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Abstract:

Introduction: Corrosion is a major industrial challenge associated with substantial economic, structural-safety, and environmental
consequences. This study presents a reproducible statistical and explainable machine-learning workflow for analysing small corrosion datasets
using a limited measured weight-loss dataset and a separately generated synthetic corrosion-rate dataset for methodological demonstration. The
objective of this study is not to establish experimentally validated Cu/Ni/Cr coating performance, but to demonstrate how statistical inference,
predictive modelling, and explainable artificial intelligence approaches can be integrated within a transparent analytical workflow for data-
scarce corrosion research.

Methodology: The measured source contains exposure days and bare/coated specimen weights; therefore, cumulative mass loss and protection
efficiency were derived directly, while measured corrosion rate in mm/year could not be calculated because specimen density and exposed area
were not available. The measured coated specimen is generic and cannot be identified as Cu, Ni, or Cr. For synthetic modelling, coating type
was represented using OneHotEncoder to avoid artificial ordinal coding.

Results: One-way ANOVA confirmed strong separation among the predefined synthetic coating distributions (F = 744.717, p =2.524 x 107,
1n?=0.9588). In five-fold cross-validation, Linear Regression achieved the highest mean CV R?(0.9517; RMSE = 0.0334), while tuned XGBoost
achieved the strongest held-out test performance among the tuned models (R? = 0.9175, RMSE = 0.0384, MAE = 0.0253). Random Forest
feature importance was distributed across one-hot coating indicators, led by Coating_Bare (0.9553). Aggregated SHAP analysis showed that
coating category accounted for 0.9809 of relative mean absolute SHAP importance and exposure days for 0.0191 within the synthetic
construction. Measured Day-60 protection efficiency was 88.89%, compared with a synthetic mean relative protection of 73.52%, a descriptive
gap of 15.37 percentage points.

Conclusion: These findings demonstrate the reproducibility of the analytical workflow only and should not be interpreted as evidence of
experimentally validated Cu/Ni/Cr corrosion performance or direct corrosion-rate prediction capability. Experimental validation using
independently measured Cu/Ni/Cr coating datasets was beyond the scope of the present methodological demonstration and represents the
principal next step required for future application of the proposed workflow.

Keywords: Corrosion inhibition, nanostructured coatings, machine learning, statistical analysis, Kaggle dataset, SHAP
explainability, industrial applications.

1. INTRODUCTION of the world's GDP) and endangers critical infrastructure like
pipelines, bridges and offshore platforms [1]. This general

Corrosion is a serious industrial problem and is responsible  electrochemical process may promote deterioration of the
for annual economic losses of about US$2.5 trillion (or 3-4%  materials and may lead to environmental contamination via the
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evolution of metallic species and corrosion products, making it
even more important to adopt effective and sustainable
protection measures [2]. Environmental factors like humidity,
salinity and acidity create acidic conditions that support metal
dissolution at the anodes of a corrosion system and the
necessary cathodic reactions, thus strongly influencing the
corrosion behaviour [3]. Mainstream methods used mainly
included conventional inhibitors (chromates and organic
amines), but their toxicity and regulatory restrictions have
shifted the focus to looking for more environmentally friendly
alternatives [4]. The use of nanostructured materials has been
widely introduced in the literature as possible methods for
preventing corrosion [5]. The corrosion resistance of copper
(Cu), nickel (Ni) and chromium (Cr) coated materials have
been reported as improved in some experimental media with
inhibition efficiency up to 98.5% in aggressive media [6]. They
have shown potential to have a beneficial effect on the surface
stability and corrosion resistance under certain experimental
conditions, but the environmental sustainability of these
materials depends on the composition, synthesis route, toxicity,
service-life behaviour and end-of-life management.

Despite these developments, evaluation methods still face
limitations. Conventional laboratory techniques, such as the
weight-loss method and potentiodynamic polarisation, can
provide valuable information on corrosion behaviour but are
time-consuming and cannot fully simulate the heterogeneous
environmental, mechanical, and service conditions found in
industry over long service periods [7]. This can hinder the
efficiency, scalability and repeatability of traditional corrosion-
performance testing. Furthermore, numerous studies have
investigated the influence of single experimental parameters
but have not properly accounted for the combined effects of
exposure duration, coating chemistry, and environmental
variation, leading to a more partial understanding of corrosion
behaviour [8]. One remaining methodological issue is the lack
of openly reproducible, data-driven frameworks that combine
statistical inference, machine-learning comparison, and
explainability for corrosion datasets. It is therefore not a
discovery of new corrosion mechanisms, but rather a
framework for analytical and reproducibility purposes, which
is the contribution of the present study.

While some researchers have used ML to predict corrosion
in alloys before Galvao et al. [9], few have used other publicly
available databases, such as Kaggle Corrosion Rate, to compare
coating performance under similar conditions. In addition,
electrochemical impedance spectroscopy (EIS) remains the
most common method to assess corrosion; explainable artificial
intelligence techniques like SHAP have been studied little to
interpret data-driven corrosion models. To fill this
methodological void, this paper presents a reproducible
pipeline implemented in Python that combines statistical
analysis (ANOVA and Tukey HSD), predictive models of
machine learning (Random Forest and XGBoost), and
techniques from the field of explainable artificial intelligence
(XAI) to illustrate a clear framework for processing corrosion-
related data [10]. Beyond predictive assessment, the new
research paradigm should consider multifunctional smart
nanostructured coatings that combine passive barrier

protection, stimulus-responsive inhibitor release, and real-time
corrosion sensing in a single architecture. A nanostructured
matrix in this system may block the flow of water, oxygen, and
aggressive ions, while functionalised nanoparticles or
nanocontainers may store corrosion inhibitors to release if the
coating is damaged or if local pH and/or ionic conditions
change. Corrosion-responsive sensing components can sense
early electrochemical and/or chemical changes that indicate
substrate degradation. Integrating these sensing outputs with
IoT-enabled monitoring and machine-learning models could
facilitate condition-based maintenance and predictive
corrosion management. Therefore, future development of such
multifunctional systems should optimize barrier properties,
inhibitor release rate, sensing accuracy, coating adhesion,
environmental safety, manufacturability, and barrier durability
simultaneously.

