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Abstract This study presents a probabilistic frame-

work for accurate prediction of the impacts of

corrosion propagation on reinforced concrete (RC)

structures. The presented framework uses the ensem-

ble Kalman filter (EnKF) coupled with easily acquired

measurements of corrosive crack widths and mid-span

deflection increases for identifying and calibrating

corrosion propagation models. The calibrated models

are consequently used to forecast the extent of

corrosion propagation in RC structures. To assess the

efficacy of the presented framework, data correspond-

ing to the long-term chloride-induced corrosion

experiments initiated in 1984 at ‘‘Laboratoire des

Materiaux et Durabilite des Constructions’’

(L.M.D.C.) in Toulouse, south-west France are used.

The results accentuate the robustness of the presented

EnKF approach by being able to identify and calibrate

candidate corrosion propagation models capable of

predicting, with reasonable accuracy, the experimen-

tal measurements of corrosive crack width and mid-

span deflection in RC members.

Keywords Corrosion propagation rate � Reinforced
concrete � Ensemble Kalman filter �Data assimilation �
Uncertainty quantification

1 Introduction

Corrosion of the reinforcing steel bars is one of the

main causes for premature deterioration and failure of

reinforced concrete (RC) structures [1]. Neglecting the

problem of corrosion in RC structures could lead to

sudden damages and consequently resulting in signif-

icant repair costs and endangering public safety. In

fact, according to studies in the United States, the

direct cost of corrosion is a shocking $276 billion on

an annual basis [2].

Corrosion of RC structures is regarded as a two

stages process: the initiation stage and the propagation

stage [3]. Initially, the high alkaline nature of concrete

(pH[ 13.5) [1] forms a protective film around the

embedded steel bars. This protective layer prevents the

oxidation of steel from occurring. Corrosion is typi-

cally triggered by the presence of chloride ions and/or

carbonation agents in the surrounding environment.

These agents tend to reduce the pH of the concrete and

consequently lead to the loss of the protective film and

the initiation of the corrosion. Therefore, the initiation

phase is the time required for the de-passivation agents

diffusing into the concrete and accumulating at the
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rebar level to reach a certain threshold value after

which the passive layer of the reinforcement is

permanently altered and corrosion is activated [4].

During the propagation phase, rust products form on

the rebar surface due to the electrochemical process of

the dissolution and transformation of metal ions on the

steel bar surface into rust [5]. Since the rust products

occupy a bigger volume than that of the steel [6],

volumetric expansion causes losses in the rebar area,

leading to damage in the concrete in the form of

cracking, destruction of cover and loss of bond

between the concrete and the steel [1, 7–9]. Therefore,

as corrosion progresses, it degrades the resistance

capacity of the structure and decreases the design

safety margin. Proper gauging of the corrosion prop-

agation rate is highly critical as it allows for estimating

the remaining service life of the structure.

There exist different studies in the literature

concerning monitoring the corrosion propagation rate

using non-destructive tests. Such tests include infra-

red thermography [10–12] and X-ray imaging [13–15]

for determining the steel cross-section loss; and the

linear polarization resistance technique (LPR) [16, 17]

for measuring the rate of corrosion. However, these

tests are costly in nature and not easily implemented

in situ. To overcome these difficulties, many research-

ers worked on developing empirical prediction models

to simulate the extent of damage during the corrosion

propagation phase such as: Liu and Weyers model

[18], Yalcyn and Ergun model [19], Vu and Stewart

model [20, 21], Alonso et al.’s model [22], Scott’s

model [23], Breysse et al. model [24], Li model [25].

In all these models, the main factor which governs the

deterioration process during corrosion propagation is

the corrosion rate which is typically represented as an

electric current [5].

A limitation of the empirical models available in

the literature is their inability to quantify the uncer-

tainties underlying the corrosion propagation process.

These uncertainties can be attributed to several

sources including mathematical modeling simplifica-

tions, non-homogeneity of concrete and consequently

the stochastic nature of the model parameters, and

uncertain environmental conditions that might either

slow or accelerate the corrosion propagation process.

To increase confidence in these empirical models,

practitioners recommend continuous monitoring of the

structural response under changing environmental

conditions to avoid the risks associated with

catastrophic failures. Using compiled experimental

data, Faroz et al. [26] presented a Bayesian approach

for the corrosion reliability analysis of reinforced

concrete components. However, the data used in Faroz

et al.’s study was gathered for a short time period

spanning few months only. Hackl [27] used a combi-

nation of structural reliability analysis and Bayesian

networks and presented a framework for the stochastic

modeling of reinforced concrete deterioration caused

by corrosion. In his study, Hackl used the Half Cell

Potential Method to track the progress of corrosion

and consequently update the probability of failure of

RC structures. The problem with most of the cases

presented in the literature is the fact that the corrosion

data used for updating did not span naturally for a long

period of time, and that the non-destructive testing

mechanisms used were costly and not easily

implementable.

In an attempt to overcome these deficiencies, this

study presents a probabilistic framework that uses the

ensemble Kalman filter (EnKF) to calibrate the

governing parameters of corrosion propagation mod-

els by simply monitoring measurable, non-costly and

non-destructively tested aspects of corrosion, namely

deflection and crack width opening. The calibrated

models can be used for simulating corrosion in RC

structures and for reliability analysis at different stages

during the remaining life of these structures. The

EnKF is a sequential data assimilation tool which

relies on the Monte Carlo methods to forecast the error

statistics [28]. The use of the EnKF was successfully

demonstrated by the authors for estimating the corro-

sion initiation time in previous studies [4].

