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Abstract: In this study, a model was proposed to predict the corrosion rate (Mils per Year, MPY) of
carbon steel in a 3.5% NaCl solution, with the objective of comparing the effectiveness of a commercial
LPR sensor against traditional electrochemical methods, using potentiostat-based LPR techniques.
The primary factors considered in the experiments were temperature, flow velocity, and pH, tested
through a full factorial design to identify the most influential variables. Statistical analysis showed
that temperature and flow velocity had a significant effect on corrosion rate, with their interaction
having the most substantial impact. In contrast, pH had no statistically significant influence within
the tested conditions, likely due to the dominant effects of temperature and flow velocity in the high-
salinity environment. The MPY data were validated through Tafel plots, immersion coupon tests, and
other electrochemical techniques to confirm the reliability of the measurements. A regression model
trained on 54 MPY data points demonstrated high accuracy, achieving a coefficient of determination
(R?) of 0.9733. The model also provided reliable predictions for factor combinations excluded from
the training dataset. Additionally, scenario-based evaluations highlighted the model’s performance
under simulated operating conditions, while revealing challenges related to sensor contamination
during long-term use. These findings emphasize the potential of commercial LPR sensors as effective
tools for real-time corrosion monitoring and demonstrate the utility of the regression model in

marine environments.
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1. Introduction

Carbon steel is a material widely employed in various industrial sectors due to its
high strength and cost-effectiveness. It plays an essential role in structural components
and piping systems, especially in the marine industry. Shipbuilding and offshore plants
rely heavily on carbon steel for constructing hulls, pipelines, and infrastructure. However,
the operating conditions in these environments are extremely harsh, and one of the most
critical challenges in such applications is corrosion. Ships and power plants often utilize
open-loop seawater cooling systems, where seawater acts as a cooling medium. In such
systems, corrosion rate (CR) is influenced not only by the chemical composition of seawater
but also by temperature and flow velocity, which vary with operating conditions.

Chloride ions in seawater accelerate electrochemical reactions that degrade metals [1,2],
while variations in oxygen [3], pH [4], and salinity [5] add complexity. Higher temperatures
in particular increase CRs by reducing activation energy [6], and faster flow velocities
remove protective oxide layers. These factors accelerate CRs, compromising the service
life of carbon steel, requiring effective corrosion management strategies. Thus, effective
monitoring and management of corrosion are essential to prevent equipment degradation
and ensure operational safety.
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As the stability and service life of carbon steel degrade significantly under harsh
conditions, corrosion management becomes important to minimizing operational risks and
financial losses. Without proactive measures, corrosion can lead to unexpected equipment
failures, downtime, and hazardous incidents. Globally, corrosion-related damages are
estimated to cost $2.5 trillion annually—approximately 3.4% of the world’s GDP (2013 data).
Effective monitoring and early detection strategies could reduce these costs by 15-30%,
emphasizing the importance of reliable corrosion management systems across various
industries [7].

One of the key strategies for corrosion prevention is the introduction of early detection
or monitoring systems, which can extend the service life of structures by identifying the
corrosion risk in advance. Corrosion sensors are widely used for this purpose, especially in
applications where access by personnel is limited, such as monitoring the inside of piping
systems. These systems are increasingly complemented by automated data collection
and remote monitoring technologies, allowing for continuous real-time analysis and early
warning of potential corrosion risks. Such advancements are particularly beneficial in
hazardous or hard-to-reach environments, where manual inspections are challenging,
enhancing the overall efficiency of corrosion management.

The most common sensors are electrical resistance (ER) sensors and linear polarization
resistance (LPR) sensors. ER sensors detect changes in electrical resistance due to the
reduction in metal thickness and are useful for long-term corrosion loss measurement [8].
On the other hand, LPR sensors are suitable for real-time monitoring as they measure the
small polarization resistance at the metal surface to determine instantaneous CRs [9].

Although corrosion detection sensors play an important role in preventing corrosion
issues in various industries, their performance in harsh environments such as seawater
systems is often limited. In such environments, multiple factors influence the durability
and accuracy of these sensors. Open-loop seawater cooling systems used in ships and
power plants pose additional challenges, as flow velocity and temperature fluctuations
accelerate corrosion. Shin et al. [10] applied ER and LPR sensors as part of an algorithm
study for measuring wall thickness reduction in carbon steel seawater pipes. Their studies
revealed extremely high CRs in environments where flow velocity and temperature were
key variables, with the sensors failing after approximately two weeks. Moreover, LPR
sensors can report CRs up to 40% higher due to probe contamination in seawater [11]. This
highlights the need for alternative approaches to corrosion monitoring that can overcome
the challenges of sensors in dynamic and chemically aggressive seawater systems.

To overcome these challenges, various studies are exploring advanced approaches for
improving sensor reliability. Machine learning-based algorithms and regression models
have gained attention, as they incorporate environmental variables to predict CRs more
accurately. Seghier et al. [12,13] applied ensemble learning and non-linear regression
techniques to predict internal corrosion in oil and gas pipelines, while Peng et al. [14]
proposed a machine learning algorithm for multiphase pipelines. Similarly, Dao et al. [15]
developed a model using field data, achieving 93.22% accuracy in predicting damage from
internal corrosion in gas pipelines.