This research introduces and validates an interpretable and
reproducible computational process to statistically infer,
predict, and explain small corrosion datasets using an artificial
intelligence approach. Only quantities directly supported by the
measured source, cumulative bare/coated mass loss and
protection efficiency vs exposure time, are used for the
measured source. Since no density of specimens nor area of
exposed specimens are provided, the corrosion rate is not
measured and reported directly in mm/year; no identification of
the coated specimen as Cu, Ni, or Cr is provided, so no claim
for experimental validation of coating in relation to copper,
nickel, or chromium. The synthetic data set is not intended to
predict the corrosion performance of Bare, Cu, Ni, or Cr, but is
presented as a controlled computational environment to
demonstrate the workflow implementation across coating
categories. RQ1 analyses the statistical difference between the
pre-defined synthetic coating groups; RQ2 compares the
predictive models by performing cross validation and tuned
held out tests; RQ3 examines the relative contribution of the
coating category and exposure days for the predictive model by
using one-hot-compatible feature importance and aggregated
SHAP analysis; and RQ4 explores how the workflow can be
extended to experimentally proven corrosion datasets.

This research is not concerned with materials' performance;
it is a methodological contribution. The study first presents a
reproducible analytical workflow that integrates statistical
inference,  machine-learning  comparison,  uncertainty
estimation, and explainable artificial intelligence for small
corrosion datasets. Second, the study is a strong example of
how synthetic datasets can be transparently built and analysed,
even when little publicly available corrosion data exists. Third,
the workflow highlights the need for the right encoding
approach, validation methods, and explainability when
processing heterogeneous corrosion datasets. Last but not least,
the study outlines needs for future application by applying
validated experimental corrosion data. The results show that a
priori synthetic data yield a lower corrosion rate for Cr and Ni
than for bare steel, and that the simulated mean corrosion rate
for Cr is the lowest among the coating categories analysed.

The paper is organized in such a way that in Section 2, there
is a review of literature on the topic of inhibitors and ML
applications, Section 3 explains the methodology, including
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data preprocessing, EDA, statistics, and ML workflows,
Section 4 presents the results of the statistical tests, models
performances, and visualizations, Section 5 provides
interpretations, alignments to mechanistic understanding, and
limitations, in Section 6, the paper outlines challenges and
future directions, and provides implications of scalable
frameworks.

2. LITERATURE REVIEW
2.1. Conventional Corrosion Inhibitors

Traditional corrosion inhibitors have been the most
important means of protecting metals from corrosion, and they
include organic, inorganic, and mixed chemical compositions
and modes of action [11]. Organic inhibitors may be amines,
carboxylates, or heterocyclic molecules containing N, O,
and/or S atoms and act predominantly by forming protective
films on the metal surface, which retard both anodic and
cathodic reactions [12]. Under specific acidic conditions, these
inhibitors can undergo physical or chemical adsorption on
metallic surfaces, with their adsorption behaviour often
following a model (such as the Langmuir or Temkin isotherm).
Some conventional organic inhibitors may have issues with
biodegradability, persistence, and potential toxicity; however,
these can restrict their large-scale use.

Anodic corrosion inhibitors such as chromates, nitrites, and
phosphates can form or stabilize surface films that protect
against corrosion [13]. Chromate-based inhibitors have
historically offered good corrosion protection but are now
increasingly limited by regulations such as REACH because of
the toxic and carcinogenic nature of hexavalent chromium
compounds [14]. The mixed inhibitors are composed of both
organic and inorganic components that act synergistically on
both half-cell reactions to improve performance in a medium of
neutral or alkaline pH [15]. Although these conventional
inhibitor systems work well, they often require relatively high
concentrations, can persist in the environment, and can perform
inconsistently under varying pH, temperature, and exposure
conditions, prompting the need to investigate alternative
systems using nanostructures.

2.2. Nanostructured Inhibitors and Coatings

In recent years, the emergence of new nanostructured
materials has increased the possibilities for corrosion
protection by offering a high specific surface area and tuneable
interfacial properties, which can be used for barrier
reinforcement, surface modification, and active delivery of
corrosion inhibitors [16]. Nanostructured materials do not have
to replace the currently used organic or inorganic inhibitors but
can be used in combination in synergic protection systems.
Functionalised nanoparticles and nanocontainers could also
serve as reservoirs or transporters for organic inhibitor
molecules, releasing the inhibitor molecules in a controlled or
stimulus responsive manner upon changes in pH, ionic
concentration and/or integrity of the coating induced by local
corrosion. The inorganic inhibitors can also cause substrate
passivation and the nanostructured fillers can also lower
coating permeability and limit transport of corrosive species.

This hybrid protection can then be a passive barrier protection
plus active corrosion suppression once local coating damage
occurs. However, to achieve true synergy, optimization of the
concentration of nanoparticles, loading of inhibitors, release
kinetics, chemical compatibility, coating adhesion, mechanical
properties, environmental safety, and manufacturing
reproducibility are required [17]. Some materials, like zinc
oxide (Zn0O), titanium dioxide (Ti0O2), and composites based on
graphene, have been found to possess desirable barrier
properties and, if designed properly, some nanostructured
systems may also exhibit barrier properties that are active
and/or self-healing. The efficiencies of corrosion inhibition of
the green-synthesised ZnO nanoparticles have been reported up
to 98.5% under certain experimental conditions by forming
tight protective films that limit chloride ion transport. Likewise,
the TiO, nanotubes can photocatalytically decompose
corrosive substances and, when applied to the surfaces of steel,
form passive oxide films.