To validate the presented SHM framework, it is

applied to an ongoing program of long-term chlo-

ride-induced corrosion experiments that was initi-

ated in 1984 at ‘‘Laboratoire des Materiaux et

Durabilite des Constructions’’ (L.M.D.C.) in Tou-

louse, south-west France. Data points pertinent to

both deflection and crack width were gathered

[29–31] from two beams under constant supervision

for a long period of time: 23 year old B2Cl1 [30]

and 26 year old B2Cl2 [31]. The gathered data is

first used to calibrate the model parameters of

existing corrosion propagation models. Then, the

calibrated models are used for predicting the future

behavior of the RC corroded structures.
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2 Corrosion propagation

The corrosion propagation phase is mainly governed

by the corrosion propagation rate, a current which

transforms the iron metal into rust thus leading to the

degradation of the steel properties. Since rust occupies

a volume greater than that of steel, volumetric

expansion around the rebar will also lead to the

cracking of the surrounding concrete [32].

Several models were developed in the literature to

simulate the corrosion propagation rate. Table 1

below summarizes some of these corrosion rate

propagation models while listing the advantages and

disadvantages of each. It is to be noted that the

presented corrosion rate propagation models follow

one of three possible trends; they either remain

stationary, decrease or increase with time. Moreover,

these different models rely on governing environmen-

tal and loading conditions, quality of concrete mix,

and cross-section geometry to simulate the corrosion

propagation rate in RC structures. However, most of

the models only account for the aforementioned

conditions in estimating the initial corrosion rate.

The corrosion rate is then empirically propagated in

time via fitting experimental data to either polynomial

or exponential expressions. Furthermore, none of the

models presented in the literature has been applied to

real-time structures where corrosion propagation is

naturally induced and spans for a long period of time.

In fact, most of the data used for developing these

Table 1 Corrosion propagation rate models in the literature: formulation, pros and cons, time-variation trend [18–21, 24, 25]

Corrosion rate propagation model Advantages/disadvantages Trend

Breysse et al. model

lnðicorrÞ ¼ 0:0312RH� 4736=T þ 1:695wc� 0:391eþ 14:589

• Accounts for ambient

conditions, quality of

concrete mix and

crosssection geometry

• Requires availability of

all input parameters at all

times for accurate

prediction

Constant

Yalcyn and Ergun’s model

icorrðtÞ ¼ icorrð1Þ � e�at

• Model developed based

on a time span of days

and does not apply for

long periods of time

Decreasing

Liu and Weyer’s model

icorrðtÞ ¼ 102:47þ 10:09 lnð1:69ClÞ � 39; 038:96=T � 0:0015Xþ 290:91t�0:215

• Accounts for ambient

conditions and quality of

concrete mix

• Requires availability of

all input parameters at all

times for accurate

prediction

Decreasing

Vu and Stewart’s model

icorrðtÞ ¼ icorrð1Þ � atb where

icorrð1Þ ¼
37:8ð1� wcÞ�1:64

e

• Implicitly accounts for

quality of concrete mix

and cross section

geometry

• Depending on the values

of a and b, this model can

simulate a stationary or

time decreasing trend

Decreasing/constant

Li’s model

icorrðtÞ ¼ 0:3686 lnðtÞ þ 1:1305

• Based on accelerated

natural spraying

corrosive conditions

Increasing

Where in all the above equations icorr is the corrosion rate in lA/cm2, RH is the relative humidity, T is the temperature at the steel

level in Kelvin, wc is the water to cement ratio, e is the concrete cover depth in cm, Cl is the total chloride content at the steel level

(kg/m3), X is the resistivity of the concrete, a and b are empirical constants, and t is the corrosion time
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models is based on impressed currents which do not

properly represent the heterogeneous nature of the

corrosion propagation process [18–21, 24, 25].

In this study, representative corrosion propagation

models are selected to be calibrated using experimen-

tal data. The selected models represent the different

approaches commonly adopted for simulating long-

term corrosion behavior: time decreasing, time

increasing and stationary. The models that will be

used in this study are:

The Vu and Stewart model as either a stationary or

time-decreasing corrosion propagation model depend-

ing on the values adopted for a and b [20, 21]:

icorr tð Þ ¼ icorrð1Þat
b
p ð1Þ

where tp is the elapsed time post corrosion initiation

and icorrð1Þ is the initiation corrosion rate in lA/cm2.

The Li corrosion propagation model [25] is a time-

variant increasing model based on accelerated natural

spraying corrosive conditions:

icorr tð Þ ¼ CA ln tð Þ þ CB ð2Þ

where CA and CB are experimentally fitted parameters.

Real time data is used to calibrate the model

parameters of the above corrosion propagation models

and to identify the most suitable predictive model that

properly simulates the L.M.D.C. experimental

conditions.

3 Effect of corrosion on RC structures

The corrosion effects on the behavior of RC members

can be observed in terms of loss of rebar cross

sectional area and/or degradation of adhesion at the

interface between the reinforcing bars and the sur-

rounding concrete material. When corrosion initiates,

a loss of rebar area immediately follows. As corrosion

propagates, a progressive loss in the bond strength

between the concrete and steel interface is observed.

