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Corrosion of the steel reinforcements in concrete structures is a major cause of their deterioration. In most cases, 
corrosion is induced by carbonation or chlorination and only the supposedly prominent initiating phenomenon is 
considered. However, a combination of the two can be more uncertain because, in this case, both the chloride 
binding capacity and the pore microstructure of the cement paste are affected. The case of a concrete bridge 
subjected to carbonation and deicing salts is considered in this study. Specific Finite Element Modelling (FEM) was 
developed in order to estimate the time to reinforcement depassivation and the aim of the study is to estimate 
the probability of effective initiation of corrosion when the chloride content at the rebar surface exceeds a 
threshold value. The time, t, corresponding to this event, with a predefined probability, can be a significant 
milestone in the maintenance policy. Concrete properties, external environment (carbon dioxide pressure, 
chloride content, relative humidity) and concrete cover depth are considered as random variables in the study. In 
order to overcome the numerical weight of the FEM in the probabilistic computations, a surrogate model based 
on polynomial chaos expansion is employed. A Sobol sensitivity analysis is performed on the parameters to 
observe their influence on the result. Several locations are assumed for the structure, implying various 
environments and durations of the frost period. The results show that combined exposure to chlorides and carbon 
dioxide increases the depassivation rate and that the concrete cover thickness has the highest impact on the 
probability of depassivation. 
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1. Introduction 

Reinforced concrete is the most widely used 
construction material but its great versatility can 
make it complex to study and to model. The 
concrete protects the reinforcing bar from 
external aggressions and ensures an alkaline 
environment around the steel surface, causing its 
passivation [1]. Thus, the nature and design of the 
concrete cover influence the impact of major 
phenomena, such as carbonation induced 
corrosion or chlorination induced corrosion, on 
the reinforced concrete durability[2]. 

We recall that the total costs of corrosion, direct 
and indirect, represent between 2.5 and 4.5% of 
the world’s GNP, corresponding to two thousand 
billion US dollars per year [3]. This point 
underlines the necessity to control and slow down 

this degradation process in order to reduce the 
costs associated with maintenance and repair. 
Moreover, corrosion is directly linked to safety 
issues since it may lead to failure of the structure.  

The two main phenomena inducing corrosion in 
reinforced concrete are linked to the diffusion of 
aggressive species, chloride and carbon dioxide. 
Carbonation is a physicochemical process 
affecting the cementitious matrix of the concrete, 
which takes place in the presence of water 
(required for the dissolution of carbon dioxide) 
[4].  

Portlandite (Ca(OH)2) is one of the principal 
hydrates contained in concrete. It is mainly 
responsible for the basic pH value, generally 
between 12 and 13 in the cementitious matrix 
interstitial solution [5]. Passive films naturally 
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form on steel at pH values higher than 10.4, as 
when the steel is embedded in concrete [6]. While 
consuming the hydrates of the cementitious 
matrix, carbonation lowers the alkalinity of the 
interstitial solution. It may ultimately cause the 
destruction of the passive film and thus the 
initiation of corrosion [7].  

Chloride penetration can also cause the passive 
film to break [8]. Chlorides are present in ionic 
form in the environment and penetrate the 
concrete by either diffusion or convection. In 
concrete material, chloride interacts with certain 
hydrates of the matrix and can be fixed by them. 
This property of the cementitious matrix, called 
its binding capacity, can slow the ingress of 
chloride into the material [9].  

Once a certain concentration of free chloride 
ions is reached in the interstitial solution at rebar 
level, the passive layer dissolves, leaving the steel 
unprotected against corrosion. The critical 
concentration of chloride required to cause the 
initiation of corrosion at the rebar interface is a 
subject of debate. Values found in the literature 
vary from 0.03 % to 8.34 wt.% of the cement mass 
[10].  

Through their impacts on the concrete 
microstructure and chemistry, the two phenomena 
described above can alter one another. First, 
carbonation reaction leads to a decrease of the 
concrete average porosity and, thus, to a decrease 
of the ability to transport chloride ions [11]. 
Second, carbonation may affect the hydrates of 
the cementitious paste, hindering their ability to 
bind chlorides once carbonated [12].  

