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Abstract: Optimal placement of Non-destructive Testing
sensors is essential for structure diagnosis as it allows to get
maximum information about degradation at minimum cost.
Latest optimization methods consider spatial variability of
quantities of interest and thus strongly rely on correlation
lengths assessment. However, this estimation is usually done
with straightforward techniques on raw data, which may not
satisfy the required hypotheses of stationarity and ergodicity
and induce important mis-estimations.

In this paper, we propose a Spatial Correlation Assess-
ment Procedure (SCAP-1D) which allows to rigorously as-
sess correlation length of a quantity of interest modeled as a
piecewise-trend-stationary Gaussian-Random-Field (GRF).
The procedure is applicable to unidimensional limited data
and comprises two steps. First, the correlation length
is assessed through an iterative algorithm including mean
changepoints detection. Then, stationarity, ergodicity and
normality are tested to validate both the model and estima-

tions.

In numerical studies, we demonstrate the ability of our
procedure to accurately estimate correlation length of a GRF

in the cases of constant, stepped and bilinear mean, with per-

formance ranges assessment.

Keywords:

Stochastic  Fields;  Spatial Variability,
Piecewise-trend-stationarity; Mean Changepoints Detection
Identification;  Non-Destructive Techniques;, Maximum
Likelihood Estimation

1 INTRODUCTION

Since the end of the 20" and the beginning of the 21 cen-
tury, concrete structures maintenance has become a major
economic and security issue [1]. Initially designed with weak
aging models and poor control processes for 50 to 70-year
service lives, they require numerous inspections and even
reparations to limit their degradation and ensure their ser-
viceability state.

Employed for decades, the usual maintenance strategy fol-
lows three steps. Visual inspection is performed by an expert
engineer who defines the critical zones of the structure. Core
samples or Non-Destructive Testing (NDT) controls are then
carried out there in order to precisely assess the condition
state. Following the results, a diagnosis is deduced and repa-
ration procedure is potentially suggested [2]. In some cases,
an additional step is carried out by use of models to plan the
next inspection or repair.

While seemingly simple and effective, this method is lim-
ited by the faculty to visually detect pathologies, which is
quite impossible in some cases like early reinforcing steel
corrosion. It is moreover risky and out of budget to evaluate
degradation all over the structure.

Increasing the use of Non-Destructive Techniques, widely
developed during the last decade, allows to avoid these prob-
lems by measuring physical properties related to degradation
mechanisms at high speed and low cost, without damaging
the structure. Thus, it can easily replace or be complemen-
tary to the visual inspection step and lead to a more reliable
inspection strategy, providing an optimal measurement grid.
Indeed, while a coarse grid may be blind to degradation, a
tight one can lead to unnecessary extra charge.

This last point is therefore a major research concern and
has been recently investigated [2, 3, 4]. It is deeply related
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Figure 1: Experimental covariograms for different assessments of the mean : case of a non-stationary trajectory

to the spatial variability of the material properties, character-
ized, in case of stationarity, by a fluctuation parameter, also
called correlation length (/.), which can be computed through
geostatistical analysis.

Nowadays, due to the lack of rich spatial studies on
pathologies of concrete structures, there is no reliable cor-
relation length database which can be used to determine op-
timal NDT-measurement grids. Hence there is a need to per-
form prior rapid NDT-measurements on a fine grid to assess
correlation length [2].

Thanks to geostatistic tools, such as covariograms and
semi-variograms [5, p. 58 — 68], and regression techniques,
like Least-Square Estimation (LSE), evaluating correlation
length seems trivial and authors usually assess it on raw mea-
surements [3, 6, 7]

However, for a covariogram (or a semi-variogram) of a set
of measurements Z to be meaningful, two major hypothe-
ses on Z have to be checked : it has to be a realization of
a (i) stationary and (ii) ergodic random field. If one of the
hypotheses is not valid, interpretation based on variograms
may not be relevant which is illustrated on Figure 1, with a
non-stationary trajectory. We point out that straightforward
interpretation may even be hazardous for risk analysis appli-
cations as they can lead to significantly underestimate prob-
abilities of failure [8]

On Figure 1, Z is a realization of a Gaussian Random Field
with piecewise-constant mean fi; = u and exponential auto-
correlation with correlation length of 10 cm. We note i
the classic mean estimator. Thus, Z — fI; is non-stationary
and non-ergodic whereas Z — [l is both stationary and er-
godic. Then, even if the (dashed) experimental covariogram
of Z— I} seems visually correct and suggests stationarity,
geostatistical parameters assessments based on it are false :
here, the variance and correlation length LSE are respectively
three times and two times lower than the real values (5 cm in-
stead of 10 cm, and 24 instead of 66)!

These conditions raise then a major issue, as most con-
crete structures are exposed to non-uniform environmental
conditions, which can lead to non-stationarity of their phys-
ical properties. For example, concrete resistivity on marine

bridges is more likely to be lower at sea level than on the
desk, independently of reinforcing steel corrosion. Thus, it is
needed to determine which parts of measurements are due to
deterministic (and potentially non-uniform) trend and which
parts come from stationary processes.

This requires then to assess piecewise-polynomial geosta-
tistical mean and to test stationarity and ergodicity hypothe-
ses.

This paper proposes a spatial variability assessment proce-
dure, called SCAP-1D, which aims to be reliable and adapted
to unidimensional piecewise-trend-stationary realizations of
gaussian random fields, with limited numbers of measure-
ments. It is also adapted to non-gaussian random fields com-
ing from Box-Cox transformation, such as log-normal ran-
dom fields.

After a definition of the studied model and the presenta-
tion of the procedure steps (part 2), we develop its theoreti-
cal aspects (part 3) and validate it with three different types
of synthetic data (part 4), covering the range of its capabili-
s, Anapplication to Half-Cell Potential (HCP) measure-
ments made on a pier from the fle de R€ bridge illustrates its
capacities on a practical study case (part 5).

2 PRESENTATION OF SCAP-1D
2.1 RANDOM FIELD MODELING

The aim of the procedure is to rigorously assess the geo-
statistical properties (correlation length and variance) of
piecewise-trend-stationary random fields 2, from which re-
alizations, also called trajectories, are noted Z and piecewise-
linear means are noted ((+). In practical, each realization is
georeferenced and we focus on unidimensional piecewise-
trend-stationary realizations of gaussian random fields. In-
deed, gaussian model keeps methodology description sim-
ple while piecewise-trend-stationary assumption is versatile
and sufficient for a lot of applications with few measurement
points and non-monotonic variations.

Thus, any Z is georeferenced by the unidimentional vector
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x = (xi,...,x,) and can be written as

Z(x) =u(x) + 6G( R(feor(%,0c)) ) & Z=pu+0G (1)

where (i) oG is the random part of Z, i.e a georeferenced
realization of a gaussian random field (ii) R is the auto-corre-
lation matrix of G, (iii) f,. is the auto-correlation function
of G, (iv) [, is the correlation length which parametrizes f,,,
, (v) and o is the standard deviation of the random part, con-
sidered constant. For the sake of simplicity, we develop here
the procedure considering isotropic geostatistical parameters
o2 and .. However, this assumption can be strong as it sup-
poses the parameters independent of both the random field
mean and the environmental effects. We must therefore re-
main vigilant as it is not straightforward depending on the
type of studied data, such as resistivity measurements in ma-
rine environment [9].

The three main hypotheses to test in the following pro-
cedure, in order to validate this model and, thus, the use of
geostatistical assessment tools, are then : (i) the stationarity
of G, (ii) its ergodicity and (iii) its gaussianity. This last point
means the normality of J, defined as G uncorrelated.

We point out the procedure is applicable to other types of
trajectories, provided that they come from a Box-Cox trans-
formation of gaussian ones. However, this type of trans-
formation supposes that data are strictly positive and may
modify the noise nature (from multiplicative to additive for
instance, in the case of log-Normal data with multiplicative
noise) . Moreover, we recall that in this case, SCAP-1D as-
sesses the geostatistical parameters of the transformation. It
is then needed to use inverse transformation to get the param-
eters of the original trajectory.

2.2 SCAP-1D FLOWCHART

The main steps of SCAP-1D procedure are presented in the
flowchart on Figure 2. Each one is detailed in the following
theoretical parts

3 THEORETICAL ASPECTS

In the following, R and C respectively refer to autocorrela-
tion and auto-covariance matrix. The notation @ refers to the
estimation of the parameter 6.

3.1 PIECEWISE-POLYNOMIAL MEAN AND GEO-
STATISTICAL PROPERTIES ASSESSMENT

The first step of the procedure aims to determine the deter-
ministic trend of the studied trajectory, which is considered
to be piecewise-linear with degree from zero to one. This
model can indeed simply fit numerous physical and environ-
mental phenomena, such as discontinuities of realization, or

/ realization Z; grid x /
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Figure 2: General flowchart of the procedure

exposition parameter evolution. For example, Figure 3 il-
lustrates the cases of piecewise-constant and piecewise-lin-
ear means observable on resistivity and corrosion potential
measurements. These have been performed along the exte-
rior face of a 0.4 x 0.86 x 9.84m> RC beam of the Montoir-
de-Bretagne (France) coal terminal during the SVC2 (Spatial
Variability of Chloride in Concrete) project [10].
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Figure 3: Choice of piecewise-linear mean model

It is therefore needed to detect changes of the mean, which
can be mean and/or slope changes. This detection of geosta-
tistical discontinuities, called edges hereafter, can be done
visually or via statistical detection algorithms described af-
terwards in section 3.1.2. Then, it is possible to estimate the
different continuous parts of the geostatistical mean with an
iterative algorithm based on Maximum Likelihood Estima-



tion (MLE) and ruled by the error committed on geostatisti-
cal properties assessment. We outline the mechanics of this
algorithm in the following and detail it in Appendix A.