Loss of cross-sectional area due tos corrosion can

occur in two ways: either generalized with uniform

pitting, mainly due to impressed simulated currents, or

localized with spatial variability in pitting, a repre-

sentation of the real corrosion phenomena. The

corrosion penetration depth, often referred to as

pitting depth, is calculated as [24]:

p tð Þ ¼
Z

0:0116 Rpiticorr tð Þdt ð3Þ

where p tð Þ is the pit depth in mm, Rpit is the ratio

between pitting and uniform corrosion depths usually

varying between 4 and 8 with a mean of 5.65, icorr is

the corrosion rate in lA/cm2, and t is the time in years.

From the pitting depth, the relative loss of area of

steel is calculated as follows [33]:

Dw tð Þ ¼ 1� db;remaining tð Þ2

d2b;0

 !
� 100 ð4Þ

where

db;remaining tð Þ ¼ db;0 � p tð Þ ð5Þ

and db;0 is the initial bar diameter in mm, and

db;remaining is the bar diameter at any time t.

Moreover, studies have shown that corrosion of RC

structures is responsible for the decrease in bond

strength between the reinforcement bars and the

surrounding concrete. This loss in bond causes addi-

tional slippage of the reinforcement bars consequently

leading to the failure of the structure. In this study, the

model for the deterioration of bond strength developed

by Lee et al. is used [34, 35]:

ub ¼ 5:21e�XDw ð6Þ

where ub is the bond strength in MPa, Dw is the

percentage steel area loss due to corrosion, and X is a

fitting parameter shown to be equal to- 0.0561 in Lee

et al.’s study.

3.1 Excessive deflection

One measurable aspect of the effects of corrosion on

RC structures is the increase in deflection. This

increase in deflection results from the combined

effects of the loss in tensile rebar area and the

additional slippage of reinforcement bars caused by

the loss in bond strength [29].

The loss in tensile rebar area leads to the degrada-

tion of the effective moment of inertia of the RC

member and consequently to an excessive deflection

as the latter is inversely proportional to the flexural

stiffness of the cross-section.

Moreover, deflection is also dependent on slippage

of reinforcement bars. This slippage is tied to the

amount of rotational settlement hs which is
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significantly dependent on the corrosion state and is

calculated as [35, 36]:

hs ¼
esfsdb

8ub d � cð Þ for es � ey ð7Þ

or

hs ¼
db

8ub d � cð Þ eyfy þ 2 es þ ey
� �

fs � fy
� �� �

for es [ ey
ð8Þ

where db is the tensile steel bar diameter, d is the

effective depth of the beam, c is the depth of the

neutral axis, es is the steel strain, ey is the steel yield

strain, fs is the steel stress and fy is the steel yield stress.

For instance, for a simply supported beam loaded at

mid-span with point load Pload, the mid-span deflec-

tion is [37]:

ototal ¼
Pload � L3
48EcIe

þ hsL
4

ð9Þ

where Ie is the effective moment of inertia, L is the

beam’s length and Ec is the concrete’s modulus of

elasticity.

3.2 Corrosive crack width increase

Flexural loads cause transverse cracks to appear in

beams. However, corrosion, engendering a loss of

cross sectional area, is responsible for the longitudinal

cracks that are present in cracking maps. These cracks

are parallel to the rebar direction and constitute

another measureable aspect of corrosion [6].

Vidal et al. developed an empirical cracking model

to predict the propagation of corrosion by monitoring

crack width [6].

w ¼ K DAs � DAs0ð Þ ð10Þ

where w is the crack width opening in mm, DAs is the

steel loss of cross-section in mm2,DAs0 is the steel loss

of cross-section at crack initiation in mm2 and K ¼
0:0575 is a constant factor. DAs tð Þ is computed as:

DAs tð Þ ¼

As0 1� 1� Rpit

db tð Þ 7:53þ 9:32
e

db tð Þ

� �
� 10�3

� �2" #

ð11Þ

where db is the remaining bar diameter (mm), Rpit is

the pitting factor, e is the concrete cover (mm), and As0

is the initial steel cross-section (mm2).

4 Sequential data assimilation

Estimation theory uses statistical approaches where

two inputs are provided and then combined into a

weighted average. The first input is observed or

measured data and the second is predicted based on

governing system dynamics [38]. One of the most

commonly used tools in estimation theory is the

Kalman Filter. The Kalman Filter is an optimal filter

for linear range dynamics and Gaussian error statistics

only [4, 28]. The Kalman filter provides a linear,

unbiased, minimum variance algorithm to estimate the

state of a system from noisy measurements. For

nonlinear dynamics or non-Gaussian perturbations,

the Kalman Filter is no longer applicable and conse-

quently, the ensemble Kalman filter (EnKF), an

extension of the original Kalman Filter, can be used.

The EnKF is based on forecasting the error statistics

using Monte Carlo sampling. The EnKF propagates an

ensemble of state vectors forward in time and updates

the different realizations of the state vector as

measurements become available. The initial ensemble

is chosen so that it properly represents the error

statistics of the initial guess of the model states. The

initial ensemble is typically created by adding some

kind of perturbation to a best-guess estimate, and then

the ensemble is integrated over a time interval

covering a few characteristic time scales of the

dynamical system.

