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Corrosion simulation The geostatistical method to simulate the corrodded surface of steel structures is one of the most accurate

Geostatistical corrosion simulation methods, clearly simulating the correlation of corrosion depth and corrosion

Kriging method characteristics on the steel surface. This study applied geostatistical theory, specifically Kriging, to simulate

Ezri(:;f;vsnibmmn 11 times based on experimental data. The data set has a length of 200mm, a width of 36mm, and a grid
spacing of 1mm. The results of each simulation were compared with those of the specimen data set from the
experiment. The Kriging method can not only create a spatial distribution of the corrosion surface with
arbitrary length, width, and grid dimensions but also achieve high reliability of characteristic values such as
average value, min, max, variance, STDEV, Lag distance, average semivariance, Pairs, Nugget variance (Co),
Structural varianceSill (Co + C), Range a, ... as well as the histogram distribution rule. The changing trend of
the corrosion surface over time is also accurately predicted. They are creating favorable conditions to
determine the behavior of corroded steel structures over time. However, creating a spatial distribution
surface by Kriging is still random when each surface simulation is not the same, making the simulation results

challenging to apply to finding the first corrosion point in practice.

1. Introduction to accurately analyze the behavior of corroded steel structures and

In the late 1960s, industrialization began, and the service life of
the existing steel structure has almost reached 50 years; it is necessary
to establish measures for the stability and long-term service life of the
aging, corroded steel structure over time. Severe corrosion damage
occurs in steel structures with boundaries or contact with concrete, such
as steel structures of bridges, or in large steel oil and gas tanks, concrete
roads, shoulder guardrails, steel molds with concrete table tops, and top
flange steel accessories of underground works [1, 2].

Corrosion damage to steel parts in contact with concrete by
quantitative inspection method is impossible. Therefore, the paint
system on steel structures may deteriorate faster than other structural
systems. After the paint layer deteriorates, corrosion can occur rapidly
on the steel surface. If severe corrosion damage is transferred to the
main structural components, eventually, the failure of the main
components, leading to the collapse of the structural system, may occur.
However, it is difficult to check this corrosion problem when the
corroded surface develops because the corrosion is environmentally
heterogeneous and is affected by many corrosion factors such as
temperature, relative humidity, sea salt in the air, and wet time, unlike
other corrosion problems of structural steel [3, 4].

Thus, the harm of corrosion is apparent. Moreover, corrosion
becomes the main danger to steel structures. Periodic protection and
maintenance of steel structures by painting is the only method to solve
the consequences of corrosion. This method only partially solves the

problem from the design stage of steel structures. Therefore, it is urgent
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propose design standards for corrosion-resistant steel structures.
Therefore, many researchers have researched the corrosion of steel
structures using many methods such as natural experiments, laboratory
experiments, finite element analysis, and simulation.

Various corrosion models to evaluate and predict corrosion
characteristics have been proposed and widely applied to ships, offshore
drilling platforms, power and chemical plants, and steel bridges. Paik et
al. [5-7] measured the corrosion depth of seawater ballast tanks used on
ships for 27 years. They proposed statistical characteristics (i.e., mean,
variance, and distribution) of corrosion losses as a function of time.
Guedes Soares et al. [8] examined various environmental factors affecting
corrosion under seawater immersion conditions. Using field data, they
proposed a mathematical model incorporating their effects on corrosion
degradation over the ship's life. The application of accelerated cyclic
corrosion testing to investigate the corrosion of steel structures is common
and has been widely performed. Accordingly, Itoh et al. [9] performed
accelerated exposure testing using S6 cycles for uncoated and coated steel
plates. They also proposed time-dependent corrosion losses and weight
loss and presented the application of accelerated cyclic corrosion testing
to evaluate the corrosion resistance of steel bridge components. The shape
of the corroded surface of the steel plate was analyzed by statistical
methods to understand the influence of the corrosive environment and the
damage caused by the increased corrosion [10-13]. Gou et al. [14] applied
the Weibull distribution function to represent the probability density
function of corrosion depth on loss. Furthermore, they proposed that the

Weibull distribution is the most suitable method to represent the
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corrosion characteristics of waste on central storage tanks during the
ship's service life.