3.1.1 Changepoints detection principle

Edge detection performed in the edges detection process of
the procedure is done via hypothesis tests. In the general
case of piecewise-linear mean, the null-hypothesis, noted
Hy, suppose (L(-) to be linear on the interval [x;;x,] so that
1(x) = lp.x+co. In the case of Hy being rejected, we note
X, € [x;x,] the location of the changepoint detection. The
hypothesis test can then be written as

Hy : p(x) =lp.x+co
— the mean is probably constant on [x;;x,]
Hy=Hy:3r€[l;n] |
B (X)xel, 5] = lox+co  and )
H(X) ey ) = X +loxr +c1+co |
co#c1 andlor Iy #1L

— the mean is probably non constant on [x|;x;,]

3.1.2 Changepoints detection algorithm

Derived from time-series analysis, edges detection algo-
rithms are not necessarily adapted to the study of NDT mea-
surements trajectories, especially because of their limited
number of measurements. That is why we reject Fourier
and wavelet-analysis based methods [11, 12, 13]. There are,
however, adaptable and performative ones, such as the Page-
Hinkey algorithm (1954) [14, 15]. Presented by [16], this
algorithm is used by [17] to detect transient states of random
seas. It performs the hypothesis test described by eq.2 via a
likelihood-ratio test which statistic D is written as

D= —2log (im) 3)

where 7y is the MLE of r under the null hypothesis whereas

71 is its MLE of r under the null hypothesis rejection. L(7)
and L(?) are respectively 7y and 7, likelihoods.

We point out that, practically, 7y = n. Under the null hy-
pothesis, D asymptotically follows a y?(3) probability den-
sity function. This means the limit value of the test statis-
tic required to accept the null hypothesis under a fixed first
species risk o is then the (1 — &)-quantile of y?(3).

In his paper, [16] presents a developed form of D adapted
to step detection of the mean of uncorrelated gaussian trajec-
tories. We modify it in eq.4 to take spatial correlation into
account :

D— {log (‘CHOD + (Z_ﬂyo)/'é;ol - (Z—ﬂHo)]

~ oz (1€m|) +(Z~ )" -Cr - (Z— )|

Clerc et al.

where iy, and Cp, are the MLE of the mean and the es-
timation of the auto-covariance matrix of Z under the null
hypothesis, whereas pty; and Cy, are the MLE of the mean
and the estimation of the auto-covariance matrix of Z under
the null hypothesis rejection. The MLE of r under the null
hypothesis rejection, needed to assess these last values, is
computed through

71 = argmin|
1<r<n

A

tog (11 (1)) +(Z— gy, (1) Cn (1) ™+ (Z— oy (1))
] ®

The Page-Hinkley Algorithm is “online”, which means it per-
forms the hypothesis test (2) on growing samples of the tra-
jectory, i.e piece-by-piece in a serial fashion, until it finds a
changepoint. This way of computing geostatistical discon-
tinuities is adapted to the study of spatial trajectories but
requires numerous estimations of the mean and the auto-
covariance matrix, which have to be as accurate as possible
to determine “real” edges.

Consequently, a robust edges detection involving this al-
gorithm cannot be done separately from the iterative process
of mean, variance and correlation length assessment. The
stationarity, ergodicity and gaussianity of G have to be vali-
dated as well for each iteration. It could be then a practicable
solution to perform the whole spatial variability assessment
procedure through this sole algorithm.

However, the precedent point currently implies one major
issue : the current iterative process is already strongly time-
consuming for medium-sized trajectories, as it is noticed in
the numerical part. Another issue is the lack of numerical
criterion to admit or reject ergodicity. This step is indeed
currently done visually by looking at the experimental covar-
iograms (see 4.1.2).

We propose then to not take into account spatial corre-
lation during the automatic edges detection process, which
however implies to firstly not consider the spatial variability
of the trajectory. Nevertheless, its mean, variance and cor-
relation length estimations which follow are performed in a
strict geostatistical context. We show in the following that
this does not significantly affects the robustness of the whole
procedure as we here only aim to keep the locations of the
discontinuities.

Thus, we use the Pruned Exact Linear Time (PELT) algo-
rithm (2012) [18], which allows to determine exact statistical
mean regression coefficients discontinuities, considering the
whole trajectory. This “offline” algorithm is an improvement
of the Optimal Partitioning one [19], which maximizes the
likelihood of the edges locations, penalized by the number
of discontinuities. Whereas the Optimal Partitioning algo-
rithm is o(n?), the ability of the PELT one to delete impos-
sible edges location while dividing the trajectory makes it
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o(nlog(n)).

Once the edges are determined, {4 can be assessed by
piecewise-spatial-regression. The whole methodology is de-
scribed on Figure 4 and is detailed in the following sections.

3.1.3 Maximum-Likelihood Estimation of the mean

Since the unbiased estimator of the statistical mean which
minimizes its variance is its MLE, we choose to use the MLE
of the geostatistical mean to perform the piecewise regres-
sion.

Considering a gaussian trajectory G with a constant mean
U, it can be written as

/ p—1
p=0F 0 ©
LR '1,

However, considering a piecewise-trend-stationary one, its
georeferenced mean vector is £ = A@, where A is the nodal
piecewise-linear function matrix on the vector x of discrete
positions and ¢ is the regression coefficients vector.

Example 1
Let x = (x1,X2,X3,%4,%5). Let suppose L(-) is piecewise-
linear so that

Vx € [x1,x3], 14 (x) = lp.x+co o
Vx € [x3,xs], 1(x) =1 (x —x3) + ¢
Then,
1 X1 0 0
1 X2 0 0 co
A _ 1 X3 0 0 and o — l()
0 0 1 x3—x3 Cl
0 O 1 X4 — X3 ll
0 0 1 x5—x3
The MLE of the mean is then
ZR'A
i=Aa|a = —— 8
a | TRA (8)

This means assessing f requires to assess both A, which is
done following the edges detection process, and @, which is
to be done and implies the joint estimation of the correlation
length of G.

Thus, we develop an iterative assessment algorithm (Ap-
pendix A). Knowing the type of the auto-covariance function
see 4.6) and the nodal
piecewise-linear function matrix, it provides estimations of

(i.e exponential, gaussian, Matérn, . .. ;

U, G, 02 and [.. The stop criterion is reached whenever the
difference between two successive estimations of one geosta-
tistical parameter is below an initially fixed tolerance. There-
fore, this algorithm is adapted to nodal piecewise-polynomial
function matrix.

Estimations are done via MLE, preferred to LSE. Indeed,
although LSE is consistent (convergent) and allows to simply

approach, in a visually effective way, the G covariogram, its
estimators are not effective (with minimum variance), they
are biased and it is difficult to assess their asymptotic laws,
which are needed to compute their Confidence Regions (CR).
It is still interesting to compute initial values through LSE,
which is computationally-inexpensive (see Table 4), in order
to fasten algorithm convergence, though.

On the contrary, MLE is consistent, asymptotically nor-
mal, and its effectiveness has been proven by [22] for gaus-
sian vectors and by [23] for linear-trend-stationary gaussian
vectors. Moreover, CR of MLE estimators 0 are easily de-
termined by computing the Fischer Information Matrix I;, as

CRé = [CRmin(é); CmeC(é)]

1
\/ é V1(6)
with g¢ the -quantile of the standard normal distribution.
Following [4], we compute asymptotic CR so that only diag-

onal components of /; have then to be determined. Then, we
have

0+ ga—— €))

L(8%) = (10)

h@J:I [<_@R>

=3 (A R (A (12)

(1)

We henceforth get a robust estimation of G, the gaussian
random part of the studied trajectory (eq.1). We still need
to test the normality, stationarity and ergodicity hypotheses,
which validations are needed to confirm the choice of the
auto-covariance function type, the mean and variance assess-
ments, as well as the correlation length estimation.

3.2 HYPOTHESES TESTS

The second step of the procedure aims to test the three ran-
dom field model hypotheses, the validity of which allows to
consider assessments above as mathematically rigorous. On
the one hand, stationarity and normality hypotheses tests are
performed on J , below defined as G uncorrelated. On the
other hand, ergodicity is visually determined from the draw-
ing of the experimental covariogram.

3.2.1 Normality tests

Let J be defined as
J =06 (13)

where Q is the lower triangular matrix obtained via Cholesky
decomposition of the autocorrelation matrix R of G. Pro-
vided that G is gaussian, J is a vector of independent and
identically distributed random variables. Then, testing the
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normality of J equates to test G gaussianity, on condition that
estimations of geostatistical properties of G are accurate.

The most popular normality tests are the Chi-squared (?)
goodness-of-fit test and the Kolmogorov-Smirnov (KS) test,
where the null hypothesis is that the tested data comes from
a normal distribution — for y>-test — or a standard normal
distribution — for KS-test — . They are both applied to J to
improve the reliability of the procedure.

In the case where the choice of the initial Box-Cox trans-
formation, i.e the type of probability distribution supposed
for Z, is not trivial after performing tests for different ones,
the analysis can be completed with two additional steps. On
the one hand, the likelihood of the distributions estimated
parameters L ( fi,62) can be evaluated and compared [24,
p. 141]. The distribution which gives the maximum likeli-
hood value shall then be retained. On the other hand, the
skewness (third standardized moment, noted s) and kurtosis
(fourth standardized moment, noted k) of J can be assessed
for these different cases. Indeed, if J is normally distributed
and noting fi; its mean estimation, we get

2 1 von i N \3
N n 2 rie (i — )
= 0 14
Yuz3 (- 1)(n—2) 53 s (14
and
]’% =
n>4
Rl AEL G- e
(n—1)(n—2)(n—3) 64 (n—2)(n—3)
— 3 (15)
n—r—+too

The distribution which gives § closest to zero and k closest to
three shall then be retained.

We advise to conclude from the first step results, more
quantitative, and to use the second step ones to assess the
need for new distributions tests.

3.2.2 Stationarity tests

Definition 1 We recall that a random field % is weakly sta-
tionary (or second order stationary, noted SOS) on a domain
D if and only if (iff) its expected value is constant on D and
its covariance exists and is an invariant translation function,
i.e

Vxe D, E[Z(x)]= p (constant)
Cov(Z(xi),Z(x;)) = C(x; — x;) (16)

C(-) is the covariogram of 2. We suppose here the second
point is valid.

As the stationarity of a random field cannot be reliably
evaluated through visual analysis of the experimental covar-
iogram of a single realization (see Figure 1), we rely on sta-
tistical tests.

