occurred in the UT in Daegu. In addition, the 

maximum duration of use in the carbonated data collected on the UT is 40 years as the UT in

Daegu. On the other hand, the minimum duration of use was the UT in Daejeon for 2 years, and 

the carbonation depth was 3.1 mm.

As in the case of the PCT, outlier detection was performed to influence the statistical 

results on the regional carbonation rate coefficients of the UT. As shown in Fig. 4.8, outliers 

were detected in the data of Seoul, Incheon, Daegu, and Busan. In particular, extreme outliers

were present in the UT data of Seoul. In addition, the interquartile range (IQR) for carbonation 

rate coefficient of the UT was found to be the largest in Daegu and the smallest in Busan.

The current status of 493 sets of data, with the exception of 10 sets of regional outliers, 

is summarized in Table 4.2. Fig. 4.9 shows the regional carbonation depth and concrete cover 

depth status of the UT with outliers removed. As shown in Fig. 4.9, in most of the data, it can be 

seen that the cover depth of concrete is greater than the carbonation depth of concrete. However, 

some data from Daejeon, Daegu, and Gwangju showed that the carbonation depth of concrete 

exceeded the cover depth. Therefore, it is considered that accurate prediction of the carbonation 

rate will be very important for the durability maintenance of the structures.

Fig. 4.7 Carbonation depth of the UT by region
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Fig. 4.8 Outlier analysis of carbonation rate coefficient on the UT

Table 4.2 Carbonation data on the UT after outlier detection

Region
Total Span 

Lengths (km)
Construction

Year 
Inspection

Year 

Num. of Data (set)

Before Removing 
Outliers

After Removing 
Outliers

Seoul 39.040 1978 ~ 2003 2017 161 159

Incheon 27.562 1992 ~ 2014 2017 ~ 2019 116 114

Daejeon 21.671 1994 ~ 2016 2016, 2018 77 77

Daegu 6.945 1979 ~ 1983 2017, 2019 39 38

Gwangju 1.797 1998 2015, 2017 46 46

Busan 7.270 1996 2016, 2018 64 59

Fig. 4.9 Carbonation and cover depth on the UT after outlier detection
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4.3 Probabilistic approach on the carbonation data

4.3.1 Normality test on the data

Carbonation data for the PCT and UT where outliers have been detected were tested for 

normality prior to probability analysis. Statistical analysis calculates the test statistic and p-value 

based on the assumption that the data follow a normal distribution, so if the data are not satisfied 

with the normality assumptions, the validity of the statistical analysis results is lowered. In 

general, the CLT (Central Limit Theorem) states that the distribution of the mean (μ) of n

independent random variables with the same probability distribution becomes close to the normal 

distribution if n is moderately large [4.4]. This will hold true regardless of whether the source 

population is normal or skewed, provided the sample size is sufficiently large. In particular, if 

the sample size exceeds 30, normality can be assumed by CLT [4.5-6]. Since the sample size of

the PCT and UT handled in this study exceeds 30 per region, it can be assumed to be a normal 

distribution according to the CLT, and therefore, it will be judged to satisfy the normality.

Nevertheless, in this study, the normality of carbonation data of the PCT and UT was further 

verified by applying the Q-Q plot and K-S test (Kolmogorov-Smirnov test) techniques.

As shown in Fig. 4.10, Q-Q plot is a technique for visually confirming that normality 

assumptions are satisfied from a graph. Theoretical probability distribution quantile and data 

quantile are represented as scatter plots. If the dots on the scatter plot are located close to a 

straight line, the data can be assumed to be from a normal population. Φ indicates the CDF

(Cumulative Distribution Function) of the standard normal distribution, data listed in the order 

of magnitude are x(1) ≤ … ≤ x(n), the Q-Q plot is a scatter plot of the points of Eq. (4.1) [4.7].

Where pi is (i-3/8) / (n+1/4).

Fig. 4.10 Concept of Q-Q plot
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(4.1)

The Kolmogorov-Smirnov statistic belongs to the supremum class of EDF (Empirical 

Distribution Function) statistics and this class of statistics is based on the largest vertical 

difference between the hypothesized and empirical distribution. The Kolmogorov–Smirnov 

statistic for a given cumulative distribution function F(x) is Eq. (4.2) [4.8]. In the K-S test of 

normality, Fn(x) is taken to be a normal distribution with known mean (µ) and standard deviation 

(σ). 

(4.2)

Where,

sup : Supremum which means the greatest

Fn(x) : Hypothesized distribution function

F0(x) : EDF estimated based on the random sample

The K-S test statistic is meant for testing,

Ho : F(x) = Fn(x) for all x from -∞ to ∞

  (The data follow a specified distribution)

H1 : F(x) ≠ Fn(x) for at least one value of x

  (The data do not follow the specified distribution) 

If Z exceeds the 1-α quantile as given by the table of quantiles for the Kolmogorov test 

statistic, then we reject Ho at the level of significance, α. That is, if p-value is greater than 0.05, 

normality is assumed.

4.3.2 Probability analysis

Previously, probability analysis has been attempted on the carbonation rate of concrete 

for underground structures [4.9-11]. In this study, probability analysis for the carbonation rate 

coefficients of the PCT and UT was performed for the non-exceedance probability 50 % ~ 95 % 

using Gaussian PDF (Probability Density Function) p(x) of Eq. (4.3) and CDF F(x) of Eq. (4.4). 
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Especially, assuming that the data follow a standard normal distribution, carbonation rate 

coefficient at 50 % of the CDF F(x) represents the mean (μ) value of the data, and 95 % of the 

CDF F(x) is less than the probability 97.725 % of the cumulative interval from the population 

mean to μ+2σ.

In probability theory and statistics, the CDF F(x) of a real random variable X, or 

just distribution function of X, evaluated at x, is the probability that X will take a value less than 

or equal to x [4.12]. There is no closed form for the integral of the normal PDF p(x), however 

since a linear transform of a normal produces another normal it can always map the distribution 

to the ‘Standard Normal’ (mean 0 and variance 1) which has a precomputed CDF F(x). The CDF

F(x) of an arbitrary normal is Eq. (4.4). Where Φ is a precomputed function which represents the

CDF F(x) of the standard normal.

(4.3)

(4.4)

Where,

μ : Mean of normal distribution

σ : Standard deviation of normal distribution

π : The ratio of a circle’s circumference to its diameter (= 3.1415…)

x : Data

Similarly, probability analysis was performed for concrete cover depth under the same 

conditions. Finally, based on the carbonation rate coefficient derived through the probability 

analysis, the depth of carbonation by region was predicted according to the age of use.

4.3.3 Probability analysis of data on the PCT

4.3.3.1 Probability analysis result on the PCT in Seoul

Probability and statistical analysis were performed on the carbonation data of the PCT in 

Seoul. A total of 297 carbonation data sets for the PCT in Seoul, constructed between 1987 and 

2008, was tested for normality prior to probability analysis.
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Table 4.3 and Fig. 4.11 show the results of statistical analysis and normality test on the 

carbonation rate coefficient data on the PCT in Seoul. The mean of carbonation rate coefficient 

is 1.8774 mm/√year and the standard deviation is 1.0808 mm/√year. The p-value of the K-S test 

for the data was 0.1835 and greater than 0.05, indicating that the statistical data satisfied the 

normality. Skewness and kurtosis were analyzed as 0.2955 and -0.5975, respectively. Also, as 

shown in the Q-Q plot of Fig. 4.11, the dots of the scatter plot are located relatively close to the 

straight line. 

Fig. 4.12 and Fig. 4.13 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data of the PCT in Seoul, respectively. As 

shown in Table 4.4 the carbonation rate coefficient and cover depth at 50 % of the CDF F(x) 

were analyzed as 1.880 mm/√year and 67.054 mm. Also, the carbonation rate coefficient and 

cover depth at 95 % of the CDF F(x) were analyzed as 3.655 mm/√year and 105.749 mm.

Table 4.3 Statistics and normality test results of carbonation rate coefficient on the PCT in Seoul

Mean 1.8774 Mode 2.0001

Median 1.8190 Variance 1.1681

Sum 557.5824 Interquartile Range (IQR) 1.6330

Count 297 Range 4.5869

Standard Deviation 1.0808 Coefficient of Variation 0.5757

Standard Error 0.0627 Skewness 0.2955

p-Value (K-S Test) 0.1835 Kurtosis -0.5975

Fig. 4.11 Q-Q plot on the PCT in Seoul
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Fig. 4.12 Probability of carbonation rate coefficient on the PCT in Seoul

Fig. 4.13 Probability of cover depth on the PCT in Seoul

Table 4.4 Results of non-exceedance probability on the PCT in Seoul

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 1.880 50 67.054

60 2.151 60 73.014

70 2.444 70 79.390

80 2.787 80 86.853

85 2.998 85 91.436

90 3.262 90 97.202

95 3.655 95 105.749
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4.3.3.2 Probability analysis result on the PCT in Incheon

Probability and statistical analysis were performed on the carbonation data of the PCT in 

Incheon. A total of 54 carbonation data sets for the PCT in Incheon, constructed between 1978 

and 1998, was tested for normality prior to probability analysis.

Table 4.5 and Fig. 4.14 show the statistical analysis and normality test results for the 

carbonation rate coefficient data on the PCT in Incheon. The mean of carbonation rate coefficient 

is 0.2487 mm/√year and the standard deviation is 0.1437 mm/√year. The p-value of the K-S test 

for the data was 0.3174 and greater than 0.05, indicating that the statistical data satisfies the 

normality.

Fig. 4.15 and Fig. 4.16 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data on the PCT in Incheon, respectively. 

As shown in Table 4.6 the carbonation rate coefficient and cover depth at 95 % of the CDF F(x)

were analyzed as 0.485 mm/√year and 71.297 mm.

Table 4.5 Statistics and normality test results of carbonation rate coefficient on the PCT in Incheon

Mean 0.2487 Mode 0.2065

Median 0.2079 Variance 0.0206

Sum 13.4309 Interquartile Range (IQR) 0.1931

Count 54 Range 0.5610

Standard Deviation 0.1437 Coefficient of Variation 0.5776

Standard Error 0.0196 Skewness 0.6084

p-Value (K-S Test) 0.3174 Kurtosis -0.2003

Fig. 4.14 Q-Q plot on the PCT in Incheon
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Fig. 4.15 Probability of carbonation rate coefficient on the PCT in Incheon

Fig. 4.16 Probability of cover depth on the PCT in Incheon

Table 4.6 Results of non-exceedance probability on the PCT in Incheon

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 0.249 50 40.407

60 0.285 60 45.165

70 0.324 70 50.255

80 0.370 80 56.212

85 0.398 85 59.871

90 0.433 90 64.474

95 0.485 95 71.297
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4.3.3.3 Probability analysis result on the PCT in Daejeon

Probability and statistical analysis were performed on the carbonation data of the PCT in 

Daejeon. A total of 59 carbonation data sets for the PCT in Daejeon, constructed between 1993 

and 2002, was tested for normality prior to probability analysis.

Table 4.7 and Fig. 4.17 show the statistical analysis and normality test results for the 

carbonation rate coefficient data on the PCT in Daejeon. The mean of carbonation rate coefficient 

is 1.4416 mm/√year and the standard deviation is 0.7937 mm/√year. The p-value of the K-S test 

for the data was 0.9606 and greater than 0.05, indicating that the statistical data satisfies the 

normality. 

Fig. 4.18 and Fig. 4.19 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data on the PCT in Daejeon, respectively. 

As shown in Table 4.8 the carbonation rate coefficient and cover depth at 95 % of the CDF F(x)

were analyzed as 2.747 mm/√year and 99.052 mm.

Table 4.7 Statistics and normality test results of carbonation rate coefficient on the PCT in Daejeon

Mean 1.4416 Mode 1.3582

Median 1.3582 Variance 0.6300

Sum 85.0542 Interquartile Range (IQR) 1.1052

Count 59 Range 3.1457

Standard Deviation 0.7937 Coefficient of Variation 0.5506

Standard Error 0.1033 Skewness 0.2484

p-Value (K-S Test) 0.9606 Kurtosis -0.5347

Fig. 4.17 Q-Q plot on the PCT in Daejeon
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Fig. 4.18 Probability of carbonation rate coefficient on the PCT in Daejeon

Fig. 4.19 Probability of cover depth on the PCT in Daejeon

Table 4.8 Results of non-exceedance probability on the PCT in Daejeon

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 1.444 50 56.881

60 1.643 60 63.377

70 1.858 70 70.326

80 2.110 80 78.459

85 2.264 85 83.454

90 2.459 90 89.738

95 2.747 95 99.052
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4.3.3.4 Probability analysis result on the PCT in Daegu

Probability and statistical analysis were performed on the carbonation data of the PCT in 

Daegu. A total of 229 carbonation data sets for the PCT in Daegu, constructed between 1985 and 

2016, was tested for normality prior to probability analysis. 

Table 4.9 and Fig. 4.20 show the statistical analysis and normality test results for the 

carbonation rate coefficient data on the PCT in Daegu. The mean of carbonation rate coefficient 

is 1.8711 mm/√year and the standard deviation is 1.2010 mm/√year. The p-value of the K-S test 

for the data was 0.0507 and greater than 0.05, indicating that the statistical data satisfies the

normality.

Fig. 4.21 and Fig. 4.22 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data on the PCT in Daegu, respectively. 

As shown in Table 4.10 the carbonation rate coefficient and cover depth at 95 % of the CDF F(x)

were analyzed as 3.847 mm/√year and 95.550 mm.

Table 4.9 Statistics and normality test results of carbonation rate coefficient on the PCT in Daegu

Mean 1.8711 Mode 1.3926

Median 1.7321 Variance 1.4423

Sum 428.481 Interquartile Range (IQR) 1.8512

Count 229 Range 4.4136

Standard Deviation 1.2010 Coefficient of Variation 0.6419

Standard Error 0.0794 Skewness 0.4426

p-Value (K-S Test) 0.0507 Kurtosis -0.7978

Fig. 4.20 Q-Q plot on the PCT in Daegu
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Fig. 4.21 Probability of carbonation rate coefficient on the PCT in Daegu

Fig. 4.22 Probability of cover depth on the PCT in Daegu

Table 4.10 Results of non-exceedance probability on the PCT in Daegu

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 1.874 50 55.476

60 2.175 60 61.648

70 2.501 70 68.252

80 2.882 80 75.981

85 3.116 85 80.727

90 3.410 90 86.699

95 3.847 95 95.550
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4.3.3.5 Probability analysis result on the PCT in Gwangju

Probability and statistical analysis were performed on the carbonation data of the PCT in 

Gwangju. A total of 217 carbonation data sets for the PCT in Gwangju, constructed between 

1987 and 2015, was tested for normality prior to probability analysis. 

Table 4.11 and Fig. 4.23 show the statistical analysis and normality test results for the 

carbonation rate coefficient data on the PCT in Gwangju. The mean of carbonation rate 

coefficient is 2.1916 mm/√year and the standard deviation is 1.1740 mm/√year. The p-value of 

the K-S test for the data was 0.3123 and greater than 0.05, indicating that the statistical data 

satisfies the normality.

Fig. 4.24 and Fig. 4.25 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data on the PCT in Gwangju, respectively. 

As shown in Table 4.12 the carbonation rate coefficient and cover depth at 95 % of the CDF F(x)

were analyzed as 4.123 mm/√year and 85.819 mm.

Table 4.11 Statistics and normality test results of carbonation rate coefficient on the PCT in Gwangju

Mean 2.1916 Mode 4.4000

Median 2.2805 Variance 1.3784

Sum 475.5737 Interquartile Range (IQR) 1.9563

Count 217 Range 4.3508

Standard Deviation 1.1740 Coefficient of Variation 0.5357

Standard Error 0.0797 Skewness 0.0465

p-Value (K-S Test) 0.3123 Kurtosis -0.9341

Fig. 4.23 Q-Q Plot on the PCT in Gwangju
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Fig. 4.24 Probability of carbonation rate coefficient on the PCT in Gwangju

Fig. 4.25 Probability of cover depth on the PCT in Gwangju

Table 4.12 Results of non-exceedance probability on the PCT in Gwangju

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 2.195 50 59.912

60 2.489 60 63.903

70 2.807 70 68.172

80 3.180 80 73.168

85 3.408 85 76.237

90 3.696 90 80.097

95 4.123 95 85.819
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4.3.3.6 Probability analysis result on the PCT in Busan

Probability and statistical analysis were performed on the carbonation data of the PCT in 

Busan. A total of 148 carbonation data sets for the PCT in Busan, constructed between 1982 and 

2009, was tested for normality prior to probability analysis.

Table 4.13 and Fig. 4.26 show the statistical analysis and normality test results for the 

carbonation rate coefficient data on the PCT in Busan. The mean of carbonation rate coefficient 

is 2.0475 mm/√year and the standard deviation is 1.2124 mm/√year. The p-value of the K-S test 

for the data was 0.0691 and greater than 0.05, indicating that the statistical data satisfies the

normality.

Fig. 4.27 and Fig. 4.28 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data on the PCT in Busan, respectively. As 

shown in Table 4.14 the carbonation rate coefficient and cover depth at 95 % of the CDF F(x)

were analyzed as 4.042 mm/√year and 114.687 mm.

Table 4.13 Statistics and normality test results of carbonation rate coefficient on the PCT in Busan

Mean 2.0475 Mode 1.3416

Median 1.7889 Variance 1.4700

Sum 303.0343 Interquartile Range (IQR) 1.8458

Count 148 Range 5.4501

Standard Deviation 1.2124 Coefficient of Variation 0.5921

Standard Error 0.0997 Skewness 0.8522

p-Value (K-S Test) 0.0691 Kurtosis 0.0032

Fig. 4.26 Q-Q plot on the PCT in Busan
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Fig. 4.27 Probability of carbonation rate coefficient on the PCT in Busan

Fig. 4.28 Probability of cover depth on the PCT in Busan

Table 4.14 Results of non-exceedance probability on the PCT in Busan

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 2.051 50 75.034

60 2.355 60 81.141

70 2.683 70 87.676

80 3.068 80 95.323

85 3.304 85 100.020

90 3.601 90 105.929

95 4.042 95 114.687
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4.3.4 Probability analysis of data on the UT

4.3.4.1 Probability analysis result on the UT in Seoul

Probability and statistical analysis were performed on the carbonation data of the UT in 

Seoul. A total of 159 carbonation data sets for the UT in Seoul, constructed between 1978 and 

2003, was tested for normality prior to probability analysis.

Table 4.15 and Fig. 4.29 show the statistical analysis and normality test results for the 

carbonation rate coefficient data on the UT in Seoul. The mean of carbonation rate coefficient is 

1.6516 mm/√year and the standard deviation is 0.7770 mm/√year. The p-value of the K-S test 

for the data was 0.0902 and greater than 0.05, indicating that the statistical data satisfies the 

normality.