Multi-functional coating materials, such as graphene and
derivatives of graphene, graphene oxide (GO) and reduced
graphene oxide (rGO), have been investigated owing to the fact
that their two-dimensional structures can create tortuous
diffusion pathways, which will limit the diffusion of gaseous
and ionic corrosive species [18]. Metallic nanostructured
coating such as Cr and Ni alloy can be deposited by
electrodeposition or physical vapour deposition, and exhibit a
pitting potential of 300-500 mV higher than the saturated
calomel electrode. As an example, Ni-Cr nanocomposites on
316L stainless steel can increase the corrosion resistance of
3.5% NaCl, as evidenced by electrochemical impedance
spectroscopy (EIS) which indicated that |Z| > 106 -1 0 ¢cm? at
low frequency. While nanostructured coatings might decrease
the need for some of the conventional and hazardous inhibitors,
their sustainability cannot be taken for granted, as the
production of nanoparticles, work-site exposure, release to the
environment, persistence, leaching out of metal ions, and
disposal at the end of their life could create new environmental
and toxicological challenges. The small size and high surface
reactivity of metallic and metal-oxide nanomaterials are
important for the biological interactions, environmental
mobility and ecotoxicity [19]. Nanomaterial strategies based on
green and bio-inspired approaches can help lower some of the
environmental impacts by using plant-based reducing agents
and stabilisers, biodegradable polymers, natural inhibitor
molecules and synthesis methods that avoid hazardous
chemicals. These methods can not only diminish the use of
harmful chemicals, but can also maintain the surface activity
and barrier properties critical for corrosion protection.
However, the use of a nanostructured inhibitor as ‘green’
should not be based only on the efficiency of corrosion-
inhibition, but also on the results of the toxicity, leaching,
biodegradation, life-cycle and end-of-life assessments [20].
Comparative characteristics of carbon-based, metal-oxide and
ferrite nanostructures.

2.3. Comparative Characteristics of Carbon-Based, Metal-
Oxide, and Ferrite Nanostructures

Carbon based nanostructures, such as graphene, carbon
nanotubes (CNTs), and carbon dots have large specific surface
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areas, tuneable surface chemistry and the potential to produce
tortuous diffusion pathways that prevent the penetration of
water, oxygen and aggressive ions through protective coatings
[21, 22]. The reinforcement of barrier layers with graphene-
based materials is of special interest while functionalised CNTs
could help with mechanical reinforcement as well as active
incorporation of inhibitor species that form part of the material
[23]. But agglomeration, bad dispersion, incompatibility at the
interface and complexity of processing can be problematic with
carbon-based nanostructures, and in using conductive carbon
materials, proper design of the interface with the metallic
substrate can be a challenge. Their persistence in the
environment and potential exposure to the workplace must also
be taken into account [24, 25].

The metal-oxide nanoparticles (ZnO, TiO:) have various
advantages: chemical stability, easy synthesis, high interfacial
activity, and the ability to form additional functional properties
and passive film [26]. An important feature of nanoscale ferrite
material is its intrinsic magnetic responsiveness that is very
appealing for architectures of multifunctional coatings where
corrosion protection is achieved in combination with magnetic
properties [12, 27]. On the other hand, metal-oxide and ferrite
nanoparticles can also cluster, release ions, leach and have
particle-size dependent particle performance with often strong
dependency on coatings matrix compatibility as well as on
surface functionalisation. Thus, the choice of materials
between carbon and metal-oxide/ferrite nanostructures should
depend on the metallic substrate, corrosive conditions, coating
chemistry, desired functionality, environmental impact,
scalability and cost, and should not be based on the assumption
that one class of nanomaterials is superior to the other.

2.4. Data-Driven and Machine Learning Approaches in
Corrosion Prediction

To predict the corrosion rate of steels and alloys, based on
the combination of environmental, microstructural and
electrochemical ~ parameters,  data-driven  techniques,
particularly Machine Learning (ML) have been developed,
with better prediction accuracy. Random Forest (RF) and
gradient boosting models like XGBoost have also performed
well with R2 close to 100% for predicting atmospheric
corrosion as they can model the nonlinear relationships [28,
29]. In dynamic environments, such as concrete-embedded
rebar, the support vector regression and neural networks have
been used to determine the features that most affect the
prediction of the alloy corrosion, such as chloride content and
pH. Recent studies with 3D-printed micro-lattices demonstrate
the possibility of using ML to correlate surface morphology and
corrosion, and the XGBoost has been able to determine the
important hyperparameters that enhance the overall
generalisation [30]. Explainable Al, like SHAP, provides
explanations of features of predictive performance, like the
nonlinear impact of exposure time, in line with Tafel kinetics.
However, many applications have proprietary data sets,
limiting the reproducibility [31].

2.5. Research Gaps

There is still a methodological void in open-source
corrosion research for the integration of the use of statistical

inference, machine-learning prediction, and explainable
artificial intelligence (XAI) in a reproducible analytical
framework. The studies conducted so far are mostly
experimental electrochemical or laboratory data; there has been
relatively little work that uses publicly available datasets that
can be used to demonstrate the statistical or machine-learning
workflows in a reproducible manner. Few reproducible studies
combine hypothesis testing, predictive model comparison, and
explainability into a cohesive corrosion-analysis workflow,
especially in the context of interpreting categories of nominal
materials or coatings, without artificially imposing an ordinal
ordering. There are thus opportunities to put into place
reproducible Python-based frameworks that encompass
statistical analysis, machine learning, and explainability with a
dedicated examination of differences between synthetic and
empirical corrosion datasets and to extend the work to
multivariate industrial datasets. Solving this methodological
limitation would help to enable more transparent and
reproducible evaluation of the corrosion related datasets, and
could serve as a template that could then be tested with
experimental data.