Although machine learning techniques have shown promise in oil and gas pipelines,
utilizing corrosion sensors for real-time monitoring in complex environments such as
seawater remains limited. In seawater systems, multiple factors—chloride, oxygen, flow ve-
locity, and temperature—interact, making accurate monitoring and prediction challenging.
Corrosion sensors typically use electrodes made from the same material as the monitored
target, such as carbon steel. However, in seawater, carbon steel can experience thickness
losses of up to 1 mm per year [16], with higher flow velocities and temperatures acceler-
ating the process. This not only impacts the monitored material but also degrades sensor
electrode, reducing the electrode’s lifespan and necessitating more frequent maintenance.
As a result, measurement inaccuracies occur, undermining the effectiveness of real-time
monitoring by corrosion sensor.
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Developing predictive models or estimation equations based on key environmental
variables, such as flow velocity, temperature, and pH, could provide a reliable method to
assess corrosion rates without relying solely on sensors. These models would not only
reduce the dependency on hardware prone to fouling and degradation but also offer a
cost-effective and durable solution for long-term monitoring in harsh marine environments.

In this study, we aim to predict the CR of carbon steel in seawater pipes by developing
a regression model for Mils per Year (MPY) based on flow velocity and temperature, using
data obtained from a commercial LPR sensor. This approach will allow us to validate the
reliability of LPR sensors in monitoring corrosion and evaluate the potential to predict
long-term corrosion damage based on instantaneous CR.

2. Materials and Methods
2.1. Material and Specimen Preparation

The material used in the study was a mild steel, commonly employed in shipbuilding
and piping system and structure. It was manufactured through a high-temperature hot
rolling process followed by air-cooling. The chemical composition is detailed in Table 1.
Specimens were machined to 20 X 9 x 6 mm (width, length, and thickness) dimensions to
suitable both immersion and electrochemical testing. After machining, they were polished
using grit SiC abrasive papers from #100 to #800, rinsed with distilled water, and oven-dried
for storage to prevent contamination.

Table 1. Chemical composition (wt. %) of mild steel used for specimen preparation.

Chemical Composition (wt. %)
C Si Mn P S Cu Ni Cr Mo Al Fe
0.19 0.13 0.62 0.02  0.007 0.01 0.01 0.01 0.01 0.031 Bal.

2.2. Full Factorial Design

The full factorial design was employed to investigate the complex interactions among
three factors: temperature, flow velocity, and pH. The design involved three levels for each
factor as shown in Table 2, and it was structured to simulate the conditions inside open
circuit seawater cooling pipes. Each factor and their levels were set as follows:

(1) Temperature ranges [17]:

The temperature was set to reflect the surface seawater temperatures encountered
during actual ship sailing, which generally range from 10 °C to 35 °C. However, within the
seawater cooling system, the coolant temperature can rise up to 40 °C.

(2) Flow velocity ranges:

The flow velocity was set considering the actual conditions of seawater cooling pipes
(max. 3.0 m/s) and the limitations of the experimental setup.

(8) pHranges:

The pH of seawater typically ranges from 7.7 to 8.3, showing a slightly alkaline nature.
However, due to increasing atmospheric CO, levels, ocean acidification is progressing,
resulting in a downward trend in average seawater pH. Therefore, the pH range was
set to 6-8.

Training, validation, and test data for the regression model were obtained using a full
factorial design with three factors at three levels as shown in Table 2. The factor level was
selected with consideration of the conditions inside seawater cooling pipes. This design
incorporates experiments for all factor-level combinations as shown in Table 3, allowing
identification of main effects and interactions. In Table 3, CRcom and CRpg,t represent the
CR measured using the commercial sensor and potentiostat, respectively, and henceforth,
CR values will be expressed as MPY for practical purposes.
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Table 2. Experimental factors (temperature, flow velocity, and pH) and their levels used in the full
factorial design.

Factors Unit Level Response
Temperature °C 10 25 40

pH 6 7 8 CR (MPY)
Flow velocity m/s 0.2 0.8 1.6

Table 3. Experimental matrix showing all factor-level combinations for the full factorial design.

No. Temperature pH Flow Velocity CRcom., MPY CRpstat.,, MPY
1 10 6 0.2 37 37
2 10 6 0.8 56 52
3 10 6 1.6 65 62
4 10 7 0.2 35 28
5 10 7 0.8 48 47
6 10 7 1.6 66 60
7 10 8 0.2 37 42
8 10 8 0.8 47 53
9 10 8 1.6 67 61
10 25 6 0.2 57 50
11 25 6 0.8 99 87
12 25 6 1.6 122 117
13 25 7 0.2 47 42
14 25 7 0.8 78 80
15 25 7 1.6 123 124
16 25 8 0.2 63 57
17 25 8 0.8 81 76
18 25 8 1.6 138 141
19 40 6 0.2 67 72

20 40 6 0.8 127 127
21 40 6 1.6 187 179
22 40 7 0.2 78 76
23 40 7 0.8 112 111
24 40 7 1.6 174 163
25 40 8 0.2 84 79
26 40 8 0.8 130 123
27 40 8 1.6 187 172