As stated earlier, the random variability of the 
concrete material and the environment to which 
the structure is exposed makes it necessary to 
consider uncertainties. When a deterministic 
approach is employed to evaluate the durability of 
a structure, simplifying assumptions are made to 
consider only the average values of the input 
parameters for a given model. Therefore, 
evaluation of the weak areas of a structure or of a 
singularity is impossible. For this reason, the use 
of a probabilistic or semi-probabilistic approach 
is often more advisable when the aim is to study 
the response of a concrete structure to its 
surrounding environment. Such approaches allow 
the variability to be taken into account by using 
probability distributions for the different 
parameters.  

In a maintenance strategy, estimating the 
probability of corrosion initiation at the end of the 
designed service life, or the time when this 
probability exceeds a certain threshold is crucial. 

 
2. Assessment Model 

SDReaM-crete is a durability model developed 
jointly by the CERIB and the LMDC [7, 15]. It 
can predict carbonation, chloride penetration, and 
the corrosion induced by these two phenomena. 
The species considered are:  

� hydrates of the cementitious matrix: 
portlandite (CH), calcium silicates (CSH), 
calcium monosulfates (Afm), ettringite (Aft); 

� chloride ions: free chloride (Cl-), physically 
bound chloride (YCSH) and Friedel’s salt 
(FS); 

� carbon dioxide (through the partial pressure 
of CO2); 

� oxygen (through the partial pressure of O2); 
� water (through the relative humidity); 
� corrosion products (green rust and dense 

product layer). 

Transfer equations of the different species are 
based on Fick’s second law. 

Partial differential equations are solved within 
the finite element software Comsol. From a more 
general point of view, SDReaM-crete involves: 

� 45 constants (calibration, thermodynamic, 
physicochemical, etc.); 

� 48 variables (microstructural parameters, 
durability coefficients, etc.); 

� 47 equations (Arrhenius law, Van Genuchten 
equation, etc.). 

However, the computational time (up to a few 
hours) is a severe constraint for the use of 
SDReaM-crete in the context of a probabilistic 
approach. In order to overcome this drawback, the 
present work has recourse to a surrogate model, 
mimicking the original one but based on a 
polynomial chaos expansion.  
 
3. Case Conditions 

The goal was to assess the impact of combined 
carbonation-chloride-induced corrosion on a 
reinforced concrete bridge subjected to deicing 
salt. The modelling conditions chosen to represent 
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the use of deicing salt on the structure were the 
following.  

� First, annual variations for the relative 
humidity and the temperature were 
represented with a sinusoidal function 
(exposed in Eq. (4) for RH). This function 
was chosen arbitrarily to ease the modelling 
while considering a maximum and a 
minimum value. The parameters used to 
control the function were the average value 
of each function (μRH and μT) and the 
maximum variation (ΔRH and ΔT) 

  (4) 

� A single period of salting per year controlled 
by the maximum concentration value (Cmax). 
The period of salting (tsalting = t2-t1) was 
represented with a square wave function (see 
Eq. (5)). 

 

  (5) 

 

� Partial pressure of CO2 was considered 
constant with time, and stated as a single 
average value . 

In Eqs. (4) and (5), t is the time in years. Boundary 
conditions were applied on one face of the 
structure while transfers were considered 
unidirectional.  
 
4. Surrogate Models 

A surrogate model (meta-model) created as part 
of the study gave the free chloride concentration 
at a certain depth as its output. To improve the 
accuracy and robustness of the surrogate model, 
an “average meta-model” was built from various 
Polynomial chaos expansions (PCE). The 
methodology is detailed in Section 4.2.  
 
4.1. Input selection 
The first step was the selection of the appropriate 
parameters. The variability of these parameters 
will therefore be considered in the probabilistic 
approach. It also implies the hypothesis that the 
remaining model parameters can be considered 
constant because their variability does not 
significantly affect the output. The parameters 
selected are meaningful to the study and their 
possible impact on the results is legitimized by the 

literature [7, 15]. Each data range was also 
established according to references and to enable 
consideration of the structure parts studied 
afterwards (see Table 1). The material used was 
CEM I-based concrete in each case. The structure 
is located in France.  

The variation intervals of material parameters 
assume that the material employed for pre-
stressed concrete bridge girders is a usual 
concrete. The variation of the environmental 
parameters is large enough for this aspect not to 
limit the use of the meta-model for a certain 
geographic zone.  

In order to build the meta-model, a large number 
of computations had to be run with the original 
model. Latin Hyper-square Sampling (LHS) was 
used to improve the distribution of the dataset and 
maximise the overall training process [15]. 
 