Two different approaches can be used to conclude about
the stationarity of a stochastic process. The first is to test the
null hypothesis of non-stationarity, whereas the second is to
test the null hypothesis of stationarity. Although the differ-
ence may seem thin, as hypotheses tests only try to reject the
null hypothesis with an o confidence level, it is of interest to
perform tests with opposite null hypothesis, in order to con-
firm their result. This point has been discussed in [20]. Thus,
we use both a stationarity and a non-stationarity test in the
procedure.

These tests are both based on derived form of ARMA (Au-
toRegressive Moving Average) processes, which are general
representations of stochastic series :

G(x) = f BiG(x — i) +e(x) + f ge(x—i) (17
i=1 i=1

—_——
AR(p) part

—_———
MA(q) part

with €(x) independent and identically distributed (iid) error

terms and f3; and 6; parameters of the model.

KPSS-test the stationarity test developed by Kwiatkowsky,
Phillips, Schmidt and Shin [20], noted KPSS in the follow-
ing, is based on an ARMA process of order (1,1), meaning
p =1 and g = 1, with nuisance parameter ; = 1. This pro-
cess is an alternative form of series composed by the sum
of a constant & (which should be null in case of a centered
trajectory), a random walk r(x) and a stationary error G (x):

Gx)=BG(x—1)+¢e(x)+0e(x—1)
=& +r(x)+ Ge(x) (18)

with r(x) = r(x— 1) +u(x), so that u(x) is iid. The hypothesis
test is performed on 8 and can be written as

Hy:0=—-1;A= ;23 = 0; Var(r(x)) =0
Ge
— SOS cannot be rejected (19)
H =Hy:0#—1;1 = % # 0; Var(r(x)) #0

2
0%,

— SOS is rejected at 1-o¢ %

Let Sy = Y7, e; be the partial sum process of the residu-
als, with e, = G(x) — fi the residual from the regression of
G. The statistic used to formulate the decision rule of the test
(also called test statistic) is then either LM = Y | $2/62, or
LM¢ =N~2YN | 52/5%(1), depending on the residuals auto-
correlation.

Indeed, while LM is based on iid residuals, LM¢ takes their
dependence over space into account with an estimation of the
long-run variance. This term is defined by KPSS as
o= 1&1;110 N~'E[S%] and its consistent estimator writes

N i N
sz(l) =7! Z efc—l—ZT*l Z w(s,l) Z eer—s  (20)
x=1 s=1 x=s+1



with / the number of lags, which represent the autocorrelation
range in terms of measuring points, and w(s,/) = (1 — 14%1)
a weighting function.

At first sight, as G is meant to have an autocorrelation
structure. KPSS-test should then be performed with LM¢
statistic. However, the weighting function is arbitrary fixed
to ensure estimator consistency. Thus, s2 does not take into
account the evaluation of autocorrelation coefficients per-
formed during the previous step of the procedure. Moreover,
[25] and [26] point out that, for highly autocorrelated series,
the probability of false rejection of the null hypothesis for
stationarity tests is dramatically high whereas the probability
of correct rejection it is radically low.

We also point out that, on the contrary, KPSS-test shows
good results with non-correlated series.

These remarks push ourselves into using KPSS-test with
LM statistic on J. By doing so, the inability to reject the null
hypothesis would suppose both the stationarity of G and the
accuracy of the mean, variance and correlation length assess-
ment.

DF-test the non-stationarity test developed by Dickey and
Fiiller [21], noted DF in the following, is based on an ARMA
process of order (1,0).

The hypothesis test is performed on § and can be written
as

Hy:B=1

— presence of a unit root

— non-SOS cannot be rejected
Hi=H:|B|<1

— absence of a unit root

2y

— non-SOS is rejected at 1-a %
The test statistic is t = %’ with B the LSE of 8 and o its
standard error.

There is an “augmented” version of this test, called Aug-
mented Dickey-Fiiller test, which takes into account AR(p)
processes and so consider autocorrelation. However, follow-

ing previous remarks, we opt for the use of DF-test on J.

3.2.3 Ergodicity

Definition 2 We recall that a random field % is ergodic iff
its standardized moments can be computed by spatial aver-
age, from only one trajectory. In the case where Z is SOS,
% is ergodic in L* iff

1
Iim — [ Z(x)dx= & li C(h)=0 (22
DURn |D| /D (x)dx=p h:\x,-fgl\am\ () 22)

As soon as the stationarity hypothesis is validated, check-
ing ergodicity is trivial. Indeed, it only requires to draw the
empirical covariogram of G and to check it tends to zero as
the distance between two measurement points approaches the
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size of the studied area. For some trajectories, a doubt can re-
main about ergodicity. In this case, typically when the covar-
iogram tends to zero at the boundaries of the domain with no
oscillation around the abscissa axis, we recommend precau-
tion and to consider them non-ergodic. However, this does
not systematically mean the procedure fails as other random
fields and/or auto-covariance models can be considered.

We also point out that, if we study several trajectories sup-
posed to be realizations of the same random field, ergodicity
can be more reliably checked by comparison, under certain
criteria, of both the trajectories mean estimations and the ex-
perimental covariograms [27, p. 7]. However, in the case of
limited data, such an approach is unlikely.

3.3 STEP BY STEP ANALYSIS

Once normality and stationarity tests are performed, their re-
sults are analyzed together in order to conclude about the
validity of the three main hypotheses on G, the random part
of the trajectory.

Stationarity hypothesis is considered as valid only if the
null hypothesis of KPSS-test cannot be rejected and the null
of DF-test is rejected. In the opposite case, G is considered
non-stationary, while in the other cases, there is a doubt and
we cannot conclude with certainty from the tests results.

Similarly, gaussianity hypothesis is considered as valid if
the null hypothesis of y2-test and KS-test cannot be rejected,
and false in the opposite case. However, in the other case,
G may be nonetheless considered as gaussian if the null of
KS-test cannot be rejected and both the skewness and kurto-
sis are respectively close to zero and three. Indeed, KS-test
is more robust than the y>-test as it considers a continuous
distribution. Table 1 sums up this two first analysis steps.

Once stationarity and gaussianity are validated, there is
still to check the ergodicity (3.2.3).

Once all of these three hypotheses are validated, we can
conclude that the model choice and the geostatistical prop-
erties assessments made during both the first and the second
step of the procedure are correct, including the correlation
length estimation.

If at least one of the hypotheses cannot be validated, we
cannot affirm that the whole trajectory follows the model pre-
viously chosen with assessed geostatistical parameters. The
main reasons to this failure can be, in no particular order, the
presence of aberrant data, the possibility that either the cor-
relation length or the variance is not constant over the stud-
ied area, the wrong detection of mean edges and the con-
struction of the model. In the latter case, several parameters
can be wrong : (i) the regression degree, (ii) the distribution
model, i.e the choice of the initial Box-Cox transformation
(see 3.2.1), (iii) the number of mean edges, or (iv) the choice
of the auto-covariance function. Each of these issues should
be checked.
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Table 1: Hypothesis-tests results analysis

Normality test results on J | Gaussianity of G | Stationarity test results onJ | Stationarity of G
x* KS-test KPSS-test ADF-test

FALSE FALSE YES FALSE FALSE NO

FALSE TRUE NO FALSE TRUE YES

TRUE FALSE YES TRUE FALSE NO

TRUE TRUE NO TRUE TRUE NO

This last remark points out that, due to the numerous pa-
rameters influencing the procedure, knowledge of the phe-
nomenon described by studied trajectory and its global phys-
ical characteristics is necessary to efficiently use it.

In the following, we apply the procedure to synthetic data
with total control over the model parameters. Tests will be
performed with type I error of 5%, i.e with 5% probability of
incorrect rejection of a true null hypothesis.

4 NUMERICAL VALIDATION

In order to demonstrate abilities of the procedure, we test it
on unidimensional synthetic data, so that we utterly control
the model parameters. Results are given in explicit tables
and illustrated by four-parts figures (such as Figure 6) which
show (i) the studied trajectory Z, its mean MLE f1,,;  and its
real mean U (ii) the experimental covariogram deduced from
mean estimation, the real experimental covariogram and the
modelled covariogram derived from the correlation length /.
assessment (iii) the -2.log-likelihood of I. plotted from the
two mean estimations (iv) the cumulative density functions
of the uncorrelated standardized trajectories deduced from
the two mean estimations, compared to the standard normal
one.

For the sake of clarity, the procedure execution time and
the methods allowing its improvement are discussed after-
wards in section 4.4.

4.1 CASE OF A CONSTANT MEAN
4.1.1 Trajectories simulation

As a first step, the procedure is tested on stationary trajecto-
ries. Realizations of a unique gaussian random field GRF,
which main parameter are presented in Table 2, are gener-
ated using the embedding circulant matrix (ECM) method.
This technique allows to exactly simulate stationary gaussian
processes [28]. Procedure is then applied to the trajectories
in order to check good assessment of the model parameters.
The length of the support of the trajectories and the number
of “measurements” in each one of them is given in Table 2.
The constant mean is chosen to be sufficiently far from
zero to assess estimation error without getting extremely high
values. The variance is set so that ¢ ~ u. This is an unfavor-
able numerical case for the following cases of mean step and

bilinear mean. The correlation length is chosen both in order
to avoid numerical problems and to get a realistic ratio /. /L
[3,6].

We point out that ergodicity is not granted by ECM. Thus,
we choose to simulate twenty trajectories, noted [t1, ..., ]
in order to get a sufficient number of stationary, gaussian and
ergodic ones.

4.1.2 Ergodicity hypothesis validation

Experimental auto-covariances are drawn considering the
real value of the mean, in order to discriminate the non-
ergodic trajectories, as illustrated by Figure 5.

Trajectory : tg

Trajectory : ti4

20

7
=
o Al
Cof Y W ;
0 50 100 0 50 100

z(em) z(em)
Experimental Covariogram : t; Experimental Covariogram : ti4

o

-10

20 +Cez])(Z - N) 20 +C(’IF(Z - H)

o 10 o 10

0 50 100 0 50 100
Ah Ah

Figure 5: Experimental covariograms of 7 and #14

Here, #4 is considered ergodic as its covariogram oscillates
around zero from 75% of the length of the support. On the
contrary, the covariogram of #14 only reach zero for x = 100,
which is not sufficient to admit ergodicity. #14 is then rejected
and will not be submitted to the procedure.