3. METHODOLOGY
3.1. Dataset Description

The source dataset includes 13 measured exposure-time
observations (0, 5, 10, ..., 60 days) for a bare steel specimen
and one generically coated specimen. Based on these
measurements, the study calculated cumulative mass loss (g),
cumulative mass loss (%), and protection efficiency (%). The
source did not provide the specimens' density or exposure area,
so the standard conversion (weight loss to corrosion rate)
cannot be done without unsupported assumptions. It is also not
specific to Cu, Ni, or Cr, and therefore can't be validated using
metadata of the measured Cu/Ni/Cr generic coated specimen.
A synthetic n = 100 dataset was generated separately with
NumPy (random state = 42) for methodological
demonstration. Synthetic corrosion-rate values were generated
from predefined normal distributions: Bare N (0.50, 0.05), Cu
N (0.18, 0.03), Ni N (0.13, 0.02), and Cr N (0.10, 0.02)
mm/year, while exposure days were sampled from {0, 5, 10,
15, 20, 30, 45, 60}. To ensure separation of coating categories
with a generally kept within-group variability, the mean and
standard deviation of the corrosion rates used for the synthesis
were chosen as pre-defined simulation parameters. Both
selected means and standard deviations were chosen to be
hypothetical differences between the unprotected and protected
condition; the standard deviations were chosen to avoid
perfectly deterministic difference between the groups. These
values are not determined by experimental Cu, Ni or Cr coating
studies, and are used as a computation guess for the coating
properties for workflow evaluation. They are simulation
assumptions and not measurements of the coating performance.
Inferential statistics, machine learning accuracy, feature
importance and SHAP values for the synthetic dataset then
measure relationships in this synthetic analytical dataset and
are not estimates of the effectiveness of the coatings in the real
world. The methodological process is shown in Fig. (1).
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3.2. Data Preprocessing

Data was handled using pandas and NumPy, models were
preprocessed using scikit-learn and processed using XGBoost,
LightGBM and CatBoost, analysed inferentially using
statsmodels, explained using SHAP and visualised using
Matplotlib for visualising the data. The numeric source fields
were safely coerced, incomplete rows were discarded, and
variables representing measured weight losses were calculated
without converting them to mm/year because there was no
metadata for density or exposed area.

Instead of LabelEncoder, OneHotEncoder was used for
encoding the coating type for the synthetic machine-learning
analysis. This resulted in independent binary indicators
(Coating_Bare, Coating_Cr, Coating_Cu, and Coating_Ni) and
eliminated any artificial ordering between nominal classes of
coating materials. To ensure the modelling pipeline was
consistent, the exposure days were scaled using the
StandardScaler, scaling parameters estimated from the folds of
cross validation but the one-hot indicators were not scaled. The
five-fold shuffled KFold cross-validation with random_state =
42 was performed for model evaluation. Two separate train/test
splits (80:20) with random_state = 42 were performed for
hyperparameter optimisation and for held-out evaluation.

3.3. Exploratory Data Analysis (EDA)

The analysis of the measured and synthetic components was
performed separately. The trajectories of cumulative mass loss
and protection efficiency as a function of exposure time for the
measured source were investigated. The uniform corrosion rate
distribution was summarized by a synthetic one for the coating.
Since the last modelling pipeline relies on one-hot encoding,
there is no interpretation of the ordinal relationship between the
coating label and the coating. Weaker contributions of exposure
time in the synthetic models is not in any way a sign of physical
irrelevance of exposure time but rather the result of the
statistical design used to generate the data. The measured
source shows that the cumulative mass loss is strongly
dependent on time, indicating time dependence in the empirical
weight-loss trajectory.

3.3.1. Comparison Between Empirical and Synthetic Data

Distributions

Comparisons between the distribution of the available
measured corrosion-related observations and the distributional
synthetic corrosion-rate data set were used to examine
transparency of the synthetic data construction. The measured
dataset was evaluated by the available weight loss derived
variables while the synthetic distributions were evaluated based
on the coating categories. These comparisons were made to
illustrate the properties of the data generated and were not
meant to provide a test of equivalence between the measured
and synthetic corrosion behaviour. The weight loss derived
variables are shown on a distributional basis together with the
synthetic corrosion-rate data in Fig. (2). The variability patterns
of the measured bare and coated specimens are different, while
the synthetic data shows controlled distribution ranges based
on assumptions made in its creation. It is a comparison of the
characteristics of the datasets and does not imply direct

validation of the rates of corrosion. Fig. (3) presents the
distribution of synthetic corrosion-rate values across
predefined coating categories. The Bare category shows the
highest simulated corrosion-rate range, while coated categories
exhibit lower values. The separation reflects the predefined
synthetic distributions used for workflow evaluation and does
not represent experimentally validated coating performance.

3.4. Statistical Analysis

The differences in the mean corrosion rates between the
four coating categories were assessed with one-way ANOVA
in the ordinary least-squares framework (statsmodels):

MSg
MSy,

The group factor t_i was the coating category (Bare, Cr, Cu,
Ni) and Type II Sums of Squares were calculated in the

ANOVA model to measure the between group variation to the
residual variation.

yij=utt+e;F= €Y

To complement the normal theory-based confidence
intervals, the bootstrap resampling with n_boot = 2000 and
random_state =42 was also used to estimate the 95% percentile
based confidence intervals for each synthetic mean of the
coating-group means allowing an empirical assessment of
uncertainty around the estimated group means without relying
solely on the normal theory-based confidence intervals.