Table 1. Input data range for building the meta-model 

Var Unit Min Max Ref 
φ - 0.08 0.21 - 

CH mol/m3 250 2000 [13] 
CSH mol/m3 500 2200 [13] 
Afm mol/m3 50 600 [13] 
PCO2 Pa 0 70 - 
Kl1 m2 10-19  5.10-21 - 
RH - 0.5 0.8 - 
ΔRH - 0.05 0.2 - 
DCl m2/s 10-13 10-11 - 
tsalting Day 1 30 [14] 
w/b - 0.35 0.65 - 
ttot Year 5 100 - 

[Cl]max mol/m3 40 2000 [14] 
[Cl]crit mol/m3 40 440 [8] 

 
4.2. Polynomial chaos expansion (PCE) 
PCE was selected as the type of meta-model and 
the python module OpenTURNS [16] was 
employed to compute the unknown coefficients of 
the PCE. The global functioning of this algorithm 
is described in this section.  

First, the database of results is split into two 
datasets: the first (80%) serves to estimate (fit) the 
unknown coefficients of the meta-model. The 
second (20%) is dedicated to validating the meta-
model by comparing the results obtained with the 
surrogate and the original models. These datasets 
are set randomly. 
The goal of PCE is to model the response of a 
random output variable (Y) as a function of input 
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parameters (X = {x1 … xm}) through the general 
expression Eq. (6).  

  (6) 
 are the multivariate polynomials constituting 

the probabilistic space associated with the input 
parameters and  are the coefficients belonging 
to the real number [17].  

Here, Legendre polynomials were used. This 
specific polynomial family is associated with 
uniform distributions of input data, which was the 
case for this work [18]. The coefficients   were 
determined through regression analysis: a 
truncation according to the expression |α| ≤ p for 
the index α.  To measure the performance of the 
model obtained with truncation, the second 
dataset was used. This method of cross validation, 
called “leave-one-out”, allowed us to determine 
the coefficient Q2 qualifying the generalization 
capability of the surrogate model. The value of Q2 
was between 0 and 1. The higher the value is, the 
better is the model performance [19].  

The maximal PCE degree and its influence on 
the determination coefficient was studied to select 
the optimal configuration (see Fig. 1). The value 
taken for the maximal degree of each surrogate 
model was 12, which gave a determination 
coefficient sufficient for the application.  

 
Fig. 1. Representation of the determination 
coefficients obtained for maximal polynomial order 
ranging from 1 to 50. 

It can be highlighted here that there seems to be a 
threshold degree value for which the Q2 value 
ceases to increase. This certainly means that the 
new polynomial equations added to the PCE do 
not present any interest to improve the accuracy. 
Thus, the associated polynomial coefficients are 
equal to or close to zero.  

The results obtained for the validation of the 
meta-model in the case studied here are plotted in 
Fig. 2. 

As mentioned previously, an “average surrogate 
model” was formed from several meta-models. 
For this purpose, each meta-model was built from 
a new partition of the numerical design between 
the learning basis (size 7016) and the validation 
basis (size 1752). The polynomial coefficients 
obtained for each meta-model were then averaged 
in the final surrogate model (see Fig. 3). 
Meanwhile, the first and total Sobol indices were 
computed, together with the determination 
coefficient.  

Fig. 2. Representation of one of the meta-model 
validations (Q2=0.932). 
 
4.3. Sobol sensitivity analysis 
The Sobol sensitivity analysis emphasizes [20]: 

� The influence of an individual parameter 
alone on the result with the computation of 
the first order index, 

� The influence of a parameter and its 
interactions with the remaining input through 
the calculation of the total order index. 

The first and total order indices were computed in 
this work.  

 
Fig. 3. Average values of the first and total order 
indices for the surrogate model computed. 
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5. Reliability Assessment  

A first order reliability method (FORM) is used to 
compute the probability of failure [21]: 

  (7) 

where X is the input random vector, fX(x) the joint 
density probability function, g(X, d) the limit state 
function of the model, and d a deterministic 
vector. The failure domain Df  is defined as: 

Df = {X Rn/g(X, d) ≤ 0}. 

Finally, the failure probability  can be 
obtained because the standard distribution fU 
exhibits rotational invariance: 

 

where  is the Hasofer-Lind reliability index, 
defined as the minimum distance from the origin 
of the standard space to the failure surface 
G(U,d)=0, and  is the standardized normal 
cumulative distribution.  