Following this discrimination process, only 11 out of the
20 stationary and gaussian simulated trajectories are consid-
ered ergodic. Procedure is then applied to them.

4.1.3 Procedure validation

Table 3 presents the results of the procedure applied to the
11 stationary-gaussian-ergodic trajectories, with the auto-
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Table 2: GRF and trajectory parameters

Parameter Property Value
mean constant u=>;
variance constant 62 =25

auto-covariance function

Clerc et al.

Matérn model | fuo(h) = 0% 2 (mﬁ)v K, (\/2—‘, 3 ) *)

auto-covariance regularity parameter - v=0.5
correlation length constant . =10

support size - L=100

number of “measurement points” uniform grid n =200

(*) T : gamma function, K, : modified Bessel function of the second kind

covariance parameter v assumed to be known.

Following test results interpretations given by Table 1,
all the 11 ergodic trajectories are found to be station-
ary and gaussian, so that assessments of both their geo-
statistical parameters and their confidence region (CR) are
mathematically valid. Estimation errors and coefficients of
variation (CoV) are then computed for each trajectory, as
well as their mean.

Mean Determination (MLE)

Experimental Covariograms
0

25 —o—Cep(Z — finLE)
——cexp(Z — 1)
== =cmod(levrLE)

20 40 60 80 100 o 20 40 60 80

z (cm) Ah (cm)
l. Determination (MLE)

!
1600 f|==-L(Z — fipre) — lepre = 10cm
o L(Z = p) = learpe, = 10cm

Cumulative Density Functions
1

= 1200 = 0.6
o0 VI
S 1000 )
™ o 04
| 800 = A - -Empirical J(lazEe)

600 [\ e 0.2 -x- Empirical ,i(u)
N e # “// Standard Normal
400 S =,

0 10 20 30 40 50 -2 -1 0 1 2

1. (cm) J

Figure 6: Illustration of the procedure calculations for #4

At first sight, the procedure seems accurate : (i) the estima-
tion error on correlation length varies from 1,02% (g, with
procedure calculations illustrated on Figure 6) to 57,19% (t7)
with only three trajectories above 30% (12, t7, t13) and an av-
erage of 24,33%, (ii) the mean one lies between 1,96% (t9)
and 31,23% (t17) with an average of 14,97%, and (iii) the
variance is assessed with an error from 1,81% (t9) to 55,71%
(t7) with two trajectories above 30% (7, t13) and an average
of 22,57%. We also point out that the CoV of the mean and
the variance are quite low (around 10%) thanks to the high
sample size. The correlation length CoV is higher with an
average of 35,97%, which is mostly due to a relatively high
value. Thus, estimation error rarely exceeds 30% and coeffi-
cients of variation are quite low, especially for the variance
and the correlation length.

In order to confirm this analysis and to demonstrate the in-
terest of the recursive procedure, we perform the classic pa-
rameters estimation scheme on the studied trajectories. The
mean and the variance are computed neglecting spatial varia-
tion and the correlation length is obtained via LSE on exper-
imental covariogram. Results are given in Table 4.

The error bounds on the mean estimation are quite simi-
lar to the procedure results with a minimum of 0,15% (1), a
maximum of 32,83% (#,7) and an average of 14,58%. Like-
wise, the variance is assessed with an error from 2,98% (t;)
to 54,60% (t7) with an average of 21,55%, and 2 trajectories
above 30% (t7 and t;3). However, the estimation error on the
correlation length is significantly higher, from 6.41% (#;3) to
65,20% (t7) with an average of 36,25%, which is 12 points
over the procedure average, and seven trajectories above 30%
(Ts, 17, 110, 111, 113, 117, 120)-

The CoV of the variance is still 10% as the sample size did
not change. On the contrary, the CoV of the mean is frankly
mitigated (minus 29 points). However, this is due to the non-
inclusion of the spatial variability hypothesis in estimators,
which has just been shown to result in significant errors on
the estimation of the correlation length.

Thus, the mathematically rigorous procedure developed in
this paper is more accurate than the classical parameters es-
timation scheme, especially for the correlation length assess-
ment.

4.2 CASE OF A MEAN STEP

As a second step, procedure is tested on piecewise con-
stant mean, i.e piecewise stationary, trajectories. This case
represents for instance corrosion on vertical profile of steel
wharves [29]. Analyzing results of the first validation step,
we note error estimation on parameters is minimal for the
tg trajectory, which is therefore chosen to be our “base” tra-
jectory. Mean steps of 10 different intensities s = k.G are
then applied to f¢ at the middle of the support length on
x=50,5 (n=101), in order to establish performance range of
the procedure in this general case. Such phenomenon can be
faced when structures presents discontinuities (cracks, isola-
tion joints). The generated trajectories are then noted 7¢ .
Table 5 presents results and Figure 7 illustrates application
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Table 3: Procedure results : case of a constant mean

Procedure Results

t 1 2 6 7 9 10 11 13 17 18 20
i 5,65 4,57 4,53 4,28 5,10 5,83 3,66 5,90 6,56 4,53 4,10
CRuin(1) 2,20 0,72 0,44 2,44 0,96 2,52 0,09 3,46 3,61 1,22 0,47
CRuax(1) 9,11 9,86 8,62 6,12 9,24 9,15 7,22 8,35 9,51 7,83 8,66
& 4,62 5,67 5,07 3,33 4,95 4,42 4,89 3,70 432 431 5,35
82 21,31 32,18 25,68 11,07 | 2455 1954 | 2394 | 13,72 | 1870 | 1862 | 28,66
CRyin(62) 17,13 25,87 20,64 8,90 1974 | 1571 19,25 11,03 1504 | 1497 | 23,05
CRyar(62) 25,48 38,48 30,71 1324 | 2936 | 2337 | 2863 1641 | 2237 | 2227 | 3428
I. 8,46 14,48 10,10 4,28 10,98 8,49 7,94 6,32 6,81 8,94 11,54
CRyuin(le) 6,75 11,59 8,07 3,39 8,77 6,77 6,33 5,03 543 7,13 9,22
CRyax(Ic) 10,17 17,38 12,14 5,17 13,19 | 10,20 9,55 7,61 8,20 10,74 13,85

h(x*—test) FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE

h(KS — test) FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE
k 2,74 3,37 4,49 3,31 3,21 2,79 3,53 2,93 3,26 2,89 3,19
s 0,08 0,30 0,33 -0,02 -0,05 0,10 -0,01 0,02 0,04 -0,09 -0,15

h(KPSS —test) | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE | FALSE
h(ADF — test) TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE

Ergodicity TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE

Results Analysis Average
error [ 13,09% 8,63% 9,33% 14,38% 1,96% 16,62% | 26,90% | 18,10% | 31,23% | 9.47% 18,08% | 14,97%
error 62 1477% | 28,711% 2,711% | 55,71% 1,81% | 21,85% | 425% | 45,13% | 25,19% | 25,53% | 14,66% | 22,57%
error /. 15,40% | 44,84% 1,02% | 57,19% | 9,79% 15,15% | 20,58% | 36,80% | 31,87% | 10,64% | 1536% | 24,33%
CoV 1 31,19% | 59,08% | 46,02% | 21,94% | 41,41% | 29,00% | 49,78% | 21,11% | 22,93% | 37,28% | 56,83% | 35,97%
CoV 62 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00%
CoV [, 10,32% | 10,20% | 10,27% | 10,61% | 10,25% | 10,32% | 10,34% | 10,42% | 10,39% | 10,31% | 10,24% | 10,34%
teale (8) 793,65 1042,53 | 951,69 531,22 944,64 831,11 726,60 707,22 658,93 803,53 924,31 799,11

Table 4: classical parameters estimation scheme results

Procedure Resuts

t 1 2 6 7 9 10 11 13 17 18 20
il 4,99 4,52 5,53 4,12 5,31 6,08 3,71 5,42 6,64 3,94 4,68
CRyin(f1) 4,35 3,73 4,85 3,65 4,60 5,45 3,01 4,94 6,02 3,34 3,94
CRyax(f1) 5,63 5,30 6,22 4,58 6,01 6,71 441 5,90 7,26 4,54 5,43
6 4,63 5,66 4,94 3,37 5,10 4,54 5,07 3,46 4,47 4,34 5,38
62 21,39 32,05 24,39 11,35 26,03 20,57 25,74 11,98 19,96 18,82 28,90
CRyin(6?) 17,20 25,77 19,61 9,13 20,93 16,54 20,70 9,63 16,05 15,13 2324
CRiyax(67) 25,59 38,34 29,17 13,58 31,13 24,60 30,79 14,32 23,87 22,50 34,57
I 11,12 8,62 4,45 3,48 11,09 4,94 6,45 5,36 3,94 10,64 5,74
Results Analysis Average
error [l 0,15% 9,64% 10,61% | 17,64% | 6,13% | 21,65% | 25,83% 8,41% 32,83% | 21,17% | 6,35% 14,58%
error G2 14,43% | 2822% | 243% | 54.,60% | 4,11% 17,72% | 298% | 52,10% | 20,17% | 24,73% | 15,62% | 21,55%
error /. 11,24% | 13,84% | 5554% | 65,20% | 10,89% | 50,58% | 35,46% | 46,39% | 60,59% | 641% | 42,59% | 36,25%
CoV fi 6,55% 8,86% 6,31% 5,79% 6,80% 5,27% 9,67% 4,51% 4,76% 7,78% 8,12% 6,77%
CoV 62 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00%
teale (8) 0,23 0,09 0,08 0,06 0,08 0,06 0,06 0,06 0,06 0,06 0,06 0,08

Note : CRyin (ZAE) CRmaX(lAC) and CoV [, cannot be simply evaluated as the Least-Square Estimator of I is not its Maximum-Likelihood Estimator (see eq.9).
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of the procedure with s = 10 (k = 2). Mean steps are sorted in
three ranges in order to ease analysis : (i) range 1 (k from 0,1
to 1,5), (ii) range 2 (k from 1,5 to 3), (iii) range 3 (k from 3 to
10). Highlighted cells indicate issues during the SCAP-1D
procedure.