The fatigue performance of corroded aluminum alloy materials has
been widely studied in recent years, but the information on steel structures
still needs to be improved. Only a few studies on this issue [15-18] exist.
These studies all concluded that corrosion can significantly reduce the
fatigue resistance of steel materials. The stress concentration coefficient is
one of the essential coefficients that can represent the fatigue state of
corroded steel. The influence of stress concentration of corrosion pits with
different depths and pit diameters has been studied by [19]. However,
experimental methods have obtained many positive results. However,
corrosion is a process that takes too much time and money. Therefore, to
overcome the limitations of experimental methods, many researchers have
proposed finite element methods or simulation models and algorithms to
study corrosion. Selecting an appropriate interpolation procedure to
predict corrosion is a complex task due to the spatial variability of many
corroded surface parameters and environmental factors [20-21]. Many
interpolation and approximation methods have been developed to simulate
the corrosion of steel structures. These methods include artificial neural
networks (ANNs), fuzzy logic methods, and statistical prediction methods
[22]. Among them, artificial neural networks are an effective numerical
tool inspired by biological neural systems that can be used to perform
computational simulations. They can be used to model and describe
atmospheric corrosion processes based on experimental observations.
Networks can be designed and trained to estimate the corrosion rate of
metallic materials from a set of environmental parameters and relevant
material data. Accordingly, many researchers have developed corrosion
prediction using the ANN method [23].

Inverse Distance Weighting (IDW) is a weighted average
interpolation method that can be exact or smooth. With Inverse
Distance Weighting, the data is weighted during interpolation so that
the influence of one point relative to another decreases with distance
from the grid node. Weights are assigned to the data through the use of
weighting power, which controls how the weighting coefficients
decrease as the distance from the grid node increases. The larger the
weighting power, the fewer influence points farther from the grid node
will have during interpolation. Typically, the IDW method acts as an
exact interpolator, which can be used to predict spatial surfaces [24-25].
Kriging was first introduced by Krige [26]. Kriging is a geographic
gridding method that has proven valuable and popular in many fields.
This method produces visually appealing maps from irregularly spaced
data. Kriging reveals suggested trends in the data; for example, high
points may be connected along a ridge rather than isolated by bull's-
eye-like contours. Kriging is a very flexible meshing method. Kriging's
default values can be accepted to produce an exact data mesh, or
Kriging can be customized to a dataset by specifying an appropriate
variance model [27-31]. Depending on user-specified parameters,
Kriging can be an exact interpolator or a smoothing one. It incorporates
anisotropy and underlying trends efficiently and naturally. Therefore,

the best simulation method for corrosive surface properties and other

fields is estimated using Kriging.

This study focuses on simulating and predicting the characteristics
of corrosion surfaces and, at the same time, estimating and predicting
the development and change of corrosion surfaces over time by applying
geostatistical methods. The geostatistical theory is the most suitable for
simulating corrosion over time through the Kriging method. The study
has proposed a model and algorithm for the simulation method. The
simulation was performed 11 times based on data of 1 corrosion surface
obtained from experiments, which means creating 11 corrosion surfaces
from simulation. The results of corrosion characteristics of 11
simulations show high accuracy when compared with specimen data.
Especially values such as minimum corrosion depth, maximum
corrosion depth, average corrosion depth, and corrosion distribution
trend on the surface histogram and variogram. However, the results also
show the randomness of the data set obtained; the corrosion positions
of the 11 times are not the same as the specimen data. This is considered

a difficulty and limitation of the method that needs to be improved.