In the forecast stage, the mathematical model for

corrosion propagation is presented as:

Ut ¼ f Ut�1ð Þ þ �t ð12Þ

where U is a realization of the model state vector, f is

the mathematical representation of the corrosion

propagation model, t represents the time measure,

and �t is a zero mean random noise representing the

model error at time t.

Whenever measurement data is available, a poste-

rior estimate of each of the ensemble of forecasted

state vectors is obtained as a linear combination of the

a priori state, the available measurements, and the

model predictions. The ensemble of state vectors is
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related to the measurement variables via an observa-

tion matrix H that selects forecasted values corre-

sponding to the measurement locations from the state

vectors. It is important to note that while a linear

measurement operator is used in this application, the

EnKF allows for nonlinear mapping between the

model state vector and measurement data [39].

A new ensemble of observations is generated at

each update step. The ensemble of observations is

generated by adding perturbations with zero mean and

covariance equal to the measurement error covariance

matrix to the observation vector at time, t.

The updated states are computed as:

Ua
t;i
¼ Uf

t;i
þKt dt;l �HUf

t;i

� 	
for i ¼ 1 to #of ensembles

ð13Þ

where Ua
t;i

is the updated state vector at time t

corresponding to the ith ensemble of the forecasted

state vector, U
f
t;i .

Kt is called the Kalman Gain matrix and is given

by,

Kt ¼ PeH
T HPeH

T þ Re

� ��1 ð14Þ

and the superscripts f and a denote the forecast and

analysis stages respectively, dti is a realization of the

observation vector at time t, and Pe and Re are the

model and measurement covariance matrices respec-

tively. Once the probabilistic characteristics of the

model parameters are calibrated, they are used to

predict the corrosion propagation rate and conse-

quently better estimate the remaining service life of

the structure.

5 Numerical validation

To validate the presented framework, the case study of

an ongoing program of long-term chloride-induced

corrosion experiments that was initiated in 1984 at

‘‘Laboratoire des Materiaux et Durabilite des Con-

structions’’ (L.M.D.C.) in Toulouse, south-west

France is used. Data points pertinent to both deflection

and crack width are gathered [29–31] from two beams

subject to intense corrosive conditions and kept under

constant supervision for a long period of time: 23 year

old B2Cl1 [30] and 26 year old B2Cl2 [31].

Each of the two beams B2Cl1 and B2Cl2 was

elastically loaded using a three point bending setup at

sporadic time intervals, and the mid-span deflections

were recorded. Two un-corroded control beams were

subjected to the same loading conditions for compar-

ative purposes [29]. The study showed that the mid-

span deflections of the control non-corroded beams

stabilize after 14 years indicating that the effects of the

time-dependent material properties have vanished

[29]. As a result, the mid-span deflections for the

beams B2Cl1 and B2Cl2 at corrosion initiation can be

considered equal to those of their respective control

beams [30].

The data recorded beyond 17 years for B2Cl2 and

beyond 19 years for B2Cl1 did not show a significant

change in mid-span deflection measurements although

the beams were still subject to the same corrosive

conditions [30]. This is due to the fact that the steel–

concrete bond is almost completely lost and general-

ized corrosion became stable. In fact, general attack

corrosion occurs uniformly without appreciable local-

ization, leading to relatively uniform thinning of the

steel bar. At this stage, deflection being influenced by

generalized corrosion loses its capacity to predict

corrosion extent [40].

Moreover, the cracking maps of beams B2Cl2 and

B2Cl1 were recorded in the literature at different time

stages after corrosion initiation [29, 30, 40]. In this

study, corrosion cracks on the tension surface only are

considered. The averaged crack widths are tracked

with time and recorded.

During the cracking stage, the behavior of corrosion

leading to the heterogeneous formation of cracks is

localized [40], and thus the pitting factor used should

take the spatial variability into consideration. The

latter is due to localized corrosion occurring at discrete

sites on the steel bar surface.

6 Uncertainty quantification

Model-based predictions employ mathematical and

empirical formulations to improve and demonstrate

the knowledge of a certain phenomenon using numer-

ical quantification [41]. However, these numerical

models are not fully capable of simulating the exact

status-quo. For this reason, the quantification of these

model uncertainties is necessary to better simulate the

naturally occurring phenomena. Moreover,
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uncertainties also exist in measured data typically used

in the update stage of data assimilation frameworks.

This section aims at numerically quantifying the

different sources of uncertainties that liaise the

corrosion propagation system identification

framework.

6.1 Model uncertainties

More than one numerical model is involved in

simulating the deflection and crack width responses

of corroded structures.

6.1.1 Deflection model error

To quantify the error in the adopted slippage rein-

forcement model, the experimental data presented in

the Lee et al. [34] experimental investigation is used.

Figure 1 shows the comparison between the experi-

mental data points (hollow circles) and a curve

simulating the loss in bond strength as a function of

the percentage loss in cross sectional area using

Eq. (6) with X ¼ �0:0561. Moreover, Fig. 1 presents

data labels corresponding to the estimated percent

difference between the simulated and experimental

data at different instants. The average residual error

from all data points is found to be 16%. This error is

consequently used to represent the modeling uncer-

tainty associated with the reduction in bond strength

model. It is important to note that in adopting this

methodology, all measurement errors are disregarded

and the hollow circles are assumed to represent the

true state of the system. Equation (6) then becomes:

ub ¼ 5:21e�XDw þ �u ð15Þ

where �u is a normal distribution error with zero mean

and an estimated standard deviation of 16% of the

mean of ub.