A 3.5% NaCl solution was prepared using reagent-grade NaCl to replicate the typical
seawater composition used in cooling systems. The temperature of the solution was
controlled using a double-jacketed beaker connected to an external chiller, while the pH of
the solution was adjusted with hydrochloric acid (HCI) and sodium hydroxide (NaOH) to
achieve the desired pH levels. To simulate flow velocity, a 5 cm diameter of magnetic stir
bar was rotated at three different speeds (80, 300, and 600 RPM) in a 1 L beaker containing
700 mL of NaCl solution using a high-speed stirrer. The flow velocity corresponding to
each stirring speed was estimated using following equations:

w = RPM x 27t/60 (1)

v=w Xy 2)

where w is the angular velocity, y is the radial distance from the stir bar to beaker wall,
and v is the linear velocity. The calculated flow velocities were approximately 0.2, 0.8,
and 1.6 m/s. These values are approximations, as the calculation assumes simplified fluid
dynamics, excluding factors such as beaker geometry, fluid viscosity, and turbulence.
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2.3. CR Measurement

The CR was measured in MPY using a commercial two-electrode LPR sensor (CR-200
Wireless LPR corrosion Rate Sensor, Pyxis, COSASCO®, Santa Fe Spring, CA, USA) and
a potentiostat (VSP potentiostat, Bio-Logic SAS, Grenoble, France). Figure 1 illustrate
the experimental setup and specifications of the LPR sensor. This illustrates the setup of
each test conducted in this study in single figure. The LPR sensor reading, immersion,
and electrochemical tests were each conducted with independent experimental setups to
prevent cross-influence between tests. The two-electrode LPR sensor used carbon steel
electrodes (UNS K03005, COSASCO®, Santa Fe Spring, CA, USA), identical to the material
used for the specimens in this study, and transmitted MPY readings via Bluetooth every
5 min. For each factor combination, the sensor reading was averaged once measurements
stabilized, typically between 30 min and 1 h.
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Figure 1. Experimental setup for CR measurement in MPY using commercial LPR sensor, potentiostat,
and immersion test coupon.

To validate the sensor data, several electrochemical techniques were employed, includ-
ing three-electrode LPR, potentiodynamic polarization, and various amplitude sinusoidal
micro-polarization (VASP) techniques. These tests were conducted using a three-electrode
corrosion cell consisting of a working electrode (specimen with an exposed area of 0.48 cm?),
a reference electrode (Ag/AgCl sat. KCI), and a counter electrode (graphite rod of ©3.2).
The cell was placed in a 1 L water jacketed beaker containing 700 mL of 3.5% NaCl solution.

The LPR test was performed to determine the polarization resistance (R). A small
polarization was applied relative to the open-circuit potential (OCP), and the resulting
current change was measured to calculate Ry, which is the ratio of the current response (A1)
to the polarization (AE), as shown in Equation (3) [18].

R, = AE/Ai )

Using the Stern—Geary equation (Equation (4)) [18], the corrosion current density (I:o:r)
was derived:

Leorr = B/Rp (4)

Here, B is the Stern—Geary constant, which is calculated from the Tafel slope using
Equation (5) [18]:

B = (ﬁaxﬁc)/2'3'<ﬁﬂ+‘gc) (5)
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where 8, and . represent the anodic and cathodic Tafel slope, respectively. The CR (MPY)
was then calculated from I, using Faraday’s law (Equation (6)) [18]:

CR (MPY) = (0.13 X Leory. x EW)/p 6)

In this equation, the 0.13 is a constant used to convert I, to CR (MPY). EW is the
equivalent weight (27.93 g/equivalent for carbon steel), and p is the density (7.85 g/ cm?).
All MPY values in this study were rounded to one decimal place for consistency. The LPR
test was conducted by sweeping the potential from cathodic to anodic regions within a
range of £30 mV relative to the OCP, at a 0.5 mV /s scan rate. The I.,,». was converted to
specimen CR as MPY.

To complement the LPR data, the potentiodynamic polarization test was conducted
by sweeping the potential across a broader range, specifically within £300 mV of the OCP
at the same scan rate. This technique allowed for a more detailed analysis of corrosion
behavior by extrapolating the anodic and cathodic Tafel slopes to determine Iy

Lastly, the VASP technique [19] was employed to validate the corrosion data non-
destructively. Like LPR, VASP provides non-destructive and instantaneous measurements,
making it highly effective for real-time corrosion monitoring. However, VASP is a relatively
new technique and has not yet been fully validated across a wide range of applications,
which introduces uncertainties regarding its reliability. This technique, based on elec-
trochemical impedance spectroscopy (EIS), uses low-voltage amplitude perturbation to
determine both the CR and Tafel parameters without damaging the sample surface. In this
study, the VASP test was conducted at a 0.23 Hz frequency and 20 sinus amplitude.

2.4. Immersion Test for the Corrosion Coupons

To further validate the CR obtained through the LPR technique, an immersion corro-
sion test was performed on corrosion coupons. This test allowed for the comparison of
electrochemical measurements with actual corrosion damage depth, providing additional
validation of the LPR-based MPY readings. The corrosion damage depth was measured
using a 3D laser confocal microscope (OLS 5000, OLYMPUS, Tokyo, Japan), which deter-
mined the step height between the masked and exposed areas on the coupon surface. The
measured depth values (um) were subsequently converted to MPY for direct comparison
with the electrochemical results.