2. Geostatistical theory
2.1. General

Geostatistics is one of the research methods used in geology.
Geostatistics analyzes mines' formation, development, and distribution,
especially using statistical and mathematical models. Geostatistics is
also widely applied in related sciences such as petroleum geology,
hydrogeology, hydrology, meteorology, oceanography, geochemistry,
ore extraction, geography, forestry, environmental control, landscape
ecology, and agriculture. Geostatistics explains not only its applications
in geographic information systems but also in applications of numerical
mathematical analysis in spatially variable data systems. The digital
elevation model (DEM) is the most critical data from which numerical
values are extracted. Geostatistics is also applied in other branches of
human geography, especially to the spread of disease (epidemiology),
business and military planning (logistics), and the development of
efficient spatial systems.

The most important issues that geostatistical models address are

the dependencies and regularities in distribution.

2.2. Variogram on spatial statistical techniques

a) Spatial Covariance, Correlation and Semivariance

Covariance and correlation are measures of the similarity between
two different variables. To extend these measures of spatial similarity,
consider a scatterplot where the data pairs represent measurements of
the same variable made some distance apart. The separation distance is
usually called “lag,” as used in time series analysis [32]. To formalize
the definition of these statistics, the definitions for some notation are as
follows:

U: vector of spatial coordinates

z(u): variable under consideration as a function of spatial location
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h: lag vector representing separation between two spatial locations
z(u+h): lagged version of variable under consideration
N(h) representing the number of pairs separated by lag. we can compute

the statistics for lag h as:

Covariance:  C(h) = ﬁzg’g’? 2(ug). 2(Ug + h) — my. My
Correlation:  p(h) = —2L
4/ 00.0.
S H H . — 01 . N(h) 2
emivariance: y(h) = WD Yant 2(ug + h) = z(ug)]

where m, and m;, are the means of the tail and head values:

—_1 yN®W . —_1 yNW
my = mza=1 Z(ua), my = m2a=1 Z(ua + h)

and 0, s and 0,, are the corresponding standard deviations:

1 N(h 1 N(h
= sn0 D [2(u) = mol*; v e [2 (e + B) = mp]?

4} Oyp =

b) Semivariogram model

For kriging (or stochastic simulation), we must replace the
empirical semivariogram with an acceptable semivariogram model. Part
of this is that the kriging algorithm will need access to semivariogram
values for lag distances other than those used in the empirical
semivariogram. More importantly, the semivariogram models used in
the kriging process must obey specific numerical properties for the
kriging equations to be solvable. Therefore, statisticians choose from a
palette of acceptable or licit semivariogram models.

Using h to represent lag distance, a to represent (practical) range,

and c to represent sill, the five most frequently used models are:

0ifh=0
h) =
& {c otherwise

Spherical:  gh) ={¢ (1'5 (g) =05 <§)3> ifh<0

c otherwise
Semi-variogram vy(h) is a two-point statistical function, which

Nugget:

explain the correlation of the specimen values. The typical semi-
variogram model, the relationship between semi-variogram and lag
distance is expressed as range and sill.

Sill (y) or Co: The semivariance value at which the variogram
levels off and also used to refer to the “amplitude” of a certain
component of the semivariogram.

Range (h): The lag distance at which the semivariogram (or
semivariogram component) reaches the sill value. Presumably,
autocorrelation is essentially zero beyond the range.

Nugget: In theory the semivariogram value at the origin (0 lag)
should be zero. If it is significantly different from zero for lags very close
to zero, then this semivariogram value is referred to as the nugget. The
nugget represents variability at distances smaller than the typical

specimen spacing, including measurement error.
2.3. Kriging method in spatial statistical techniques
This study used ordinary kriging to estimate the 3D corroded steel

surface geometry with arbitrarily distributed corrosion depth, as shown

in (Figure 1). For ordinary kriging, rather than assuming that the mean

is constant over the entire domain, we assume that it is constant in the
local neighborhood of each estimation point, that is, that m(u,) = m(u,)
for each nearby data value, Z(u,), that we are using to estimate Zu. In

this case, the Kriging estimator can be written as:
n(u)

2@ =mw + ) A2 —m(w)]

And also the semivariogram vy(h) is the covariance function of the

exponential model was applied in this study.