A 123 b
* = —
6 B b=1y

Residual diagnostics were used to check the statistical
assumptions before performing one-way ANOVA. Normality
of residuals was assessed with the Shapiro—Wilk test and by
inspecting the Q-Q plots, and homogeneity of variance for the
coating groups was tested with Levene's test. The synthetic
corrosion-rate values were produced with a pre-defined normal
distribution (though this does not affect the ANOVA
assumptions), but residual assessment was performed as well.
The independent observations were randomly generated and
there were no repeated observations in the synthetic data set.
These diagnostic tests confirmed the appropriateness of using
one-way ANOVA to test for differences between the pre-
established coating categories.

3.5. Machine Learning Models

The evaluated models included Linear Regression as a
baseline model, Random Forest Regression, Gradient Boosting
Regression, HistGradientBoosting Regression, XGBoost
Regression, LightGBM Regression, and CatBoost Regression
for a thorough comparison of linear and ensemble learning
methods. The coefficient of determination (R?), root mean
squared error (RMSE), and the mean absolute error (MAE)
were used to assess the predictive performance. The mean and
variability of the performance were computed by five-fold
shuffled cross-validation with random_state = 42.

Three-fold GridSearchCV with R? as the optimisation
criterion was used to perform hyperparameter optimisation on
the 80% training partition. Random Forest, Gradient Boosting,

(2)
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XGBoost and LightGBM were tuned on pre-defined parameter
grids, and the search for LightGBM was specifically done with
the min_child_samples parameter to be able to handle the small
synthetic sample. In addition to being tested with a single fixed
configuration, CatBoost was also hyperparameter optimised.
The best set-up for each model was investigated only based on
the training data, and the chosen estimator was tested just once
on the remaining 20% of the data that was not used to find the
best set-up. This separation allowed the held-out observations
to not influence model selection in a direct way, and to yield an
independent assessment of predictive performance in the in-
silico synthetic data set.

3.5.1. Model Evaluation Metrics

Three regression parameters: coefficient of determination
(R?), root mean square error (RMSE), and mean absolute error
(MAE) were used to determine the model performance. These
metrics were chosen to complement the measure of explained
variance in evaluating predictive accuracy, including the
overall magnitude of the prediction error and the average
absolute error of the prediction.

The coefficient of determination (R?) is the proportion of
the variance in observed values of the corrosion rate explained
by the model and is obtained as follows:

2y — S\’i)z
2y — 9)?

Where yi is the observed value, ¥i is the predicted value, and
¥ is the mean of the observed value. Root mean squared error
(RMSE) is the square root of the mean of the squared
differences between the observed and predicted values and is
used as:

R2=1—[ 3)

RMSE = (4)

2y — 90)?
n

where n is the number of all observations. This is known as
mean absolute error (MAE) and is defined as:

Zlyi — ¥l
n

MAE = (5)

Data Sources

Measured Weight-Loss Data (n = 13)

+

Separate Synthetic Corrosion-Rate Dataset (n = 100)

v

Data Preprocessing
Cleaning, Encoding (OneHotEncoder for coating type),
Standardization of ‘Days’, Train-Test Split (80:20)

v

Exploratory Data Analysis
Histograms, KDE Plots, Boxplots, Heatmaps

Statistical Analysis
One-Way ANOVA, Tukey HSD,
Effect Size (n?), Bootstrap Cls

Machine Learning Models
Linear Regression, Random Forest,
Gradient Boosting, HistGradientBoosting,
XGBoost, LightGBM, CatBoost

(5-Fold Cross-Validation & Hyperparameter Tuning)

Explainability & Visualization
Feature Importance (Random Forest),
SHAP Summary & Bar Plots, Residual Plots,
Parity Plots

Fig. (1). Proposed methodology.
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Distribution Comparison Between Measured Weight-Loss-Derived Variables and Synthetic Corrosion-Rate Data

1 Measured Bare Mass Loss (%)
Measured Coated Mass Loss (%)
61 Synthetic Corrosion Rate (mm/year)
51
41 |
|
z
‘@
c
@
o 3
24
14
l
0 - — ; ‘ ‘ : —

0 5 10 15 20 25 30
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Fig. (2). Distribution comparison between measured weight-loss-derived variables and synthetic corrosion-rate data.
Note: Because the measured source does not contain sufficient information to calculate corrosion rate in mm/year, a like-for-like
corrosion-rate distribution comparison was not possible. Therefore, Fig. (2) compares the available empirical weight-loss-derived
variables with the synthetic corrosion-rate distributions descriptively rather than statistically. The comparison is intended to
demonstrate differences in data structure and variability, not equivalence of the two datasets.

Synthetic Corrosion-Rate Distribution Across Predefined Coating Categories
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Fig. (3). Boxplot comparison of synthetic corrosion-rate distributions across predefined coating categories.
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3.6. Explainability and Visualisation

The feature space was one-hot encoded and the
explainability was aligned. The features and coating indicators
were reported separately to obtain the random forest feature
importance. The tuned XGBoost model was used for the
calculation of the SHAP values with SHAP TreeExplainer and
the mean absolute values from the corresponding one-hot
columns of the coatings were combined to one group 'Coating
category' for comparison to the group 'Exposure days'. This
allows for nominal-category interpretation without having to
calculate the coating type as an artificial continuous scale.

‘p'=z [S[EAM] =S| = 1)!
' seM{i} [M|!

The final implementation reports model-performance
tables, feature importance using a random forest (one-hot), the
XGBoost SHAP summary, and aggregated SHAP importance.