Mean Determination (MLE)
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Figure 7: Illustration of the procedure calculations for #4 s»

Indeed, trajectories with mean steps from range 1 (tg.401
to f6.51,5), once centered, are considered either non-stationary
(f6.501,t6.5025) Or non-gaussian (e s05 0 f6415). These rejec-
tions are either due to wrong step detection, with an error
from 43,56% (t5.501-t6.5025) to 98,02% (t6.505, t6.s1), and/or
to wrong mean assessment, as each trajectory gets an error
above 30% on the first mean level (o) and/or the second
mean level (o) estimation (except # 405). Thus, the SCAP-
1D procedure is not adapted to the assessment of mean steps
in the first range. However, we highlight that in this step
range, it does not give false results as hypotheses rejections
indicate that geostatistical estimations cannot be considered
as mathematically valid.

On the contrary, range 2 steps (fgs5) may induce wrong
estimations : whereas estimation errors are non-negligible
and even quite high for trajectory f¢.s2, with 63,36% for
the first mean level, 29,75% for the second mean level and
39,13% for the variance, the centered trajectory is consid-
ered stationary, gaussian and ergodic, which implies the user
to (wrongly) consider estimations are accurate. Thus, the
SCAP-1D procedure can be treacherous in the second step
range.

Unlike range 1 and range 2 ones, range 3 steps are very
well detected with accurate estimations of both mean steps
locations and geostatistical parameters : the error on the step
detection, the first mean level, the variance and the correla-
tion length are constant (from 7 g3 to f6.510) and respectively
are 0%, 6,86%, 2,05% and 0,35%. The error on the second
mean level varies from 2,89% (ts43) to 1,05% (t5.410). This
variability comes from the increasing value of ,, whereas
variance stays constant, which induces a decreasing of its es-
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timator CoV, from 7,20% to 2,57%.

Following this analysis, the procedure appears adapted to
trajectories with mean steps above two times the standard
deviation of the stationary field, defining its operating range
as s > 2.0. Even fif this step size is significant in classic
statistical analysis, it is here an [interesting result . Indeed, as
illustrated by Figure 7, such a gap may not be obvious at first
sight while working with autocorrelated fields. We however
point out that, at this range, estimation error on parameters
may be significant. It is therefore required to analyze results
with physical background.

4.3 CASE OF A BILINEAR MEAN

As a final step, procedure is tested on piecewise trend-
stationary trajectories. The base trajectory is still #5. Six new
trajectories are generated by adding a bilinear mean with a
first null slope (&), a changepoint at the middle of the sup-
port on x = 50,5 (n = 101) and a second slope of 6 different
intensities a3 = k.o /L, with k from 2 (trajectory f »7) to 40
(trajectory 4 p40). This allows to establish performance range
of the procedure in this general case. Such phenomenon can
be faced with edge effects or environmental conditions vari-
ation [30]. Generated trajectories are noted f¢ s, k being the
slope index.

Table 6 presents results and Figures 8 and 9 illustrate ap-
plication of the procedure respectively on g 30 and g p10.
Slope steps are sorted in three ranges in order to ease anal-
ysis : (i) range 1 (k from 2 to 5), (ii) range 2 (k from 10 to
20), (iii) range 3 (k from 30 to 40). Highlighted cells indicate
issues during the SCAP-1D procedure.

General remarks

Before refining the analysis, it is of interest to point out
that the mean intercept (o) estimation error is significant
for each trajectory, from 39,12% (t,6.52) to 118,92% (ts6.520)-
This can be explained by the fact that the variance is equal
to the first mean level. However, it is not a real issue as
this parameter only estimate one point (the first one) of the
mean and because the first mean slope (o) is generally well-
assessed, with an error between 9,74% (t6.52) to 33,84%

(ts6:610)-

Refined analysis

Giving the results, it appears that range 1 slope steps (5.2,
t6.»5) may induce wrong assessment of slope change location
: while SCAP-1D procedure does not reject neither stationar-
ity nor gaussianity, nor ergodicity hypotheses, the estimation
errors on slope change location are significant, from 43,56%
t6.52 10 98,02% t¢ 5. However, geostatistical parameters are
well estimated : the variance estimation error is about 30%
in both cases, as well as the correlation length one. This nu-
merical phenomenon is due to the low values of the slope
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Table 5: Procedure results : case of a mean step

Procedure Results

t 6.s10 6.5 6.84 6.83 6.52 6.s1,5 6.s1 6.s05 6.5025 6.s01
k 10 5 4 3 2 1,5 1 0,5 0,25 0,1
x step detect 50,50 50,50 50,50 50,50 47,00 46,50 100,00 100,00 72,50 72,50
& 4,66 4,66 4,66 4,66 8,17 6,64 6,98 5,80 6,59 6,28
CRuin(011) 1,92 1,92 1,92 1,92 5,08 3,78 2,58 1,78 4,19 391
CRyax(0ty) 7,40 7,40 7,40 7,40 11,25 9,49 11,39 9,83 9,00 8,65
(053 54,42 29,42 24,42 19,42 10,54 9,84 6,98 5,80 2,60 2,18
CRuin(02) 51,68 26,68 21,68 16,68 7,48 7,03 NaN NaN -0,12 -0,52
CRyax () 57,16 32,16 27,16 22,16 13,59 12,65 NaN NaN 5,32 4,87
6 5,05 5,05 5,05 5,05 5,90 5,12 5,34 5,04 4,41 4,32
62 25,51 25,51 25,51 25,51 34,78 26,21 28,48 25,40 19,48 18,70
CRuin(6?) 20,51 20,51 20,51 20,51 27,97 21,07 22,90 20,42 15,67 15,04
CRypax(6?) 30,51 30,51 30,51 30,51 41,60 31,35 34,07 30,38 23,30 22,37
I 10,04 10,04 10,04 10,04 11,47 9,36 10,69 9,87 7,81 7,50
CRuyin (1) 8,01 8,01 8,01 8,01 9,17 747 8,54 7,88 6,22 5,98
CRuyax () 12,06 12,06 12,06 12,06 13,77 11,25 12,84 11,86 9,39 9,03
h(x 2 —test) FALSE | FALSE FALSE FALSE FALSE FALSE FALSE FALSE | FALSE | FALSE
h(KS — test) FALSE | FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE TRUE
k 4,47 4,47 4,47 4,47 8,34 5,62 4,36 4,29 4,54 4,62
K 0,33 0,33 0,33 0,33 1,06 0,65 0,35 0,29 0,26 0,28
h(KPSS — test) FALSE | FALSE | FALSE FALSE FALSE TRUE TRUE TRUE | FALSE | FALSE
h(ADF — test) TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE
ergodicity TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE
Results Analysis
error x step detect | 0,00% 0,00% 0,00% 0,00% 6,93% 7,92% 98,02% | 98,02% | 43,56% | 43,56%
error Q) 6,86% 6,86% 6,86% 6,86% 63,36% | 32,75% | 39,68% | 16,07% | 31,85% | 25,51%
error o 1,05% 1,93% 2,31% 2,89% 29,75% | 21,28% | 30,16% | 22,62% | 58,35% | 60,45%
error 62 2,05% 2,05% 2,05% 2,05% 39,13% 4,84% 13,94% 1,61% | 22,06% | 25,18%
error [, 0,35% 0,35% 0,35% 0,35% 14,69% 6,40% 6,92% 1,32% | 21,92% | 24,95%
cov @ 30,03% | 30,03% | 30,03% 30,03% 19,28% | 21,96% | 32,21% | 3541% | 18,63% | 19,27%
cov @ 2,57% 4,75% 5,73% 7,20% 14,78% | 14,57% NaN NaN 53,33% | 63,26%
cov 62 10,00% | 10,00% | 10,00% 10,00% 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00%
cov I, 10,27% | 10,27% | 10,27% 10,27% 10,24% | 10,29% | 10,26% | 10,28% | 10,35% | 10,36%
teate (8) 949,70 | 952,25 | 1006,24 | 1009,89 | 1168,63 | 985,60 | 1030,77 | 977,68 | 771,65 751,86

13
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steps, which imply modified and original trajectories to be
then quite similar. Thus, the procedure is not adapted to the
assessment of slope steps in the first range.

We also note that trajectories with slope steps from range
2 (t6.510» t6.520), Once centered, are considered non-gaussian
(t6.p20) and/or non-ergodic (both). These rejections are ei-
ther due to wrong step detection, with an error around 60%,
and/or to wrong mean assessment : both of them get an er-
ror above 40% on the second slope (0;3) assessment. Thus,
the SCAP-1D procedure is not adapted to the assessment of
slope steps in the second range. However, we highlight that,
in this range, it does not give false results as hypotheses rejec-
tions indicate that geostatistical estimations cannot be con-
sidered as mathematically valid.

However, unlike range 1 and range 2 ones, range 3 steps
(t6.030, t6.p40) are very well detected by the algorithm, with
estimation errors of 1,98% (4 530) and 0,99% (g pao). More-
over, variance and correlation length estimations on the two
centered trajectories are also accurate, with errors between
28,14% and 29,88%, while the second slope is assessed with
less than 15% error for both.

Following this analysis, the procedure appears adapted to
trajectories with slope steps above 1.5, i.e 300 /L. However,
the error on mean and parameters estimations is limited but
higher than in case of a piecewise constant mean. Thus, for
potential multilinear cases, the different slopes have to be
quite pronounced in order to use this procedure and have con-
fidence in estimations.

Mean Determination (MLE) Experimental Covariograms

—Z w0 ——Ceap(Z — finrLe)
---HuLE $ ——Ceap(Z — 1)
- : ---Cmod(leLE)

)

“x (éln)

Correlation Length Determination (MLE) Cumulative Density Functions
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- -Empirical J(fiyze)
«- Empirical J(p)
l—Standard Normal

Figure 8: Illustration of the procedure calculations for #¢ p30

44 COMPUTATIONAL TIME REDUCTION

The main drawback of the procedure is its computational
time (Tables 3,5, 6) which is about 10.000 times longer than
the LSE method one (Table 4). We expose here two simple
ways to reduce this factor to 2500 while conserving the same
estimators precision. These are applied on the #4 trajectory
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Figure 9: Illustration of the procedure calculations for #¢ 510

(Table 3, Figure 6) and results are given on Table 7.