Figure 1. Kriging model for Spatial Data.

3. Corrosion simulation using Kriging method
3.1 Models and algorithms

The summary concept of the time-dependent numerical
simulation of 3D corroded surfaces using spatial statistical techniques is

shown in the flowchart below:

e
Analysis of characteristic of all corroded surface

\ S

Analysis of variogram
- Determination of sill y, range h, nugget value
- Propose the best fitted model for Variogram

'

Calculation of input data for corrosion simulation
- Average value

- Sill y, range h, nugget

- Model of Variogram

!

Corrosion simulation using Kriging method
- Calculation of normal probability with autocorrelat
ion structure of average value and covariance

|

Creation of corrosion data

!

Comparison with the experiment data
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3.2 Data for corrosion simulation

The original data were obtained from the experimental
measurement results of corroded steel specimen. After collecting the
original data set of the corroded surface, the author used that data set
to analyze and simulate corrosion data using the Kriging method

through R software.

4. Simualation result and discussion

4.1 Summary of results

analyzing the required values, we have the following Table 1.

4.2 Corrosion distribution over the entire surface

The simulation with the most significant corrosion depth is the
6th. The 11 time of simulation has several corrosion areas and is
concentrated in the middle. The simulations show more corrosion areas
(8/11 times), as shown in (Figure 2). Figure 3 presents a 3D
representation of the corrosion distribution on the surface, helping us
to see more clearly the locations of the most profound corrosion

distribution and the locations of the most concentrated corrosion.

The data of 11 simulation datasets were collected and after

Table 1. Summary table of original and simulation data.

Structural
Avg Nugget .

. . Lag . X X variance .

No Min Max Aaverage Variance STDEV . Semi- | Pairs |variance . Range a| Best fit
distance . Sill
variance (Co)
(Co+0C)

Refer 0.01 2.03 1.045632648|0.234891078|0.484655628| 4.5 0.0687 |486266| 0.0167 | 0.2444 21.8 Sph
No.1 |-0.592568332 |2.391667432|1.061603332|0.220381569|0.469448154| 4.5 0.0894 |486266| 0.0047 | 0.2234 22.1 Sph
No.2 | 0.649837672 | 1.67830354 |1.067073091| 0.02463582 |0.156958021| 4.5 0.0665 |486266| 0.0071 | 0.1992 20.2 Sph
No.3 |-0.358304709 |2.459448018|1.079504633|0.195584911|0.442249828| 4.5 0.0695 |486266| 0.0119 | 0.2048 22.8 Sph
No.4 |-0.401318361 |2.519687533|1.039826314|0.216155309|0.464925058| 4.5 0.076 |486266| 0.0001 | 0.2222 18.3 Sph
No.5 |-0.646697269 | 2.52706586 |0.994553265| 0.26033181 |0.510227214| 4.5 0.0821 |486266| 0.0058 | 0.2736 22.2 Sph
No.6 |-0.949908451 [3.062354038|1.097527205|0.347254429|0.589282979| 4.5 0.0973 |486266| 0.043 0.36 |16.6277 |Gaussian
No.7 |-0.629976476 |2.605613824|0.9707128490.286897403|0.535628045| 4.5 0.0713 |486266| 0.0001 | 0.3152 47.1 Exp
No.8 |-0.372056631 |2.332890152| 0.97159058 |0.177747962|0.421601663| 4.5 0.075 |486266| 0.0027 | 0.1814 16.1 Sph
No.9 |-0.629976476 |2.605613824|0.9707128490.286897403|0.535628045| 4.5 0.0713 |486266| 0.0001 | 0.3152 47.1 Exp
No.10 | -0.737262509 [2.518156704|1.039825455|0.227141411|0.476593549| 4.5 0.0749 |486266| 0.0373 | 0.2396 |18.1865|Gaussian
No.11 | 0.649837672 | 1.67830354 [1.067073091| 0.02463582 |0.156958021| 4.5 0.0749 |486266| 0.0373 | 0.2396 |18.1865|Gaussian
Original No. 1 No. 2 No.3 No. 4 No.5 No. 6 No.7 No. 8 No.9 No. 10 No. 11
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Figure 2. Surface distribution after corrosion shown by contour plot
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Figure 3. 3D corroded surface of original and simulation data.