[(vS U i) —v(S)], (6)

4. RESULTS

Within the dataset, mean corrosion rates remained 0.51991
mm/year for Bare, 0.09606 for Cr, 0.18138 for Cu, and 0.13561
for Ni. ANOVA remained significant (F = 744.7167,
p = 2.524017 x 107°¢) with n?> = 0.9588, and Tukey HSD
retained significant pairwise separation. Measured source gave
88.89% protection efficiency on Day-60. The mean synthetic
relative protection was 73.52%, with a descriptive measured-
minus-synthetic gap of 15.37 percentage points — this is a
dimensionless comparison and not a direct validation of
corrosion rates. The final one-hot encoded model comparison
shows that Linear Regression has the highest mean 5-fold cross
validation performance with CV R? value 0f 0.9517, CV RMSE
value of 0.0334 and CV MAE value of 0.0262 followed by
CatBoost with a CV R? value of 0.9402, CV RMSE value of
0.0339 and CV MAE value of 0.0296, LightGBM with a CV
R2value 0 0.9333, CV RMSE value 0f 0.0343, CV MAE value
of 0.0297, Random Forest with a CV R2 value of 0.9300, CV
RMSE value 0f 0.0345 and CV MAE value of 0.0299, Gradient
Boosting with a CV R? value of 0.9277, CV RMSE value of
0.0349 and CV MAE value of 0.0301, XGBoost with a CV R?
value of 0.9261, CV. After the parameters were optimized,
XGBoost obtained the best held-out test result (R? = 0.9175,
RMSE = 0.0384, MAE = 0.0253), which was slightly better
than Gradient Boosting (R? = 0.9174) and CatBoost (R* =
0.9158), but the difference was statistically insignificant.

Fig. (4) depicts the measured cumulative mass-loss
trajectories directly given by the specimen weights uploaded.
By Day 60, the bare-steel mass loss had reached 33.11%, while
the coated specimen (generic coating) had only lost 3.75% of
its mass. These measured trajectories provide some protection
for the unknown coated specimen, but do not specify Cu-, Ni-,
or Cr-specific performance. The final implementation also
eliminates the previous interpretation of the ordinal
Coating_Label correlation as it is a nominal attribute.

As shown in Table 1, one-way ANOVA identified
statistically significant differences in mean corrosion rate

among the predefined synthetic coating groups (F = 744.72,
p = 2.52 x 107%). The large between-group sum of squares
relative to the residual sum of squares reflects the strong
separation intentionally embedded in the synthetic coating-
specific distributions. These results indicate substantial
between-group separation within the predefined synthetic
distributions and should not be interpreted as evidence of a
physical corrosion mechanism.

Table 2 shows that the Tukey HSD post-hoc test identified
statistically significant differences between all coating pairs (p
<0.001). The highest corrosion rate was observed in bare steel,
which showed substantially higher corrosion compared with
chromium (0.424 mm/yr reduction), copper (0.339 mm/yr
reduction), and nickel (0.384 mm/yr reduction). Nickel
exhibited a lower simulated corrosion rate than copper, while
chromium had the lowest simulated corrosion rate among the
coating categories; however, this hierarchy reflects the
predefined synthetic distributions and does not constitute
experimental evidence that chromium provides superior
corrosion protection. Each confidence interval excludes zero,
demonstrating statistically significant differences among the
coating groups within the synthetic dataset. The simulated
corrosion-rate hierarchy was observed as Bare > Cu > Ni > Cr,
indicating that bare steel exhibited the highest simulated
corrosion rate while chromium coating demonstrated the
lowest simulated corrosion rate among the evaluated
categories.

Table 3 shows that bare steel exhibits the highest simulated
mean corrosion rate (0.5199 mm/year), followed by Cu (0.1814
mm/year), Ni (0.1356 mm/year), and Cr (0.0961 mm/year).
Within the predefined synthetic dataset, chromium has the
lowest simulated corrosion rate and therefore represents the
most protective coating among the evaluated categories. These
observations reflect the assigned synthetic distributions and
should not be interpreted as experimentally validated corrosion
performance.

Table 4 shows that Linear Regression achieved the highest
mean five-fold cross-validation performance in the final one-
hot encoded comparison (CV R2=0.9517, CV RMSE =0.0334,
CV MAE = 0.0262). CatBoost ranked second (CV R? =
0.9402), followed by LightGBM (0.9333), Random Forest
(0.9300), Gradient Boosting (0.9277), XGBoost (0.9261), and
HistGradientBoosting (0.3809). These results differ from the
earlier label-encoded implementation and represent the values
generated by the final reproducible analytical workflow.

Table 5 reports the tuned held-out test results from the final
implementation. XGBoost achieved the highest test R* (0.9175)
with RMSE = 0.0384 and MAE = 0.0253. Gradient Boosting
was nearly equivalent (R? = 0.9174), followed by CatBoost
(0.9158), Random Forest (0.9073), and LightGBM (0.9025).
These test results assess reconstruction of the predefined
synthetic relationships and do not demonstrate external
predictive validity on independent experimental corrosion-rate
data.

Fig. (5) reports Random Forest importance in the final one
hot feature space. Coating Bare has the largest individual
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importance (0.955253), followed by Coating_Cr (0.021059),
Coating_Cu (0.013177), Days (0.007164), and Coating Ni
(0.003346). These values describe how the fitted synthetic-data
model uses the encoded predictors and should not be
interpreted as physical percentages of real-world corrosion
causation.

Table 6 confirms that feature importance is now distributed
across nominal one-hot coating indicators rather than a single
ordinal Coating Label. Coating Bare dominates the fitted
Random Forest importance (0.955253), while the remaining
coating indicators and Days have substantially smaller
individual importance. This resolves the artificial ordinal-
coding concern while retaining the coating-category signal
embedded in the synthetic generation procedure.