The first one is to determine the initial correlation length
l.o (algorithm in Appendix A) with LSE on experimental co-
variogram. Indeed, if no a priori values of the correlation
length are known, this allows to shrink the distance between
this initial value, normally arbitrary fixed, and the MLE of
I.. Applied to t5 (noted t5.ctr1 for computational time reduc-
tion), this leads to a reduction factor of 1,5.

A second one is to increase the tolerance on geostatistical
parameters evaluation (algorithm in Appendix A). Indeed,
the opposite log-likelihood function ¢ of GRF is regular and
presents a unique minimum in the studied interval [0,L] and
the expected accuracy on [, is of the order of Icm. Attention
should however be paid to the slope of £ in the neighborhood
of its minimum : a wide minimum zone requests short toler-
ance to get accurate minimization whereas large tolerance is
sufficient for a sharp one.

This method is applied to f¢ (noted #g.ctr2 below). Initial
tolerance of le~5cm is reduced to 1e~2cm, which leads to a
reduction factor of 2 with comparable estimation errors.

Combining these two methods (noted fg.ctr3), the total
computational time of the procedure applied to fg is divided
by 4 without any loss of precision and accuracy.

4.5 EFFECTS OF THE DOMAIN CHOICE AND SIZE

Another important parameter affecting the procedure’s effec-
tiveness is the choice of both the location and the size L of
the studied domain D.

Indeed, if mean edges are next to the boundaries of D,
there are risks that they cannot be precisely detected by the
PELT algorithm. This implies wrong parameters assessments
and reject of the main hypotheses. This phenomenon is high-
lighted on Table 8 and Figures 11 and 12 : both trajectories
t6.b40 and t6.s3 are truncated, first on x, =7 /8L, then on
x4 =5/8L, so that mean edge, located on xo approaches the
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Table 6: Procedure results : case of a bilinear mean

Procedure Results

t 6.b40 6.b30 6.b20 6.b10 6.b5 6.b2
k 40 30 20 10 5 2
a3 (2nd slope) 2 1,5 1 0,5 0,25 0,1
x edge detect 50 49,5 22 20,5 100 72,5
& (A(x=0)) 1,25 1,38 -0,95 -0,55 2,83 3,04
CRyin(611) -1,25 -1,13 -3,86 -3,30 0,15 0,85
CRyax(01) 3,75 3,88 1,96 2,20 5.81 524
6 (st slope) 0,18 0,17 0,17 0,34 0,11 0,10
CRuin(02) 0,12 0,11 0,03 0,19 0,06 0,06
CRyax(02) 0,24 0,23 0,31 0,48 0,16 0,13
& (2nd slope) 1,79 1,28 0,59 0,23 NaN 0,02
CRuin(03) 1,75 1,24 0,52 0,19 NaN -0,01
CRyax(03) 1,83 1,32 0,65 0,28 NaN 0,05
6 423 4,24 5,26 4,15 4,28 3,95
62 17,91 17,97 27,66 17,20 18,29 15,62
CRyin(6?) 14,40 14,44 2224 13,83 14,70 12,56
CRyax(62) 21,42 21,49 33,08 20,58 21,87 18,68
. 7,02 7,01 11,03 6,76 7,16 6,26
CRyin (1) 5,59 5,58 8,81 5,38 5,70 4,98
CRyax(l) 845 8.44 13,25 8,13 8,62 7,53
h()%—test) FALSE | FALSE | TRUE FALSE | FALSE | FALSE
h(KS — test) FALSE | FALSE | FALSE | FALSE | FALSE | FALSE
k 5,73 5,74 527 5,54 524 5.49
s 0,65 0,66 0,55 0,62 0,58 0,61
h(KPSS — test) FALSE | FALSE | FALSE | FALSE | FALSE | FALSE
h(ADF — test) TRUE TRUE TRUE TRUE TRUE | TRUE
ergodicity TRUE TRUE | FALSE | FALSE | TRUE | TRUE
Results Analysis
error x edge detect | 0,99% 198% | 5644% | 59.41% | 98,02% | 43,56%
error o 7498% | 72.43% | 11892% | 111,02% | 43.38% | 39.,12%
error o 17.97% | 16,82% | 17.15% | 33,84% | 10.73% | 9.74%
error 0 10,38% | 14,96% | 4148% | 53,02% NaN | 78,64%
error 62 2837% | 28,14% | 10,62% | 31,19% | 26,85% | 37.51%
error I, 29.77% | 29.88% | 1030% | 32,44% | 28.41% | 37.44%
cov & 101,79% | 92,71% | 156,96% | 254,66% | 53,71% | 36,75%
cov 6y 16,41% | 17,76% | 41,02% | 21,99% | 23,56% | 19,56%
cov 1,13% 1,59% 5,58% 9,77% NaN | 79,09%
cov 62 10,00% | 10,00% | 10,00% | 10,00% | 10,00% | 10,00%
cov I, 10,38% | 10,38% | 1025% | 1040% | 1038% | 10,43%
feate (8) 718,41 | 721,54 | 113144 | 717,66 | 66836 | 689,01

15
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Figure 10: correlograms and eigenvalues of popular auto-covariance models

right boundary of the domain. This results in sub-trajectories
t6.b40.q150, t6.b40.q125, t6.s3.q125 and t6.s3.q125, which
are prior checked for ergodicity, considering their real mean
values.

Whereas t6.b40 parameters are well assessed by the pro-
cedure (best results of Table 6), both t6.b40.q150 and
t6.b40.q125 give inoperable results as either normality or er-
godicity hypothesis is not valid, due to error on edge detec-
tion. On the contrary, t6.s3.q150 and t6.53.q125 continue to
give accurate estimations of the geostatistical parameters.

This leads to the interpretation that piecewise-trend-
stationary trajectories are much more sensitive to the dis-
tance between potential edges and the domain boundaries

than piecewise-stationary ones. Then, a priori knowledge
about the potential mean edges is an asset to fix the studied
domain boundaries.

Moreover, if I, ~ L or [, > L, there is a great risk that
measured trajectory will not be ergodic, by definition of the
covariogram and /.. Thus, provided /. and ¢ are constant
along L, the greater the domain, the likelier the ergodicity
hypothesis [24, p. 92]. Then, a priori knowledge about the
researched correlation length is a strong asset to fix the size

of the domain. [SSERAMPIE] (31] SHOWSAHCOREIAGON

4.6 EFFECTS AND CHOICE OF
COVARIANCE MODEL

AUTO-

[23] proves
that under certain conditions of regularity (namely the ab-
solute summability of the auto-covariance eigenvalues), the
Maximum Likelihood Estimation is asymptotically normal,
which means its accuracy is independent from the auto-co-
variance model. Practically, these conditions are fulfilled by
Matérn models with v > 0.5, and cover most of the other
popular models. This is illustrated on Figure 10), where it is
clear that cubic, spherical, gaussian, exponential and cardinal
sine auto-covariance eigenvalues are absolutely summable,
whereas those of Matérn model with v = 1/8 are above the
first bisector.

Thus, there is only few restrictions on the choice of auto-
covariance function. Practically, its selection is based on the
shape of the experimental covariogram or semivariogram of
studied data. If a doubt remains, model comparison crite-
ria such as Bayesian Information Criterion (BIC) or Akaike
Inkormation Criterion (AIC) can be computed after the pro-
cedure to select the best model [32].
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Table 7: Computational Time Reduction : effects on 16

Procedures Results

t 6 6.ctrl 6.ctr2 6.ctr3
tolerance 1,00E-05 1,00E-05 1,00E-02 1,00E-02

Io type arbitrary LSE arbitrary LSE
Lo value 25,00 4,70 25,00 4,70
a 4,53 4,53 4,52 4,55
CRpin (&) 0,44 0,44 0,36 0,52
CRyax (&) 8,62 8,62 8,67 8,57
é 5,07 5,07 5,11 5,02

42 25,68 25,67 26,14 25,24
CRyin(62) 20,64 20,64 21,02 20,29
CRiax(67) 30,71 30,71 31,26 30,18
le 10,10 10,10 10,28 9,93
CRpin(I) 8,07 8,07 8.21 7,93
CRyax(l) 12,14 12,13 12,35 11,93

h(2—test) FALSE | FALSE | FALSE | FALSE

h(KS — test) FALSE | FALSE | FALSE | FALSE
k 4,49 4,49 4,49 4,49
s 0,33 0,33 0,33 0,33

h(KPSS — test) FALSE FALSE FALSE FALSE
h(ADF — test) TRUE TRUE TRUE TRUE

ergodicity TRUE TRUE TRUE TRUE
Results Analysis
error o 9,33% 9,33% 9,65% 9,02%
error 62 2,71% 2,70% 4,55% 0,95%
error [, 1,02% 1,01% 2,84% 0,72%
cov o 46,02% 46,01% 46,94% 45,14%
cov 62 10,00% 10,00% 10,00% 10,00%
cov [, 10,27% 10,27% 10,27% 10,28%
feale (5) 951,69 648,95 449,10 219,51

tcalc reduction factor 1,47 2,12 4,34
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Table 8: Effect of the mean edge location : application on #6.5640 and 6.53