2.5. Statistical Analysis

The experimental data were analyzed using Minitab 19 statistical software. In the
regression modeling process, the MPY values obtained from the full factorial design served
as the response variable. To ensure the reliability of the model, 5-fold cross-validation
was employed during the training phase, and the model was refined using stepwise
regression to identify significant factors. The analysis of variance (ANOVA) was conducted
to determine the significance of factors at a 95% confidence level, ensuring the robustness
of the results.

2.6. Experimental Assumptions

In this study, the experimental conditions were controlled for temperature, flow veloc-
ity, and pH to investigate their effects on the CR of carbon steel. However, in comparison
to these controlled variables, pH range, salinity, and dissolved oxygen (DO) were treated
as fixed or assumed based on typical seawater environments. The following assumptions
were made:

(1) pHranges:

While the pH was controlled within the range of 6 to 8, this range reflects natural
seawater conditions, where significant deviations are uncommon. Outside this range,
corrosion behavior can change, but within it, carbon steel exhibits a relatively stable CR,
minimizing the effect of pH on CR.
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(2) Fixed salinity:

The salinity was set at 3.5 wt. % NaCl, representing the typical seawater concentration.
CR generally increases with salinity until reaching a critical threshold near 5 wt. %, beyond
which further increases in salinity tend to reduce CR. Thus, variations beyond 3.5 wt. % are
assumed to have no significant effect on corrosion behavior under the tested conditions.

(3) Dissolved oxygen:

Dissolved oxygen was not explicitly controlled during the experiments, as open-circuit
seawater cooling systems naturally replenish oxygen through continuous contact with the
atmosphere. Therefore, oxygen availability was assumed to remain sufficient, ensuring
that the corrosion process was not limited by oxygen depletion.

The above assumptions simplify the experimental setup, enabling a focused investiga-
tion into how temperature, flow velocity, and pH influence the CR of carbon steel.

3. Results and Discussion
3.1. Summary of Experiment Results

The experimental results, presented in Figure 2, summarize the CR (MPY) values
obtained across various factor combinations listed in Table 3, measured using both a
commercial LPR sensor and a potentiostat. The data showed a clear correlation between
temperature, flow velocity, and CR: higher temperatures and faster flow velocities resulted
in increased MPY values. The most severe MPY values were recorded under the highest
levels of temperature and flow velocity (No. 21, 24, and 27).

200
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Figure 2. CR values obtained from LPR tests for the factor combinations shown in Table 3.

In contrast, pH levels between 6 and 8 did not exhibit a significant impact on MPY
under the tested conditions. This suggests that the CR of carbon steel remains stable
within the tested pH range, confirming that temperature and flow velocity are dominant
factors influencing corrosion under seawater conditions. The results also demonstrate
the agreement between the commercial LPR sensor and the potentiostat measurements,
with both techniques yielding MPY values within the standard deviation. This consistency
demonstrates that the use of two-electrode LPR sensors as a reliable alternative to three-
electrode systems for real-time corrosion monitoring.

3.2. Statistical Analysis of Factor Effects on CR

Figure 3 presents a Pareto chart that graphically confirms the statistical significance of
each factor—temperature (A), flow velocity (C), and their interaction (A-C) on the CR. The
chart uses standardized effects to show the influence of these factors, with the red dashed
line representing the Bonferroni-corrected threshold. Any factor or interaction exceeding
this line is considered statistically significant within the 95% confidence interval (« = 0.05)
and must be included in the regression model. The chart illustrates that temperature (A),



Appl. Sci. 2024, 14, 10836

8 of 19

flow velocity (C), and their interaction (A-C) are the most significant factors influencing
CR. Other factors such as pH or interactions did not exceed the significance threshold and
are therefore not considered important in this study. This indicates that the CR of carbon
steel is primarily driven by the interaction between temperature and flow velocity, rather
than by the independent effect of each factor alone.

11
10 L CReom MPY
W CRr.. MPY
oL
E 81 A: Temperature
5 7L C: Flow velodty
EJ 6 AC: TemperaturexFlow velodity
5 s
o]
g 4
[9p]
3
VL. AN A
1
0 —_

AC

Pareto chart of the standarized effects (a=0.05)

Figure 3. Pareto chart of the standardized effects for significant factors in 95% confidence level.

ANOVA is a statistical method used to compare two or more groups by examining
the variance within and between groups, determined by the total mean and the differences
in mean between groups. It facilitates the assessment of each independent variable’s
significant influence on the corrosion rate, which is essential for validating the effectiveness
of the regression model. In ANOVA, the mean of square (MS) is calculated by dividing the
sum of squares (SS) by the degrees of freedom (DF). The F-value is defined as the ratio of
the MS to the error mean square, and it reflects the influence of a factor within the model.
A high F-value indicates a stronger influence on the response variable. The p-value is the
most important characteristic in ANOVA, as it determines whether a factor has a significant
effect. At a 95% confidence level (o« = 0.05), a p-value less than 0.05 indicates that the factor
is statistically significant.