4.3 Corrosion distribution on longitudinal section

The corrosion depth in the longitudinal section of the original
corrosion data and the corrosion data of 11 simulations tend to be quite
similar in shape and depth distribution in the longitudinal section, as
shown in (Figure 4).

For the average corrosion depth line of the original data set, there
are two edges, which are the two most minor corrosion points and tend
to increase corrosion in the middle. Corrosion is regular and periodic
and tends to change direction within the same limit amplitude (0.3 to
1.8mm).

The simulation results are pretty random, not in a specific
direction:

- Edge: The corrosion coordinates at the two edges do not
follow the corrosion law of the actual specimen.

- Middle: The chart trends are pretty similar.

- The number of reversals of the chart belly is close to each other.

The belly tends to be similar, but there will be differences in value.

20 L L ' L s L s

Onginal
Simulation No. 1-11

Average depth (mm)

0,0

0.5 r T T T T T T
-120 -90 -60 -30 0 30 60 90 120
Length (mm)

Figure 4. Comparison of average depth on longitudinal section of

specimen.

4.4 Analysis of simulation randomness

The charts and (Table 1) show that the error area of the
Variogram values of the original corrosion data values has a significant
difference compared to the corrosion data values of 11 simulations. The
Variance, STDEV, Nugget variance (Co), Structural variance Sill
(Co+C), and Range values significantly differ in error values ranging
from 26.15% to 116.06%. However, the R2 value has a small error.

4.4.1. Location of maximum corrosion depth

Figure 5 shows that most of the deepest corrosion locations tend
to be concentrated on the right side of the specimen, concentrated
thickly with up to 6 times the deepest corrosion location appearing in
the area (40-100 mm) in the x direction - the specimen length direction.
According to the y-direction - Horizontal direction of the specimen, the
most significant corrosion locations appear most often on the left side,

appearing eight times and concentrated in the area (-5 to -20 mm).

20 L ) L L L L L L
@ No8 (-54:18) Lo ”‘."‘4\'7’
.3 (46:15
15 .No (46:15) |
@ No.2(-63:13)
10 4 -
N0 (8:8) @ No.10(56,9)
ol @ No.7:No.9(16:5) L
> 04 L
® No.l (50:-2)
-5 4 L
@ No.6(-33:-7)
-10 1 °Nu,(k|gm;|l(-7.-l()i I
i ® No.d (59:-14)
= ® Simulation
Original
-20 T T — T T — T T
-80 -60 -40 -20 0 20 40 60 80 100

X
Figure 5. Comparison of random occurrence of points with maximum

corrosion depth.
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4.4.2. Comparison of randomness of values between simulated and
experimental data sets

4.4.2.1. Average value of corrosion depth

Figure 6 shows that the percentage error of the average corrosion
depth between 11 simulations is similar to the average, controlled in
the 4.76 - 7.62% range. It shows that the corrosion simulation data gives

almost accurate corrosion depth results.