Fig. 4.30 and Fig. 4.31 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data on the UT in Seoul, respectively. As 

shown in Table 4.16 the carbonation rate coefficient and cover depth at 95 % of the CDF F(x)

were analyzed as 2.930 mm/√year and 73.025 mm.

Table 4.15 Statistics and normality test results of carbonation rate coefficient on the UT in Seoul

Mean 1.6516 Mode 1.4606

Median 1.4699 Variance 0.6038

Sum 262.6022 Interquartile Range (IQR) 0.9037

Count 159 Range 3.3888

Standard Deviation 0.7770 Coefficient of Variation 0.4705

Standard Error 0.0616 Skewness 0.5197

p-Value (K-S Test) 0.0902 Kurtosis -0.3593

Fig. 4.29 Q-Q plot on the UT in Seoul
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Fig. 4.30 Probability of carbonation rate coefficient on the UT in Seoul

Fig. 4.31 Probability of cover depth on the UT in Seoul

Table 4.16 Results of non-exceedance probability on the UT in Seoul

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 1.654 50 51.635

60 1.848 60 54.930

70 2.059 70 58.455

80 2.306 80 62.280

85 2.457 85 65.113

90 2.647 90 68.301

95 2.930 95 73.025
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4.3.4.2 Probability analysis result on the UT in Incheon

Probability and statistical analysis were performed on the carbonation data of the UT in 

Incheon. A total of 114 carbonation data sets for the UT in Incheon, constructed between 1992 

and 2014, was tested for normality prior to probability analysis.

Table 4.17 and Fig. 4.32 show the statistical analysis and normality test results for the 

carbonation rate coefficient data on the UT in Incheon. The mean of carbonation rate coefficient 

is 1.4310 mm/√year and the standard deviation is 1.0002 mm/√year. The p-value of the K-S test 

for the data was 0.0519 and greater than 0.05, indicating that the statistical data satisfies the 

normality.

Fig. 4.33 and Fig. 4.34 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data on the UT in Incheon, respectively. 

As shown in Table 4.18 the carbonation rate coefficient and cover depth at 95 % of the CDF F(x)

were analyzed as 3.076 mm/√year and 79.818 mm.

Table 4.17 Statistics and normality test results of carbonation rate coefficient on the UT in Incheon

Mean 1.4310 Mode 0.4200

Median 1.1550 Variance 1.0003

Sum 163.1346 Interquartile Range (IQR) 1.6813

Count 114 Range 4.0262

Standard Deviation 1.0002 Coefficient of Variation 0.6989

Standard Error 0.0937 Skewness 0.7583

p-Value (K-S Test) 0.0519 Kurtosis -0.2496

Fig. 4.32 Q-Q Plot on the UT in Incheon
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Fig. 4.33 Probability of carbonation rate coefficient on the UT in Incheon

Fig. 4.34 Probability of cover depth on the UT in Incheon

Table 4.18 Results of non-exceedance probability on the UT in Incheon

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 1.434 50 56.430

60 1.684 60 60.032

70 1.955 70 63.886

80 2.273 80 68.397

85 2.468 85 71.167

90 2.713 90 74.652

95 3.076 95 79.818
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4.3.4.3 Probability analysis result on the UT in Daejeon

Probability and statistical analysis were performed on the carbonation data of the UT in 

Daejeon. A total of 77 carbonation data sets for the UT in Daejeon, constructed between 1994 

and 2016, was tested for normality prior to probability analysis.

Table 4.19 and Fig. 4.35 show the statistical analysis and normality test results for the 

carbonation rate coefficient data on the UT in Daejeon. The mean of carbonation rate coefficient 

is 2.3520 mm/√year and the standard deviation is 1.0911 mm/√year. The p-value of the K-S test 

for the data was 0.1946 and greater than 0.05, indicating that the statistical data satisfies the 

normality.

Fig. 4.36 and Fig. 4.37 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data on the UT in Daejeon, respectively. 

As shown in Table 4.20 the carbonation rate coefficient and cover depth at 95 % of the CDF F(x)

were analyzed as 4.147 mm/√year and 87.381 mm.

Table 4.19 Statistics and normality test results of carbonation rate coefficient on the UT in Daejeon

Mean 2.3520 Mode 1.1726

Median 2.4087 Variance 1.1905

Sum 181.1078 Interquartile Range (IQR) 2.1334

Count 77 Range 4.1687

Standard Deviation 1.0911 Coefficient of Variation 0.4639

Standard Error 0.1243 Skewness -0.0881

p-Value (K-S Test) 0.1946 Kurtosis -1.0602

Fig. 4.35 Q-Q plot on the UT in Daejeon
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Fig. 4.36 Probability of carbonation rate coefficient on the UT in Daejeon

Fig. 4.37 Probability of cover depth on the UT in Daejeon

Table 4.20 Results of non-exceedance probability on the UT in Daejeon

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 2.355 50 55.470

60 2.628 60 60.385

70 2.924 70 65.644

80 3.270 80 71.798

85 3.483 85 75.578

90 3.750 90 80.333

95 4.147 95 87.381
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4.3.4.4 Probability analysis result on the UT in Daegu

Probability and statistical analysis were performed on the carbonation data of the UT in 

Daegu. A total of 38 carbonation data sets for the UT in Daegu, constructed between 1979 and 

1983, was tested for normality prior to probability analysis.

Table 4.21 and Fig. 4.38 show the statistical analysis and normality test results for the 

carbonation rate coefficient data on the UT in Daegu. The mean of carbonation rate coefficient 

is 3.1052 mm/√year and the standard deviation is 2.1180 mm/√year. The p-value of the K-S test 

for the data was 0.3693 and greater than 0.05, indicating that the statistical data satisfies the 

normality.

Fig. 4.39 and Fig. 4.40 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data on the UT in Daegu, respectively. As 

shown in Table 4.22 the carbonation rate coefficient and cover depth at 95 % of the CDF F(x)

were analyzed as 6.589 mm/√year and 57.345 mm.

Table 4.21 Statistics and normality test results of carbonation rate coefficient on the UT in Daegu

Mean 3.1052 Mode 1.2339

Median 2.4588 Variance 4.4860

Sum 117.9968 Interquartile Range (IQR) 2.9853

Count 38 Range 8.5272

Standard Deviation 2.1180 Coefficient of Variation 0.6821

Standard Error 0.3436 Skewness 0.9212

p-Value (K-S Test) 0.3693 Kurtosis 0.1863

Fig. 4.38 Q-Q plot on the UT in Daegu
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Fig. 4.39 Probability of carbonation rate coefficient on the UT in Daegu

Fig. 4.40 Probability of cover depth on the UT in Daegu

Table 4.22 Results of non-exceedance probability on the UT in Daegu

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 3.110 50 34.750

60 3.642 60 38.230

70 4.216 70 41.954

80 4.888 80 46.311

85 5.300 85 48.987

90 5.820 90 52.354

95 6.589 95 57.345
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4.3.4.5 Probability analysis result on the UT in Gwangju

Probability and statistical analysis were performed on the carbonation data of the UT in 

Gwangju. A total of 46 carbonation data sets for the UT in Gwangju, constructed in 1998, was

tested for normality prior to probability analysis.

Table 4.23 and Fig. 4.41 show the statistical analysis and normality test results for the 

carbonation rate coefficient data on the UT in Gwangju. The mean of carbonation rate coefficient 

is 3.2286 mm/√year and the standard deviation is 1.8428 mm/√year. The p-value of the K-S test 

for the data was 0.6960 and greater than 0.05, indicating that the statistical data satisfies the 

normality.

Fig. 4.42 and Fig. 4.43 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data on the UT in Gwangju, respectively. 

As shown in Table 4.24 the carbonation rate coefficient and cover depth at 95 % of the CDF F(x)

were analyzed as 6.260 mm/√year and 62.145 mm.

Table 4.23 Statistics and normality test results of carbonation rate coefficient on the UT in Gwangju

Mean 3.2286 Mode 4.3656

Median 3.0317 Variance 3.3961

Sum 148.5151 Interquartile Range (IQR) 2.9893

Count 46 Range 8.6132

Standard Deviation 1.8428 Coefficient of Variation 0.5708

Standard Error 0.2717 Skewness 0.5586

p-Value (K-S Test) 0.6960 Kurtosis 0.2047

Fig. 4.41 Q-Q Plot on the UT in Gwangju
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Fig. 4.42 Probability of carbonation rate coefficient on the UT in Gwangju

Fig. 4.43 Probability of cover depth on the UT in Gwangju

Table 4.24 Results of non-exceedance probability on the UT in Gwangju

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 3.233 50 45.370

60 3.695 60 47.953

70 4.195 70 50.718

80 4.780 80 53.953

85 5.139 85 55.940

90 5.590 90 58.440

95 6.260 95 62.145
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4.3.4.6 Probability analysis result on the UT in Busan

Probability and statistical analysis were performed on the carbonation data of the UT in 

Busan. A total of 59 carbonation data sets for the UT in Busan, constructed in 1996, was tested 

for normality prior to probability analysis.

Table 4.25 and Fig. 4.44 show the statistical analysis and normality test results for the 

carbonation rate coefficient data on the UT in Busan. The mean of carbonation rate coefficient 

is 0.9987 mm/√year and the standard deviation is 0.3244 mm/√year. The p-value of the K-S test 

for the data was 0.2575 and greater than 0.05, indicating that the statistical data satisfies the 

normality.

Fig. 4.45 and Fig. 4.46 show histogram and probability analysis results for the 

carbonation rate coefficient and concrete cover depth data on the UT in Busan, respectively. As 

shown in Table 4.26 the carbonation rate coefficient and cover depth at 95 % of the CDF F(x)

were analyzed as 1.532 mm/√year and 59.667 mm.

Table 4.25 Statistics and normality test results of carbonation rate coefficient on the UT in Busan

Mean 0.9987 Mode 1.1180

Median 1.0634 Variance 0.1052

Sum 58.9236 Interquartile Range (IQR) 0.3546

Count 59 Range 1.495

Standard Deviation 0.3244 Coefficient of Variation 0.3248

Standard Error 0.0422 Skewness 0.3144

p-Value (K-S Test) 0.2575 Kurtosis 0.3459

Fig. 4.44 Q-Q Plot on the UT in Busan
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Fig. 4.45 Probability of carbonation rate coefficient on the UT in Busan

Fig. 4.46 Probability of cover depth on the UT in Busan

Table 4.26 Results of non-exceedance probability on the UT in Busan

CDF F(x)
(%)

Carbonation Rate Coefficient
(mm/√year)

CDF F(x)
(%)

Cover Depth
(mm)

50 1.000 50 42.433

60 1.081 60 45.088

70 1.169 70 47.928

80 1.272 80 51.251

85 1.335 85 53.292

90 1.414 90 55.860

95 1.532 95 59.667
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4.4 Carbonation rate analysis on the PCT and UT

The carbonation rates of the PCT and UT were investigated using probability analysis. 

Table 4.27 summarizes the carbonation rate coefficients of the PCT and UT by region for the 

non-exceedance probability 50 % and 95 %. Assuming that the data follow a normal distribution, 

50 % of the CDF F(x) represents the mean (μ) value of the data, and 95 % of the CDF F(x) is 

less than the probability 97.725 % of the cumulative interval from the population mean to μ+2σ. 

In order to understand the trend of regional carbonation rates of the PCT and UT, the results 

were compared with the results of the prediction model of carbonation of JSCE and JASS 5. As 

shown in Eq. (2.47), JSCE’s carbonation prediction model is based on the characteristics of 

water-binder ratio (W/B). As shown in Fig. 2.6, JASS 5 is a carbonation prediction model 

considering concrete compressive strength.

The classical carbonation prediction model could be applied when there is construction 

information such as cement type, aggregate type, admixtures, water-binder ratio (W/B), and so 

on. However, it is practically impossible to obtain construction information for the PCT and UT 

over 20 years of use. Therefore, this study assumed W/B as 0.50, 0.55, and 0.60 in JSCE’s 

carbonation prediction model, respectively. The compressive strength of concrete applied to the 

carbonation prediction model of JASS 5 takes into account the maximum and minimum design 

criteria strength of the PCT and UT. Therefore, concrete compressive strengths of 21 MPa, 27

MPa, and 50 MPa were applied to the PCT and 18 MPa, 27 MPa, and 35 MPa to the UT, 

respectively. Concrete compressive strengths of 50 MPa and 35 MPa were applied to precast 

concrete members of the PCT and UT.

Table 4.27 Results of non-exceedance probability on the PCT and UT

Region

Carbonation Rate Coefficient (mm/√year)

50 % of the CDF F(x) 95 % of the CDF F(x)

PCT UT PCT UT

Seoul 1.880 1.654 3.655 2.930

Incheon 0.249 1.434 0.485 3.076

Daejeon 1.444 2.355 2.747 4.147

Daegu 1.874 3.110 3.847 6.589

Gwangju 2.195 3.233 4.123 6.260

Busan 2.051 1.000 4.042 1.532
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4.4.1 Carbonation rates on the PCT

Comparison results of carbonation for the PCT between the probability analysis and the 

prediction model of JSCE were presented in Fig. 4.47. As shown in Fig. 4.47 (a), according to 

the 50 % of the CDF F(x), the carbonation depths of the PCT in Daejeon and Daegu were 

respectively similar to those of JSCE’s prediction models under the conditions at 0.55 and 0.60 

of W/B. As shown in Fig. 4.47 (b), the carbonation depth of the PCT from probability analysis

exceeds the prediction values by the JSCE’s model applied under the conditions at 95 % of the 

CDF F(x) except for Incheon.

(a) 50 % of the CDF F(x)

(b) 95 % of the CDF F(x)

Fig. 4.47 Carbonation depth of the PCT by probability analysis and JSCE’s prediction model
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Comparison results of carbonation for the PCT between the probability analysis and the 

prediction model of JASS 5 were presented in Fig. 4.48. For the 50 % of the CDF F(x) as shown 

in Fig. 4.48 (a), the carbonation results of the PCT in Busan, Daejeon, and Incheon were similar 

to those of JASS 5’s prediction models under the conditions of concrete compressive strengths 

21 MPa, 27 MPa, and 50 MPa, respectively. Fig. 4.48 (b) shows the carbonation results of the 

PCT at 95 % of the CDF F(x) and the JASS 5’s prediction model results. The carbonation depth 

of the PCT from probability analysis exceeds the prediction values by JASS 5’s model applied 

21 MPa of compressive strength under the conditions at 95 % of the CDF F(x) except for Incheon.

(a) 50 % of the CDF F(x)

(b) 95 % of the CDF F(x)

Fig. 4.48 Carbonation depth of the PCT by probability analysis and JASS 5’s prediction model
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4.4.2 Carbonation rates on the UT

Comparison results of carbonation for the UT between the probability analysis and the 

prediction model of JSCE were presented in Fig. 4.49. As shown in Fig. 4.49 (a), according to 

the 50 % of the CDF F(x), the carbonation of the UT in Incheon and Busan were similar to those 

of JSCE’s prediction models under the conditions at 0.50 and 0.55 of W/B, respectively. As 

shown in Fig. 4.49 (b), the carbonation depth of UT from probability analysis exceeds the 

prediction values by the JSCE’s model applied to the 0.55 of W/B under the conditions at 95 %

of the CDF F(x).

(a) 50 % of the CDF F(x)

(b) 95 % of the CDF F(x)

Fig. 4.49 Carbonation depth of the UT by probability analysis and JSCE’s prediction model
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Comparison results of carbonation for the UT between the probability analysis and the 

prediction model of JASS 5 were presented in Fig. 4.50. For the 50 % of the CDF F(x) as shown 

in Fig. 4.50 (a), the carbonation results of the UT in Daejeon, Incheon, and Busan were similar 

to those of JASS 5’s prediction models under the conditions of concrete compressive strengths 

18 MPa, 27 MPa, and 35 MPa, respectively. Fig. 4.50 (b) shows the carbonation of the UT at 

95 % of the CDF F(x) and JASS 5’s prediction model results. As shown in Fig. 4.50 (b), the 

carbonation depth of UT from probability analysis exceeds the prediction values by the JASS 

5’s model applied 27 MPa of compressive strength under the conditions at 95 % of the CDF F(x).

(a) 50 % of the CDF F(x)

(b) 95 % of the CDF F(x)

Fig. 4.50 Carbonation depth of the UT by probability analysis and JASS 5’s prediction model
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4.5 Conclusions

The carbonation rates of the PCT and UT were analyzed through a probabilistic approach. 

The carbonation rate of the PCT and UT was analyzed for the non-exceedance probability 50 % 

~ 95 % using PDF p(x) and CDF F(x), and the approximate carbonation rate of the PCT and UT 

operated in Korea was presented.  In order to understand the trend of regional carbonation rates 

of the PCT and UT, the probability analysis results were compared with the results of the 

carbonation prediction model of JSCE and JASS 5. The results of the analysis are as follows.

• As a result of the analysis on the carbonation status, it was found that the carbonation depth 

dispersion is large enough to be difficult to characterize the pattern, unlike the test result of the 

limited laboratory. In particular, the carbonation rate coefficient of the PCT is in the range of 

0.017 ~ 5.774 mm/√year, and the carbonation rate coefficient of the UT is 0.080 ~ 11.612

mm/√year. Therefore, the dispersion is so large, that if the carbonation prediction model of 

specifications such as JSCE and JASS 5 is directly applied, the reliability of the prediction 

result is low.

• The detection of outliers that influences the results of the statistics of the regional carbonation 

rate coefficient for the PCT and UT was carried out. The outliers were detected in the PCT’s 

data in Seoul, Incheon, and Daejeon, and the UT’s data in Seoul, Incheon, Daegu, and Busan.

• Since the sample size of the PCT and UT handled in this study exceeds 30 per region, it can 

be assumed to be a normal distribution according to the CLT, and therefore, it will be 

considered to satisfy the normality. Nevertheless, Q-Q plot and Kolmogorov-Smirnov test 

techniques were applied to test the normality of carbonation data of the PCT and UT, 

additionally. The test results showed that all of the carbonation data on the PCT and UT where 

outliers were detected can assume normality.

• The analysis on the probability of carbonation for the PCT by region showed that at 50 % and 

95 % of the CDF F(x), the carbonation rate coefficient was in the range of 0.249 ~ 2.195 

mm/√year and 0.485 ~ 4.123 mm/√year, respectively. For the concrete cover depth, the range 

was 40.407 ~ 75.034 mm at 50 % of the CDF F(x) and 71.297 ~ 114.687 mm at 95 % of the 

CDF F(x).

• As in the case of the PCT, the analysis on the probability of carbonation for the UT by region

showed that at 50 % and 95 % of the CDF F(x), the carbonation rate coefficient was in the

range of 1.000 ~ 3.233 mm/√year and 1.532 ~ 6.589 mm/√year, respectively. For the concrete 
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cover depth, the range was 34.750 ~ 56.430 mm at 50 % of the CDF F(x) and 57.345 ~ 87.381

mm at 95 % of the CDF F(x).