The ANOVA results (Table 4) showed that the overall regression model is highly sig-
nificant, with an F-value of 373.81 and p < 0.001, indicating that the included factors explain
a substantial portion of the variability in CR. Among the individual factors, temperature
was found to have a significant effect on CR (F = 24.58, p < 0.001), while flow velocity alone
was not significant (F = 0.54, p = 0.47). However, the interaction between temperature
and flow velocity was highly significant (F = 94.89, p < 0.001), confirming that the effect of
temperature on CR is heavily dependent on the flow velocity.

Table 4. Results of ANOVA for significant terms in regression model.

DF Adj. SS Adj. MS F-Value p-Value
Regression 3 52,479.7 17,493.2 373.81 0.000
Temp. 1 1150.3 1150.3 24.58 0.000
Velocity 1 253 253 0.54 0.47
Temp x Velocity 1 4440.4 4440.4 94.89 0.000
Error 23 1076.3 46.8
Sum 26 53,556.0
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Figure 4 illustrates the interaction effect between temperature and flow velocity,
demonstrating that both factors accelerate the CR when combined. At a flow velocity
of 1.6 m/s, the rapid removal of corrosion products from the metal surface enhanced the
oxygen supply, which further accelerated corrosion [20]. This effect became particularly
pronounced when the temperature reached 40 °C, accelerating the CR due to the synergistic
interaction between high temperature and fast flow velocity.

200
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Figure 4. Interaction effects of temperature, flow velocity, and pH on MPY.

On the other hand, pH did not result in a significant difference in CR as a level change.
This suggests that carbon steel exhibits relatively stable corrosion characteristics in seawater
at pH levels within the range of 6 to 8. According to fundamental principles of corrosion
chemistry, the CR of carbon steel typically decreases as pH increases [21,22]. Previous
research has identified pH as an influencing factor for CR. Chohan et al. [23] reported that
lowering the pH level of seawater from 8.5 to 7.0 increased the CR by 42.52%. Similarly,
Wang et al. [24] found that CR accelerates in acidic environments, indicating that lower
pH levels lead to more aggressive corrosion behavior. However, the results of this study
indicate that in the presence of temperature and flow velocity factors in a 3.5% NaCl
solution, the influence of pH is not significant.

3.3. Validation of MPY Data Through Electrochemical Techniques

The reliability of the MPY data, which is critical for the accuracy of the regression
model, was validated through multiple electrochemical techniques: Tafel extrapolation,
VASP, and LPR tests. These methods provide complementary insights into corrosion
behavior, ensuring the robustness of the data.

The Tafel extrapolation method, a traditional technique, was used to estimate the
corrosion current density (I.) and calculate the CR. Figure 5 presents the potentiody-
namic curves plotted at flow velocities of 0.2 m/s, 0.8 m/s, and 1.6 m/s at 25 °C. As the
flow velocity increased, the curves shifted the corrosion potential in the anodic direction,
indicating enhanced oxygen diffusion to the metal surface and reduced concentration
polarization [25,26]. This behavior corresponds with the increased removal of iron oxide
from the metal surface, leading to a higher CR. Specifically, at static conditions, the cor-
rosion potential of carbon steel was —0.65 V, consistent with the potential of iron oxide
formation on the surface [27]. As the flow velocity increased from 0.2 m/s to 1.6 m/s, the
corrosion potential shifted from —0.54 V to —0.48 V, and I, also exhibited an upward
trend, corresponding with the results from the LPR tests.
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Figure 5. Potentiodynamic polarization curves at various flow velocities (static, 0.2 m/s, 0.8 m/s,
and 1.6 m/s) measured at 25 °C.

In addition to Tafel extrapolation, the VASP technique was employed to further
validate the MPY data. Figure 6 compares the CR measured by LPR, Tafel extrapolation,
and the VASP technique under nine different factor combinations, where only temperature
and flow velocity were varied. These experiments were conducted using a neutral 3.5%
NaCl solution, with the pH factor intentionally excluded to isolate the effects of temperature
and flow velocity on CR.
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Figure 6. Comparison of CR measured by LPR, Tafel extrapolation, and VASP techniques under nine
factor combinations, where only temperature and flow velocity varied.



Appl. Sci. 2024, 14, 10836

11 of 19

Both LPR and Tafel extrapolation techniques demonstrated that the CR increased with
temperature and flow velocity, with both methods producing similar results. However,
slight differences were observed due to the fundamental differences between the techniques.
LPR measures corrosion current within a small polarization range, while Tafel extrapolation
estimates corrosion current over a broader polarization range [28]. As a result, Tafel
extrapolation often provides a more precise estimation of corrosion current, but it can
introduce errors due to the experimenter’s judgment during curve fitting and calculation.

The VASP technique, however, yielded MPY values at least three times higher than the
other electrochemical techniques. This disparity is attributed to the non-linear responses
detected by VASP across a wider polarization range. While VASP is effective for evaluating
corrosion resistance in coatings through electrochemical impedance spectroscopy (EIS), it
is less suitable for bulk metal corrosion measurements [29,30]. These results indicate that
VASP may measure additional phenomena not directly related to the corrosion of carbon
steel in this context, rendering it unsuitable for the present study.