Manusco and Bartlett [42] found that an average

error of approximately 24% represents the modeling

uncertainty associated with calculating the effective

moment of inertia using the Branson’s equation. The

equation for calculating the moment of inertia then

becomes:

Ie ¼
Mcr

Ma

� �3

Ig þ 1� Mcr

Ma

� �3
" #

Icr þ �I ð16Þ

Fig. 1 Error quantification

for the predictive model

used for bond strength loss

in RC members due to

corrosion

Materials and Structures (2019) 52:89 Page 7 of 17 89



where �I is a normal distribution error with zero mean

and an estimated standard deviation of 24% of the

mean of Ie, Mcr is the cracking moment, Ma is the

applied moment, Ig is the gross moment of inertia and

Icr is the cracked moment of inertia.

In order to quantify the error associated with the

deflection calculation, a Monte Carlo simulation was

conducted using the errors corresponding to the slip

model and to the effective moment of inertia model as

presented in Eqs. (15) and (16) respectively. The

resulting total average error for the deflection is found

to be normal with a COV of 20%.

Therefore the total deflection equation becomes:

ototal ¼ ototal þ �d ð17Þ

where �d is a normal distribution error with zero mean

and an estimated standard deviation of 20% of the

mean of ototal.

6.1.2 Average corrosive crack width model error

In order to quantify the model error associated with

estimating the average corrosive crack width, the

experimental data presented in the Vidal et al. [6]

study is used. Figure 2 shows the comparison between

the experimental data points (hollow circles) and a line

simulating the corrosive crack mouth opening as a

function of the change in percentage loss of cross

sectional area using Eq. (10) with K ¼ 0:0575. More-

over, Fig. 2 presents data labels corresponding to the

estimated percent difference between the simulated

and experimental data at different instants. The

average error for all data points is found to be 19%.

Therefore, Eq. (10) becomes:

w ¼ K DAs � DAs0ð Þ þ �c ð18Þ

where �c is a normal distribution error with zero mean

and an estimated standard deviation of 19% of the

mean of w.

6.1.3 Corrosion propagation model error

For the corrosion current propagation models, a zero

mean Gaussian noise having a standard deviation of

20% of the mean of icorr is used. The adopted corrosion

propagation model error has been extensively used

throughout the literature [20, 21, 25].

Fig. 2 Error quantification for the predictive model used for simulating corrosive crack width opening
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6.2 Measurement error

The mid-span deflection and the crack width opening

are the two measured parameters. Since both the

deflection and the crack width are measured to the

nearest 1/10 mm [29], an average error of 5% is

associated to each to account for both the instrumen-

tation error and the spatial variability of the response

along the specimen.

7 EnKF formulation

The choice of three different empirical models to

simulate the corrosion propagation rate requires three

independent EnKF formulations. Each of these for-

mulations will start with a stochastic state vector

U representing the respective model state and param-

eters. Realizations of the state vector are then prop-

agated forward in time using the governing dynamical

equations as discussed earlier.

For each of the simulated cases, each realization of

the state vector is represented as:

Ut ¼ S P D W½ �T ð19Þ

where Ut is a realization of the model state vector at

time t, S is the state vector containing the mid-span

deflection and the average corrosive crack width at

time t, P is the vector containing the corrosion

propagation model parameters, D is the vector

containing the bond-slip deflection model parameters

and W is the vector containing the crack width model

parameters.

Of all the component of Ut shown in Eq. (19), only

vector P changes depending on the choice of the

corrosion propagation model.

Sub vector S is given by:

S ¼ w o½ �T ð20Þ

where w is the average corrosive crack width at time

t and q is the mid-span deflection at time t. The

initializing parameters of sub vector S are the

measured responses at corrosion initiating time,

t = 5 years. Since these parameters are initially mea-

sured and not guessed, an initial zero mean Gaussian

error having a COV of 5% is assigned to each of the

two parameters. Furthermore, numerical checks are

implemented to guarantee non negative values of

deflection and crack width.

Sub vector D is represented as:

D ¼ Rpit1 db1 X

 �T ð21Þ

where Rpit1 is the generalized pitting factor associated

with deflection. Throughout the literature, this param-

eter is taken as a deterministic value varying between

2 and 4 [33]. For this study, Rpit1 is initially

represented by a bounded normal distribution between

2 and 4 with a mean of 3 and a COV of 10%. db1 is the

steel bar diameter associated with generalized corro-

sion. Due to possible manufacturing errors, its initial

guess is given a normal distribution with a COV of 3%

[27]. X is the bond-slip model parameter. Since this

parameter is uncertain, it is initialized as a normal

distribution with a mean of - 0.0561 and a COV of

10%. The COV is limited to 10% since this parameter

is based on the fitting of experimental data, and thus

the update range should be narrowed.