• The reason why there were differences in the carbonation rate for the PCT and UT by region 

is the carbonation of the PCT and UT by region was affected by the effects of the mix 

proportions of concrete used, temperature, humidity, and atmospheric CO2 concentration.

• As a result of comparing the predicted carbonation depths between the probability analysis and 

the prediction model of standard specification such as JSCE and JASS 5, it was found that 

there were significant differences. Therefore, in order to maintain the carbonation of the PCT 

and UT individually by region and structures, a new type of carbonation prediction model 

based on each carbonation data of the PCT and UT is required.
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5.1 Introduction

In chapter 4, the carbonation trend of the PCT and UT by region was analyzed by a 

probabilistic approach based on the limited maintenance information of the precision safety 

inspection results. The collected carbonation depth data showed that the dispersion was large 

enough to make it difficult to characterize the pattern. Part of the reason for this variety of 

carbonation depths may be due to human and mechanical errors inevitably accompanied by the 

inspection. Therefore, prior to the probability analysis, outliers affecting the statistical results

were detected to improve the reliability of the probability analysis results.

However, the measurement result on the carbonation by the probabilistic approach is 

only an estimated value even if appropriately corrected by means such as detection of outliers. 

This is because it is impossible to completely correct the data due to the detection of outliers, 

and in particular, because of the random effect, there is always uncertainty in the random 

variables. The uncertainty in measurement is a quantitative indicator of the reliability of 

measurement results, reflecting the fact that the value of a measurand cannot be accurately 

known.

In general, uncertainty evaluation is performed by statistically analyzing a series of 

observations or by a method other than statistical analysis of a series of observations [5.1]. 

However, all of these evaluation methods are based on probability distributions, and no matter 

which method is applied, the uncertainty component is quantified by variance or standard 

deviation. The estimated variance of the uncertainty component obtained by statistically 

analyzing a series of observations to evaluate the uncertainty is calculated from a series of 

repeated observations, which corresponds to the statistically estimated variance. The estimated

standard deviation is expressed as the positive square root of the estimated variance. The method 

of evaluating the uncertainty through statistical analysis in this way is to evaluate the uncertainty 
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from the probability density function based on the observed frequency distribution as performed 

in Chapter 4. However, in the case of methods other than statistical analysis of a series of 

observations, the estimated variance or standard is evaluated by scientific judgment based on all 

available information about the variability of the input quantity.

In this study, the uncertainty was quantified for the random variables of concrete 

carbonation rate coefficients of the PCT and UT for each region estimated using the principle of 

maximum entropy. Currently, there are insufficient studies that can systematically and 

objectively quantify the uncertainty of concrete carbonation measurement in addition to the 

method of evaluating the uncertainty by statistically analyzing a series of observations. Entropy 

is used as a measure of the degree of irregularity or uncertainty in many applications, such as 

diffusion theory and information theory, as well as probability theory. That is, entropy is a 

numerical representation of information about the signal within a certain system. Therefore, a 

large entropy means a large degree of reduction in the uncertainty at that point and a large amount 

of information for the same signal received within the same system. It is believed that the 

uncertainty of the concrete carbonation rate coefficient determined due to the influence of 

various factors can be measured by applying the characteristics of information entropy theory.

The maximum entropy method estimates the unbiased probability density function by 

maximizing the entropy of the probability distribution function according to the moment 

constraint of a given random variable [5.2-3]. The probability distribution maximizing entropy 

was found to be numerically the same as the frequency distribution which can be realized in the 

greatest number of ways [5.4]. Therefore, by applying the principle of maximum entropy to the 

probability distribution of carbonation rate coefficients of the PCT and UT by region, the 

uncertainty of the probability distribution function for the carbonation rate coefficient of the PCT 

and UT by region was measured.

5.2 Measure of uncertainty on the random variables of carbonation rate

coefficients

5.2.1 Maximum entropy distribution for carbonation rate coefficients 

The uncertainty of PDF p(x) for carbonation rate coefficients of the PCT and UT was 

measured. In this study, information about the possible true values of carbonation rate 

coefficients X was represented in the form of a complete PDF p(x). In general, the uncertainty of 

PDF p(x) can be measured by both its variance σ2 and its entropy H(X) [5.5]. However, they are 
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different in that σ2 represents the spread of p(x) while H(X) captures the shape of the p(x). If the 

concept of entropy is expanded, the uncertainty contained in a phenomenon can be quantitatively 

expressed based on the probability distribution for an arbitrary phenomenon [5.6]. The smaller 

the standard deviation and the higher the probability for the mean value, the smaller the 

uncertainty value, and the larger the standard deviation and the lower the probability for the mean 

value, the larger the uncertainty value. Therefore, the uncertainty can be quantitatively expressed 

according to the frequency of occurrence for a random event [5.7].

Entropy is a numerical expression of the confidence level or amount of information 

possessed by a probability distribution. That is, entropy is one of the methods that can 

quantitatively estimate the randomness or uncertainty of the information context generated by 

the given information [5.8]. If the probability of selecting a specific value in the probability 

distribution increases and the probability of selecting the remaining value decreases, the entropy 

decreases. Conversely, when the probability of selecting several values is mostly similar, entropy 

increases [5.9]. And entropy is used as a characteristic value indicating the shape of the 

probability distribution. That is, if the probability or probability density is concentrated at a 

specific value, the entropy is small. On the contrary, if the probability or probability density is 

evenly spread over various values, the entropy is high.

Information X is defined as a random variable with probability p(x), and if the average 

concept is introduced to the information amount I(X) as in Eq. (5.1), entropy H(X) is expressed 

as Eq. (5.2) [5.8]. Mathematically, entropy is defined as a kind of functional that takes a 

probability distribution function as an input and outputs a number.

(5.1)

(5.2)

Where,

H(X) : Entropy of X

X : Random variable with probability p(x)

p(x) : Probability function of X
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Maximum entropy is a method of maximizing and quantifying uncertainty based on this 

given information. In quantifying the uncertainty, it has been proven that the maximum entropy 

can be used to minimize the bias when available information is given [5.10]. When analyzing

the data, the probability distribution function with maximum entropy is used as the preferred 

probability model for the data if there is no additional knowledge of the data of interest other 

than their mean (μ) and variance (σ2). These models allow maximum flexibility and impose a 

minimum amount of unsupported constraints, leading to minimal bias errors.

Using a normal distribution for a continuous random variable, such as the carbonation 

rate coefficient, maximizes the differential entropy for a given variance. A Gaussian random 

variable has the largest entropy among all random variables of equal variance. Alternatively, the 

maximum entropy distribution under constraints of the mean and variance is the Gaussian [5.11]. 

Given a continuous random variable X with PDF p(x), its differential entropy is defined as Eq. 

(5.3). Note that it uses the natural logarithm and uses h instead of H. The integration is supposed 

to happen only for those x with p(x) > 0. In the continuous case, the integration can be infinite, 

though. 

(5.3)

If p(x) = N(x; μ, σ2) be a normal PDF, its differential entropy is Eq. (5.4).

(5.4)

Where,
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In this way, the normal distribution is the probability distribution with the largest entropy

among the probability distributions that know the expected value and standard deviation. As 

shown in Eq. (5.4), when the input variable is continuous, the Gaussian distribution maximizes 

entropy, and in this case, entropy is affected only by variance σ2. If the variance increases, the 

entropy increases, and if the variance increases to ∞, it becomes a uniform distribution.

5.2.2 Variation of CDF for carbonation rate coefficients on the PCT and UT

In this study, the mean and variance of the carbonation rate coefficients on the PCT and 

UT have already been statistically verified, and the uncertainty of PDF p(x) for the carbonation 

rate coefficients of the PCT and UT was measured by additionally calculating entropy. Prior to 

measuring uncertainty for PDF p(x) by entropy, the confidence interval of the mean carbonation 

rate coefficient was estimated with a confidence level of 95 % to confirm the variation of CDF 

F(x) on the PCT and UT. The population mean (μ) is located in a multiple interval (Zα/2) of the 

left and right standard error ( ) based on the sample mean ( ), that is, in the confidence 

interval (± Zα/2 ). Therefore, expressing the 95 % confidence level together with the 

confidence interval is as shown in Eq. (5.5). The confidence intervals for the carbonation rate 

coefficients of the PCT and UT according to the 95 % confidence level are shown in Table 5.1, 

and CDF F(x) change pattern for this is shown in Fig. 5.1 and Fig. 5.2.

(5.5)

Where,

Zα/2 : Multiple interval (=1.96)

Table 5.1 95 % confidence intervals for carbonation rate coefficients of the PCT and UT

PCT
Confidence Interval

[mm/ √year]
UT

Confidence Interval
[mm/ √year]

Seoul [1.7545, 2.0003] Seoul [1.5309, 1.7723]

Incheon [0.2103, 0.2871] Incheon [1.2473, 1.6147]

Daejeon [1.2391, 1.6441] Daejeon [2.1084, 2.5956]

Daegu [1.7155, 2.0267] Daegu [2.4317, 3.7787]

Gwangju [2.0354, 2.3478] Gwangju [2.6961, 3.7611]

Busan [1.8521, 2.2429] Busan [0.9169, 1.0814]
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(a) Seoul

(b) Incheon

(c) Daejeon

Fig. 5.1 CDF F(x) for carbonation rate coefficients of the PCT at 95 % confidence level
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(d) Daegu

(e) Gwangju

(f) Busan

Fig. 5.1 CDF F(x) for carbonation rate coefficients of the PCT at 95 % confidence level (Continued)
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(a) Seoul

(b) Incheon

(c) Daejeon

Fig. 5.2 CDF F(x) for carbonation rate coefficients of the UT at 95 % confidence level
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(d) Daegu

(e) Gwangju

(f) Busan

Fig. 5.2 CDF F(x) for carbonation rate coefficients of the UT at 95 % confidence level (Continued)
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As shown in Fig. 5.1 and Fig. 5.2, The CDF F(x) for carbonation rate coefficient 

considering the confidence interval in the Gaussian distribution can be expressed as Eq. (5.6), 

Eq. (5.7), and Eq. (5.8). 

(5.6)

(5.7)

(5.8)

5.3 Entropy of random variables for carbonation rate coefficients

The entropy of the continuous random variable according to the confidence interval of 

the carbonation rate coefficient statistic can be calculated according to Eq. (5.4). As in Eq. (5.4), 

when p(x) follows a Gaussian distribution, entropy is affected only by variance σ2. Therefore, 

the entropy is measured the same regardless of how the population mean is estimated according 

to the confidence level. Generally, the entropy of a standard normal distribution N (0, 1) is 

(= 1.4189).

In particular, the differential entropy can be zero or negative. If σ≪ 1, then the entropy 

of N (0, σ2) is negative. So, the entropy is negative if σ2 < 1/ = 0.0585, or σ < 0.2420. It 

simply means that the PDF p(x) has values greater than 1.0 in a comparatively big interval [5.12]. 

The probability distributions in the continuous case can be more concentrated than a uniformly 

distributed random variable on [0, 1]. Thus, the entropy can be less than zero. The entropy H(X)

for PDF p(x) of carbonation rate coefficient on the PCT and UT is shown in Table 5.2 and Fig. 

5.3.
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Table 5.2 Entropy H(X) on the PDF p(x) of carbonation rate coefficient for the PCT and UT

PDF p(x)
Entropy H(X)

(bit)
PDF p(x)

Entropy H(X)
(bit)

PCT

Seoul 2.1592

UT

Seoul 1.6831

Incheon -0.7518 Incheon 2.0474

Daejeon 1.7138 Daejeon 2.1729

Daegu 2.3113 Daegu 3.1298

Gwangju 2.2785 Gwangju 2.9290

Busan 2.3250 Busan 0.4229

Fig. 5.3 Entropy H(X) on the PDF p(x) of carbonation rate coefficient for the PCT and UT

As shown in Table 5.2 and Fig. 5.3, the entropy H(X) of p(x) for the probability 

distribution of the carbonation rate coefficient of the PCT in Incheon was smaller than the 

entropy of p(x) for standard normal distribution. The standard deviation on the probability 

distribution of the carbonation rate coefficient for the PCT in Incheon was 0.1437, indicating 

that the entropy of probability distribution was negative. This means that the variance on the

random variables of the carbonation rate coefficient for the PCT in Incheon is quite small, and 

the randomness of sampling is small.

In the case of the UT, the entropy of p(x) for probability distribution of the carbonation 

rate coefficient in Busan was found to be smaller than the entropy of p(x) for standard normal 

distribution. As shown in Table 5.2, the entropy on the probability distribution of the carbonation 

rate coefficient for the UT in Daegu and Gwangju was analyzed to be greater than that of standard 

normal distribution, indicating that the randomness of probability was high.
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Table 5.3 Measure of uncertainty for probability distribution on the PCT and UT by entropy

PDF p(x)
h(X)
(nat.)

Difference
(ⓑ-ⓐ)/ⓐ

(%)
PDF p(x)

h(X)
(nat.)

Difference
(ⓓ-ⓒ)/ⓒ

(%)

Standard Normal (ⓐ) 1.4189 - Standard Normal (ⓒ) 1.4189 -

PCT (ⓑ)

Seoul 1.4966 5.5

UT (ⓓ)

Seoul 1.1666 -17.8

Incheon -0.5211 -136.7 Incheon 1.4191 0.0

Daejeon 1.1879 -16.3 Daejeon 1.5061 6.1

Daegu 1.6021 12.9 Daegu 2.1694 52.9

Gwangju 1.5794 11.3 Gwangju 2.0302 43.1

Busan 1.6115 13.6 Busan 0.2932 -79.3

Fig. 5.4 Analysis on the uncertainty of probability distribution for the PCT and UT by entropy

The entropy on the probability distribution of the carbonation rate coefficient for the PCT 

and UT by region and the standard normal distribution were analyzed and compared. If the 

entropy difference value is positive, it means that the variance of the probability distribution of

the carbonation rate coefficient for the PCT and UT is larger than that of standard normal 

distribution. As shown in Table 5.3 and Fig. 5.4, the entropy on the probability distribution of

the carbonation rate coefficient for the PCT in Incheon and the UT in Busan was found to have 

a large difference compared to the entropy of standard normal distribution. In particular, since 

the difference in entropy in both regions is negative, the variance of the probability distribution 

for the carbonation rate coefficient is smaller than that of the standard normal distribution, and 

thus the uncertainty and randomness of the probability distribution are relatively low.
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5.4 Conclusions

Uncertainty was quantified for the random variables of carbonation rate coefficients of 

the PCT and UT by region estimated using the principle of maximum entropy that is a method 

of maximizing and quantifying uncertainty based on given information. The analysis results are 

as follows.

• The confidence intervals of 95 % were estimated for the sample mean of carbonation rate 

coefficients of the PCT and UT according to the probability analysis, and the variation of the 

carbonation rate coefficient CDF F(x) on the PCT and UT by region was confirmed. The 

variation of the carbonation rate coefficient CDF F(x) for the PCT in Incheon was found to be 

very small, and the variation of carbonation rate coefficient CDF F(x) for the UT in Daegu was 

found to be the largest.

• By applying the principle of maximum entropy to the random variables of carbonation rate 

coefficients on the PCT and UT by region, the uncertainty on the PDF p(x) of carbonation rate 

coefficients for the PCT and UT by region was measured. The entropy on the probability 

distribution of the carbonation rate coefficient for the PCT in Incheon and the UT in Busan 

was found to have a large difference compared to the entropy of standard normal distribution.

• In particular, the entropy on the probability distribution of the carbonation rate coefficient for 

the PCT in Incheon was calculated as a negative, so that the variance of probability distribution 

was very small, and the predictability of the carbonation rate coefficient was high. That is, the 

probability distribution of the carbonation rate coefficient in the continuous case is more 

concentrated than the uniformly distributed random variable on [0, 1]. Thus, the random 

variables of the carbonation rate coefficient for the PCT in Incheon was evaluated to have very 

low randomness.

• As a result of measuring the uncertainty of carbonation rate coefficient due to entropy, in order 

to improve the reliability of the statistical estimation, it is necessary to supplement the 

randomness on the random variables of the carbonation rate coefficient for the PCT in Incheon 

and the UT in Busan.

• By quantifying the uncertainty for the random variables of carbonation rate coefficients of the 

PCT and UT by region into a single numerical value by entropy, the uncertainty could be 

measured simpler and more understandable than the CDF analysis.
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6.1 Introduction

The difference in the carbonation rate coefficients of underground structures with the 

same design criteria is closely related to the different conditions of construction quality and use 

environment. Therefore, it is necessary to examine the possibility of predicting the carbonation 

rate coefficient considering the regional use environment characteristics and the construction 

quality characteristics of the structures collected from the precision inspection and precision 

safety diagnosis reports of the underground structures. However, it is not easy to quantitatively 

compare the effects of these characteristics on the carbonation rate coefficient of underground 

structures.

Regression analysis is a branch of inferential statistics that analyzes the relationship 

between two or more variables, especially the causal relationship between the variables. It infers 

the correlation by identifying the mathematical linear functional expression of the change in the 

value of a specific variable and the change in the value of another variable. Through this 

regression equation which is an estimated functional expression, it is possible to understand how 

the change of the independent variable is related to the change of the dependent variable. If 

relevant, it can be analyzed which variable is responsible for the change and which variable is 

consequential. Thus, the regression analysis differs from the correlation analysis that examines 

only the closeness of the relationships between simple variables, not causal relationships [6.1].

In this study, appropriate characteristic variables for the prediction of carbonation rate

coefficients were selected from the collected data. The multiple regression analysis was used to 

quantitatively analyze the relationship between the characteristic variables and the carbonation 

rate coefficient, and to find out how the selected characteristic variables affect the carbonation 

rate coefficient of the underground structures.
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6.2 Application of multiple regression analysis for the PCT and UT 

In order to determine the value of a dependent variable which is the carbonation rate 

coefficient, various independent variables such as regional use environment characteristics and 

construction quality characteristics of the structure are required. As described above, a regression 

model in which two or more independent variables are used to explain a change in a dependent 

variable is called a multiple regression model. In particular, a statistical technique that analyzes 

the relevance between variables using the multiple regression model is called multiple regression 

analysis.

The general form of the multiple linear regression model with k independent variables is 

shown in Eq. (6.1).

(6.1)

Where β0, β1, …, βk are the regression coefficients of the population and εi is the error 

that occurs when measuring the dependent variable y. The error εi follows the normal distribution 

N (0, σε
2) and assumes that the errors occur independently of each other. Eq. (6.1) is expressed 

using a matrix as shown in Eq. (6.2) [6.1].

(6.2)

Where,

ε : N (0, σε
2I)

I : Unit matrix

The least squares estimators of the coefficient β of the multiple linear regression model 

using Eq. (6.2) is given in Eq. (6.3).