Fig. (6) presents the XGBoost SHAP summary using one-
hot encoded coating indicators and Days. The plot shows

category-specific contributions without imposing a numerical
order on Bare, Cr, Cu, and Ni. Positive and negative SHAP
values indicate contributions that raise or lower a prediction
relative to the model baseline. The largest visible contributions
are associated with the coating indicators, especially
Coating_Bare, while Days remains comparatively small within
the synthetic construction.

Fig. (7) presents aggregated SHAP importance from the
final implementation. Mean absolute SHAP values for
Coating_Bare, Coating_Cr, Coating Cu, and Coating Ni were
combined into a single coating-category contribution. The
resulting relative importance was 0.980856 for coating
category and 0.019144 for exposure days (mean absolute
SHAP = 0.136350 and 0.002661, respectively). Aggregation
provides a defensible comparison between the nominal coating
factor and exposure time without relying on arbitrary label
coding.

Table 1. ANOVA results showing the effect of coating type on corrosion rate.

Source Sum of Squares df F-value p-value
C(Coating) 2.4638 3 744.72 2.52 x 10°%
Residual 0.1059 96 - -
Table 2. Tukey HSD post-hoc results for pairwise comparisons of mean corrosion rates.
Group 1 Group2 meandiff p-adj Lower Upper Significant
Bare Cr -0.424 <0.001 -0.449 -0.399 Significant
Bare Cu -0.339 <0.001 -0.364 -0.313 Significant
Bare Ni -0.384 <0.001 -0.411 -0.358 Significant
Cr Cu 0.085 <0.001 0.062 0.109 Significant
Cr Ni 0.040 <0.001 0.016 0.063 Significant
Cu Ni -0.046 <0.001 -0.070 -0.021 Significant
Table 3. Bootstrap 95% confidence intervals for mean corrosion rates.
Coating Mean Cl_lower Cl_upper
Bare 0.5199 0.5004 0.5441
Cr 0.0961 0.0881 0.1045
Cu 0.1814 0.1670 0.1966
Ni 0.1356 0.1293 0.1428
Table 4. Five-fold cross-validation performance of all models in the final one-hot implementation.
Model CV_R2 CV_R2 SD CV_RMSE CV_MAE
LinearRegression 0.951671 0.024949 0.033372 0.026182
CatBoost 0.940164 0.027588 0.037366 0.028230
LightGBM 0.933323 0.028183 0.039199 0.029567
RandomForest 0.929997 0.025927 0.040556 0.030503
GradientBoosting 0.927687 0.028475 0.041188 0.030855
XGBoost 0.926094 0.026768 0.041796 0.031291
HistGradientBoosting 0.380924 0.303773 0.114151 0.087882
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Fig. (4). Measured cumulative mass-loss response for bare and generic coated specimens.
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Fig. (5). Random forest feature importance using one-hot encoded coating indicators.
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Table 5. Hyperparameter-optimised held-out test performance in the final implementation.

Model Best Internal CV R? Test R? Test RMSE Test MAE
XGBoost 0.953303 0.917504 0.038414 0.025330
GradientBoosting 0.953047 0.917375 0.038444 0.025673
CatBoost 0.940396 0.915831 0.038802 0.025964
RandomForest 0.953540 0.907318 0.040717 0.027709
LightGBM 0.949416 0.902526 0.041756 0.028802
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Fig. (6). XGBoost SHAP summary from the final one-hot encoded implementation.
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Fig. (7). Aggregated SHAP importance for coating category versus exposure days.
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Table 6. Random forest feature importance for one-hot encoded synthetic predictors.

Feature Importance
Coating_Bare 0.955253
Coating_Cr 0.021059
Coating_Cu 0.013177
Days 0.007164
Coating_Ni 0.003346

5. DISCUSSION
The final analysis distinguishes between evidence which
has been measured and synthetic methodological

demonstration. The measured weight-loss source provides a
clear exposure-time relationship and a Day-60 protection
efficiency of 88.89% for the generic coated specimen, but it
does not provide a direct relationship to the corrosion rate
(mm/year) since the density of the specimen and the exposed
area are not available. Additionally, it doesn't specify the
measured coating as Cu, Ni or Cr. Therefore, there is no
experimental validation of the Cu/Ni/Cr specific type of the
invention claimed. In the synthetic data set, the separation
deliberately included in the a priori distribution of coatings is
reflected in ANOVA (F=744.7167, p =2.524017 x 107%, n*=
0.9588; Tukey HSD). The difference between the measured
Day-60 protection (88.89%) and the synthetic mean relative
protection (73.52%) is 15.37 percentage points, although this is
descriptive, it does not replace matched experimental
corrosion-rate validation.

The methodological approach is supported by comparing
with previous literature, but the present synthetic results are not
directly comparable with the results of the coating experiments.
Mohammadzadeh et al. [32] validated the Ni—Cr
nanocomposite coatings under laboratory settings with the help
of electrochemical impedance spectroscopy (EIS). The present
study does not focus on the physical corrosion behaviour, but
shows a synthetic approach to establish a computational
workflow. Thus, the two studies cannot be directly compared,
but should be seen as tackling distinct aims. Another recent
work] was conducted by Ghorbani et al. [24] that developed
supervised machine-learning algorithms to assess the corrosion
based on experimentally derived and generative datasets,
whereas the present work is based on a reproducible
computational workflow based on synthetically generated
corrosion data. The literature cited is therefore only used as a
background of the context and should not be interpreted as a
validation of the results presented here. Previous reviews of
nanostructured corrosion inhibitors are helpful to give a
scientific context of the corrosion research. This paper does not,
however, assess the coating performance in the laboratory nor
does it seek to replicate published results from the laboratory.
Rather, it illustrates how statistical analysis and explainable Al
and machine learning can be incorporated in a clear
computational process.

