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Abstract: Temperature is an important factor that affects corrosion potential in rebars. The temperature
effect must be removed from the corrosion potential for precise measurement of corrosion rates.
To separate the temperature effect from the corrosion potential, in this study rebar specimens were not
embedded in concrete but, instead, were placed in an uncontrolled air environment. Gaussian process
regression (GPR) was applied to the temperature and the non-corrosion potential data in order to
remove the temperature effect from the corrosion potential. The results indicated that the corrosion
potential was affected by the temperature. Furthermore, the GPR models of all the experimental cases
showed high coefficients of determination (R? > 0.90) and low root mean square errors (RMSE < 0.08),
meaning that these models had high reliability. The fitted GPR models were used to successfully
remove the temperature effect from the corrosion potential. This demonstrates that the GPR method
can be appropriately used to assess the temperature effect on rebar corrosion.

Keywords: corrosion potential; temperature effect; rebar; Gaussian process regression

1. Introduction

Rebar corrosion is a critical deterioration factor that is directly related to the service life of concrete
structures. Rebars are protected by the passive film of concrete. However, when chloride (C17) or sulfate
(SO427) penetrate into concrete, these aggressive materials destroy that passive film [1]. After that film
is destroyed, rebars start to corrode. The critical defect is the volume expansion of the rebars which
causes the concrete to crack [2]. Therefore, in the past, concrete researchers used an electrochemical
method to detect corrosion, while currently the most representative methods are concrete resistivity
method, half-cell method, and linear polarization resistance (LPR) method. Half-cell and concrete
resistivity methods can produce results with simple measurements, making it possible to quickly
determine the corrosion state of the rebar. LPR method needs an expert level of measurement skills
and takes a long time to apply because it is affected by many factors such as temperature and relative
humidity (RH) [3].

Recently developed corrosion detection methods utilize sensors and ultrasonic pulse velocity
(UPV) [4-13]. The accuracy of detecting rebar corrosion is steadily increasing, but even with the
technological progress, continuing research on the environmental factors related to rebar corrosion
(e.g., humidity, temperature, impact) is essential [14]. In particular, temperature can readily increase for
various reasons, such as seasonal climate change, equipment heat, friction, etc., and can directly affect
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rebar corrosion. Temperature is a main factor that affects rebar corrosion potential, but it is difficult
to isolate or exclude the effect of temperature as most previous experiments had fixed temperature
conditions [4,5,8,12,15-17].

Accordingly, many studies on the relationship between temperature and rebar corrosion potential
are actively being carried out. For example, Pour-Ghaz et al. [18] proposed a regression model for
the prediction of corrosion rates with temperature effects. They assumed that temperature affects
concrete resistivity and current density, and the results of their study showed a high coefficient of
determination, indicating that temperature is an important factor for corrosion potential. However,
as they did a traditional linear regression, large deviations in the data had to be accepted. Taking a
different approach, Deus et al. [19] studied the relationship between the passive film of stainless steel
rebar and various temperature conditions (25, 35, and 45 °C). They also confirmed that temperature is
an important factor in corrosion potential because the passive film weakened when the temperature
was increased.

Another study by Chen et al. [20] checked the corrosion potential with heated rebar. The heated
rebars showed a higher corrosion rate than the control specimen and the heat initiated a reaction
between the rebars and unhydrated water. In addition, Lépez et al. [21] researched the effect of
temperature on corrosion behavior with concrete pores and inner humidity of concrete. They found
a low corrosion state at dry and high temperature conditions, but a high corrosion state at humid
and high temperature conditions. Both of these research groups concluded that temperature is an
important factor for corrosion potential.

Statistical analysis is frequently used for assessing corrosion data. Additionally, complex data
analysis skills including Bayesian methodology are required. Bayesian method is a fundamental part
of machine learning (ML) in the artificial intelligence (AI) field, and is accordingly difficult to approach
given its complex theory and calculations. However, corrosion research is increasingly using Bayesian
method because enhanced computer performance (supercomputing) makes it possible to do complex
calculations in a short time.