(6.3)

Where,

X΄ : Transposed matrix of X
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As in this study, if the variables to be analyzed are qualitative variables such as structural 

classification of the PCT and UT and regional classification of Seoul, Incheon, Daejeon, Daegu, 

Gwangju, and Busan, indicator variables should be used. In other words, when using Eq. (6.4) 

as an indicator variable to indicate the classification of structures that are qualitative variables, 

an example of the multiple linear regression model including the quantitative variable of X1 and 

the qualitative variable of X2 is shown in Eq. (6.5).

(6.4)

(6.5)

The multiple linear regression model for the PCT with X2 = 0 and the UT with X2 = 1 can 

be expressed as Eq. (6.6). In this case, the expected value of the regression model is called the 

response function, and the response function of the PCT and UT can be expressed as shown in 

Eq. (6.7).

(6.6)

(6.7)

6.3 Variables selection for multiple regression analysis

In multiple linear regression analysis, when there are a large number of independent 

variables that determine the value of the dependent variable, it is common to select a variable 

that is considered important or to remove a variable that is not explanatory for fitting the 

regression model [6.2]. Many variables that are often given, including those contained in the 

model, complicate the regression model, while others have poor explanatory power to explain 

the dependent variable. Therefore, it is very important to choose independent variables to be a 

help the regression model.
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Table 6.1 Variables selection method [6.2]

Methods Characteristics

Forward selection

• The partial F-test is used as a method of starting from a model with 
only intercepts, selecting the most important variables in order, and
adding them to the model

• If the variable corresponding to the largest partial F-statistic among 
the remaining variables is not significant, the variable selection is 
stopped

Backward elimination
• After all independent variables are included in the model, variables 

are removed until the variable corresponding to the smallest partial 
F-statistic is significant by the partial F-test

Stepwise regression

• In the process of selecting independent variables, newly added 
variables may cause variables that are not helpful to the model 
among previously selected variables

• When adding a new variable, it is a method of repeatedly adding and 
removing variables while repeating the process of checking whether 
there is a variable to be removed among the previously selected 
variables

All possible regression
• It is a method of selecting the best model after fitting a model with 

all possible combinations of variables, and requires a lot of 
calculations

Important variable selection methods include forward selection, backward elimination, 

stepwise regression, and all possible regressions. The characteristics of the variable selection 

method were summarized in Table 6.1.

In this study, structures classification, region classification, construction type, 

measurement location, member parts of structures, and concrete strength were considered as 

independent variables to determine the carbonation rate coefficient as a dependent variable. The 

variables of structures classification, region classification, and member parts of structures are 

related to CO2 concentration and relative humidity as external factors of concrete carbonation. 

In addition, construction type, measurement location, and concrete strength are variables that are 

affected by construction quality, concrete material, and compounding as internal factors of 

concrete carbonation. The status of independent and dependent variables considered in this study 

are shown in Table 6.2 and Fig. 6.1. Variable selection using all possible regression was 

performed on these variables. The results of the variable selection analysis on 9 and 10 variables 

are shown in Table 6.3.
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Table 6.2 Variables on the regression model

Variables Definitions Values

structures • Classification of structures
• 0 = PCT
• 1 = UT

region
• Region classification of 

structures

• 0 = Seoul
• 1 = Incheon (region 1)
• 2 = Daejeon (region 2)
• 3 = Daegu (region 3)
• 4 = Gwangju (region 4)
• 5 = Busan (region 5)

type
• Construction method of 

structures
• 0 = Reinforced concrete
• 1 = Precast concrete

location
• Measurement location of 

structures
• 0 = Wall
• 1 = Slab

member • Member parts of structures
• 0 = Tunnel
• 1 = Shaft

strength
• Concrete compressive strength

of structures
• Range: 17.5 ~ 57.5
• Unit: MPa

crc
• Carbonation rate coefficient of 

structures
• Range: 0.017 ~ 8.807
• Unit: mm/√year

Fig. 6.1 Relational diagram between variables

structures
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Table 6.3 Results of variable selection by all possible regression method

Variables
Num. of
Variables

R2 Ra
2 Cp AIC

structures/ region1/ region2/ region3/
region4/ region5/ type/ member/ strength 

9 0.6725 0.6705 9.0707 -1031.1693 

structures/ region2/ region3/ region4/
region5/ type/ location/ member/ strength 

9 0.6712 0.6693 14.7128 -1025.4965 

structures/ region1/ region2/ region3/
region4/ type/ location/ member/ strength 

9 0.6687 0.6667 26.4670 -1013.7469 

structures/ region1/ region3/ region4/
region5/ type/ location/ member/ strength 

9 0.6650 0.6630 42.9576 -997.4166 

structures/ region1/ region2/ region3/
region5/ type/ location/ member/ strength 

9 0.6628 0.6607 53.1229 -987.4381 

region1/ region2/ region3/ region4/ region5 
type/ location/ member/ strength 

9 0.6508 0.6487 107.3891 -935.2664 

structures/ region1/ region2/ region4/
region5/ type/ location/ member/ strength 

9 0.6451 0.6429 133.4722 -910.8226 

structures/ region1/ region2/ region3/
region4/ region5/ location/ member/

strength 
9 0.6388 0.6366 161.8751 -884.6511 

structures/ region1/ region2/ region3/
region4/ region5/ type/ location/ member 

9 0.5749 0.5723 451.9836 -640.6653 

structures/ region1/ region2/ region3/
region4/ region5/ type/ location/ strength 

9 0.3851 0.3813 1313.2891 -88.0448 

structures/ region1/ region2/ region3/
region4/ region5/ type/ location/ member/

strength 
10 0.6725 0.6703 11.0000 -1029.2405 

As shown in Table 6.3, the decision criteria for variable selection are the coefficient of 

determination (R2), adjusted coefficient of determination (Ra
2), Cp statistics, and AIC (Akaike 

Information Criterion) statistics. In general, analysis of variance (ANOVA) is used to check 

whether the regression model fits well [6.1]. Decompose the difference between the observed 

value yi and the mean ӯ as shown in Eq. (6.8).

(6.8)

Where, yi - ŷi is the portion not described by the fitted model as the residual and ŷi - ӯ is 

the portion described by the model. Square both sides of Eq. (6.8) and obtain the sum of squares 

as shown in Eq. (6.9).
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(6.9)

Where,

∑ (yi – ӯ)2 : Total sum of squares (SST)

∑ (ŷi – ӯ)2 : Regression sum of squares (SSR)

∑ (yi – ŷi)2 : Error sum of squares (SSE)

In general, a coefficient of determination is used to measure how well the estimated

multiple regression equation fits the given data. The coefficient of determination is the ratio of 

the regression sum of squares (SSR) to the total sum of squares (SST), as shown in Eq. (6.10).

(6.10)

The closer R2 is to 1, the higher the explanatory power of the regression model. The R2

usually represents a value between 0 and 1, but can be negative if SSE is greater than SST. In 

other words, this means that the regression model has lower performance than estimated by the 

mean value of the data [6.3-4]. The criterion that can be used when the number of independent 

variables is different to compensate for the shortcomings of the coefficient of determination is 

the adjusted coefficient of determination. In the case of the multiple linear regression model, the 

coefficient of determination always increases as the number of independent variables in the 

model increases, so it is recommended to use the adjusted coefficient of determination such as 

Eq. (6.11) to select an appropriate model.

(6.11)

Where,

n : Number of data

k : Number of independent variables

The Cp statistic is given by C. L. Mallows as shown in Eq. (6.12). Where, SSEk means 

the sum of squares error in the regression model made by selecting k independent variables, and 

MSET means the mean squared error in the regression model including all the independent 

variables considered. The smaller the value of the Cp statistic, the better [6.5].
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(6.12)

Where,

n : Number of data

k : Number of independent variables

The AIC statistic, proposed by H. Akaike, is defined as Eq. (6.13). Where, SSEk means 

the sum of squares error in the regression model made by selecting k independent variables. The 

smaller the value of the AIC statistic, the better [6.6].

(6.13)

Where,

n : Number of data

k : Number of independent variables

Models derived from variable selection methods such as forward selection, backward 

elimination, stepwise regression, and all possible regressions are not necessarily optimal. That is 

because these methods simply select variables and are not criteria for selecting the best model 

[6.1]. The result of variable selection in Table 6.3 shows that the performance of ‘structures + 

region (n) + type + location + member + strength’ with independent variable ‘location’ and 

‘structures + region (n) + type + member + strength’ without independent variable ‘location’ 

are similar. In the former case, R2 was 0.6725 and Ra
2 was 0.6703. In the latter case, R2 was 

0.6725 and Ra
2 was 0.6705. However, these results are based on linear relationships between the 

dependent and independent variables, which have limitations in inferring the results of the 

dependent and independent variables based on nonlinearity. Therefore, in this study, a regression 

model consisting of independent variables of ‘structures + region (n) + type + location + 

member + strength’ with independent variable ‘location’ was selected and multiple linear 

regression analysis was performed. The basic form of the multiple linear regression model for 

estimating the carbonation rate coefficient on the underground structures is shown in Eq. (6.14).

(6.14)
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6.4 Multiple linear regression model on the PCT and UT

In this study, the multiple linear regression analysis was performed to estimate the 

carbonation rate coefficient on the existing underground structures such as the PCT and UT 

considering structures classification, region classification, construction type, measurement 

location, measurement member, and concrete compressive strength. The procedure for multiple 

linear regression analysis is shown in Fig. 6.2.

STEP Ⅰ

Creating the of regression model

STEP Ⅱ

Checking whether the model is statistically significant

• Ra
2 ensures that the model describes what percentage of the target variable

F-test
(F-statistic)

• F-test states a group of variables are statistically significant or not
• F-statistic is the ratio of the mean square for treatment or between groups 

with the mean square for error or within groups, and the larger the value, 
the more the estimated regression model is statistically significant in 
describing the relationship between the variables

p-value

• p-value is used to determine whether each variable significantly affects the 
target variable

• If less than 0.05, it can be said that each variable explains the resulting 
variable significantly

STEP Ⅲ

Diagnosing the regression model

Residual analysis

• A review of appropriateness, equivalence of error terms, independence, 
normality, and linearity for the fitted regression model

• Checking on the ‘Residuals vs Fitted’ plot, ‘Normal Q-Q’ plot, ‘Scale-
Location’ plot, and ‘Residuals vs Leverage’ plot

Multicollinearity
• Over-fitting problem occurs when independent variables depend on each 

other
• Confirmation of variance inflation factor (VIF)

STEP Ⅳ

Getting estimations for a new data set

Fig. 6.2 Procedure for multiple regression analysis in this study
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6.4.1 Regression model and goodness of fit

Using the variables in Table 6.2, a multiple linear regression model was created to 

estimate the carbonation rate coefficient of underground structures such as the PCT and UT. The 

results of the generated multiple linear regression model are summarized in Table 6.4. The 

adjusted coefficient of determination of the multiple linear regression model is 0.6703, indicating 

that the model can explain about 67 % of the variation on the dependent variables. In general, it 

is known to be meaningful as a regression model for the case where the coefficient of 

determination is 0.65 or more [6.7].

Table 6.4 Summary of results on the multiple linear regression model

Residuals:

Min 1Q Median 3Q Max

-2.0408 -0.5034 -0.0365 0.4410 4.7900

Coefficients

- Estimate Std. Error t value Pr (> t )

(Intercept) 4.116421 0.16128 25.524 < 0.0001

structures 0.42880 0.04323 9.919 < 0.0001

region1 -0.16558 0.06927 -2.390 0.0170 

region2 0.40984 0.07033 5.827 < 0.0001

region3 0.61959 0.05554 11.157 < 0.0001

region4 0.38698 0.05826 6.643 < 0.0001

region5 0.25067 0.05998 4.179 < 0.0001

type 1.58142 0.12790 12.364 < 0.0001

location -0.01485 0.05587 -0.266 0.7904 

member 1.52421 0.04220 36.115 < 0.0001

strength -0.11713 0.00557 -21.047 < 0.0001

Residual standard error: 0.7065 on 1486 degrees of freedom

Multiple R-squared: 0.6725

Adjusted R-squared: 0.6703 

F-statistic: 305.2 on 10 and 1486 DF

p-value: < 2.2e-16
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Table 6.5 Analysis of variance on the multiple linear regression model

- Sum Sq Df Mean Sq F value Pr (>F)

Regression 1523.1460 10 152.3146 305.150 < 0.0001

Residuals 741.7312 1486 0.4991 

Sum 2264.8772 1496

The F-statistic was tested to determine whether the derived regression equations are 

statistically significant for the entire regression model [6.8]. As in Table 6.5 showing the analysis 

of variance, the value of the F-statistic for testing the statistical significance of the regression 

equation is 305.150, and the significance level is < 0.0001. Since Pr (>F) = 0.0001 < α = 0.05, 

this regression is significant. In other words, the regression equation composed of the 

independent variable ‘structures + region (n) + type + location + member + strength’ can be 

considered statistically significant.

The p-values were tested to determine whether each variable had a significant effect on 

the dependent variable [6.9]. All variables were statistically significant except the independent 

variable ‘location’. The regression coefficient of ‘location’ -0.01485 is statistically insignificant, 

with Pr (> t ) = 0.7904 > α = 0.05. Therefore, it can be said that ‘location’ is not meaningful in 

the data collected from precision safety inspection as an independent variable under linear 

regression. Table 6.6 shows the confidence intervals for the regression coefficients. The 

regression coefficients of the independent variables estimated in the created multiple linear 

regression model were found to be within each confidence interval.

Table 6.6 Confidence intervals of regression coefficients

Variables Regression Confidence Intervals

- Coefficients 2.5 % 97.5 %

(Intercept) 4.116421 3.8000666 4.43277620

structures 0.42880 0.3440046 0.51360072

region1 -0.16558 -0.3014634 -0.02968991

region2 0.40984 0.2718828 0.54780064

region3 0.61959 0.5106527 0.72852342

region4 0.38698 0.2727017 0.50125423

region5 0.25067 0.1330210 0.36832666

type 1.58142 1.3305292 1.83230543

location -0.01485 -0.1244387 0.09473149

member 1.52421 1.4414190 1.60699156

strength -0.11713 -0.1280466 -0.10621388
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6.4.2 Diagnosis of regression model

Inference of the regression model requires assumptions of equal variance, independence, 

linearity, and normality [6.10]. In order to confirm that these assumptions are satisfied, the 

residuals are used to examine the model assumptions [6.11]. Fig. 6.3 shows a plot related to the 

residuals of the multiple linear regression model. The first is the ‘Residuals vs Fitted’ plot, which 

describes the assumption of equal variances in the residuals. In other words, the output is plotted 

with the predicted value ŷ on the x-axis and the residual εi = yi – ŷi on the y-axis. In linear 

regression, the error is assumed to have a mean of 0 and the variance is a constant normal 

distribution, so the mean of the residuals should be distributed without pattern around 0, 

regardless of ŷ. In the center of the ‘Residuals vs Fitted’ plot, the red line represents the residual 

trend, and since the inclination of the line is close to zero, the assumption of equal variance is 

established. In addition, since the red line does not show a special pattern, it satisfies the 

independence assumption of the error εi of the population regression equation. In the ‘Residuals 

vs Fitted’ plot, if the residuals are evenly distributed around zero and randomly scattered up and 

down, the linearity is satisfied, so the linearity of the multiple linear regression model is satisfied.

Fig. 6.3 Residuals analysis on the multiple linear regression model
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The second is a ‘Normal Q-Q’ plot to check if the residuals follow a normal distribution. 

In addition to the regression variables of the independent variables, the distribution of the 

residuals should be linear to ensure normality. Since most of the residuals were linear on the 

diagonal, the regression model was confirmed to be normal.

The third is a ‘Scale-Location’ plot with ŷ on the x-axis and standardized residuals on the 

y-axis. This is a plot that can detect outliers. A straight line with zero slope is the most ideal, and 

a large deviation value may be an outlier. Outliers did not appear on the ‘Scale-Location’ plot.

The fourth is a ‘Residuals vs Leverage’ plot. Leverages means how extreme the 

explanatory variable is. Since the red dash line shows Cook’s distance, it needs to take this into 

consideration. Cook’s distance is generally considered to be the point of influence when the 

value exceeds 1, but no abnormality was observed in the ‘Residuals vs Leverage’ plot.

Regression diagnosis was performed through multicollinearity analysis to examine the 

validity of the regression model [6.12-13]. Multicollinearity implies a strong correlation between 

independent variables, violating the prerequisite of regression analysis that correlations between 

independent variables should not be high. In order to confirm the multicollinearity of the 

regression model, variance inflation factor (VIF) was calculated and shown in Table 6.7. 

The VIF is defined as the inverse of the tolerance. The larger the value of the VIF, the 

higher the multicollinearity between the independent variables. The Eq. (6.15) and Eq. (6.16) 

show tolerance and variance inflation factor.

(6.15)

(6.16)

Where,

Ri
2 : R2 for the regression of Xi on the other covariates

Table 6.7 VIF of multiple linear regression model

Variables VIF Variables VIF

structures 1.2379 region5 1.2856 

region1 1.4340 type 1.6145 

region2 1.2253 location 1.1779 

region3 1.3555 member 1.2258 

region4 1.4741 strength 1.8765 
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Normally, when the variance inflation factor is 10 or more, the ith independent variable 

is considered to be a multicollinearity independent variable [6.14]. A cutoff of 5 is also 

commonly used [6.15]. The VIF calculation in Table 6.7 shows that the multicollinearity of the 

regression model is not a problem because the VIF of all the independent variables is 10 or less.

6.4.3 Analysis of estimate results by multiple linear regression model

A multiple linear regression model for the estimation of carbonation rate coefficients for 

regional structures is presented. The results are listed in Table 6.8. By using the multiple linear 

regression model, the carbonation rate coefficient of each structure and region was estimated. 

The coefficient of determination and the adjusted coefficient of determination are given in Table 

6.9. The status of the estimated value for the target value of the carbonation rate coefficient by 

structures and regions is shown in Fig. 6.4 and Fig. 6.5.