= 12 . . \ , . . . .
£
= 1,15 4
«©
g 4.76%
= T T (| e o
&
8 1,054
5
2 L0 7.62%@
£ °
o
9 0,95 4
o
=
E
5 0,90
2
=
S 0854 @® Simulation
= €©  Original
-]
£ 080 . . . ; . . - 7
7 00 02 04 06 08 10 12 14 18 18

Original average corrosion depth, dyeapn (mm)

Figure 6. Comparison of randomness of average corrosion depth values.

4.4.2.2. Maximum value of corrosion depth

Figure 7 shows that the percentage of error of the maximum
corrosion depth value of 11 simulations differs quite a lot from the
actual maximum corrosion depth value; one random simulation differs
by 50.74% from the original data. However, most simulations will have
a maximum corrosion depth with less error, mainly about 25-30%. It
shows that the corrosion simulation data gives the maximum corrosion

depth value, which needs to be revised.

34 L L L L L
4

3.2 1 50.74%
———————————— -

3041

TP

2,81

2,6 5

;
2,24
2,0 °
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S PP PR
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T T T T T

\
[
|
l
|

Simulation max corrosion depth, dpa (mm)

1,0 1.2 14 16 18 20 22 24 26

Original max corrosion depth, dyy (mm)
Figure 7. Comparison of randomness of maximum corrosion depth values.

4.4.2.3.  Minimum value of corrosion depth

Figure 8 shows that the error percentage of the smallest corrosion

depth value of 11 simulations differs significantly from the smallest

corrosion depth value, with the highest error being 9600%. The
corrosion simulation data shows almost inaccurate results for the most

minor corrosion depth.

1,0 A . - : 0 ; A ; A
08 6400% r
06 [ |
0,4 H
0,2 L
0,0 2+ 3 t
-0,2 8
-04 ]

0,6 ! {
08 1 |

1,0 —0- t
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12 ® Simulation |
14 &€ Original |
16 " : r " T y ; ; 7
-1.0 -0.8 -06 04 -0,2 0,0 02 04 06 08 1.0

Simulation min corrosion depth, dp,;, (mm)

Original min corrosion depth, dy,;;, (mm)

Figure 8. Comparison of randomness of minimum corrosion depth values.

5. Variogram values of corrosion depth

Figure 9 indicated that the variogram values tend to change
around the original data. Based on these simulated data, the Kriging
simulation method will produce the data sets that vary by a certain

amount from the original data.
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Figure 9. Comparison of randomness of variogram values.

Table 2. Errors between original and simulated corrosion data.

Error between original and simulated
Value corrosion
Min Max
Variance 52.17% 91.30%
STDEV 22.91% 66.67%
Nugget variance
99.40% 157.49%

(Co)
Structural variance

. 47.29% 89.97%
Sill (Co+CQ)
Range a 26.15% 116.06%
R? 2.63% 15.70%

5. Conclusion

The 3D corrosion surface shape of the steel plate simulated 11
times by spatial statistical theory was compared with the estimated
surface of the experimental steel plate. The results showed that:

- The Kriging method model is quite suitable for simulating the
description of the spatial distribution of the corrosion surface. However,
the corrosion distribution area with the most incredible depth tends to
concentrate on the right side of the specimen in the X direction
(specimen length direction) and the left side of the specimen in the Y
direction (specimen width direction). It proves that the Kriging method
produces a hybrid data set that produces similar corrosion surfaces.

- It is found that the distribution of the point with the
maximum corrosion depth (the point that is most likely to cause
structural damage on the steel plate) is entirely random. But we can see
the trend of the deepest corrosion points distributed on the left side of
the steel specimen in the width direction,

- The maximum value, average, Variance value, and STDEV of
corrosion depth have insignificant differences between the original data
and the simulation. However, the Range of Structural variance Sill
(Co+C) and Nugget variance (Co) differ significantly. So, the Kriging
algorithm to simulate corrosion still has some factors that are not
optimal, and the algorithm needs to be improved.

- From that, it shows that the randomness of the corrosion data
set from the simulation using the spatial geostatistics method is still a
big challenge with no regularity.
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