Sub vector W is defined as:

W ¼ Rpit2 db2 K

 �T ð22Þ

where Rpit2 is the localized pitting factor associated

with crack width opening, having an initial Gumbel

distribution truncated at 1 [27]. db2 is the steel bar

diameter associated with localized corrosion. Similar

to db1, its initial guess is given a normal distribution

with a COV of 3%. K is the crack-width model

parameter initially represented via as a normal distri-

bution with a mean of 0.0575 and a COV of 10%.

Vector P changes depending on the corrosion

propagation model used in the analysis.

For the time-decreasing propagation model:

P ¼ icorr 1ð Þ a b

 �T ð23Þ

where icorr 1ð Þ is the initiation current propagation

model parameter. Since this is a case of high corrosion,

the initiation current should vary between 1 and

10 lA/cm2 [32]. Due to this relative high range of

possible values, this parameter is given an initial

lognormal distribution with a COV of 60%. a and b are
the two other model parameters for the time decreas-

ing model, and are given initial guesses that are normal

with a COV of 25%.

For the time-constant propagation model:
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P ¼ icorr 1ð Þ

 �T ð24Þ

Similar to the time-decreasing propagation model,

this parameter is given an initial lognormal distribu-

tion with a COV of 60%.

For the time-increasing propagation model:

P ¼ CA CB½ �T ð25Þ

CA and CB are the two model parameters for the time-

increasing propagation model, and are given uncertain

initial guesses that are normal with a COV of 25%.

It is worthwhile to note that the initial COVs of

a; b;CA, and CB are set based on a sensitivity analysis

that investigated the effects of different ranges of

initial guesses on the EnKF framework efficiency.

Moreover, all distributions are truncated at zero to

ensure meaningful sampling.

8 Results and discussions

The same set of measurement data is used to update

the model parameters of the three different corrosion

propagation rate models using the EnKF framework.

Starting with an arbitrary mean initial guess for the

state vectors corresponding to each of the two beams,

measurements of the average corrosive crack width

and the mid-span deflection are used to update the

model parameters when available. After each update,

the newly obtained model parameters are employed to

forecast the crack width and deflection starting from

corrosion initiation time.

8.1 Effect of the ensemble size

To study the sensitivity of the framework to the

ensemble size, the consistency of the results when

starting from different initial guesses for the state

vector is investigated. To that extent, for every

ensemble size, the simulation is run 100 times with

different combinations of initial guesses. Figures 3

and 4 show the percent deviation of the average mean

forecast results of the 100 simulations for each

ensemble size from the case of an ensemble size of

200,000. The latter is assumed to simulate the true

state. Figure 3 shows the results corresponding to the

corrosive crack width opening for beam B2Cl2 while

Fig. 4 shows the results for mid-span deflection for the

same beam. It is important to note that the presented

results are based on a forecast using the updated model

parameters of the time increasing corrosion propaga-

tion model based on all available measurement data.

Figure 3 shows that the error in estimating the average

crack width for all 4 years considerably drops with the

increase in ensemble size. For instance, the error in

forecasting the average crack width at 17 years drops

from 31% based on an ensemble size of 1000 to 3%

when the ensemble size is increased to 20,000.

Similarly, Fig. 4 shows that the error in forecasting

the mean mid-span deflection at 17 years drops from

93% based on an ensemble size of 1000 to 5% when

the ensemble size is increased to 20,000. Conse-

quently, it is decided to use an ensemble size of 20,000

for the rest of the simulations in this study.

8.2 Effect of number of updates

Figures 5, 6 and 7 show the forecast of the mean mid-

span deflection and the mean average crack width as

compared to measured data. In these figures the circles

represent the measured data points, while each of the

lines represents a mean forecast based on specific

model parameters. For instance, the dotted lines

represent the mean simulated results using the initial

guess parameters only without relying on any mea-

surement data. On the other hand, the solid lines are

forecasts based on updated model parameters using all

available measurement points. Moreover, Error bars

representing one standard deviation away from the

mean are also shown on the figures for the final

updated model parameters’ mean prediction only.

For all the presented results, time 0 refers to the

onset of corrosion, in this case at 5 years from the

starting point of the experiment [29]. For illustration

purposes, only the results of beam B2Cl2 will be

showcased first and then the results for both beams

will be summarized.

8.2.1 Time-decreasing model

For the corrosion rate time-decreasing model, Fig. 5

shows the forecast of the mid-span deflection and

average crack width as compared to measured data for

beam B2Cl2.

As indicated earlier, the only part of the state vector

that is varied from one model to another is that

pertaining to the corrosion propagation model
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adopted. Table 2 shows the probabilistic characteri-

zation for the initial guess of the augmented model

state vector corresponding to beam B2Cl2.

Starting with this initial guess, the progression of

the mean crack width andmid-span deflection increase

are forecasted according to the dotted line in Fig. 5.

The figure shows that the initial model parameters

underestimate the corrosion extent for beam B2Cl2,

falling well below the measured points. Once the first

measurement data set is made available, and the model

parameters are updated using the EnKF framework,

the dash-dotted lines in Fig. 5 depict the new mean

forecast of the crack width and mid-span deflection

starting from time 0 and using the updated model

parameters. Although the dash-dotted lines show local

improvements in forecasting the state of the beams at

t ¼ 9 years time of updateð Þ, the global forecasted

response diverges implying that the updated parame-

ters based on one measurement only cannot capture

the true behavior of the corroded specimens.