In addition, the Gaussian process regression (GPR) method is coming to the fore. Zhang et al. [22]
researched the growth of corrosion defects at depth in underground energy pipelines based on an
inverse Gaussian process model. They also used Markov Chain Monte Carlo (MCMC) simulation
techniques to propose a model for pipeline corrosion management. Liu et al. [23] proposed a hybrid
GPR model for predicting the service life of concrete sewers. Comparing their model results and
measured field data, they showed that the GPR method could be an efficient way to predict corrosion
with parameter updating. In another case, Muthulingam et al. [24] established a model for corrosion
processing based on Gaussian method. Their research suggested that the Gaussian model could be an
appropriate method for describing rebar corrosion, especially in non-structural damage. Thus, Gaussian
method is now widely used in corrosion research; however, although many researchers have studied
thermal effects for the corrosion processing and using Gaussian method, there are still few studies on
the temperature effect on corrosion potential with Gaussian method.

Therefore, the purpose of this study was to remove the temperature effect from the corrosion
potential based on the GPR method. Our experiments were performed in an uncontrolled air
environment to capture the temperature effect on the specimen rebars. After the experiments, GPR was
used to remove the temperature effect from the corrosion data. For proving the reliability of the derived
GPR models, validation was provided by evaluating the coefficient of determination (R?) and the root
mean square error (RMSE) values.

2. Experimental and Statistical Methods

Our research schematic process is presented in Figure 1. The experiment data was automatically
logged of the potential and temperature for two months with 3 min measuring interval, and the
relative humidity was fixed at 65%. After the experiments, noise had to be eliminated from the data
to prevent analytical errors. The criteria of noise eliminating were the difference of data which was
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3 mV of absolute value. For example, the measured of ith data was —1.5 mV and the measured of i—1th
data was —5 mV, the difference of data was 3.5 mV of absolute value. Then the i—1th data was noise.
After this work, the data were arranged by diameter class and consisted of temperature, non-corroded
potential, and corroded potential. Additionally, the non-corroded specimens were as control of each
class. The GPR analysis was performed using the arranged data.

Corrosion experiment
of the rebars

Gathering data '—‘

Terminate the
experiment

Measuring the
volts and current

0 = Noise
Eliminate noise

Data
preprocessing O O N A A At
|

J —

|
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temperature vs potential
for each class

+ L
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Gauss Process Temperature vs potential : -
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I Verify the results ]—' Data results verifications with corrosion rate

Yes

I Research done I

Figure 1. Research process of removing the temperature effect.

2.1. Preparing the Specimens

In this study, four classes of rebar were used: 9.53, 12.7, 15.9, and 19.1 mm diameter, labeled
as D10, D13, D16, and D19, respectively. All specimens were a type of deformed rebar with a yield
strength of 400 MPa and the composition of the rebar is summarized in Table 1.
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Table 1. The composition of the rebar.

Fe C Si Mn Cu Ni Cr
9822 031 029 1.09 0.02 0.04 0.03

The specimens were cut to a length of 100 mm and are presented in Figure 2. After cutting, the rust
was removed to obtain clear data. The specimens were soaked in 99.9% pure ethanol for one day
and then dried for 2 h to fully evaporate the ethanol. Then sandpaper with 50-63 pm grit was used
to remove the rust. Additionally, the capacity of the power supplier was maximum 150 W and the
logging sensitivity was +0.05%.

Power |

Copper line

a b | |

§ ®
sulfate
Laptop solution
- Data logging
|
Measuring
temperature I~ I~ Copper
with 10% of NaCl sulfate
thermocouple solution solution
Rebar Rebar
- Corroded condition - Non-corroded condition

Figure 2. Experimental setting to measure corrosion potential.
2.2. Corrosion Potential

Rebar corrosion experiments are usually performed by burying reinforcements in concrete and
measuring the potential [8,11,12,25]. However, the aim of this study was to remove the temperature
effect from the corrosion potential. Therefore, all the specimens had to be in an uncontrolled air
environment, and the corrosion potential data was collected for two months continuously. The reason
for arranging the specimens in an uncontrolled air condition was to get more temperature effect at
the temperature variation. Our methodology was similar to that of Xiaotian et al. [13], who studied
a nondestructive corrosion detection method and performed their experiments with unembedded
rebars. They used UPV method on corroded rebars in open-air conditions and were able to confirm the
corrosion rate. Similarly, Du et al. [15] used an optical sensor to monitor the corrosion of steel rebars in
an uncontrolled air environment, and they documented the specimen corrosion. The experimental
conditions in this study were similar to those two experimental setups, but the temperature was not
controlled, and the corrosion speed was slower than in those studies.

