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Motivation & Context
● Marine structures

– Main q.i : chloride concentration 
(pitting corrosion [Stewart, 2004])

COST TU1402: Quantifying the Value of Structural Health Monitoring, 
Fact Sheet No. WG3-##

Stewart, M.G., 2004. Spatial variability of pitting corrosion and its influence on 
structural fragility and reliability of RC beams in flexure. Structural Safety 26, 453–470.
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Motivation & Context
● Marine structures

– Main q.i : chloride concentration 
(pitting corrosion [Stewart, 2004])

– Literature : geostatistical modeling 
of Fick law’s parameters 

● constant chloride range in 
depth (common hypothesis)

● arbitrary or poorly estimated 
ranges

● Research questions

– is chloride range constant with 
depth?

– are literature Fick parameters 
spatial models consistent with 
chloride spatial variability?
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Outline
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● Chloride concentration data base

● Range estimation
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Chloride concentration database
Inspected structure

● river Loire coal terminal wharf RC beam 
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Estimation procedure

Available chloride measurements
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Estimation procedure

Available chloride measurements
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Estimation procedure
Spatial Correlation Assessment Procedure 
for Uni-dimensional Data (SCAP1D) 

Covered data model: Box-Cox 
transformation of

● m: piecewise-constant or piecewise 
linear mean

● G: spatial random signal

● B: noise

Designed for assessment from few data 
points

Clerc, R., Oumouni, M., Schoefs, F., 2019. 
SCAP-1D : A Spatial Correlation Assessment 
Procedure from Unidimensional Discrete Data. 
Reliability Engineering & System Safety 106498.
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Model & Estimation technique selection

Model definition 

● law :                  [Othmen et al., 2018]

● error: chloride measurements are biased [Bonnet et al., 2017]

● 2 model options with analytical pdf (required for MLE)

– Model a
● chloride distribution compromise
● noise adaptation

 

– Model b
● noise compromise

MODEL CHOICE?
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Model & Estimation technique selection

Model a 

 

● compromise on chloride distribution to use MLE
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Model & Estimation technique selection

Model a 

● compromise on chloride distribution to use MLE

● choice of estimation technique : 
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Model & Estimation technique selection

Model a 

 

● compromise on chloride distribution to use MLE

● choice of estimation technique : 

MLE

● Signal to Noise Ratio computation 
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Model & Estimation technique selection
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Model & Estimation technique selection
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Model & Estimation technique selection

Model b 
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Range estimation
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Range estimation

Face Ext

● poor estimation (16 pts/trajectory)

– 60% valid estimations (SCAP1D)

– 46% exploitable
● no specific trend

– OdM : 1m-3m

Face Int

● better estimation (21 pts/trajectory)

– 92% valid (SCAP1D) & exploitable 
estimations

● low range near surface

– env. phenomena superposition 
(Central Limit thm)

● constant trend 20mm-65mm

– OdM : 60cm-1m

 

Model b : range assessment
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Range estimation

Our results on chloride ranges along concrete cover: 

● constant trend 20mm-65mm

● OdM : 60cm-1m

Literature results:

 

Comparison with literature Cs, D ranges

parameter structure database model range ref.

Cs specimens - - 0.2-0.5m [Hergeröder, 1992]

Deff cross 
beams 3 sets of data - 3.5m [Karimi, 2001]

Cs Marine 
bridge 
cross 
beams

9 trajectories of 4-5 
points N 1-2m [O’Connor & Kenshel, 2013]

Dapp
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Outline
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Conclusion – Further Work
Conclusions

● number of points/trajectory required to 
perform robust assessment : >20

● measurement random error negligible 
for lab-tested cores

● constant chloride spatial variability 
along concrete cover : ~1m

– exception of convective zones
● similarity of chloride and Fick 

parameters law’s spatial variability
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Further work

● confirm matching of chloride and Fick 
parameters law’s spatial variability with 
samples analyses

● use estimated spatial variability models 
as inputs of inspection plan 
optimization algorithms:

correlation based

confidence intervals based

Reliability Based

Risk Based

Value of Information Based
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Backup material
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Chloride concentration database
● Inspected structure

– Structure location
– Age at inspection

● Chloride database

– Rate of valid cores/face
– Size of core discs
– Nb of traj/face

● Project

– Related publications
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1. Estimation with noise

Model a & b : range comparison

a :  [Cl-] ~ N(mu,Sigma) + tau.B(0,1) + b

 

 

b : [Cl-] ~ logN(mu,Sigma) + b
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● Face Ext : no specific trend
● Face Int : OdM~1m from 20 to 70mm, 

fluctuations 
● model : high uncertainties

● Face Ext : no specific trend
● Face Int : OdM~60cm from 20 to 70mm 
● model : lower uncertainties