Table 6.8 Multiple linear regression model for carbonation rate coefficient

Region
(Variable)

Multiple Linear Regression Model

Seoul crc = 4.116421 + 0.428803structures + 1.581417type 0.014854location + 1.524205member - 0.117130strength

Incheon
(region1)

crc = 3.950844 + 0.428803structures + 1.581417type 0.014854location + 1.524205member - 0.117130strength

Daejeon
(region2)

crc = 4.526263 + 0.428803structures + 1.581417type 0.014854location + 1.524205member - 0.117130strength

Daegu
(region3)

crc = 4.736009 + 0.428803structures + 1.581417type 0.014854location + 1.524205member - 0.117130strength

Gwangju
(region4)

crc = 4.503399 + 0.428803structures + 1.581417type 0.014854location + 1.524205member - 0.117130strength

Busan
(region5)

crc = 4.367095 + 0.428803structures + 1.581417type 0.014854location + 1.524205member - 0.117130strength

Table 6.9 R2 and Ra
2 of multiple linear regression model

Structures Seoul Incheon Daejeon Daegu Gwangju Busan

PCT
R2 0.5137 -19.8390 0.4554 0.7542 0.7031 0.6640

Ra
2 0.4967 -24.6853 0.3420 0.7429 0.6886 0.6390

UT
R2 0.7291 0.5708 0.6568 0.5278 0.5700 -1.9095

Ra
2 0.7108 0.5292 0.6048 0.3529 0.4472 -2.5156
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(a) Seoul (b) Incheon

(c) Daejeon (d) Daegu

(e) Gwangju (f) Busan

Fig. 6.4 Estimate results by multiple linear regression model on the PCT
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(a) Seoul (b) Incheon

(c) Daejeon (d) Daegu

(e) Gwangju (f) Busan

Fig. 6.5 Estimate results by multiple linear regression model on the UT
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As shown in Table 6.9, the explanatory powers of the multiple linear regression models

presented for the estimate of carbonation rate coefficients of underground structures were found 

to vary by regions. Even for structures in the same region, the explanatory power of the multiple 

linear regression model presented for estimating the carbonation rate coefficient was different 

depending on the PCT and UT.

In the case of the PCT, the coefficients of determination R2 were distributed in the range 

of -19.8390 ~ 0.7542. The adjusted coefficient of determination Ra
2 ranged from -24.6853 to 

0.7429. As shown in Table 6.9 and Fig. 6.4, the adjusted coefficient of determination Ra
2 of 

Daegu and Gwangju are more than 0.65, indicating that the explanatory power of the independent 

variables on the carbonation rate coefficient is good. However, in Seoul, Incheon, Daejeon and 

Busan, the adjusted coefficient of determination Ra
2 was less than 0.65. Therefore, the estimation 

of carbonation rate coefficients for the PCT in Seoul, Incheon, Daejeon and Busan is difficult to 

interpret linearly with selected independent variables. In particular, the adjusted coefficient of 

determination Ra
2 of the PCT in Incheon was negative as -24.6853. The coefficient of 

determination R2 usually represents a value between 0 and 1. However, it can be negative if the 

SSE is greater than the SST. Therefore, the results of estimated carbonation rate coefficient for 

PCT in Incheon by multiple linear regression models showed lower performance than the ones 

by the data mean.

In the case of the UT, the coefficients of determination R2 were distributed from -1.9095 

to 0.7291 by region. The adjusted coefficient of determination Ra
2 was found to be -2.5156 ~ 

0.7108. As shown in Table 6.9 and Fig. 6.5, the adjusted coefficient of determination Ra
2 of 

Seoul was over 0.65, indicating that the explanatory power of the independent variable for the 

carbonation rate coefficient was high. However, except for Seoul, the adjusted coefficients of 

determination Ra
2 were less than 0.65 in Incheon, Daejeon, Daegu, Gwangju, and Busan. 

Therefore, the estimation of carbonation rate coefficients for the UT in Incheon, Daejeon, Daegu, 

Gwangju, and Busan is difficult to interpret linearly for selected independent variables. In 

particular, the adjusted coefficient of determination Ra
2 of the UT in Busan was -2.5156, which 

is negative like that of the PCT in Incheon. Therefore, the results of estimated carbonation rate 

coefficient for the UT in Busan by multiple linear regression models showed lower performance 

than the ones by the data mean.

The results of this analysis indicate that the multiple linear regression model is somewhat 

not appropriate for the data and variables prepared. In particular, in order to increase the 

explanatory power of the model, it is necessary to try to analyze the nonlinear relationship 

between the variables.
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6.5 Conclusions

Multiple linear regression analysis was performed to estimate carbonation rate 

coefficients on the underground structures. The characteristic variables for the estimate of 

carbonation rate coefficients were selected from the data collected from the precision inspection 

and precision safety diagnosis reports of underground structures. Through the multiple 

regression analysis, the effects of the selected characteristic variables on the carbonation rate 

coefficient of the underground structures were identified and the relationship between 

carbonation rate coefficients and each characteristic variable was quantitatively analyzed. The 

analysis results are as follows.

• In multiple linear regression models, structures classification, region classification, 

construction type, measurement location, member parts of structures, and concrete strength

were considered as independent variables to determine the carbonation rate coefficient. The 

variables of structures classification, region classification, and member parts of structures are

related to CO2 concentration and relative humidity as external factors of concrete carbonation. 

In addition, construction type, measurement location, and concrete strength are variables that 

are affected by construction quality, concrete material, and compounding as internal factors of 

concrete carbonation.

• In the result of variable selection, the performance of ‘structures + region (n) + type + location 

+ member + strength’ with independent variable ‘location’ and ‘structures + region (n) + type 

+ member + strength’ without independent variable ‘location’ are similar. In the former case, 

R2 was 0.6725 and Ra
2 was 0.6703. In the latter case, R2 was 0.6725 and Ra

2 was 0.6705. In 

other words, ‘location’ is not meaningful in the data collected from precision safety inspection 

as an independent variable under linear regression. However, these results are based on linear 

relationships between the dependent and independent variables, which have limitations in 

inferring the results of the dependent and independent variables based on nonlinearity.

Therefore, in this study, a regression model consisting of independent variables of ‘structures

+ region (n) + type + location + member + strength’ with independent variable ‘location’ was 

selected and multiple linear regression analysis was performed.

• A multiple linear regression model was proposed to estimate the carbonation rate coefficient 

of underground structures such as the PCT and UT. The adjusted coefficient of determination

of the multiple linear regression model is 0.6703, indicating that the model can explain about 
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67 % of the variation on the dependent variables.

• The F-statistic was tested to determine whether the derived regression equations are 

statistically significant for the entire regression model. The value of the F-statistic for testing 

the statistical significance of the regression equation is 305.150, and the significance level is 

< 0.0001. Since Pr (>F) = 0.0001 < α = 0.05, this regression is significant.

• The p-values were tested to determine whether each variable had a significant effect on the 

dependent variable. All variables were statistically significant except the independent variable 

‘location’. The regression coefficient of ‘location’ -0.01485 is statistically insignificant, with 

Pr (> t ) = 0.7904 > α = 0.05. Therefore, it can be said that it is not meaningful as an

independent variable of multiple linear regression.

• Inference of the regression model requires assumptions of equal variance, independence, 

linearity, and normality. In order to confirm that these assumptions are satisfied, the residuals 

were used to examine the model assumptions. According to the analyses of ‘Residuals vs Fitted’ 

plot, ‘Normal Q-Q’ plot, ‘Scale-Location’ plot, and ‘Residuals vs Leverage’ plot, all of the 

required assumptions on the regression model are satisfied.

• Regression diagnosis was performed through multicollinearity analysis to examine the validity 

of the regression model. In order to confirm the multicollinearity of the regression model, VIF

was calculated. The VIF calculation shows that the multicollinearity of the regression model 

is not a problem because the VIF of all the independent variables is 10 or less.

• A multiple linear regression model for the estimation of carbonation rate coefficients on the 

underground structures by region was presented. The explanatory powers of the multiple linear 

regression models presented for the estimation of carbonation rate coefficients on the

underground structures were found to vary by structures and region. The results of this analysis 

indicate that the multiple linear regression model is not appropriate for the data and variables 

prepared. In particular, in order to increase the explanatory power of the model, it is necessary 

to try to analyze the nonlinear relationship between the variables.
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7.1 Introduction

The linear regression model makes it easy to interpret the impact of each condition 

because the relationship between the variables is intuitive. However, there is a limit to 

explanatory power because all conditions must be expressed only in a linear combination. In 

other words, if the data that are actually modeled cannot be represented as a linear combination, 

regression models with high explanatory power cannot be made.

According to the results of multiple linear regression analysis performed in Chapter 6, 

the estimated carbonation rate coefficients by the generated regression model for some regions 

were worse in terms of predictive performance than those estimated by the data mean. The results 

of those analyses indicate that the regression model derived by linear combination is not 

appropriate for the selected variables. In general, classical linear regression models have two 

important assumptions. The variable is continuous and is the assumption of the normality of the 

error. In a linear regression model, if the variables are discrete, binary, or categorical, the results 

of linear regression could not be satisfactory [7.1].

Therefore, if the real data does not meet these assumptions, the classical linear regression 

model does not accurately reflect the real data, so a different method is required. In other words, 

in order to enhance the explanatory power of the model, it is necessary to analyze the nonlinear 

coupling relationship between actual data in addition to the linear coupling. Since the limitations 

of these linear regression models, deep learning techniques have been used for complex problems 

where estimation is more important than model interpretation [7.2]. Because deep learning is a 

nonlinear regression model, it can express most of the complex relationships of actual data [7.3].

Linear regression models are simple to interpret the regression coefficients, but nonlinearity is 

very difficult to solve when the coupling relationship between variables is complex. Therefore, 

statistical modeling, which usually considers the interpretation of the model, does not make good 
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use of nonlinear regression models. However, if the purpose of the regression model for 

carbonation rate coefficients is not in interpretation but in prediction, as in this study, nonlinear 

models are very flexible and can be modeled for data with complex patterns.

In this chapter, a deep neural network model was developed to predict the carbonation 

rate coefficient of underground structures using deep learning algorithms. For existing 

underground structures such as the PCT and UT, it is practically impossible to obtain quantitative 

data on internal and external factors known to affect conventional carbonation rates. Therefore, 

new techniques are needed to reasonably predict the rate of carbonation for underground 

structures from the limited data available during the maintenance phase. A nonlinear regression 

model with more explanatory power was developed by using a nonlinear coupling between the 

data for carbonation rate coefficient prediction.

7.2 Deep learning algorithm

AI means artificially made intelligence, and its history originated in the 1950s [7.4]. AI 

is a technology that realizes the ability of human learning, reasoning, perception, and 

understanding of natural language through a computer program, and at the same time, it means 

a technology that allows a computer to act with its own thoughts like a human brain. The human 

brain is evaluated to consist of 85 billion neurons [7.5]. The brain is composed of neurons, and 

each neuron refers to one nerve cell constituting the neural network. Neurons contain one cell 

body, one axon, and several dendrite. The exchange of information between these neurons is 

carried out through the junctions between neurons called synapses. ANN (Artificial Neural 

Network) is a machine learning algorithm that mathematically models neuronal information 

exchange. Deep learning is a technology that implements learning using the structure of human 

neural networks for computer learning. As shown in Fig. 7.1 and Table 7.1, as a result of 

modeling ANN by mimicking biological neural networks in terms of processing units, biological 

neurons are modeled as nodes, and synapses are modeled as weights.

Fig. 7.1 Biological and artificial neuron [7.5-6]
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Table 7.1 Comparison of biological and artificial neuron

Biological Neural Network Neuron Dendrite Axon Synapse

ANN Node Input Output Weight

A typical artificial neuron with n input dendrites can be represented by Eq. (7.1). The 

weight w causes the n inputs to contribute to the summation of the input signals, either greater 

or less. The sum is used by the active function f(x) and the resulting signal y(x) is the output axon 

[7.5-6].

(7.1)

Where,

wi : Weights

xi : Inputs of the ith nodes

bi : Bias

The neural network builds a complex model of data using the neurons defined in Eq. (7.1) 

as building blocks. There are many variations of neural networks, but each can be defined 

according to the following characteristics [7.5]:

- Activation function: In the ANN model, neurons are composed of layers and layers 

consist of several nodes. One node is connected with one or more nodes and receives data input. 

The weight of the connection strength is summed and the output is made according to the 

magnitude of the weight value through the activation function.

- Network Topology: The topology determines the complexity of the tasks that can be 

learned through the network. In general, as the network becomes more complex and larger, it 

can identify various patterns and complex decision boundaries. The performance of the network 

is determined not only by its size but also by how the nodes are arranged.

- Training Algorithm: ANN enhances or weakens the connectivity between neurons 

through the process of processing incoming data. Neural network learning algorithms to control 

connection weights include the backpropagation method based on the strategy of 

backpropagating errors and the gradient descent method of the general technique of finding local 

minimums in optimization problems.
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Deep learning is a technology built on ANN to enable computers to learn from 

themselves like humans. In the case of machine learning, the computer first learns a variety of 

information, and the computer predicts something new based on the results of the learning. Deep 

learning, on the other hand, is an advanced technology in machine learning that can learn by 

itself and predict future situations without going through the process of human teaching. Various 

deep learning algorithms exist according to the purpose of use, and the major algorithms are 

summarized in Table 7.2 [7.2, 7.7-10].

Table 7.2 Deep learning algorithms

Algorithms Characteristics

Deep Neural Network
(DNN)

• DNN is an artificial neural network that includes multiple hidden 
layers between input and output layers

• A variety of nonlinear relationships can be learned, including multiple 
hidden layers

• Dropout, rectified linear unit (ReLU), and batch normalization are 
being used as core models for deep learning

Convolutional Neural 
Network
(CNN)

• The convolutional neural network is a type of multi-layered perceptron 
designed to use minimal pre-treatment

• The CNN consists of one or several convolutional layers and a 
common artificial neural network layer on top of it, which additionally 
uses weights and pooling layers 

• The CNN mainly has applications in image and video recognition, 
recommendation systems, and natural language processing

Recurrent Neural Network
(RNN)

• A recurrent neural network refers to a neural network in which 
connections between units constituting an artificial neural network 
form a directed cycle

• The RNN can utilize memory inside the neural network to handle 
arbitrary input

• Due to these characteristics, it is utilized in fields such as handwriting 
recognition, and shows the high recognition rate

Restricted Boltzmann 
Machine
(RBM)

• The RBM is the basic skeleton of the DBN
• The RBM is useful for dimension reduction, classification, regression, 

collaborative filtering, feature engineering, and topic modeling

Deep Belief Network
(DBN)

• The DBN is a neural network composed of multiple layers of latent 
variables, which is a layer of pre-trained RBM

• The DBN can be used for unsupervised learning of unlabeled data, and 
can implement generalization and abstraction processes that are 
associative in whole in partial images
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7.3 Modelling the deep neural network for carbonation rate coefficient

The DNN model was developed in consideration of structures classification, region 

classification, construction type, measurement location, member parts of structures, and concrete

strength to predict the carbonation rate coefficient for underground structures such as the PCT 

and UT. The development procedure for the DNN model is shown in Fig. 7.2.

STEP Ⅰ

Data collection

STEP Ⅱ

Feature selection and data preparation

Feature
Selection

• The features that can be useful for solving problems should be selected
• It is important to choose features that are less susceptible to errors or 

alterations in data collection

Data
Preparation

• Additional work is needed to prepare data for the learning process
• After converting categorical data into numerical data, it is normalized entire 

numerical data
• Correcting or cleaning up bad data and removing unnecessary data are needed
• This includes recording to match the input the learner expects

STEP Ⅲ

Model training, evaluation and optimization

Model
Training

• Once data, features, and algorithms are determined, training is performed using 
computing resources

• Training is carried out to develop the model using the training data
• The comparison results of loss function MSE and MAE are checked using 

validation data

Model
Evaluation

• Because DNN models generate biased solutions to learning problems, it is very 
important to evaluate how well the algorithm learned from its experience

• Depending on the type of model, test data sets would be used to assess the 
accuracy of the model or to measure specialized performance measures

Model 
Optimization

• To optimize model performance, advanced strategies should be used
• It is necessary to check the sensitivity such as batch size, number of epochs, 

stochastic gradient descent (SGD) method

STEP Ⅳ

Getting predictions for a new data set

Fig. 7.2 Procedure for development of DNN model in this study
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7.3.1 Feature selection and data preparation

Machine learning data sets require samples of several predictor variables to classify or 

predict response variables. In the field of machine learning, predictor variables are defined by 

‘Features’ and response variables by ‘Labels’. Although it is the same as the relationship between 

independent and dependent variables of regression analysis in statistics, processing 

characteristics in deep learning models is different.

In neural networks, categorical data are applied numerically. Deep learning algorithms

find patterns of data by comparing the features of data. In other words, categorical data such as 

structures classification, region classification, construction type, measurement location, and 

member parts of structures in Table 6.2 should be used after numerical conversion. In this case, 

it is a problem when the scale of the feature of the data is severely different, so normalization of 

the data is required. The goal of normalization is to ensure that all data points are reflected at the 

same scale or importance. In general, the two most commonly used data normalization methods 

are as follows [7.5-6]. 

- Min-Max Normalization: The most common way to normalize data is to convert the 

minimum value to 0, the maximum value to 1, and other values between 0 and 1 for a feature, as 

shown in Eq. (7.2). But min-max normalization has a fatal drawback that is too much affected 

by outliers.

- Z-Score Normalization: As a data normalization strategy to avoid outlier problems, 

the method of converting the value of X to the Z-score is shown in Eq. (7.3). If the value of the 

feature matches the mean, it is normalized to zero, but if it is smaller than the mean, it is negative. 

The size of the negative and positive numbers calculated at this time is determined by the 

standard deviation of the feature. If the standard deviation of the data is large, the normalized 

value approaches zero. Unlike ‘Min-Max Normalization’, ‘Z-Score Normalization’ has no 

predefined minimum and maximum values.

(7.2)

(7.3)
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Where,

X : The value of feature

MIN(X) : The minimum value of feature

MAX(X) : The maximum value of feature

MEAN(X) : The mean of features

SD(X) : The standard deviation of features

In this study, data normalization using ‘Z-Score Normalization’ method was performed. 

The status of features and label for the DNN model is shown in Table 7.3.

Table 7.3 Features and label on the DNN model

Features and Label Definitions Values

Feature
(Factor)

structures • Classification of structures
• PCT 1

• UT 2

region • Region classification of structures

• Seoul 1

• Incheon 2

• Daejeon 3

• Daegu 4

• Gwangju 5

• Busan 6

type • Construction method of structures
• Reinforced Concrete 1

• Precast Concrete      2

location • Measurement location of structures
• Wall 1

• Slab 2

member • Member parts of structures
• Tunnel 1

• Shaft 2

Feature
(Numeric)

strength • Concrete compressive strength of structures
• Range: 17.5 ~ 57.5
• Unit: MPa

Label
(Numeric)

crc • Carbonation rate coefficient of structures
• Range: 0.017 ~ 8.807
• Unit: mm/√year
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In actual data, there is a problem of imbalance of data. If there is a big difference in the 

amount of data that each class has in any data, the data is imbalanced. In general, severe 

imbalanced data may cause the model is not trained or is trained slowly. In many studies, the 

imbalanced distributions have been addressed in the classification tasks, where the target variable 

is nominal [7.11-12]. In the context of regression tasks, where the target variable is continuous, 

imbalanced distributions of the target variable also have several problems with learning 

algorithms. Still, this remains a scarcely explored issue with few existing solutions [7.13]. Table 

7.4 and Fig. 7.3 show the data status of underground structures. In the case of the PCT, the data 

in Incheon and Daejeon are small compared to other regions. In the case of the UT, the data in 

Seoul and Incheon are large compared to other regions.