Our experimental setting is presented in Figure 2. Specimens were set as the separate cases of
corroding and non-corroding like Figure 2. Measuring interval was set as mentioned before and
temperature was also logged simultaneously. The corrosion was triggered by evaporating a 10% NaCl
solution so that the corrosion proceeded as slowly as possible; the NaCl purity was 99%. In addition,
copper-copper(ll) sulfate solution setup was used as an electrode with a copper line (CSE) [16,25].
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2.3. Gaussian Process Regression (GPR)

The GPR method is basically based on Bayesian regression (BR), which can incorporate
many variables and can more precisely predict than traditional regression. Assuming that the
Y=1[y1, Y293 ..., yn]T of size n follows the standard normal distribution, it can be expressed that
Y~N(u, C) where p is a mean vector and C is a symmetric covariance matrix. These can be expressed
as Equations (1) and (2), and, given these conditions, the BR equation is as Equation (3):

T
[J = [le Uz, r[-ln] (1)
O% 0102 st 010p
0102 G% . 020y
C = ) . ) ) (2)
O’lan DI e O%
Y, = Xiﬁi +¢, i =1,2,3,---,n (3)

where Y; =[y1, 2, y3, ..., yn]T, X;=[x1,%x0,%3,...,x,]%,and &; = [e1, €, €3, ... , 4] have a relationship.
Additionally, §; is a calculated coefficient of each step, the ordinary least squares (OLS) estimation of 5,
which can be calculated with the rule of § = (XTX)"!XTY. The GPR method also follows this rule but

with a difference, and is presented as Equations (4) and (5):
y = flx) +¢ @)

u(x) = E[f() )

where the f(x) follows the Gaussian process that f(x) ~ GP(u(x), k(x, x")), p(x) is a mean function,
and k(x, x’) is a covariance function. The GPR method is usually based on the function process, which is
different from BR method. The covariance function has a relationship between the given data and
random variables, and this part is used as a kernel [26-28]. The most representative kernel is the
squared-exponential (SQEXP), which this study also followed. The kernel is as follows:

k(') = E[{f(x) = u()Hf (") = p(x)}] ®)
2.4. Root Mean Square Error (RMSE)

RMSE is an index to evaluate the precision of a model. This method is used to estimate the
difference between the observed and predicted data [29].

n ~ )2
RMSE — \/M )

n

where y; is a predicted value at the ith order, y; is an observed value at the ith order, and  is the
number of data.

2.5. Coefficient of Determination (R?)

The coefficient of determination is an important index for evaluating the model precision. If the
R? value is >0.8, the regression model is considered to be reliable [30].

g _ Lioai = 9
Z?: (i = y)z

where y; is an average of the observed data.

®)
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2.6. Temperature-Potential Index (TPI)

Indexing method is used in many studies because it is relatively simple and can show clear
tendencies or characteristics in ratio form. Liberato et al. [31] studied the self-healing performance
of concrete with and without mineral mixtures, and the strength recovery and crack closing were
indexed. Solomon et al. [32] studied the effect of nut shell ash on the splitting tensile strength of
concrete. Similar to the research of Liberato et al., they classified the component index, after which
they evaluated the effects of the components in the nut shell ash.

In this paper, similar to those studies that used indexing methods, the temperature-potential index
(TPI) was used for removing the temperature effect from the corrosion potential. The TPl is presented
as Equation (9):

Non corroded GPR — Temperature GPR

TPI = ab
P\ T Avera ge of non corroded potential

©)

TPI value was applied to the absolute value in order to prevent errors and it was multiplied by
corrosion potential. The non-corroded GPR is a prediction value of the non-corroded potential at the
target temperature of each class. The temperature GPR is a prediction value of measured air temperature
potential at the target temperature. Additionally, the average of non-corroded potential is the average
value of the non-corroded potential of each class at the target temperature.