In the present work, the failure criterion was 
expressed as 

  (8) 

The Pearson correlation matrix of material 
parameters was accounted for and estimated from 
the PERFDUB database results [22]. Only the 
CEM I, filler and slag-based concretes were 
considered. The results are reported in Fig. 4. The 
other coefficients were considered equal to 0. 

 
Fig. 4. Graphical representation of the correlation 
matrix obtained on the PERFDUB database. 

 

 

6. Real Case Application 

6.1. Durability design options 
The data studied here were derived from different 
inspection tests carried out on a pre-stressed 
concrete bridge girder in the south of France. One 
beam (noted B1) and two struts (S1 and S2) of the 
same structure were considered. Durability design 
parameters, and concrete cover depth (CC), are 
reported in Table 2. Concrete cover 
measurements were performed with a cover meter 
at different locations along the structural 
components. From the measurements, a Beta 
distribution could be satisfactorily fitted and was 
adopted (see Fig. 5).  

 

 
Fig. 5. Histograms and fitted Beta distributions for the 
concrete cover. 

The parameters of the three distributions are 
reported in Table 2. The Beta distribution also has 
the advantage of being bounded on both sides, 
avoiding the occurrence of negative or excessive 
and unrealistic values for the concrete cover. In 
Table 2, a corresponds to the minimal value, b to 
the maximum value, and α and β to the 
distribution parameters [23]. 

Table 2. Durability parameters of the case study 
Part Cover (CC) w/b DCl φ Kliq 

 
(- - mm 

mm) 
(α-β-a-b) 

(-) (10-12 

m2/s) (-) (10-20 
m2) 

B1 2.3 – 5.6 – 
20 – 90 0.49 9.9 0.14 1.95 

S1 2.2 – 2.7 – 
15 – 35 0.6 15.0 0.17 4.88 

S2 2.3 – 2.1 – 
5 – 45 0.49 9.9 0.13 1.54 
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The distributions of the other parameters were 
defined either on the basis of experimental results 
(for w/b, porosity) or using models and data from 
the literature (for DCl, Kl, and concentrations of 
hydrates) [7]. The distributions are reported in 
Table 3. Ccrit is considered constant and equal to 
200 mol/m3 to ease the comparison of the 
probability obtained. The choice of this value was 
based on the work of Schmitt [7]. 

Table 3. Durability design parameters for elements of 
concrete structure.  

Parameter 
(distribution) 

Statistical 
properties 

Beam Strut 

DCl 
(Lognormal) 

Mean (m2/s) Design 
Deviation 

(m2/s) 
Shift 

parameter 
(m2/s) 

5.10-13 
 

10-13 

Phi (Beta) 

α 
β 

2.26 
3.39 

min (%) 
max (%) 

μdesign-2 
μdesign+2 

Kliq (Normal) 
Mean (m2) Design 

Deviation (m2) 10-20 

w/b (Normal) 
Mean (%) Design 

Deviation (%) 2 

CH + Aft 
(Beta) 

 α 
β 

2.57 
6.43 

min (mol/m3) 
max (mol/m3) 

μdesign-150 
μdesign+150 

CSH (Beta) 

α 
β 

10.89 
12.93 

min (mol/m3) 
max (mol/m3) 

μdesign-100 
μdesign+100 

Afm (Beta) 

α 
β 

2.5 
5.83 

min (mol/m3) 
max (mol/m3) 

μdesign-50 
μdesign+50 

HRmean 

(Normal) 
Mean (%) 60 

Deviation (%) 5 
tsalting 

(Uniform) 
Min 5 1 
Max 15 5 

Clmax 
(Normal) 

Mean (mol/m3) 500 250 
Deviation 
(mol/m3) 100 100 

   
 

 

Table 3. (Continued) Durability design parameters for 
elements of concrete structure.  

Parameter 
(distribution) 

Statistical 
properties 

Beam Strut 

PCO2 
(Normal) 

Average (Pa) 50 50 
Deviation (Pa) 5 10 

ΔHR 
(Normal) 

Average (%) 15 10 
Deviation (%) 2.5 2.5 

The strut surfaces are considered to be less 
exposed to environmental variations and 
aggressiveness than the beam surfaces, because of 
their “aerial” positions. For this reason, different 
values of tsalting, Clmax, PCO2, and ΔHR were 
chosen. 

 
6.2. Failure probability computation 
For the calculations of this section, a maximal 
duration of 100 years was chosen because it 
corresponds to the lifetime generally expected for 
this type of structure [24].  

Failure probability (Pf) was computed for the 
three structural components. First, the evolution 
of Pf over time (from 50 to 100 years) is shown in 
Fig. 6.   