When problems such as imbalanced data occur, it usually improves the performance of 

the deep learning algorithm or balances the classes in the training set by resampling before 

learning. Generally the latter is preferred. The purpose of the resampling method is to increase 

the data weight of minor classes in the data set or to reduce the weight of the major classes so 

that the number of instances in each class is approximately similar.

Table 7.4 Status of data on the DNN model

Structures Region
Num. of Data (set)

Imbalanced State Balanced State

PCT

Seoul 297 297

Incheon 54 162

Daejeon 59 177

Daegu 229 229

Gwangju 217 217

Busan 148 148

UT

Seoul 159 159

Incheon 114 114

Daejeon 77 154

Daegu 38 152

Gwangju 46 138

Busan 59 118

Sum 1,497 2,065
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(a) Original imbalanced data for the PCT (b) Original imbalanced data for the UT

(c) Data resampling for the PCT (d) Data resampling for the UT

Fig. 7.3 Data resampling by over-sampling

In order to solve such a data imbalance problem, this study applied an over-sampling 

technique to increase the weight of the minor classes as the resampling method. Over-sampling 

can be defined as adding more copies of the minority class. Over-sampling can be a good choice 

when it doesn’t have a ton of data to work with. Over-sampling makes a copy of the minor class 

and creates as much data as the major class. Since the same data is copied and added, the adjusted 

data has the same properties as the existing data [7.14-15].

Therefore, as shown in Fig. 7.3 (a) and (c), the data in Incheon and Daejeon were doubled 

and added. As shown in Fig. 7.3 (b) and (d), data were added for the UT 1 times in Daejeon and 

Busan, twice in Gwangju, and three times in Daegu. The imbalanced data before over-sampling 

was 1,497 sets, but the data after resampling due to over-sampling totaled 2,065 sets. By applying 

this resampling method, the model learning environment was improved by adjusting the data 

imbalance between regions.
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7.3.2 Model training, evaluation, and optimization

7.3.2.1 Model training

In order to develop the carbonation rate coefficient prediction DNN model, 2,065 sets of 

machine learning data were used. The prepared data was split into a training data set, validation 

data set, and test data set of machine learning. Fig. 7.4 shows the training process of DNN model 

using validation data sets. The performance of each major process is summarized in Table 7.5.

Fig. 7.4 Data set splitting and training procedure

Table 7.5 Modelling procedure of DNN model

Procedure Content

Splitting data set

• According to the simple hold-out validation, the data sets are divided 
into a training data set, validation data set, and test data set. Training 
data set and test data set are divided in a ratio of 80:20. The divided 
training data set is again divided into a training data set and a 
validation data set in a ratio of 80:20

Training
• The DNN model is trained using a total of 1,621 training data sets
• The loss function for model training applies MSE

Validation

• The loss on the validation data set for the accuracy of the DNN model 
is calculated

• The performance of training model is validated by MSE and MAE 
analysis

Check stop condition
• Learning the model terminates if validation loss increases during 

training, otherwise model learning is continued

Test
• The final performance of the model is evaluated with MSE, MAE, 

RMSE, and R2 using a total of 444 test data sets
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The validation data set is not a specially created data set, but an arbitrary data set 

extracted from training data to solve the over-fitting problem [7.4]. Performance verification of 

the model using the validation data set evaluates how accurately the current model predicts data 

that was not referenced in the training process. And by using this as the stop condition of learning, 

over-fitting is indirectly prevented [7.3].

Topology in an artificial neural network means a connection structure or pattern between 

nodes, and this connection structure determines the learning ability of an artificial neural network. 

Topologies can be classified as follows:

- Number of layers

- Possibility of backward movement of information in the network

- The number of nodes in each layer of the network

The topology determines the complexity of the tasks which can be learned through the 

network. Generally, as the network becomes more complex and larger, it could identify various 

patterns and complex determination boundaries. The performance on the network is determined 

not only by its size but also by how the nodes are arranged. However, the determination of the 

optimal network topology for problem solving is based on trial and error [7.16].

In order to develop the DNN model for prediction of carbonation rate coefficient, an 

ANN composed of multiple hidden layers is introduced. Based on the DNN model with three 

hidden layers shown in Fig. 7.5, a number of test models with an increased number of hidden 

layers were prepared. Table 7.6 summarizes the characteristics of the test model. 

Fig. 7.5 Network topology of DNN_3H model

structures
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Table 7.6 Structure of the test models

Model
(Hidden Layers and Nodes)

Layer (Type) Output Shape Num. of Parameters

DNN_3H
(9-5-3)

dense (Dense) (None, 9) 63

dense_1 (Dense) (None, 5) 50

dense_2 (Dense) (None, 3) 18

dense_3 (Dense) (None, 1) 4

DNN_4H
(15-9-5-3)

dense (Dense) (None, 15) 105

dense_1 (Dense) (None, 9) 144

dense_2 (Dense) (None, 5) 50

dense_3 (Dense) (None, 3) 18

dense_4 (Dense) (None, 1) 4

DNN_5H
(20-15-9-5-3)

dense (Dense) (None, 20) 140

dense_1 (Dense) (None, 15) 315

dense_2 (Dense) (None, 9) 144

dense_3 (Dense) (None, 5) 50

dense_4 (Dense) (None, 3) 18

dense_5 (Dense) (None, 1) 4

DNN_6H
(25-20-15-9-5-3)

dense (Dense) (None, 25) 175

dense_1 (Dense) (None, 20) 520

dense_2 (Dense) (None, 15) 315

dense_3 (Dense) (None, 9) 144

dense_4 (Dense) (None, 5) 50

dense_5 (Dense) (None, 3) 18

dense_6 (Dense) (None, 1) 4



158

In Table 7.6, the parameters of neural networks are determined by weights and biases, so 

the parameters of the model shown in Fig. 7.5 are 63 (=6×9+9) on the hidden 1st layer, 50 

(=9×5+5) on the hidden 2nd layer, 18 (=5×3+3) on the hidden 3rd layer, and 4 (=3×1+1) on the 

output layer. The node configuration and parameter status according to the hidden layers of 

different models are shown in Table 7.6.

As shown in Table 7.6, the most important hyperparameters of the ANN algorithm are 

the hidden layer and the node. The complexity of the ANN model is determined according to the 

number of hidden layers and nodes. If the model complexity is large, the model may over-fit the 

training data set and model bias may occur. Therefore, it is necessary to determine the 

appropriate number of hidden layers and nodes.

As a training algorithm for learning the carbonation rate coefficient prediction model 

DNN deep learning algorithm, a backpropagation error method was applied. The ANN 

strengthens or weakens the connectivity between nodes through the process of processing input 

data, and the weight of the network connection is formed to the level of pattern recognition 

through the process [7.16]. Backpropagation refers to the statistical technique used in multiple 

layer perceptron learning. As a general algorithm used for learning ANN, the characteristic of a 

backpropagation algorithm is to learn a neural network in a supervised learning environment 

where input and output are known.

In the DNN model, ReLU is used as an activation function and an identity function for 

predicting the carbonation rate coefficient is applied to the output layer. The ReLU function is 

used to solve gradient vanishing, which loses its value when the layer is increased. It is 

commonly used in the DNN model [7.3]. The identity function outputs the input as it is. 

Therefore, when the identity function is used at the output layer, the input signal becomes the 

output signal as it is.

The loss function is used as an indicator to measure the learning state when learning 

neural networks. Since the weight parameters of the neural network find their own characteristics, 

this weight value should be optimized. In this study, the loss function is applied to MSE (Mean 

Squared Error), which is mainly used for regression prediction problems, as shown in Eq. (7.4). 

MSE is averaged by squaring the difference between the predicted value and the actual value, 

and the smaller the value, the better the predictive power. And the values that indicate the degree 

of achievement of the goal through learning are referred to as metric. For metric evaluation, the

MAE (Mean Absolute Error) was applied as in Eq. (7.5).
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(7.4)

(7.5)

(7.6)

Where,

yi : Target value

ŷ : Predicted value

N : Total number of samples

In the test model training for neural network topology determination, AdaMax which is 

a variant of Adam (adaptive momentum estimation) based on the infinity norm was used as the 

model optimizer, and the learning rate was 0.001, the epoch was 500, and the batch size was 72. 

The DNN model training conditions are summarized in Table 7.7.

In neural networks, optimizer, learning rate, epoch, and batch size are called 

hyperparameters, which are different from neural network parameters such as weight and bias. 

In general, hyperparameters are a configuration that is external to the model and whose value 

cannot be estimated from data. Weights are automatically generated according to the training 

data set and learning algorithm, but hyperparameters such as batch size, epoch, and optimizer 

must be set manually. This means that the hyperparameter does not have an optimal set value. 

Thus, it is determined by a heuristic method such as approximation and rules of thumb [7.6].

Table 7.7 Training conditions on the test DNN models

Main Algorithm Deep Neural Network (DNN)

Training Algorithm Error Backpropagation

Activation Function Rectified Linear Unit (ReLU)

Loss Function Mean Squared Error (MSE)

Optimizer AdaMax

Learning Rate 0.001

Epoch 500

Batch Size 72



160

In order to predict the carbonation rate coefficient, machine learning was performed for 

the test DNN model with different hidden layers as shown in Table 7.7. The training results for 

each DNN model are shown in Fig. 7.6. As shown in the results of Fig. 7.6, there was no over-

fitting in each DNN model. The loss function MSE value fits the validation data during 500 

epochs. Basically, the machine learning model trains to reduce the training loss, so as the training 

continues, as shown in Fig. 7.6, the parameters of the model are gradually fitted to the training 

data set. The DNN_6H model, which consists of six hidden layers, was found to have a slower 

convergence rate of MSE than other DNN models. Therefore, the DNN model is judged to be 

under-fitting to the training data set during 500 epochs.

DNN_3H (b) DNN_4H

(c) DNN_5H (d) DNN_6H

Fig. 7.6 Training results of the test DNN models
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7.3.2.2 Model evaluation

An accuracy evaluation was performed along with training on a test DNN model for 

predicting the carbonation rate coefficient of underground structures such as the PCT and UT. 

The performances of the carbonation rate coefficients were compared for the four types of DNN 

models presented in Table 7.6. For the four types of DNN models presented in Table 7.6, the 

accuracy of prediction on the carbonation rate coefficient was evaluated.

Evaluating the metrics of a DNN model is an essential part of developing a machine 

learning model to describe how well the model performs in prediction. Depending on the purpose 

of developing the DNN model, various evaluation metrics can be used. In this study, some

evaluation scales were applied to confirm the accuracy of the regression model for the estimation 

of carbonation rate coefficients of underground structures such as the PCT and UT. The main 

feature of the regression problem is that the target of a data set contains only real numbers. The 

errors represent how much the model is making mistakes in its prediction. The basic concept of 

accuracy evaluation is to compare the original target with the predicted one according to certain 

metrics.

The MSE in Eq. (7.4), the MAE in Eq. (7.5), the RMSE (Root Mean Square Error) in Eq. 

(7.6), and the R2 in Eq. (6.10) are mainly used to evaluate the prediction error rates and model 

performance in regression analysis [7.17-19]. The smaller the MSE, MAE, and RMSE values, 

and the larger the R2 value, the better the model performance. Especially, R2 is more important 

to evaluate the predictive capability of the established models. R2 is a measure of the relationship 

or similarity between experimental and predicted values. Table 7.8 and Fig. 7.7 show the metrics 

results for the test DNN model for predicting the carbonation rate coefficient of the underground 

structures such as the PCT and UT.

As shown in the results of Table 7.8 and Fig. 7.7, the performance of the DNN_5H model 

is the best. The DNN_5H model shows 77.30 % explanatory power of the R2. The complexity of 

the DNN model is determined according to the number of hidden layers and nodes. If the model 

complexity is large, the model may over-fit the training data set and model bias may occur. As 

shown in Table 7.8, for the DNN models of this study, the explanatory power of the model 

improved as the hidden layer increased from the DNN_3H model to the DNN_5H model, but 

the explanatory power of the R2 on the DNN_6H model which composed of the 6 hidden layers 

decreased as 75.92 %. Therefore, the DNN_5H model is considered to have the best performance 

among the DNN models in this study to predict the carbonation rate coefficient of underground 

structures such as the PCT and UT.
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Table 7.8 Metrics results of the test DNN models

Model

Metrics

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

DNN_3H 0.4718 0.4798 0.6869 0.7471

DNN_4H 0.4406 0.4557 0.6638 0.7638

DNN_5H 0.4235 0.4349 0.6508 0.7730

DNN_6H 0.4492 0.4184 0.6702 0.7592

(a) DNN_3H (b) DNN_4H

(c) DNN_5H (d) DNN_6H

Fig. 7.7 Prediction results of the test DNN models
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7.3.3 Optimization of DNN model using sensitivity analysis of hyperparameters

7.3.3.1 Batch size

In artificial neural networks, batch refers to the number of data that is learned at one time. 

A full batch is learning all the data at once, and a mini batch is learning by dividing the whole 

data into several. In general, processing all of the data at once has a negative impact on the 

performance of the model because of limitations in computing memory and slow processing

[7.20]. Therefore, the data are divided and given. It is called how many times it is divided, and 

the size of data given for each iteration is called batch size. The smaller the batch size, the more 

propagation occurs, which increases the learning speed. 

However, the smaller the batch size, the lower the accuracy of gradient evaluation. 

Therefore, it may be better to set a larger batch size to increase the accuracy of the model. 

However, in situations where the batch size is large, problems can arise that model optimization 

and generalization are difficult. Therefore, proper batch size search is an important process in 

the DNN model developing.

Sensitivity analysis according to batch size was performed on the DNN_5H model, 

which has the best performance among the test models. As shown in Table 7.9, the DNN model’s 

performance change was analyzed by adjusting the batch size to 36, 24, and 12 based on the 

batch size of 72 for the DNN_5H model.

Table 7.9 Metrics results of DNN models depending on batch size

Model
(Batch Size)

Metrics

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

DNN_5H_12
(12)

0.3800 0.4132 0.6164 0.7963

DNN_5H_24
(24)

0.3976 0.4226 0.6305 0.7869

DNN_5H_36
(36)

0.4134 0.4282 0.6429 0.7784

DNN_5H_72
(72)

0.4235 0.4349 0.6508 0.7730
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As a result of sensitivity analysis according to the batch size, the performance of the 

model is improved as the batch size decreases. That is, the explanatory power of R2 on the 

DNN_5H_12 model with the batch size of 12 was 79.63 %, which was the best.

However, the explanatory power of R2 on the DNN_5H_72 model with a batch size of 

72 is 77.30 %, indicating that the learning performance improvement effect on batch size change 

is not significant. Fig. 7.8 shows the prediction result for the test data set according to the batch 

size adjustment.

(a) DNN_5H_12 (b) DNN_5H_24

(c) DNN_5H_36 (d) DNN_5H_72

Fig. 7.8 Prediction results of DNN models depending on batch size
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7.3.3.2 Epoch

In machine learning, the epoch is a unit that has completed the learning of the entire data 

set as it has undergone a forward phase and a backward phase process for the entire data set in 

the ANN [7.20-21]. In other words, 1 Epoch means that all data values contained in the training 

data set are entered into the predictive model once each and then the weight value is updated. 

Therefore, several epochs are required before the predictive model achieves the targeted 

accuracy.

In the forward phase, nodes are sequentially activated from the input layer to the output 

layer, and the output signal is generated when the weight and the activation function of the nodes 

are applied. Backward phase is the process of comparing the network output signal generated in 

forward phase with the actual target value of the training data and, if errors occur in the network 

output signal and the actual target value, propagates backwards in the network to correct the 

connection weight between nodes and reduce the error. Therefore, multiple epochs are required 

to obtain the desired accuracy from the DNN model of the predicted carbonation rate coefficient 

on the underground structure, and it is important to determine the appropriate number of epochs 

to ensure optimum performance.

Sensitivity analysis according to epoch condition was performed on the DNN_5H_12 

model, the best among the batch size sensitivity analysis models. As shown in Table 7.10, it was

analyzed the performance change of the DNN model by adjusting the epoch count to 1000, 2000, 

and 5000 based on the existing 500 epochs.

Table 7.10 Metrics results of DNN models depending on epoch

Model
(Epoch)

Metrics

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

DNN_5H_12_500
(500)

0.3800 0.4132 0.6164 0.7963

DNN_5H_12_1000
(1000)

0.3619 0.4024 0.6016 0.8060

DNN_5H_12_2000
(2000)

0.3568 0.3903 0.5973 0.8088

DNN_5H_12_5000
(5000)

0.3269 0.3763 0.5717 0.8248
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As a result of sensitivity analysis according to the epoch condition, the performance of 

the model improved as the number of epochs increased. That is, the explanatory power of R2 on 

the DNN_5H_12_5000 model to which epoch 5000 was applied was 82.48 %, which was the 

best. The explanatory power of R2 on the DNN_5H_12_500 model, which is 500 epochs, is 

79.63 %. 

However, increasing the number of epochs indefinitely is proportional to the rate of 

computing memory consumption and the rate of learning slowdown. Therefore, it is not 

meaningful to increase the number of epochs if the performance improvement of the DNN model 

is not significant. Fig. 7.9 shows the prediction results for the test data set according to the epoch 

conditions.

(a) DNN_5H_12_500 (b) DNN_5H_12_1000

(c) DNN_5H_12_2000 (d) DNN_5H_12_5000

Fig. 7.9 Prediction results of DNN models depending on epoch
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7.3.3.3 Gradient descent optimization algorithms

The SGD (Stochastic Gradient Descent) method, which only samples specific data and 

learns from the existing gradient descent method, is an optimization technique mainly used to 

train deep neural networks. Given a loss function defined in mini-batch units, the jth weight wij

of the ith node of the neural network via SGD is updated as shown in Eq. (7.7).

(7.7)

Where η is a hyperparameter called learning rate, ∂L/ ∂wij
(t) determines whether to update 

the weight as an element called a gradient in any direction. Therefore, the SGD consists of two 

components such as the trailing rate and the gradient. Recently, in order to train the DNN more 

efficiently, SGD variants such as adaptive gradient (AdaGrad), root mean square propagation 

(RMSProp), adaptive momentum estimation (Adam), AdaMax, etc. have been proposed [7.22].

Sensitivity analysis by the optimizer was performed on the DNN_5H_12_5000 model, 

which has the best performance among the epoch condition sensitivity analysis models. As 

shown in Table 7.11, based on the existing optimizer AdaMax, optimizers that are mainly used 

for learning DNN models such as Adam, RMSProp, and AdaGrad are sequentially applied and 

analyzed for performance changes of the DNN model.