3.4. Validation of MPY Data Through Immersion Testing of Corrosion Coupons

The immersion test was conducted to verify the MPY values obtained from the LPR
sensor by comparing them with the actual material loss measured on corrosion coupons.
The coupons were immersed in a neutral 3.5% NaCl solution at 25 °C for up to 60 h.
After the immersion period, the corroded surface profiles were analyzed using a 3D laser
confocal microscope. The microscope provided detailed surface topography, measuring
the difference in elevation between the masked area (non-corroded) and the corroded area,
indicating the extent of metal loss due to uniform corrosion. This vertical depth difference
was then converted into MPY values for comparison with the LPR sensor readings. The
measured depth was converted to MPY values according to the relationship to Equation (7).

MPY = um/year x 0.03937 (7)

In Figure 7, the colors represent the difference in elevation between the masked
area (non-corroded) and the corroded area. As shown in Figure 7, the corrosion profiles
illustrate the smooth transition between the masked and corroded areas, confirming that
the corrosion observed corresponds to general corrosion (uniform corrosion) rather than
localized corrosion such as pitting and crevice corrosion. The measured depth ranged
between 23 um and 47 um, though these specific values are not significant for analysis.
Instead, the masked area serves as a stable reference point to accurately measure the
vertical material loss in the corroded regions, which is more relevant for evaluating uniform
corrosion behavior. The MPY values derived from these measurements were then compared
with the LPR sensor readings. For example, profile (a) shows an actual CR of 119 MPY,
while the LPR sensor reported 127 4= 10 MPY, demonstrating good agreement. Similarly,
in profiles (c) and (d), the actual CR values were 186 and 174 MPY, respectively, with
corresponding LPR readings of 171 & 17 MPY and 171 £ 7 MPY, reflecting the reliability of
the sensor across multiple conditions. These results confirm that the LPR sensor provides
reliable estimates of CR, even in short-term tests, with minor discrepancies attributed to
surface roughness and measurement variability.

The immersion test validates the practicality of LPR sensors for real-time corrosion
monitoring, as the instantaneous MPY values closely match the material loss recorded
during immersion. The consistent performance of the sensor demonstrates its capability to
detect general corrosion trends effectively, making it suitable for use in environments such
as marine cooling systems where continuous corrosion monitoring is essential.
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Figure 7. Three-dimensional surface profiles of corrosion coupons tested in a 3.5% NaCl solution
with pH fixed at 7 and flow velocity at 1.6 m/s: (a) 25 °C for 48 h, (b) 25 °C for 60 h, (c) 40 °C for 48 h,
(d) 40 °C for 60 h. (e) Surface analysis of profile for (d).

3.5. Development and Training of the Regression Model

Figure 8 presents the experimental results, showing the relationship between the
factors (temperature and flow velocity) and the response variable (CR, MPY). This study
aimed to determine whether these relationships are linear or non-linear and to establish
the relative importance of each factor in the regression model. The results indicate that
CR increases non-linearly with flow velocity, exhibiting behavior close to second-order
trends. Additionally, the effect of temperature on the CR follows an exponential trend,
consistent with the Arrhenius equation [31]. These findings demonstrates the necessity
of incorporating interaction terms in the regression model to account for the combined
influence of temperature and flow velocity on corrosion behavior.

The regression models developed using the data from the commercial LPR sensor and
the potentiostat are expressed as follows:

MPY.om. = 22.3 + 0.9666temp + 3.84vel + 1.826temp * vel (R2 — 0.9764) ®)

©)

These equations reflect the contributions of temperature, flow velocity, and their
interaction (temp-vel) to the MPY values. Here, temp is expressed in degrees Celsius,
and vel in meters per second. The interaction term addresses the non-linear relationship
between the two factors, showing how their combined effect differs from their individual

MPYpstar. = 20.17 +- 0.992temp + 5.28vel + 1.676temp * vel <R2 = O.9672)
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contributions. This approach helps better represent the complex corrosion dynamics in
environments such as marine cooling systems.

200 @ 10°C
'S @ 25°C -9
E -
. @ 40°C -
= 1501 -7
- ’0.—
g /’ ‘__,.——Q
E 0/, »-"—F-—'-FO
E /I ”- 0
2 100} e o -
D -
= i -
e s -7
“— i -
~ 501 @ @@ 2
U Ry ®- R R o o
- -
[] g ] | | | ) ]

L L 1 | L | L 1 | L L
00 02 04 06 08 10 12 14 16 138

Flow velocity, m/s

Figure 8. CR measured by potentiostat as a function of flow velocity and temperature.

The coefficient of determination (R?) for each model, calculated using Equation (10),
evaluates the model’s performance:

(10)

where y; represents the actual MPY values, 7; is the predicted values from the model, and i
is the mean of the responses. An R? value close to one indicates that the models explain
most of the variability in the data, confirming their reliability.

Both models demonstrate high R? values (0.9764 for the LPR sensor and 0.9672 for the
potentiostat), indicating a strong fit with the training data. Moreover, the constants and
weights in both models are nearly identical, further validating the consistency of the data
obtained from the two measurement methods. This consistency supports the use of LPR
sensors as practical alternatives to the three-electrode corrosion cells, offering comparable
accuracy in monitoring CR in real-time.

To enhance the model’s robustness and reduce overfitting, the datasets from both
techniques were combined into an integrated regression model with 54 samples:

MPY, o401 = 21.26 + 0.977temp + 4.54vel + 1.725temp * vel (R* = 0.9733) (11)

The integrated model provides a balanced prediction of CR by drawing on data
from both measurement techniques. The interaction term in the model remains signifi-
cant, emphasizing the importance of simultaneously accounting for both temperature and
flow velocity when predicting corrosion behavior. With an R? of 0.9733, the integrated
model explains almost all variability in the data, demonstrating its reliability for practical
applications.