As the second set of measurement data is made

available, the once updated model state vector under-

goes another update stage. The forecast using the

newly updated parameters represented using the ‘?’

line for the crack width and a solid line for deflection is

a more accurate representation of the actual state of

corrosion than the preceding forecasts.

Fig. 3 Error in estimating

average corrosive crack

width as a function of

ensemble size for beam

B2Cl2

Fig. 4 Error in estimating

the mean mid-span

deflection as a function of

ensemble size for beam

B2Cl2
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For the deflection, this update is the final update,

and therefore error bars at one standard deviation away

from the mean are shown on the plots. Although, a

limited number of measurement points is available for

deflection, the presented framework using the time-

decreasing model is shown capable of forecasting a

mean final deflection within one standard deviation

away from the true state for beam B2Cl2.

Fig. 5 B2Cl2 time-decreasing model: a corrosive crack width; b mid-span deflection

Fig. 6 B2Cl2 time-constant model: a corrosive crack width; b mid-span deflection
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As more data points are made available for the

crack width, the incremental improvement in the

forecasted state as shown in Fig. 5 becomes less

significant. The third and fourth (final) updates

oscillate around the 2nd update with limited/no

significant improvement in the forecasted state. The

forecast state based on the final update of the corrosive

crack width for B2Cl2 shows that the error in the mean

predictions at 9, 12, 18 and 21 years change from 22%,

11%, 38%, and 42% to 66%, 17%, 11% and 14%

respectively as compared to the initial model predic-

tion. Although the time decreasing model with the

final updated parameters succeeds in reducing the

error in the predictions for times of 12 years and later,

it fails in properly predicting the crack width at 9 years

showing some limitations of the adopted corrosion

propagation model. It is to be noted that the reported

error in the mean predictions is computed as a measure

of the average distance between the predictions and

the measurements. Furthermore, since this error is

Fig. 7 B2Cl2 time-increasing model: a corrosive crack width; b mid-span deflection

Table 2 Time-decreasing

corrosion propagation

model state vector

Time-decreasing corrosion propagation model

State vector parameter Distribution type Mean Covariance (%)

w Normal truncated at zero 0.13 5

d Normal truncated at zero 0.002 5

icorr1 Lognormal 2.75 60

a Normal truncated at zero 0.85 25

b Normal truncated at zero - 0.29 25

Rpit1 Normal bounded between 2 and 4 3 10

db1 Normal truncated at zero 0.012 3

X Normal - 0.0561 10

Rpit2 Gumbel truncated at 1 5.65 20

db2 Normal truncated at zero 0.012 3

K Normal truncated at zero 0.0575 10
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mainly used to evaluate the relative performance of

the different models as a function of the number of

available updates, the discrepancy measure used does

not account for any possible errors in the observation

data. Other works available in the literature introduce

probabilistic formulations which take into account

measurement errors for evaluating predictive accuracy

[39, 43].

8.2.2 Time-constant model-robustness

For the time-constant corrosion propagation model,

Fig. 6 shows the forecast of the mid-span deflection

and average crack width as compared to measured data

for beam B2Cl2.

Table 3 shows the probabilistic characterization for

the initial guess of the augmented model state vector

corresponding to beam B2Cl2.

Starting with this assumed initial guess, the

progression of the mean crack width and deflection

increase is forecasted according to the dotted line in

Fig. 6. The results show that the time constant model

fails in accurately predicting the final mean mid-span

deflection as the error reported for the B2Cl2 estimate

is relatively large.

As for the corrosive crack width, the third and final

updates for beam B2Cl2 almost overlap with the first

two updates, signifying the efficacy of the time

constant model in simulating the crack width behavior

of corroded beams even with a limited amount of

measurement data. In fact, the forecast state based on

the final update shows that the error in the mean

prediction of average corrosive crack width at 9, 12, 18

and 21 years change from 4%, 18%, 38%, and 38% to

47%, 15%, 6% and 8% respectively as compared to the

initial model prediction.

8.2.3 Time-increasing model-robustness

For the corrosion rate time-increasing model, Fig. 7

shows the forecast of the mid-span deflection and

average crack width as compared to measured data for

beam B2Cl2.

For the time increasing corrosion propagation

model scenario, Table 4 shows the probabilistic

characterization for the initial guess of the augmented

model state vector corresponding to beam B2Cl2.

Similar to the time constant model, the time

increasing model shows a poor performance in

predicting the final mean mid-span deflection as the

final reported error is relatively large.

As for the corrosive crack width, the time increas-

ing model successfully captures the crack width

behavior after the second update. This signifies the

efficacy of the time increasing model in simulating the

crack width behavior of corroded beams even with a

limited amount of measurement data. The forecast

state based on the final update shows that the error in

the mean predictions of the average corrosive crack

width at 9, 12, 18 and 21 years change from 13%, 2%,

10%, and 7% to 20%, 9%, 1% and 2% respectively as

compared to the initial model predictions. As for the

error in mean predictions of the mid-span deflection at

9 and 12 years, it changes from 2% and 16% to 1% and

12% respectively.