Table 7.11 Metrics results of DNN models depending on optimizer

Model
(Optimizer)

Metrics

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

DNN_5H_12_5000_AdaMax
(AdaMax)

0.3269 0.3763 0.5717 0.8248

DNN_5H_12_5000_Adam
(Adam)

0.3547 0.3952 0.5955 0.8099

DNN_5H_12_5000_RMSProp
(RMSProp)

0.3627 0.4086 0.6022 0.8056

DNN_5H_12_5000_AdaGrad
(AdaGrad)

0.4518 0.4594 0.6722 0.7578
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According to the sensitivity analysis according to the optimizer, the DNN model with 

AdaMax shows better performance than the DNN model with other optimizers. That is, the 

DNN_5H_12_5000_AdaMax model with AdaMax has the best explanatory power of 82.48 %.

The explanatory power of R2 on the DNN_5H_12_5000_AdaGrad model with AdaGrad is 

75.78 %, which shows that the performance of the DNN model can vary by 6.70 % depending 

on the choice of the optimizer.

Fig. 7.10 shows the prediction results for the test data set following the application of the 

optimizer. Among the testing DNN models, DNN_5H_12_5000_AdaMax was determined as the 

optimal DNN model for prediction of carbonation rate coefficient on the underground structures.

(a) DNN_5H_12_5000_AdaMax (b) DNN_5H_12_5000_Adam

(c) DNN_5H_12_5000_RMSProp (d) DNN_5H_12_5000_AdaGrad

Fig. 7.10 Prediction results of DNN models depending on optimizer
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7.4 Conclusions

In this chapter, a deep neural network model was developed to predict the carbonation 

rate coefficient of underground structures using deep learning algorithms. A nonlinear regression 

model with more explanatory power was developed by using a nonlinear coupling between the 

data for carbonation rate coefficient prediction. The result is as follows.

• The DNN (Deep Neural Network) model was developed in consideration of structures 

classification, region classification, construction type, measurement location, member parts of 

structures, and concrete strength to predict the carbonation rate coefficient of underground 

structures such as the PCT and UT. In this case, it is a problem when the scale of the feature 

of the data is severely different, so normalization of the data is required. In this study, data 

normalization using the ‘Z-Score Normalization’ method was performed.

• In order to solve such a data imbalance problem, this study applied an over-sampling technique 

to increase the weight of the minor classes as the resampling method. The imbalanced data 

before over-sampling was 1,497 sets, but the data after resampling due to over-sampling 

totaled 2,065 sets. By applying this resampling method, the model learning environment is 

improved by adjusting the data imbalance between regions.

• In order to develop the DNN model for prediction of carbonation rate coefficient, an ANN

(Artificial Neural Network) composed of multiple hidden layers is introduced. As a result of 

comparing the performance according to the prediction of carbonation rate coefficient for the 

four types of test DNN models presented, the performance of the DNN_5H model consisting 

of five hidden layers is the best.

• Sensitivity analysis according to batch size was performed on the DNN_5H model, which has 

the best performance among the test models. As a result of sensitivity analysis according to 

the batch size, the performance of the model is improved as the batch size decreases. That is, 

the explanatory power of the DNN_5H_12 model with a batch size of 12 was 79.63 %, which 

was the best.

• Sensitivity analysis according to epoch condition was performed on the DNN_5H_12 model, 

the best among the batch size sensitivity analysis models. As a result of sensitivity analysis 

according to the epoch condition, the performance of the model improved as the number of 

epochs increased. That is, the DNN_5H_12_5000 model with an epoch of 5,000 was found to 

have the best explanatory power of 82.48 %. The explanatory power of the DNN_5H_12_500 
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model, which is an epoch of 500, is 79.63 %.

• Sensitivity analysis by the optimizer was performed on the DNN_5H_12_5000 model, which 

has the best performance among the epoch condition sensitivity analysis models. According to 

the sensitivity analysis depending on the optimizer, the DNN model with AdaMax shows better 

performance than the DNN model with other optimizers. That is, the explanatory power of the

DNN_5H_12_5000_AdaMax model to which AdaMax is applied is 82.48 %, which is the best. 

Among the testing DNN models, DNN_5H_12_5000_AdaMax was determined as the optimal 

DNN model for prediction of carbonation rate coefficient of underground structures.
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8.1 Introduction

The reason for developing the model is to estimate future predictions through 

generalization. So it improves prediction performance by training it with train data, continually 

modifying the algorithm, and choosing the model that performs best in a given hypothesis space. 

In chapter 6, a regression model based on traditional multiple linear regression analysis was 

presented to evaluate the adequacy of collected data and variables on the estimating the 

carbonation rate coefficient of underground structures such as the PCT and UT. In chapter 7, a 

nonlinearity regression model using deep neural networks for the prediction of carbonation rate 

coefficient of underground structures such as the PCT and UT was developed. The carbonation 

rate coefficient prediction model developed for underground structures is a DNN model based 

on the deep learning method, which is an artificial intelligence supervised learning technique. In 

particular, the DNN model based on nonlinear coupling between actual data was finally 

developed through a deep learning algorithm.

In this chapter, the validity of the prediction results was analyzed before the practical 

application of the developed carbonation rate coefficient prediction DNN model. In order to 

predict the carbonation rate coefficient of underground structures such as the PCT and UT, the 

predicted performances of the proposed models which are MLRM (Multiple Linear Regression

Model), DNNM (Deep Neural Network Model) and the specification model were compared. The

models compared to specifications use the carbonation prediction model of JSCE and JASS 5. 

The proposed models and the existing specification models are summarized in Table 8.1 to 

compare the carbonation rate coefficient prediction performance of underground structures.

In general, performance evaluation of a regression model is performed by metrics of 

MSE, MAE, RMSE, and R2 and applied to this study [8.1-2]. The smaller the MSE, MAE, and 

RMSE values, and the larger the R2 value, the better the model performance.
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Table 8.1 Prediction and estimation models for the carbonation rate coefficient

Model Content

DNNM

Layer (Type) Output Shape Num. of Parameter

dense (Dense) (None, 20) 140

dense_1 (Dense) (None, 15) 315

dense_2 (Dense) (None, 9) 144

dense_3 (Dense) (None, 5) 50

dense_4 (Dense) (None, 3) 18

dense_5 (Dense) (None, 1) 4

Main Algorithm Deep Neural Network

Training Algorithm Error Backpropagation

Activation Function Rectified Linear Unit (ReLU)

Loss Function Mean Squared Error (MSE)

Optimizer AdaMax

Learning Rate 0.001

Epoch 5000

Batch Size 12

MLRM

• Seoul

crc = 4.116421+0.428803structures+1.581417type-0.014854location+1.524205member-0.117130strength

• Incheon

crc = 3.950844+0.428803structures+1.581417type-0.014854location+1.524205member-0.117130strength

• Daejeon

crc = 4.526263+0.428803structures+1.581417type-0.014854location+1.524205member-0.117130strength

• Daegu

crc = 4.736009+0.428803structures+1.581417type-0.014854location+1.524205member-0.117130strength

• Gwangju

crc = 4.503399+0.428803structures+1.581417type-0.014854location+1.524205member-0.117130strength

• Busan

crc = 4.367095+0.428803structures+1.581417type-0.014854location+1.524205member-0.117130strength

JSCE
[2.24]

Where, 
A : Carbonation rate coefficient
t : Period of carbonation (years) 
W/B : Effective water-binder ratio

JASS 5
[2.31, 2.51] Where, 

A : Carbonation rate coefficient
t : Period of carbonation (years)
f : Compressive strength of concrete at 28-day (MPa)
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As shown in Table 8.1, the prediction model of the specification uses the W/B and 

compressive strength as concrete quality indicators for calculating the carbonation depth of 

concrete. The specification of JSCE provides a formula for predicting carbonation rates based 

on W/B. In addition, the specification of JASS 5 provides an estimation formula for carbonation 

rate coefficient based on concrete compressive strength at 28-day. In the specification of JSCE, 

it is preferable to use a formula that is the same as or similar to the target structure, material, mix 

proportions, and environmental conditions for carbonation prediction, However, in the absence 

of such a formula, it is shown that the formula given in Table 8.1 can be used [2.24].

In this study, the W/C was deduced from the NDT compressive strength of concrete on 

the PCT and UT to use the carbonation rate estimation model presented in the specification of 

JSCE. As shown in Table 8.2, the W/C calculation presented in JASS 5 (1957) was used [8.3]. 

Here, the cement strength (K) is assumed to be 37 MPa, and W/C determined at this time is 

similar to that of ACI 211.1-91 (2002) in the concrete compressive strength range of 20 to 35 

MPa [8.4]. According to the ACI 211.1-91, values are estimated average strengths for concrete 

containing not more than 2 percent air for non-air-entrained concrete. For a constant W/C, the 

strength of concrete is reduced as the air content is increased. And, the strength is based on 152 

ⅹ 305 mm cylinders moist-cured for 28 days in accordance with the sections on ‘Initial Curing’

and ‘Curing of Cylinders for Checking the Adequacy of Laboratory Mixture Proportions for 

Strength or as the Basis for Acceptance or for Quality Control’ of ASTM (American Society for 

Testing and Materials). The formula in JASS 5 (1997) is not considered for the calculation of 

the W/C, since assuming that K is 60 MPa as the performance value for cement compressive

strength, there is much difference from the requirements in ACI 211.1-91 [8.5].

Table 8.2 Relationships between W/C and compressive strength of concrete

Compressive
strength

at 28 days
(MPa)

Water-Cement Ratio (W/C) by Mass
[Non-air-entrained Concrete]

ACI 211.1-91 (2002)
JASS 5 (1957)

61/(f/K+0.34), K = 37 MPa
JASS 5 (1997)

51/(f/K+0.31), K = 60 MPa

40 0.42 0.43 0.52

35 0.47 0.47 0.57

30 0.54 0.53 0.63

25 0.61 0.60 0.70

20 0.69 0.69 0.79

15 0.79 0.82 0.91
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8.2 Analysis of prediction performance on the PCT

8.2.1 Prediction results for the PCT in Seoul

The results of carbonation rate coefficient prediction for the PCT in Seoul are shown in 

Table 8.3 and Fig. 8.1. The mean and standard deviation on the carbonation rate coefficient of 

target were 1.8774, 1.0808, respectively. The explanatory power on the DNNM was the highest 

with 72.17 %, and the metrics of MSE, MAE and RMSE were also superior to other models.

Table 8.3 Comparison of prediction results on the PCT in Seoul

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

Target 1.8774 1.0808 - - - -

Prediction

DNNM 1.9050 0.9377 0.3240 0.4444 0.5692 0.7217 

MLRM 1.8009 1.0632 0.5662 0.6298 0.7525 0.5137 

JSCE 1.5442 0.5704 0.6582 0.6388 0.8113 0.4347 

JASS 5 1.4780 0.3730 0.8456 0.7205 0.9195 0.2737 

Fig. 8.1 Comparison of prediction results on the PCT in Seoul
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8.2.2 Prediction results for the PCT in Incheon

The results of carbonation rate coefficient prediction for the PCT in Incheon are shown 

in Table 8.4 and Fig. 8.2. In the case of DNNM, the explanatory power was 73.20 %, but in other 

prediction models, the coefficient of determination R2 was negative. In other words, the 

performance of the other model was lower than that predicted by the mean value of the target, 

and the carbonation rate coefficient was overestimated overall.

Table 8.4 Comparison of prediction results on the PCT in Incheon

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

Mean
(mm/√year)

SD
(mm/√year)

R2

Target 0.2487 0.1436 - - - -

Prediction

DNNM 0.2644 0.1347 0.0054 0.0581 0.0737 0.7320 

MLRM 0.8193 0.4337 0.4218 0.5706 0.6494 -19.8390 

JSCE 1.6442 0.5140 2.0996 1.3955 1.4490 -102.7364 

JASS 5 1.5439 0.3410 1.7276 1.2952 1.3144 -84.3573 

Fig. 8.2 Comparison of prediction results on the PCT in Incheon
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8.2.3 Prediction results for the PCT in Daejeon

The results of carbonation rate coefficient prediction for the PCT in Daejeon are shown 

in Table 8.5 and Fig. 8.3. The coefficient of determination R2 of DNNM was 77.76 %. For the 

models of JSCE and JASS 5, the predicted trends were different and the results were different 

from the target. Based on the carbonation rate coefficient around 1.4 mm/√year, the low range is 

overestimated and the high range is underestimated.

Table 8.5 Comparison of prediction results on the PCT in Daejeon

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

Target 1.4416 0.7937 - - - -

Prediction

DNNM 1.4711 0.6934 0.1378 0.2649 0.3712 0.7776 

MLRM 1.4827 0.6056 0.3373 0.4795 0.5808 0.4554 

JSCE 1.4772 0.1533 0.4520 0.5567 0.6723 0.2701 

JASS 5 1.4311 0.0999 0.5043 0.5887 0.7102 0.1857 

Fig. 8.3 Comparison of prediction results on the PCT in Daejeon
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8.2.4 Prediction results for the PCT in Daegu

The results of carbonation rate coefficient prediction for the PCT in Daegu are shown in 

Table 8.6 and Fig. 8.4. The explanatory power of DNNM was 86.26 %. For the models of JSCE 

and JASS 5, the predicted trends were different and the results were different from the target. 

The prediction model of specifications based on W/C or concrete compressive strength did not 

properly reflect changes in the carbonation rate coefficient.

Table 8.6 Comparison of prediction results on the PCT in Daegu

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

Target 1.8711 1.2010 - - - -

Prediction

DNNM 1.8603 1.1271 0.1973 0.3373 0.4442 0.8626 

MLRM 1.8712 0.9017 0.3529 0.4850 0.5941 0.7542 

JSCE 1.3983 0.3202 1.2804 0.8716 1.1315 0.1084 

JASS 5 1.3804 0.2074 1.4067 0.9268 1.1860 0.0205 

Fig. 8.4 Comparison of prediction results on the PCT in Daegu
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8.2.5 Prediction results for the PCT of Gwangju

The results of carbonation rate coefficient prediction for the PCT in Gwangju are shown 

in Table 8.7 and Fig. 8.5. DNNM’s explanatory power was 80.34 %. For the models of JSCE 

and JASS 5, the predicted trends were slightly similar but the results were different from the 

target. The carbonation rate coefficient was found to be somewhat higher in JSCE’s predictive 

model than in JASS 5.

Table 8.7 Comparison of prediction results on the PCT in Gwangju

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

Target 2.1916 1.1740 - - - -

Prediction

DNNM 2.2241 1.1318 0.2698 0.4185 0.5194 0.8034 

MLRM 2.2896 1.0857 0.4074 0.5364 0.6383 0.7031 

JSCE 1.9272 0.5690 0.7332 0.6807 0.8563 0.4656 

JASS 5 1.7313 0.3757 1.0404 0.8283 1.0200 0.2417 

Fig. 8.5 Comparison of prediction results on the PCT in Gwangju
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8.2.6 Prediction results for the PCT in Busan

The results of carbonation rate coefficient prediction for the PCT in Busan are shown in 

Table 8.8 and Fig. 8.6. The explanatory power of DNNM was the highest at 78.56 %, and the 

metrics for MSE, MAE, and RMSE were also superior to other models. For the models of JSCE 

and JASS 5, the predicted trends were different to the targets. The carbonation rate seems to be 

higher in JSCE’s prediction model than in JASS 5 at the compressive strength 30MPa under.

Table 8.8 Comparison of prediction results on the PCT in Busan

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

Target 2.0475 1.2124 - - - -

Prediction

DNNM 2.0169 1.1321 0.3130 0.4304 0.5595 0.7856 

MLRM 1.8327 0.8902 0.5116 0.5488 0.7152 0.6640 

JSCE 1.6041 0.3149 1.2575 0.8146 1.1214 0.1386 

JASS 5 1.5152 0.2080 1.4589 0.8750 1.2078 0.0007 

Fig. 8.6 Comparison of prediction results on the PCT in Busan
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8.3 Analysis of prediction performance on the UT

8.3.1 Prediction results for the UT in Seoul

The results of carbonation rate coefficient prediction for the UT in Seoul are shown in 

Table 8.9 and Fig. 8.7. The mean and standard deviation on the carbonation rate coefficient of 

target were 1.6516, 0.7770, respectively. The explanatory power of DNNM was the highest with 

84.65 %, and the metrics of MSE, MAE and RMSE were also superior to other models.

Table 8.9 Comparison of prediction results on the UT in Seoul

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

Target 1.6516 0.7770 

Prediction

DNNM 1.6474 0.7443 0.0921 0.2244 0.3035 0.8465 

MLRM 1.7946 0.8428 0.1625 0.2998 0.4031 0.7291 

JSCE 1.7509 0.4114 0.2520 0.3836 0.5020 0.5799 

JASS 5 1.6127 0.2714 0.3268 0.4341 0.5717 0.4553 

Fig. 8.7 Comparison of prediction results on the UT in Seoul
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8.3.2 Prediction results for the UT in Incheon

The results of carbonation rate coefficient prediction for the UT in Incheon are shown in 

Table 8.10 and Fig. 8.8. In the case of DNNM, the explanatory power was 91.95 %. For the 

models of JSCE and JASS 5, the predicted trends were slightly similar but the results were 

different from the target, and the carbonation rate coefficient was underestimated overall. As the 

carbonation rate coefficient increased, the prediction error increased more.

Table 8.10 Comparison of prediction results on the UT in Incheon

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

Target 1.4310 1.0001 - - - -

Prediction

DNNM 1.3368 0.9453 0.0798 0.1882 0.2826 0.9195 

MLRM 1.1607 0.8454 0.4255 0.4350 0.6523 0.5708 

JSCE 0.8198 0.3971 1.0215 0.8418 1.0107 -0.0302 

JASS 5 1.0067 0.2552 0.9142 0.7610 0.9561 0.0780 

Fig. 8.8 Comparison of prediction results on the UT in Incheon
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8.3.3 Prediction results for the UT in Daejeon

The results of carbonation rate coefficient prediction for the UT in Daejeon are shown in 

Table 8.11 and Fig. 8.9. In the case of DNNM, the explanatory power was 83.30 %, but in 

prediction models of the JSCE and JASS 5, the coefficient of determination R2 was negative. In 

other words, the performance of the model of the specification was lower than that predicted by 

the mean value of the target.

Table 8.11 Comparison of prediction results on the UT in Daejeon

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

Target 2.3520 1.0911 - - - -

Prediction

DNNM 2.3445 0.9346 0.1962 0.3530 0.4430 0.8330 

MLRM 2.3205 0.8017 0.4033 0.5647 0.6351 0.6568 

JSCE 1.4204 0.2388 2.0396 1.1748 1.4281 -0.7358 

JASS 5 1.3945 0.1555 2.0772 1.2016 1.4412 -0.7678 

Fig. 8.9 Comparison of prediction results on the UT in Daejeon
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8.3.4 Prediction results for the UT in Daegu

The results of carbonation rate coefficient prediction for the UT in Daegu are shown in 

Table 8.12 and Fig. 8.10. The explanatory power of DNNM was 76.53 %. For the models of 

JSCE and JASS 5, the predicted trends were different and the results were different from the 

target. Based on the carbonation rate coefficient around 1.8 mm/√year, the low range is

overestimated and the high range is underestimated.