The stepwise regression process ensured that only statistically significant terms were
retained, resulting in a more interpretable model. Higher-order terms were excluded, as
they did not meaningfully contribute to the predictions. The final models confirm that
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temperature, flow velocity, and their interaction are the primary factors influencing CR,
consistent with the observations in Figure 8.

The results show that LPR sensors are reliable tools for real-time corrosion monitoring,
providing MPY data comparable to traditional potentiostat measurements. The integrated
model offers a practical solution for applications that demand continuous monitoring, such
as marine seawater cooling systems. In these environments, understanding the relationship
between temperature and flow velocity plays an imperative role in preventing equipment
degradation and maintaining operational performance.

3.6. Validation of the Regression Model

The predictive performance of the regression model was evaluated by comparing its
predictions with experimental data that were excluded from the training dataset. This
assessment was essential to confirm the model’s ability to generalize to new data while
avoiding overfitting, despite its high fit with the training data (R? = 0.9733).

Table 5 presents a comparison between the predicted MPY values from the model and
the actual MPY values measured by the commercial LPR sensor and potentiostat. Each
predicted value is accompanied by a prediction interval (PI), representing the range within
which the actual values are expected to fall with a high degree of confidence.

Table 5. Comparison of predicted CR with experimental results from commercial LPR sensor and
potentiostat for validation.

Temp Flow Velocity CRpodel (PD), MPY CR¢om, MPY CRpstat, MPY

Test 1 15 0.4 48 (33~63) 38 45
Test 2 30 1.2 119 (104~133) 127 131
Test 3 20 1.6 104 (89~119) 113 102
Test 4 35 0.27 73 (58~88) 65 75

The data in Table 5 demonstrate that the predicted MPY values remain within the
expected range for all test conditions, as indicated by the prediction intervals (PIs). This
consistency shows that the model is capable of making reliable predictions, even when
applied to new factor combinations not included in the training dataset. For example, in
Test 2, the model predicted 119 MPY (PI: 104-133), while the actual values were 127 MPY
from the sensor and 131 MPY from the potentiostat—both comfortably within the predicted
range. Although minor discrepancies were observed, such as in Test 1 where the model
predicted 48 MPY (PI: 33-63) but the actual readings were slightly lower (38 MPY from
the sensor and 45 MPY from the potentiostat), these variations fall within an acceptable
margin. This suggests that the model maintains predictive consistency across various
operating conditions.

At lower flow velocities and higher temperatures, as seen in Test 4, the model tends to
slightly overestimate MPY values. This behavior indicates that incorporating additional
data points at intermediate levels may further enhance the model’s accuracy by refining its
ability to represent non-linear trends effectively. Overall, the agreement between predicted
and observed MPY values validates the robustness of the model. The results confirm
that the predictions are reliable and remain within the expected range for new conditions,
making the model a practical tool for real-time corrosion monitoring.

3.7. Evaluation Under Simulated Operating Conditions

The model undergoes practical validation through tests simulating real-world condi-
tions in cooling seawater pipes within a ship engine room. These simulations account for
dynamic factors such as engine load, regional sea surface temperature, and energy-saving
operations, reflecting the complex environment in which corrosion monitoring is required.
The test protocol followed the same procedure described in Section 2.3.

The simulation consisted of 15 sequential steps, with temperature and flow velocity
adjusted according to the factor levels used in this study. Figure 9 illustrates the progression
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of CR predictions over time as these operating conditions change. Test coupons were used
to measure actual metal loss at five major points throughout the simulation, providing
a benchmark for validating the model’s accuracy. The detailed results for each stage are
presented in Table 6.
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Figure 9. CR predictions and measurements across sequential operating conditions with varying
temperature and flow velocity.

Table 6. Scenario-based comparison of CR predictions from the regression model and measurements
from the commercial LPR sensor. Factor combinations used in the scenario were excluded from the
training data.

St Factor y x -
ep Temperature, °C Flow Velocity, m/s CReomm, MP model/
! 25 1 65+1 93
2 25 05 46+7 70
> % 13 141 +5 140
: 30 0.7 70+ 8 90
> 20 12 7845 88
6 10 12 50 +7 57
’ 2 1 79 + 4 93
8 25 04 56+ 7 65
¢ % 1.3 84 £ 8 108
v % 13 124+ 8 140
1 10 13 57 + 11 59
- 15 1.6 7145 85
b % 1 89 + 16 120
14 20 15 87 +3 99
© % 1.6 170 £ 17 159

The data in Table 6 confirm that the model’s predictions closely correspond to the
measured CR from the test coupons. For instance, at Step 10, the predicted CR was 112 MPY,
while the actual measurement was 110, indicating strong agreement. However, at lower
flow velocities, such as in Step 12, the model showed a slight overestimation (89 predicted
vs. 85 measured). This pattern suggests that the model may benefit from additional data at
intermediate factor levels to identify non-linear trends more accurately.
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In Step 15, the CR increased steadily over time, but this rise was not due to corrosion
acceleration. Instead, it resulted from probe contamination caused by prolonged exposure
to the harsh environment. This observation emphasizes the necessity of considering sensor
fouling in long-term corrosion monitoring, as contamination can lead to gradual shifts in
MPY readings and affect accuracy [10,11].