3. Results and Discussion

3.1. The Corrosion Potential Result

The corrosion potential results are presented in Figure 3. The results showed a relatively smaller
potential value than previous studies [16,25,33]. The reason for this is that the corrosion potential
uses the principle of the potential difference between embedded rebar in concrete and electrode [34].
The embedded rebar is protected by the passive film from the alkalinity of concrete. Additionally,
the alkalinity gives a large difference of the measured potential, and the usual eigenvalue of the
potential of rebar is the range of —400 to =700 mV [14]. The specimens of this experiment did not embed
in concrete but were only exposed in the air condition. Therefore, the potential of this study came out as
a relatively smaller value of potential than other studies because of the absence of alkalinity [16,25,33].
In addition, the case of using only the metal specimens showed small potential [35,36]. Therefore,
the results could come out with small values of potentials.

The potentials fluctuated because the specimens were located in an uncontrolled air temperature
environment, which affected the specimens in terms of temperature and specimen diameter. The usual
results of corrosion potential in a controlled environment show clear linear behavior with few
fluctuations [19,33]. Therefore, fluctuations here can be read as a temperature effect.

The behavior of the corrosion potentials was more stable in the D16 and D19 specimens than
in D10 and D13, especially after the inflection point. This means that the rebar diameter was also a
factor that affected the corrosion potential. The inflection point can be confirmed comparing with the
non-corroded and corroded trend (black and blue lines). Usually, the corroded potential followed
the trend of non-corroded results. However, the behavior showed an opposite or different trend at a
certain point. For example, from Figure 3a, when the non-corroded potential showed an increasing
trend but the corroded potential showed a decreasing trend at the inflection point.

Masmoudi et al. [37] showed experimentally that rebars with different diameters have different
thermal expansion coefficients. In that study the thermal expansion coefficient was decreased as the
diameter increased; hence, the larger specimens were less affected by the temperature because of
the thermal coefficient. Therefore, in all of the specimens the temperature effect was evident in the
corrosion potential behavior.
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Figure 3. The corrosion potential results: (a) D10; (b) D13; (c) D16; (d) D19.
3.2. The GPR Result

The GPR results are presented in Figure 4. The results of Figure 4 are based on fitting with real
data, the fitted lines appeared like Figure 4 when the GPR was applied in real data. The fitted lines
indicate the trend of the non-corroded potential data and reflect well the characteristics of the data.
The SQEXP kernel is a key function in the GPR, and the 95% confidence intervals in Figure 4 indicate
that the kernel worked. Similar works with observational data fitting of the kernel in the applied
GPR showed magnificent performance, with high coefficients of determination (above 0.95) [29,38].

The GPR with kernels usually showed the level of ML performance, and these results also showed
high agreement with Table 2.

Table 2. The Gaussian process regression (GPR) fitting results.

Case g Coefficients of Determination (R?)  Root Mean Square Error (RMSE)
Air temperature ~ —5.385 0.99 0.00366

D10 —4.415 0.97 0.0570

D13 -5.447 0.97 0.0657

D16 —5.048 0.95 0.0394

D19 —4.639 0.96 0.0502

On the basis of these results, the fitting trend flow is presented in Figure 5 and indicates that the
GPR results are well fitted. When predicting in the range of temperature, the trend was similar to real
data fitting, and the grey areas showed small gaps from the trend line. The grey areas in Figure 5 are
the 95% confidence intervals and the dots are the predicted data in the range of the given data [39].
The given data refers to the data used in the GPR fitting. The interval is decreased in the range of the
given data and follows the trend line and the predicted data well. However, the interval is widened in
the range of ungiven data. Although this is a limitation of the GPR method [26], only the given data
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was used in this study. Therefore, the fitting trend and intervals are the main elements in the given
data we used when evaluating the fitting performance. Hence, the GPR performed well in each case.