Procedure Results

1 6.b40 | 6.b40.q150 | 6.b40.q125 t 6.53 6.53.q150 | 6.53.q125
g (trunc 1) - 150 125 g (trunc 1) - 150 125
a3 (2nd slope) 2 2 2 k 3 3 3
x edge detect 100 97 44 x edge detect 101 101 101
&1 (L(x=0)) 1,25 0,98 -1,57 & 4,66 5,40 6,31
CRyin(01) -1,25 -1,63 -4,56 CRyin (€1) 1,92 2,59 3,62
CRyax(04) 3,75 3,58 1,42 CRyax(01) 7,40 8,21 8,99
& (1st slope) 0,18 0,20 0,25 & 19,42 20,37 21,59
CRuin(02) 0,12 0,14 0,11 CRuin(02) 16,68 17,39 18,65
CRinax(02) 0,24 0,26 0,39 CRyax(02) 22,16 23,35 24,54
6 (2nd slope) 1,79 1,51 0,68
CRyin(03) 1,75 1,46 0,57
CRinax(03) 1,83 1,57 0,78
6 4,23 4,37 5,97 6 5,05 5,07 4,80
&2 17,91 19,14 35,59 62 25,51 25,66 23,09
CRyin(67) 14,40 14,81 26,77 CRyin(62) 20,51 19,86 17,36
CRuyan(62) 21,42 23,47 44,41 CRyax(62) 30,51 31,47 28,81
I 7,02 6,88 13,94 [ 10,04 9,25 9,02
CRuin(l2) 5,59 5,26 10,41 CRyin(I2) 8,01 7,09 6,72
CRyax () 8,45 8,50 17.48 CRyax(Ie) 12,06 11,40 11,33
h(x*—test) FALSE FALSE FALSE h(x*—test) FALSE | FALSE FALSE
h(KS — test) FALSE FALSE FALSE h(KS — test) FALSE | FALSE FALSE
k 5,73 4,81 5,42 k 4,47 4,54 535
s 0,65 0,61 0,69 s 0,33 0,34 0,47
h(KPSS — test) FALSE TRUE TRUE h(KPSS —test) | FALSE | FALSE FALSE
h(ADF — test) TRUE TRUE TRUE h(ADF — test) TRUE TRUE TRUE
ergodicity TRUE TRUE FALSE ergodicity TRUE TRUE TRUE
Results Analysis
error x edge detect 0,99% 3,96% 56,44% error x step detect 0,00% 0,00% 0,00%
error o 74,98% 80,49% 131,36% error o 6,86% 8,03% 26,16%
error oy 17,97% 20,15% 25,17% error o 2,89% 1,84% 7,96%
error o3 10,38% 24,28% 66,18%
error 62 28,37% 23,44% 42,36% error 2 2,05% 2,66% 7,65%
error [, 29,77% 31,20% 39,44% error I, 0,35% 7,54% 9,76%
cov dj 101,79% | 136,07% 97,35% cov dj 30,03% | 30,81% 29,41%
cov dy 16,41% 15,74% 28,35% cov &y 7,20% 7,46% 6,95%
cov ds 1,13% 1,76% 8,02%
cov 62 10,00% 11,55% 12,65% cov 62 10,00% | 11,55% 12,65%
cov I 10,38% 12,01% 12,93% cov I, 1027% | 11,90% 13,05%
feate(s) 425,47 214,72 34791 Teatc(s) 659,53 369,55 246,69

Clerc et al.
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5 EXPERIMENTAL VALIDATION ON A CASE
STUDY

In this section, we test the SCAP-1D procedure with real data
in the two cases of piecewise-constant and piecewise-linear
mean.

5.1 THEORETICAL PREAMBLE

In preamble to this study, we shall recall that, contrary to the
simple model used to present the SCAP-1D procedure, most
experimental data are noisy. This noise and its prevalence
in the signal can be simply visualized in case of stationarity
by drawing the experimental semi-variogram of the data and
checking for nugget effect [5, 33].

Usually, authors get rid of it by operating moving average
on data [34]. However, we show in the following that this
operation can affect the spatial variability properties of the
signal (see Figure 13c).

Thus, in order to make SCAP-1D applicable on most
real data sets, we shall transform the “development” model
(Equation 1) to take additive white noise into account, so that
we write

Z(x)=A(x)a+ c.G(R(fror(x,0:))) +7.B(1,)  (23)

with B ~ .#7(0,1). Then, the auto-covariance matrix C of
Z—A.a equates c.R+1.1,.

This model evolution has no impact on the general pro-
cedure algorithm and only induces modifications on estima-
tors, presented in the updated iterative MLE algorithm in ap-
pendix B. The Fisher matrix is also modified but can be easily
computed numerically. Eventually, the hypotheses test shall
be performed on the uncorrelated trajectory J, redefined as

J=0Z-A&) (24)

where Q is the lower triangular matrix obtained via Cholesky
decomposition of C.

5.2  PRESENTATION OF THE STRUCTURE AND
MEASUREMENTS

The studied structure is the Ile de Ré bridge (France), built in
1987, which connects the Island of Ré to the mainland (Fig-
ure 13a). This RC bridge has been recently inspected by L.
Bourreau during his PhD thesis [35] as part of the DéCoF-
Ré project (Decision Corrosion Reliability on the ile de Ré
Bridge), led by IFSTTAR. This study aimed to diagnose the
piers corrosion state and to give decision help about schedul-
ing and placement of future diagnostic operations. NDT in-
spections were carried out on 3-meters high and 1.85-meters
wide wind-sheltered and wind-exposed faces (respectively
FC and FG, Figure 13b) of 15 piers, during 4 seasons. They
resulted in a huge database of Half-Cell Potential (HCP)
and Electrical Resistivity (ER) measurements. This allowed,
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Table 9: Boundaries between 2 zones for HCP data for the
four seasons [36]

Boundaries between zones : | High and Median | Median and Low
(origin at +3.95 m CD) (m) (m)
Winter 1.69 - 1.94 0.67 - 0.88
Spring 1.69 - 1.94 0.67 - 0.88
Summer 1.94-2.17 0.67 - 0.88
Autumn 1.94-2.17 0.88 - 1.07

combined with SDT measurements, to bring out two fully
healthy piers (noted PG and PN).

On one hand, the HCP measurement grid is very tight, with
respectively 5 cm and 2 cm spacings on horizontal and ver-
tical rebars. This results in 36-points horizontal trajectories
and and 151-points vertical ones. On the other hand, the ER
grid is much coarser with a mesh size about 20 cm. This re-
sults in 10-points horizontal trajectories and 15-points verti-
cal ones. Moreover, [9] showed that the ER variance depends
on the square of ER mean, which increases along the vertical.

Thus, in order to get meaningful assessments and to meet
the hypothesis of constant variance and correlation length
(made in the SCAPID procedure), we focus on HCP data
on healthy piers G and N in the following study.

5.3 CASE OF A MEAN STEP

Firstly, we validate the procedure in the experimental case of
a mean step for three similar trajectories. In order to give the
most meaningful comparison between the parameters assess-
ments, we select two trajectories of the same pier face and
measured the same day. Moreover, we focus on horizontal
trajectories as vertical ones have piecewise-linear drift : this
corresponds to different corrosion zones (tidal, splash and
atmospheric zones), as RC corrosion behaves differently de-
pending on chloride concentration and oxygen amount. They
have been assessed by [36] and are defined on Table 9 .

Choice of test trajectories

Browsing horizontal HCP data measured in Automn, we find
evidence of local mean step on the top of the atmospheric
zone of Pier G Face C, at abscissa x=110 — 120 cm. This is
illustrated on Figures 14a and 14b, were we draw the data
cartography and the three related trajectories, noted H1, H2
and H3 (respectively measured at ordinates 2.98 m, 2.82 m
and 2.58 m).

This step is not due to coating variability as there is no cor-
relation structure between coating and HCP measurements
in this zone, as we show on Figure 14c. However, it may
be justified by the fluted shape of piers which implies differ-
ent sun exposition time along the horizontal and thus drying
variability (see Figure 13a). Indeed, while this phenomenon
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is not likely to impact HCP on tidal and splash zones, fre-
quently exposed to salt water, it is credible to identify it on
atmospheric zone. Thus, we consider the H1 H2 and H3 tra-
jectories non-stationary.

In the following, we test the applicability of SCAP-1D on
H1 and compare correlation length estimations made on the
three trajectories.

Application of SCAP-1D

First of all, we illustrate the necessity to take noise into ac-
count in the trajectory model. We apply the SCAP-1D pro-
cedure to both the raw and the 3-points-averaged H1 trajec-
tory, which is supposed to derive from a piecewise-stationary
GRF. Looking at experimental correlograms drawn on Figure
13c, it is clear that the moving average modifies the spatial
variability properties (reduces it here). Thus, in the follow-
ing, we only consider results coming from raw trajectories
analysis.

Results from H1 analysis are given in Table 10 and illus-
trated in Figure 15a. We point out that the Matérn auto-
covariance model parameter V is set to 8 (numerically equiv-
alent to infinity and thus to gaussian model, see Table 2) in
order to better fit the experimental covariogram. The cen-
tered signal seems ergodic, the mean is well-assessed and
both the stationarity and the gaussiannity hypotheses cannot
be rejected. This means H1 can indeed be considered as a

stepped-gaussian trajectory. We however note high CoV for
lAC and 62, which are due to the limited number of measure-
ment points (36) and especially to the low Signal Noise Ratio
(SNR) of 0.52.

To confirm this, we compare previous assessments with
estimations made from trajectories H2 and H3. Indeed, as all
three studied trajectories have been measured in the same 40-
cm high zone during the same day, it is reasonable to suppose
they share same correlation length. Results are given in Table
10 and illustrated on Figure 15b and 15c.

Each studied trajectory is found to be ergodic, stationary
and gaussian. Moreover, correlation lengths assessments are
indeed quite similar, from 10.3 to 13.3 cm, with lower CoV
of respectively 26 and 18 %. These are due to higher SNR of
5.24 and 21.72.