Table 3 Time-constant

corrosion propagation

model state vector

Time-constant corrosion propagation model

State vector parameter Distribution type Mean Covariance (%)

w Normal truncated at zero 0.13 5

d Normal truncated at zero 0.002 5

icorr1 Lognormal 1.5 60

Rpit1 Normal bounded between 2 and 4 3 10

db1 Normal truncated at zero 0.012 3

X Normal - 0.0561 10

Rpit2 Gumbel truncated at 1 5.65 20

db2 Normal truncated at zero 0.012 3

K Normal truncated at zero 0.0575 10
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8.3 Comparative analysis of all three models

To assess the sensitivity of the framework to different

initial guesses and to better compare the performance

of the three corrosion propagation models, a Monte

Carlo simulation with 100 realizations of initial

guesses is run through the EnKF framework with

20,000 ensembles for both beams B2Cl1 and B2Cl2.

For each simulation, the discrepancy between the

simulated data and the available experimental data is

recorded after each update. This error is computed as:

%error ¼
X
i

uimeasured � uisimulated

uimeasured

� 100 ð26Þ

where i represents the number of available measure-

ment data, uimeasured is the measured variable (crack

width or deflection) at time i, and uisimulated is the

corresponding simulated value of the measured

variable.

Table 5 below presents the average of the errors

computed for all 100 simulations. For instance, it

shows the average error in computing the mean mid-

span deflection and the average corrosive crack

width opening after each update for the different

initial guess realizations for Beam B2Cl1. For

example, the presented data shows that the error

using the time decreasing corrosion propagation

model to predict the average corrosive crack width

drops from 47% based on the initial guess propa-

gation only to 14% when all available measurements

are used for model calibration. The time decreasing

model mid-span deflection prediction error also

drops from 17 to 11.5% as more measurements

become available. Based on these results presented

in Table 5, the predictive accuracy of all three

Table 4 Time-increasing

corrosion propagation

model state vector

Time-increasing corrosion propagation model

State vector parameter Distribution type Mean Covariance (%)

w Normal truncated at zero 0.13 5

d Normal truncated at zero 0.002 5

CA Normal truncated at zero 0.9 25

CB Normal truncated at zero 0.6686 25

Rpit1 Normal bounded between 2 and 4 3 10

db1 Normal truncated at zero 0.012 3

X Normal - 0.0561 10

Rpit2 Gumbel truncated at 1 5.65 20

db2 Normal truncated at zero 0.012 3

K Normal truncated at zero 0.0575 10

Table 5 Average error for

mid-span deflection and

corrosive crack width for

beam B2Cl1 and beam

B2Cl2 respectively

# Updates Average corrosive crack

width prediction error (%)

Mid-span deflection

prediction error (%)

0 1 2 3 4 0 1 2

Beam B2Cl1

Average decreasing 46.7 17.2 15.0 13.8 N/A 16.9 12.8 11.4

Average constant 32.3 12.6 10.3 9.1 N/A 18.2 13.2 11.1

Average increasing 27.0 11.7 10.2 9.8 N/A 15.6 12.4 10.4

Beam B2Cl2

Average decreasing 41.5 32.5 25.5 24.4 23.2 15.5 13.9 7.9

Average constant 39.1 29.4 25.4 23.5 22.8 16.0 10.3 7.8

Average increasing 22.9 16.9 12.9 12.7 11.7 12.1 10.1 7.3
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corrosion propagation models significantly improved

in simulating the mid-span deflection and the crack

width opening for Beam B2Cl1.

Table 5 presents the errors for calculating the mid-

span deflection and the crack width opening for Beam

B2Cl2 as well. These results also confirm the previous

conclusions deduced from the same table. However,

for beam B2Cl2, the results show that the calibrated

time increasing model has the highest accuracy in

predicting the average crack width opening while all

models have similar predictive accuracy when it

comes to mid-span deflection.

9 Conclusions

This study presents a stochastic framework based on

the implementation of the EnKF for accurate predic-

tion of the extent of corrosion propagation and its

effects on RCmembers. The main contributions of this

study are summarized below:

• The study relies on a finite-difference numerical

scheme to propel the dynamic process of corrosion

in time, using a corrosion propagation model, a

corrosive crack width model and a bond slip and

flexural model for estimating deflection.

• The presented SHM framework is applied to a

long-term experimental data set corresponding to

the natural corrosion occurring process which is

a first in the literature. The experimental pro-

gram, naturally accelerated, accurately simulates

real time corrosion unlike other experimental

programs in the literature that simulate corrosion

through impressed currents, a non-accurate rep-

resentation of the heterogeneous distribution of

corrosion.

• The presented SHM framework aims to update

three different corrosion propagation models. The

selection of these models was made since they

represent three different approaches for simulating

long-term corrosion propagation behavior: a time

decreasing model, a time increasing model and a

time constant model.

• The presented SHM framework calibrates the

governing parameters of corrosion propagation

models by simply monitoring easily measurable,

non-costly and non-destructively tested aspects of

corrosion, namely deflection and crack width

opening.

• The reported results show that, once updated using

the EnKF framework, all three types of corrosion

propagation models are able to capture the exper-

imental response with variable accuracy while

significantly reducing the deviation between pre-

dicted and measured parameters with each update.

• The limitations of the framework are centered on

the scarceness of the assembled data in the

literature: only two beams’ progresses were

tracked through time. More corroded RC members

should be studied in order to fully understand the

progression of corrosion.
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