Temperature GPR fitting D10 GPR fitting
© Non-corroded potential S o Non-corroded potential
= — Fitted line of GPR 3 — Fitted line of GPR
s® — 95% intervals =] — 95% intervals
E a
23 se
. 3
5
g3 :
’ Sy
B 5
351 |
H 3
a7
€3 5
&
©
e ! ) I ! L I i 1 ! 1
18 20 22 24 26 28 16 18 20 22 24 26 28
Temperature (°C) Temperature (°C)
(a) Air temperature (b) D10
~ 7 I
D13 GPR fitting o D16 GPR fitting

o Non-corroded potential

© Non-corroded potential
— Fitted line of GPR

— Fitted line of GPR
2| — 95% intervals

1

— 95% intervals

0

-1
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Potential - non corroded of D16 (mV)

- "
16 1’3 20 22 2‘4 26 28 16 18 20 22 24 26 28
Temperature (°C) Temperature (°C)
(c) D13 (d) D16

2

D19 GPR fitting
© Non-corroded potential
— Fitted line of GPR
— 95% intervals

1

4

Potential - non corroded of D19 (mV)
-2

16 18 20 22 24 26 28
Temperature (°C)

(e) D19
Figure 4. The fitting results: (a) air temperature; (b) D10; (c) D13; (d) D16; (e) D19.
For understanding using TPI, Figure 4a indicates how the GPR derives with the real data.
Additionally, Figure 5a shows how the GPR fits well with predicted data and 95% confidence interval.

When performing the work of removing the temperature effect from corrosion potential, the value of
Temperature GPR of TP is calculated based on this result.
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Figure 5. The fitting trend flow of GPR: (a) air temperature; (b) D10; (c) D13; (d) D16; (e) D19.

3.3. Removing the Temperature Effect

Figure 6 presents the results of removing the temperature effect from the corrosion potential.
The red lines in Figure 6 are the results when the TPI was applied. The trend of the corrosion potential
was not changed and clearly confirms the behavior of the corrosion potential. After the temperature
effect was removed, the diameter effect was clearly confirmed (that the thermal coefficients vary by the
diameter of the rebars), as shown in Figure 6. The maximum gap of the red and blue lines shows how
much the temperature affected the specimens. The maximum gap was calculated by subtracting each
data after the inflection point from the results and found the maximum gap. The maximum gap of red
to blue lines increases as the diameter reduces, indicating that the larger specimens were less affected
by the temperature because of the thermal effect [37].
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Figure 6. The results of removing the temperature effect: (a) D10; (b) D13; (c) D16; (d) D19.

Thus, these corrosion potential results reflect the temperature effect. Furthermore, in the case of

D19 shown in Figure 6, the corrosion was progressing but at a slower rate than the other specimens.
Previous studies indicated that temperature is an important factor in rebar corrosion [14,19], and this
study confirmed this with experimental applications of the GPR method. This suggests that GPR could
be an appropriate method for analyzing the temperature effect on corrosion potential.

4. Conclusions

In order to remove the temperature effect from the corrosion potential, the GPR method was

applied in this study. The corrosion potential was measured within an uncontrolled air temperature
environment. The corrosion potential results showed the temperature affected the corrosion potential.
Thus, removing the temperature effect from corrosion potential with GPR. The results showed a good
performance of GPR. Based on these results, our conclusions are drawn as follows:

1.

In the uncontrolled air environment, the corrosion potential was highly sensitive to the
environmental conditions. Its fluctuation was evidence of the environmental effects. In particular,
because the air temperature was not controlled, the rebars showed that the temperature had an
effect on the specimens. In addition, the corrosion potential behavior showed different trends by
rebar diameter.

It was confirmed that temperature is an important factor for measuring the corrosion potential.
This evidence was the behavior of corrosion potential with fluctuation. From these results,
temperature has to be considered when measuring the corrosion potential.

The GPR with a kernel performed close to the ML with a high R? value. This confirmed the
usability of GPR in corrosion analysis, especially in removing the temperature effect. The derived
GPR model was able to produce a reliable R?> and RMSE. Therefore, the GPR method can be
appropriate for corrosion analysis considering the temperature effect.
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