Figure 10 shows the cumulative general corrosion depth over the simulation period,
derived from the CR predictions. The results demonstrate that the model effectively
tracks the trends in CR under varying conditions. Although minor overestimation was
observed toward the later steps, the predicted CR maintained good consistency with both
the coupon measurements and the readings from the commercial LPR sensor at the final
stage (Coupon #5).
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Figure 10. Cumulative corrosion depth over time: comparison between predictions from the regres-
sion model, readings from the commercial LPR sensor, and measurements from test coupons.

The ability to provide reliable predictions across multiple scenarios emphasizes the
practical value of the regression model. By integrating the effects of temperature and
flow velocity, the model offers a powerful tool for continuous corrosion monitoring in
dynamic environments. The study shows that accurate prediction of CRs can help operators
anticipate equipment degradation and implement preventive actions proactively, reducing
the risk of unexpected failures.

4. Conclusions

This study evaluated the effects of the interaction between temperature, flow velocity,
and pH on the CR (MPY) of carbon steel in a 3.5% NaCl solution. The experimental results
indicated that both temperature and flow velocity had a significant effect on the CR, while
the interaction between these two factors had the greatest effect. Our findings extend
beyond previous research by quantitatively demonstrating that this interaction contributes
the most to the MPY variance, whereas previous research typically focused on individual
factor influences.

On the other hand, pH did not have significant effect on the MPY, which is a some-
what different result compared to previous studies. While earlier research has reported
significant pH influences on corrosion rates, our findings indicate that under high-salinity
conditions with variable temperature and flow, the effect of pH is statistically negligible.
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This suggests that corrosion management strategies in seawater cooling systems should
prioritize temperature and flow control over pH adjustment.

The comparison between the two-electrode commercial LPR sensor and the three-
electrode potentiostat system revealed consistent MPY values across various factor combina-
tions tested under the full factorial design. By incorporating multiple validation techniques,
our approach offers a more robust framework than traditional single-method approaches.
The MPY data were further validated through Tafel plots and immersion coupon tests,
confirming the reliability of both measurement methods. The regression model, trained
with 54 datasets, achieved an R? of 0.9733, indicating a high level of accuracy in explaining
the variability in MPY. This represents a significant improvement over previous predictive
models, especially in terms of real-time monitoring applications.

Despite the promising results, this study has several limitations:

1.  The dataset was constrained to the factor levels and conditions tested, which may
limit the model’s ability to capture more complex, non-linear patterns beyond the
tested ranges.

2. While short-term validation was performed, long-term monitoring in real-world
marine systems remains necessary to ensure the robustness of the model over time.

3.  pH variations in different environments may require further investigation to better
understand their potential effects under varying salinity levels.

4. The effects of sensor contamination during extended use need more detailed
investigation.

The simulated operating condition tests further validated the model’s predictive
performance. These tests highlighted the potential of the LPR sensor for real-time corrosion
monitoring but also revealed challenges, such as probe contamination during long-term use
in marine environments. This observation highlights the importance of regular maintenance
protocols and enhanced sensor designs for long-term use.

In conclusion, this study provides valuable insights regarding the interaction between
temperature, flow velocity, and pH in predicting and monitoring the corrosion rate of car-
bon steel in marine environments. The integrated model developed here contributes to the
advancement of corrosion monitoring systems, offering a tool for improving maintenance
strategies and reducing the risks of equipment degradation. By connecting laboratory
findings with practical applications, our research provides a broader framework for un-
derstanding and managing corrosion in marine environments. With further research and
long-term validation, the methods proposed in this study have the potential to play an
important role in improving the reliability and efficiency of corrosion management in
marine applications.

5. Future Work

Future studies should focus on conducting long-term validation using a lab-scale
piping system to better simulate real-world operating conditions over extended periods.
This setup would allow for continuous monitoring of corrosion behavior while assessing
the model’s ability to predict CRs under more dynamic conditions, such as fluctuating
temperature and flow velocity. Furthermore, expanding the dataset with more diverse
factor levels and environmental conditions would enhance the model’s ability to detect non-
linear trends. Research into sensor fouling mitigation strategies and automated cleaning
mechanisms will also be critical to improving the long-term performance of LPR sensors in
harsh marine environments.

A crucial area for future investigation is the comprehensive study of sensor foul-
ing mechanisms and their long-term effects on measurement accuracy. While this study
identified sensor contamination as a significant challenge, deeper research is needed to un-
derstand both corrosion-induced fouling (such as oxide film formation and degradation of
electrode surfaces) and marine fouling (including biological growth and mineral deposits).
These fouling mechanisms may interact differently under various environmental condi-
tions, such as seasonal temperature fluctuations and varying salinity levels, potentially
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affecting sensor readings in complex ways. Future research should focus on developing
robust solutions that address both types of fouling, possibly through improved electrode
materials, smart cleaning systems, and advanced signal processing algorithms for compen-
sating measurement drift. Such developments would significantly improve the reliability
of long-term corrosion monitoring in marine environments using LPR.
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