Thus, provided a sufficiently high SNR (above 5 accord-
ing to this first experimental study) the SCAP-1D procedure
is fully applicable to limited stepped experimental data with
satisfying precisions on spatial variability assessment.
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Table 10: Experimental valdation - results
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SCAP-1D Results

t H1 H2 H3 V1 V4 Vic
Distribution law GN GN GN GN GN GN
Nb points 36 36 34 151 151 130
Nb changepoints 1 1 1 2 2 2
Regression degree 0 0 0 1 1 1
\ 8 8 8 8 8 8
Type 1 error 0.05 0.05 0.05 0.05 0.05 0.05
2 30.51 16.95 9.73 13.97 34.55 11.35
6 4 9.4 14.4 10.46 11.34 8.51
6? 15.77 88.74 211.37 109.38 128.61 72.36
CRuin(62) 0 23.83 49.92 68.67 77.63 46.34
CRinax(67) 35.93 153.65 | 372.83 150.09 179.59 98.38
I, 10.3 10.4 13.3 4.52 4.71 3.46
CRyin(le) 1.00E-15 5.96 9.32 3.71 3.63 2.74
CRuax(I,) 23.34 14.79 17.17 5.33 5.8 4.18
h( xz-test) FALSE FALSE | FALSE | FALSE TRUE TRUE
h(KS-test) FALSE FALSE | FALSE | FALSE | TRUE 0
k 2.17 2.68 2.79 6.82 15.23 6.03
K 0.1 -0.42 0.27 1.37 2.37 0.64
h(KPSS-test) FALSE FALSE | FALSE | FALSE | FALSE | FALSE
h(ADF-test) TRUE TRUE TRUE TRUE TRUE TRUE
Results Analysis
SNR 0.52 5.24 21.72 7.83 3.72 6.38
CoV 62 0.78 0.44 0.46 0.23 0.24 0.22
CoV [, 0.77 0.26 0.18 0.11 0.14 0.13
tealc(s) 0.47 1.78 0.87 3.53 3.36 2.16
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5.4 CASE OF A PIECEWISE-LINEAR MEAN

Secondly, we validate the procedure in the experimental case
of a piecewise-linear step for two similar trajectories.

Just as in the first experimental study, we limit environ-
mental bias by selecting two trajectories of the same pier face
and measured the same day. However, we focus here on ver-
tical trajectories as their mean follow a piecewise-linear drift
(Figure 17), with a slope depending on the corrosion zone
(tidal, splash and atmospheric, see Table 9).

+7.00 1
+6.50
+6.00

+5.50 ——

i

—
+5.00 '
)

Height (meters CD)

+4.50 —_—

+4.00 >
-700 -600 -500 -400 -300 -200 -100

Corrosion potential (mV, Cu/CuSOa)

Figure 17: Piecewise-linear vertical trend of HCP [36]

Choice of tests trajectories

Among the available trajectories, we select those with drift
which seems to correspond the most to the mean one. This
allows to use the corrosion zones definition established by
[36] .

The considerations above lead to test the applicability of
SCAP-1D on two HCP trajectories measured in Spring on
Pier G Face G, noted V1 and V4 (respectively measured at
abscissa 0.2 m and 0.7 m). These are represented on Figure
18.

Figure 18: HCP cartography on Pier G Face G — Spring

Application of SCAP-1D

Results from V1 analysis are given in Table 10 and illustrated
in Figure 16a. We keep v = 8 as we study the same quantity

Clerc et al.

of interest. The centered signal seems ergodic, the mean is
well assessed and both the stationarity and the gaussiannity
hypotheses cannot be rejected. Moreover, the mean steps
locations (y=1 m and x=2.10 m) correspond to the zones
boundaries defined in Table 9. This means V1 can indeed
be considered as a piecewise-linear gaussian trajectory. The
correlation length and the standard deviation are precisely
assessed with low CoV (11% and 23%). This is due to siz-
able number of points and SNR (151 and 7.83). To con-
firm this, we compare previous assessments with estimations
made from trajectory V4, illustraded in Figures 16b and 16c¢.

In the first instance, V4 is found to be ergodic but non-
stationary, as both y2-test and KS-test null hypotheses are
rejected. However, by looking at the trajectory, we note an
aberrant data at y=110 cm and two constant level of respec-
tively -430 mV from y=172 cm to y=198 cm, and -285 mV
from y=286 cm to y=300 cm. However, even if SCAP-1D
can handle such mean shapes by simple modification of the
nodal matrix A (Example 1), taking these additional steps
into account in the trajectory model would add two param-
eters and considerably affect the estimators accuracy. Thus,
we create a “cleaned” study trajectory (noted V4c) by remov-
ing both the aberrant data and these intermediate levels from
V4. The new trajectory gets 130 points and the information
of steps locations is saved to perform the following assess-
ments.

V4c is then found to be ergodic, stationary and gaussian,
even if the y>-test is not valid (see Table 10). Moreover,
correlation length and standard deviation assessments are in-
deed quite similar to V1 estimations (respectively 4.71 cm
and 11.34 mV against 4.52 cm and 10.46 mV) with still low
CoV (14% and 24%), even if the SNR is lower (3.72).

Thus, providing suitably conditioned data (without aber-
rant values and precise correspondence between model and
measurements evolution), the SCAP-1D procedure is fully
applicable to piecewise-linear experimental data with satis-
fying precision on spatial variability assessment.

6 CONCLUSIONS

This paper proposes a rigorous spatial variability assess-
ment procedure adapted to unidimensional piecewise-trend-
stationary trajectories, called SCAP-1D. This strategy may
enable structures stakeholders to assess an additional infor-
mation from sensors after diagnosis campaigns as it allows
to precisely determine the correlation length of quantities of
interest, such as chloride concentration, resistivity or corro-
sion potential. It may also be of great interest for the design
of Structure Health Monitoring systems.

While spatial variability is often estimated through ap-
proximate methods, our algorithm checks each mathematical
hypothesis required to perform its assessment while remov-
ing non-stationarities due to piecewise-linear environmental
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effects, preventing calculation errors up to 100%.

Here, after an exhaustive presentation of the theoretical
aspects of SCAP-1D (covering piecewise-assessment tech-
niques, normality tests and stationarity tests), numerical
studies have been carried out to validate its ability to accu-
rately estimate spatial variability of a gaussian random field
in three typical cases of a constant mean, a stepped-mean and
a bilinear mean.

It has been shown that, (i) provided the stationary trajec-
tory is ergodic, SCAP-1D precisely estimates the mean, the
variance and the correlation length, (ii) the ratio step am-
plitude/standard deviation pilots the efficiency of SCAP-1D
with a minimum detection value around 2, (iii) the slope
steps should be above 30 times the ratio standard devia-
tion/domain size. It has also been highlighted that initial-
izing the correlation length through Least Square Estimation
significantly reduces the procedure execution time, and that
the trajectory size should be significantly higher than the ex-
pected correlation length in order to validate the ergodicity

=
=
a=}
Q
—t
=
aQ
2.
»

For future works, it is of a great interest to extend the
procedure to non-uniform and two-dimensional grids which
may lead to detect non-stationarities on whole surfaces with-
out constraining the measurements locations. We also point
out that the SCAP-1D procedure currently gets numerous pa-
rameters which may highly impact its results if not fully un-
derstood. Its partial automation with adequate analysis tools
is thus of interest to get it used by engineers and structures
stakeholders.

To achieve this goal, a systematic statistical evaluation of
the performance of the algorithm should also be carried out
in order to precisely characterize the influence of the random
field model, the auto-covariance function and the SCAP-1D
parameters on the accuracy and the efficiency of the algo-
rithm. This could guide future users in the choice of global
settings of the procedure.
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A Appendix A : Iterative Algorithm of Maximum Likelihood Estimation of the mean and geostatistic properties -

Data:

Z : trajectory

Input:

A : nodal piecewise-linear function matrix

Jeov(%,1:) : supposed auto-covariance function of G
lc0 : initial value of the correlation length

1, : initial vector of the piecewise-linear mean

”g : initial value of the variance

€ : initial error on geostatistical parameter evaluation
tol : tolerance on geostatistical parameter evaluation
Result:

G : random gaussian part of Z assessment

[1 : assessment of the piecewise-polynomial mean of Z
&2 : assessment of the constant variance of G

€ : assessment of the auto-covariance matrix of Z

[, : assessment of the constant correlation length of G
@ : assessment of the regression coefficients of u

R : modeled autocorrelation matrix of G

while € < tol do

model G autocorrelation matrix ;

R =R (feov,x,1c0)

assess the piecewise-polynomial mean via MLE ;
ZR'A
AR 'A

I
>
[~3

o

assess the variance of G via MLE ;
A2_1 Z A/R,| A
6°=_(Z-Rp)R"(Z-})
assess the gaussian random part of the trajectory and the auto-covariance matrix ;

G_Z-h s s

assess the correlation length of G via MLE, with L defined as the likelihood function of parameter /. of multivariate normal
distribution ;

I = argmax L(L;) = argmin [~21og (L(,))] = argmin [log (I€1) +6'¢”'6]
e e I
update the error on geostatistical parameter evaluation

e=6%~63ll & &= |l —loll & e = |2 — o

update initial geostatistical parameters

>

;o leo=1c

=
(=l
I
=
S
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(e}

end
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B Appendix B : Iterative Algorithm of Maximum Likelihood Estimation of the mean and geostatistic properties - case
of a Gaussian Random Field with additive noise

Data:

Z : trajectory

Input:

A : nodal piecewise-linear function matrix
Jeov(x,1:) : supposed auto-covariance function of G
lAc() : initial value of the correlation length

1, : initial vector of the piecewise-linear mean

&
f'& : initial value of the noise

: initial value of the variance

€ : initial error on geostatistical parameter evaluation
tol : tolerance on geostatistical parameter evaluation
Result:

[ : assessment of the piecewise-polynomial mean of Z

62

2

: assessment of the constant variance of Z —

QP

: assessment of the constant noise in Z — i

>Q>

: assessment of the auto-covariance matrix of Z

I : assessment of the constant correlation length of Z — u
@ : assessment of the regression coefficients of p

while € < tol do

model C autocovariance matrix ;

C= CAT(%R (fcmwx7 iLO) +%(%1"

assess the piecewise-polynomial mean via MLE ;

o — zZc'A1,) A=A
(Al,)C7 Y (A1,)

assess the variance, noise and correlation length via MLE ;

[~}

(6%2,1;) — argmin [log(|C(62,1727lc)\) + <(Z—Aa)’C(02,r27lc)“(Z—Aa)>]

62,721,

update the error on geostatistical parameter evaluation
e=16" -6 e=llc—lol < &= |2~ o

update initial geostatistical parameters

¢ :62 5 ic0:lc

=
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end