Table 8.12 Comparison of prediction results on the UT in Daegu

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

Target 3.1052 2.1180 - - - -

Prediction

DNNM 2.9247 1.6867 1.0250 0.6129 1.0124 0.7653 

MLRM 3.1044 0.8791 2.0624 1.0683 1.4361 0.5278 

JSCE 2.0322 0.2176 4.8921 1.5776 2.2118 -0.1201 

JASS 5 1.7978 0.1460 5.6459 1.6766 2.3761 -0.2926 

Fig. 8.10 Comparison of prediction results on the UT in Daegu
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8.3.5 Prediction results for the UT in Gwangju

The results of carbonation rate coefficient prediction for the UT in Gwangju are shown 

in Table 8.13 and Fig. 8.11. In the case of DNNM, the explanatory power was 87.72 %. In 

prediction models of the JSCE and JASS 5, the coefficient of determination R2 was negative. In 

other words, the performance of the model was lower than that predicted by the mean value of 

the target, and the carbonation rate coefficient was underestimated overall.

Table 8.13 Comparison of prediction results on the UT in Gwangju

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

Target 3.2286 1.8429 - - - -

Prediction

DNNM 3.1296 1.6676 0.4081 0.2555 0.6388 0.8772 

MLRM 2.7662 0.9749 1.4286 0.8532 1.1952 0.5700 

JSCE 1.6626 0.2949 4.8358 1.6836 2.1990 -0.4555 

JASS 5 1.5533 0.1942 5.4908 1.8002 2.3433 -0.6527 

Fig. 8.11 Comparison of prediction results on the UT in Gwangju
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8.3.6 Prediction results for the UT in Busan

The results of carbonation rate coefficient prediction for the UT in Busan are shown in 

Table 8.14 and Fig. 8.12. In the case of DNNM, the explanatory power was 83.14 %. For the 

models of MLRM, JSCE and JASS 5, the predicted trends were similar but the results were 

different from the target. The coefficient of determination R2 was negative, and the overall 

carbonation rate coefficient was overestimated.

Table 8.14 Comparison of prediction results on the UT in Busan

Model

Statistics Metrics

Mean
(mm/√year)

SD
(mm/√year)

MSE
(mm/√year)2

MAE
(mm/√year)

RMSE
(mm/√year)

R2

Target 0.9987 0.3244 - - - -

Prediction

DNNM 0.9766 0.2872 0.0174 0.0914 0.1321 0.8314 

MLRM 1.5376 0.2649 0.3010 0.5390 0.5487 -1.9095 

JSCE 1.4818 0.2801 0.2419 0.4831 0.4919 -1.3385 

JASS 5 1.4348 0.1832 0.2141 0.4361 0.4627 -1.0694 

Fig. 8.12 Comparison of prediction results on the UT in Busan
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8.4 Scheme for practical application using developed DNN model

A plan was established to apply the DNN model developed for the prediction of 

carbonation rate coefficient of underground structures such as the PCT and UT. In order to 

increase the usability of the developed DNN model, a platform-based application system was 

planned. In general, the AI platform refers to a software framework including a hardware 

structure or an application framework for smoothly executing an AI program. In other words, it 

planned an information infrastructure capable of upgrading and executing the carbonation depth 

prediction DNN model as a common basic structure for predicting the carbonation rate 

coefficient of underground structures.

Fig 8.13 shows the field application schema of the DNN model developed to predict the 

carbonation rate coefficient of underground structures such as the PCT and UT. A big data 

platform for data collection on the predicting carbonation rate coefficient of underground 

structures and an artificial intelligence platform for machine learning of learning data were 

designed. In the machine learning process, the training model is trained through data collection, 

data pre-processing, and exploring, and then the test data is used to evaluate the learning 

performance and apply it to the field when the target performance is achieved [8.7-13]. If the 

carbonation rate coefficient prediction performance of underground structures is insufficient in 

the field application, the DNN model is upgraded using the data on concrete carbonation of the 

big data platform. In addition, even if new data accumulates in the big data platform, the DNN 

model will be upgraded according to a periodic plan. Through this process, it is possible to 

periodically manage the change in carbonation rate coefficient depending on the lapse of the use 

period of the PCT and UT.

In this study, a DNN model was developed from limited data such as construction year, 

structures classification, region classification, construction type, measurement location, member

parts of structures, concrete strength, and carbonation depth to predict the carbonation rate 

coefficient of the PCT and UT. In the present, the prediction on the carbonation rate coefficient 

of the DNN model developed from machine learning based on such limited data shows that the 

coefficient of determination R2 is 0.8248. However, if transient data at the construction phase 

and historical data at the operation and maintenance (O & M) phase are obtained according to 

the building of the big data platform in the future, deep learning models with better predictive 

performance than the currently developed DNN models can be proposed. Therefore, systematic 

data management for the PCT and UT is very important.
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Fig. 8.13 Scheme for practical application of DNN model
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8.5 Conclusions

The validity of the prediction results was analyzed before the practical application of the 

developed carbonation rate coefficient prediction DNN model. The carbonation rate coefficient 

prediction model developed for underground structures is a DNN model based on the deep 

learning algorithm, which is an artificial intelligence supervised learning technique. In addition, 

a regression model based on traditional multiple linear regression analysis was presented for 

estimating the carbonation rate coefficient. In order to predict the carbonation rate coefficient of 

underground structures such as the PCT and UT, the prediction performances of the proposed 

model and the existing specification model were compared. The analysis results are as follows.

• As a result of predicting carbonation rate coefficient by prediction model, the explanatory 

power of DNNM on the PCT was 72.17 ~ 86.26 % depending on the region and the explanatory 

power of DNNM on the UT was 76.53 ~ 91.95 % by region, showing significant regression 

performance. In addition, the metric of MSE, MAE and RMSE were also shown to have better 

DNNM compared to other models.

• In particular, as a result of the prediction carbonation rate coefficients for the PCT in Incheon 

and the UT in Busan, prediction models of MLRM, JSCE, and JASS 5 showed the negative 

coefficient of determination, which the prediction performance of the models was worse than

predicted by mean of the targets.

• The DNNM for underground structures using the deep neural network proposed in this study 

is based on the strength of concrete, and the selected features are considered to be effective in 

predicting the carbonation of underground structures such as the PCT and UT by use and 

region.

• The DNNM which is used in deep neural networks was able to show the high explanatory 

power compared to other linear regression based prediction models by considering nonlinear 

correlation between data for predicting carbonation rate coefficient.

• A plan was established to apply the DNN model developed for the prediction of carbonation 

rate coefficient of underground structures. If transient data in the construction phase and 

historical data at the O & M phase are collected by the building of big data platforms in the 

future, models based on deep learning algorithms with better prediction performance than the 

currently developed DNN models could be proposed.
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9.1 Summary

Among the infrastructures represented by roads, railways, and ports, there are some 

underground structures that we often overlook, such as the PCT and UT. The PCT and UT are 

important non-transport infrastructures installed underground to accommodate electricity, water 

and sewerage, gas, and telecommunications facilities. This allows improvement of urban 

aesthetics, preservation of road structure, and smooth communication of traffic. But, most of the 

PCT and UT are reinforced concrete structures, and their deterioration is intensified due to the 

increase in duration of use. As a result, the repair and reinforcement costs have been increasing 

rapidly, which leads to difficulties in maintenance.

The durability deterioration of underground structures such as the PCT and UT is due to 

the carbonation, chloride attack, and chemical attack, among which carbonation has been 

identified as a major contributor to durability deterioration. In other words, predicting the 

progression of carbonation for the PCT and UT is a key process to evaluate the durability service 

life of structures. In general, carbonation has been influenced by the internal factors such as 

concrete mix design, concrete compounds, and concrete properties, the external factors such as 

atmospheric CO2 concentration, temperature, humidity, and so on.

In order to predict the durability service life on the carbonation of structures, many 

researchers have proposed a carbonation prediction model that predicts the carbonation depth 

over time from indoor experiments and exposure experiments. However, because of the different 

factors that take into account the rate of carbonation among researchers, the carbonation 

prediction model proposed would inevitably show a difference in carbonation prediction depth 

during the intended service life. In addition, the classical carbonation prediction model proposed 

could be applied when there is construction information such as cement, aggregate, admixtures, 

water-binder ratio (W/B), curing conditions, and so on. However, it is practically impossible to 

obtain construction information for existing underground structures that have been used for more 

than 20 years.
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At present, the PCT and UT have been maintained by regular safety inspection through 

visual inspection, nondestructive test, and structural safety evaluation in Korea. Some studies 

have been carried out predicting the carbonation of concrete using various actual measurement 

data obtained from such safety inspection results. In general, most of the previous research was

conducted on traffic facilities such as bridges, road tunnels, railway tunnels, and subways. 

However, the PCT and UT are different from the general transport infrastructure in terms of 

environmental condition which is the external factor of carbonation, so it could be supposed that 

the progress of concrete carbonation is different.

This study aims to develop a model that predicts the carbonation depth on the existing 

underground RC structures, such as the PCT and UT, which have been aged in Korea for 

maintenance. To understand the carbonation tendency and characteristic, the probabilistic 

approach to the carbonation rate of the PCT and UT was carried out, and the uncertainty for the 

random variables of carbonation rate was measured by entropy. In addition, in order to check the 

possibility of developing a predictive model, the relationship between the carbonation factors 

and the carbonation rate coefficients was analyzed by classical multiple linear regression analysis. 

Then, an AI-based DNN model was developed by a deep learning algorithm to predict the 

carbonation rate coefficients on the PCT and UT. This study is expected to contribute to the 

determination of the optimal repair timing for the PCT and UT by carbonation. It could be helpful

to plan the preventive maintenance and asset management for the PCT and UT by using a 

developed model. In particular, it will be an example in the maintenance field to promote the

development of AI based on deep learning from maintenance big data on the structures.

9.2 Overview of contributions and conclusions

Chapter 1 describes the background of this research, problem statement, research 

objective and limitation, research contribution and novelty, and dissertation outline. The 

objective of this research is to develop a model that predicts the carbonation depth on the existing 

underground RC structures, such as the PCT and UT, which have been aged in Korea for 

maintenance. It is practically impossible to obtain quantitative data on classical internal and 

external factors known to influence carbonation rates for the considerably aged structures.

Therefore, the new model for predicting the carbonation depth of the PCT and UT based on 

limited maintenance information from safety inspection results is going to be an AI using deep 

learning algorithms by maintenance data. The developed AI-based model would present 
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appropriate carbonation prediction results only for the PCT and UT for which training data were 

provided at the time of model development.

Chapter 2 describes the carbonation mechanism and the carbonation influencing factors

which are summarized by reviewing various types of literature related to carbonation of concrete. 

A lot of techniques for the prediction of concrete carbonation and the proposed carbonation 

prediction models were reviewed. These literatures or reviews became necessary information in 

order to distinguish the features as input variables of AI-based models. In particular, the literature 

study results provided necessary information which is the possibility of carbonation prediction 

by the compressive strength of concrete.

Chapter 3 describes the data collection on the carbonation and the environmental 

characteristics that are temperature, humidity, and CO2 concentration during normal operation 

of the PCT and UT. Total span lengths on the existing underground structures to be collected for 

this study are 143 km for the PCT and 104 km for the UT. The results of NDT such as concrete 

carbonation test, concrete rebound hardness test, and so on were extracted from the precision 

safety diagnosis reports. As for environmental characteristics, the seasonal temperature of the 

underground structures is in the range of 13.8 ~ 24.2 °C and humidity of the underground 

structures is in the range of 35 ~ 70 %. The CO2 concentration in the underground structures is 

in the range of 419 ~ 629 ppm. These results mean that environmental characteristics depend on 

the local as well as the performance of the ventilation system of underground structures.

Therefore, it is necessary to consider regional characteristics when predicting the carbonation 

rate of underground structures.

Chapter 4 provides data analysis and probabilistic approach to the carbonation rate of

the PCT and UT. The carbonation rate of the PCT and UT was analyzed for the non-exceedance 

probability 50 % ~ 95 % through probability analysis, and the approximate carbonation rate of 

the PCT and UT operated in Korea was presented. As a result of the analysis of the carbonation 

status, it was found that the carbonation depth dispersion is large enough to be difficult to 

characterize the pattern, unlike the test result of the limited laboratory. In particular, the 

carbonation rate coefficient of the PCT is in the range of 0.017 ~ 5.774 mm/√year, and the 

carbonation rate coefficient of the UT is 0.080 ~ 11.612 mm/√year, and the dispersion is so large 

that the reliability of the carbonation prediction model of JSCE and JASS 5 is low to be directly 

applied. The analysis of probability for carbonation by region of the PCT showed that at 50 % 

and 95 % of the CDF F(x), the carbonation rate coefficient was in the range of 0.249 ~ 2.195 

mm/√year and 0.485 ~ 4.123 mm/√year, respectively. For the concrete cover depth, the range 

was 40.407 ~ 75.034 mm at 50 % of the CDF F(x) and 71.297 ~ 114.687 mm at 95 % of the CDF
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F(x). As in the case of the PCT, the analysis of probability for carbonation by region of the UT 

showed that at 50 % and 95 % of the CDF F(x), the carbonation rate coefficient was in the range 

of 1.000 ~ 3.233 mm/√year and 1.532 ~ 6.589 mm/√year, respectively. For the concrete cover 

depth, the range was 34.750 ~ 56.430 mm at 50 % of the CDF F(x) and 57.345 ~ 87.381 mm at 

95 % of the CDF F(x).

Chapter 5 provides the uncertainty of random variables for the carbonation rate 

coefficients of the PCT and UT. The uncertainty was quantified for the probability distribution 

of carbonation rate coefficients of the PCT and UT by region estimated using the principle of 

maximum entropy that is a method of maximizing and quantifying uncertainty based on given 

information. By quantifying the uncertainty for the random variables of carbonation rate 

coefficients of the PCT and UT by region into a single numerical value by entropy, the 

uncertainty could be measured simpler and more understandable than the CDF analysis. As a 

result of measuring the uncertainty of the carbonation rate coefficient due to entropy, in order to 

improve the reliability of the statistical estimation, it could be necessary to supplement the 

randomness on the random variables of the carbonation rate coefficient for the PCT in Incheon 

and the UT in Busan.

Chapter 6 presents the multiple regression models for prediction of carbonation rate 

coefficient on the PCT and UT. The multiple regression analysis was used to quantitatively 

analyze the relationship between the variables and the carbonation rate coefficient to find out

how the selected characteristic variables influence the carbonation rate coefficient of

underground structures. The multiple linear regression model was made to estimate the 

carbonation rate coefficient of underground structures such as the PCT and UT. The adjusted 

coefficient of determination (Ra2) of the multiple linear regression model is 0.6703, indicating 

that the model can explain about 67 % of the variation on the dependent variables. The 

explanatory powers of the multiple linear regression models presented for the estimation of 

carbonation rate coefficients of underground structures were found to vary by structures and 

region. The results of this analysis indicate that the multiple linear regression model is somewhat 

not appropriate for the data and variables prepared. Therefore, in order to increase the 

explanatory power of the model, it is necessary to try to analyze the nonlinear relationship 

between the variables.

Chapter 7 presents the DNN model for prediction of carbonation rate coefficients on the

PCT and UT. The DNN model which considered the features such as structures classification, 

region classification, construction type, measurement location, member parts of structures, and 

concrete strength of the PCT and UT using deep learning algorithm was developed to predict the 
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carbonation rate coefficient of underground structures. The DNN model with more explanatory 

power was developed by using the nonlinear coupling between input characteristics for 

carbonation rate coefficient prediction. Sensitivity analysis depending on hyperparameter such 

as batch size, epoch condition, and optimizer was performed. DNN_5H_12_5000_AdaMax was 

determined as the optimal DNN model for prediction of carbonation rate coefficient of 

underground structures. The explanatory power of the DNN_5H_12_5000_AdaMax model is 

82.48 %.

Chapter 8 describes the validity of the prediction results before the practical application 

of the developed carbonation rate coefficient prediction DNN model. In order to predict the 

carbonation rate coefficient of underground structures such as the PCT and UT, the prediction

performances of the proposed model and the existing specification model were compared. As a 

result of predicting carbonation rate coefficient by prediction model, the explanatory power of 

DNNM on the PCT was 72.17 ~ 86.26 % depending on the region and the explanatory power of 

DNNM on the UT was 76.53 ~ 91.95 % by region, showing significant regression performance. 

In addition, the metric of MSE, MAE and RMSE were also shown to have better DNNM 

compared to other models. From these results, the DNNM was able to show the high explanatory 

power compared to other linear regression based prediction models by considering nonlinear 

correlation between data for estimating carbonation rate coefficients. A plan was established to 

apply the DNN model developed for the prediction of carbonation rate coefficient of 

underground structures. If transient data in the construction phase and historical data at the O & 

M phase are collected by the building of big data platforms in the future, models based on deep 

learning algorithms with better prediction performance than the currently developed DNN 

models could be proposed.

9.3 Future works

Based on research conducted in Chapter 3, 4, 5, 6, 7, and 8, this study endeavors to 

provide information regarding durability and prediction of carbonation rates of concrete on the 

existing underground structures such as the PCT and UT. The developed prediction model of 

carbonation rate is going to provide the necessary information and reference for the preventative 

maintenance and asset management of existing underground structures such as the PCT and UT, 

particularly in non-transport infrastructures. To improve the developed model regarding the

carbonation prediction on the structures, the following aspects are expected in further research:
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• The AI-based model for predicting the carbonation depth of the PCT and UT based on limited 

maintenance information from safety inspection results was developed. During the 

development process, the carbonation data for the PCT in Incheon and the UT in Busan were 

found to be relatively small in entropy and dispersion compared to other regions. Therefore, 

in order for the AI-based carbonation prediction model to secure more improved and stable 

performance, model upgrade through additional machine learning is required by 

supplementing maintenance information for structures in these regions in the future.

• At present, it is practically impossible to obtain quantitative data on internal and external 

factors known to affect carbonation rates for the considerably aged structures in Korea. In the 

future, it will be necessary to develop a more reasonable AI-based model based on various 

numeric features by systematically quantifying and securing data on external factors affecting 

carbonation such as temperature, humidity, and CO2 concentration during the O & M period 

of the underground structures.

• In this study, the AI-based model for carbonation prediction was developed for the PCT and 

UT which have different operating environments from transport infrastructure such as bridges, 

road tunnels, railway tunnels, and subways. In the future, it will be worth to review the 

applicability of the carbonation prediction model and the techniques developed in this study 

for these transport infrastructures.