  
Fig. 6. Evolution of the failure probability vs. time for 
the different structural components. 

It can be observed that the values obtained differ 
widely according to the structural component 
considered. Based on the Sobol indices obtained 
(see Fig. 3), the difference mainly originates in 
the concrete cover considered between 
components. Other materials and environmental 
parameters may also be influential, but to a lesser 
extent.  

To compare the influence inherent in the other 
parameters, failure probabilities were also 
computed considering the same concrete cover 
distribution law for the three components. A Beta 
distribution law of parameters {α=2.5; β=2.5; 
min=μCC - 5; max= μCC + 5} was used, where μCC 
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is the average value of the concrete cover (mm) 
and corresponds to the value measured with the 
cover meter. μCC values ranging from 5 to 50 mm 
were considered. A time of 100 years was chosen 
here. 
In addition, this second computation can be used 
to look at reliability results for a specific zone of 
the component (regarding the values measured 
with the cover meter presented in Section 6) 
instead of the overall element. 

The results are reported in Fig. 7. Filled 
rectangles correspond to concrete cover values 
falling between the minimal and maximal 
measurements for the component while hashed 
rectangles refer to cover values smaller than the 
minimal value measured.  

 
Fig. 7. Values of failure probability corresponding to a 
time of 100 years obtained for average concrete cover 
values ranging from 5 to 50 mm. 

These results show that, when the same variation 
of the concrete cover is considered, the relative 
difference of failure probability obtained for the 
three components is reduced. This is in 
accordance with the results of the sensitivity 
analysis. 

High values of failure probability are obtained 
on the part S2 for concrete cover (μCC) equal to 5 
or 10 mm. This means that, on this structural 
component, if the zone considered for the 
concrete cover measurement is exposed to deicing 
salts at the same frequency as the one used for the 
computation, there is a high risk of depassivation 
of the rebar occurring.  

The last aspect shown here is the impact of 
carbon dioxide. For the purposes of 
demonstration, different partial pressures of CO2 
were considered. Normal distributions were used 
with an average value of 50.5 and 70.5 Pa for the 
second and third cases. A constant value of 0 Pa 
was used in the first case (without carbonation). 
The failure probability was only calculated for S2. 

The results obtained are represented as a function 
of time in Fig. 8. 

 
Fig. 8. Evolution of the failure probability through 
time for the structure part S2, considering different 
partial pressures of CO2. 

The results show a clear impact of the partial 
pressure as the failure probability increases with 
the partial pressure of CO2. Here, the concrete 
cover considered is the one noted in Table 2 for 
structural part S2. Considering the capability of 
the initial model to represent reality fairly, these 
results prove that carbonation has an impact on 
chloride penetration, at least in the case of 
application of deicing salts to a structure. A link 
with the constantly increasing carbon dioxide 
pressure in the atmosphere due to human activity 
could also be made.  
 
7. Conclusion 

In this paper, a surrogate model has been 
established from a finite element model using a 
polynomial chaos expansion (PCE) method. The 
model is capable of computing chloride ingress in 
the case when deicing salt is spread on a 
reinforced concrete structure and of combining it 
with carbonation. It has been proven that the use 
of a PCE is efficient enough to obtain high values 
of determination coefficient (0.948 on average) 
using a maximal degree of 12 for the polynomial.  

Once the surrogate model was established, it 
was possible to compute the first and total Sobol 
indices, which showed the impact of the different 
inputs on the result. The concrete cover value 
appears to be the most influential parameter.  

A First Order Reliability Method was used 
considering different cases to highlight the facts 
that: 

� Concrete cover variation indeed has the 
highest impact on the failure probability, 
which confirms the results of the sensitivity 
analysis 
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� For the conditions considered, concrete 
covers of 5 and 10 mm lead to elevated 
failure probability. These values are 
reassuring given the minimal value of 30 mm 
recommended in Eurocode 2 [24] for 
structures exposed to deicing salts. 

� Partial pressure of CO2 tends to increase the 
chloride penetration. This is in accordance 
with the fact that carbonation leads to the 
release of bound chloride in ionic form in the 
interstitial solution (free chloride) and 
reduces the binding capacity of the 
cementitious matrix. 

Real measurements of the annual quantity and 
frequency of salting are difficult to obtain. Thus, 
the parameters used to fix the distribution law 
might need to be reviewed in order to obtain more 
accurate predictions on the structure. 
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