The methodological contribution is the reproducible
Python/Google Colab workflow that combines the weight-loss
derivation from measurements, statistical inference, one-hot
encoded machine learning, comparison of the resulting model
to others, small-sample-aware hyperparameter tuning and
explainability. The final implementation eliminates artificial
ordinal coding of type of coating, includes customization of
LightGBM with min_child samples, customizes CatBoost
(does not use a fixed configuration), and aggregates SHAP
values over the one-hot columns of coating. Linear Regression
performed the best mean cross-validation performance (R* =
0.9517) while tuned XGBoost had the best held-out test
performance (R? = 0.9175). This highlights the importance of
reporting not just resampling performance, but of also reporting
the results of a held-out set of data: the model selected based
on one metric may not be the optimal model for the held-out
set.

LIMITATIONS AND FUTURE DIRECTION

A further drawback is that the statistical relationships
learned by the machine learning models are based on pre-
defined synthetic distributions, and not upon the natural
experimental variation. Predictive capability is therefore not
necessarily representative of material behaviour, but is actually
a simulation of patterns. The small sample size of the synthetic
dataset (n = 100) adds to the methodological limitations that
should be taken into account when interpreting the machine-
learning results. They can lead to more significant differences
in model predictions, and higher risk of overfitting, especially
when the model has a higher level of flexibility and complexity,
such as ensemble algorithms. They can cause larger differences
in model estimates and greater risk of overfitting, especially
with complex models with greater flexibility, such as ensemble
algorithms. It is also possible that different differences in model
performance could occur depending on the train-test split and
cross-validation settings, so the observed differences between
algorithms should be treated with caution. Additionally,
outputs related to feature importance and explainability can be
unstable based on small amounts of observations in the data set,
meaning that the contribution to each of the predictors in the
model can vary based on the data set and the small changes in
the data set. The results presented, therefore, should be viewed
as an example of the implementation of the workflow and not
as proof of the superiority of the models or as their general
ability to predict corrosion systems.
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Another challenge is the translation of the laboratory-
controlled nanostructured corrosion-protection technologies to
industry scale production. While it is easy to produce
homogeneous dispersions at small production scales, the
dispersion of the nanoparticles becomes more difficult at large
production scales due to agglomeration, which can cause
decrease in the active surface area, defects in the coating, and
non-uniform protective properties in space. However, the cost
of the raw materials is not the only factor that has to be taken
into account for economic feasibility; the required production
methods for the synthesis of the nanoparticles, their
purification, surface functionalisation, dispersion, coating
deposition, quality control, equipment and maintenance cost
have to be considered as well. Evaluation of environmental and
occupational safety practices is required since exposures and/or
releases to nanoparticles may occur during manufacture,
application of coat, abrasion, weathering, maintenance and
disposal. Another challenge is the long-term stability as the
protective performance could deteriorate over time due to
migration of nanoparticles, leaching, aggregation, coating
delamination, and changes in the chemistry of the interfaces.
Reproducible manufacturing protocols, validation at pilot
scale, techno-economic  assessment, evaluation of
environmental risks and long-term performance testing are all
required for successful industrial scale-up [15].

Further research is required to confirm the computational
framework with experimental corrosion data collected by other
methods like electrochemical impedance spectroscopy,
potentiodynamic polarisation and weight loss measurements.
Repeated Wet-Dry cycling, accelerated Salt spray and real
environment field test should also be added to long-term
durability evaluation. Wet—dry cycling is significant because it
can change the electrolyte concentration, oxygen transport,
coating swelling, drying stresses and depletion of the inhibitors
and the salt spray test is used to assess resistance to sustained
chloride exposure, but it is an accelerated test. No simulated lab
testing can duplicate the combination of humidity, temperature
extremes, and various pollutants, UV deterioration, mechanical
abrasion and complex contaminants found in the real
environment, which is why real-environment testing is
essential. The protective performance of a short-term lab
experiment may be accurate but it does not necessarily account
for progressive phenomena like nanoparticle migration,
depletion of inhibitors, leaching, delamination of coatings,
interfacial degradation, loss of adhesion, efc. An evaluation of
industrial durability should, therefore, be made using a
combination of complementary accelerated and long-term field
testing, not just short-term laboratory testing. Future studies
could also expand the framework to other multifunctional
nanocomposite coatings based on graphene and incorporate
IoT-based corrosion sensors with machine-learning algorithms
to enable real-time monitoring and prediction of corrosion
conditions.

CONCLUSION

This study demonstrates a revised, reproducible workflow
that distinguishes measured weight-loss evidence from

synthetic corrosion-rate modelling. The measured source
supports cumulative mass-loss analysis and a Day-60
protection efficiency of 88.89% for a generic coated specimen,
but direct measured corrosion rate in mm/year cannot be
calculated without specimen density and exposed area, and
Cu/Ni/Cr-specific  experimental validation cannot be
established without coating metadata. In the synthetic dataset
(n = 100), ANOVA confirmed strong predefined between-
group separation (F 7447167, p = 2.524017 x 107,
n? = 0.9588). With nominal coating type represented by
OneHotEncoder, Linear Regression achieved the highest mean
five-fold cross-validation R? (0.9517), while tuned XGBoost
achieved the highest held-out test R? (0.9175; RMSE = 0.0384;
MAE = 0.0253). However, these performance estimates should
be interpreted within the context of the limited synthetic sample
size (n = 100), where model ranking, feature importance, and
predictive stability may vary when evaluated using larger
experimentally validated datasets. Random Forest importance
was led by Coating Bare (0.955253), and aggregated SHAP
importance was 0.980856 for coating category versus 0.019144
for exposure days. These values reproduce the final
implementation outputs and describe only the constructed
analytical dataset. Future validation requires measured
specimen area and density, explicit Cu/Ni/Cr coating identities,
and matched experimental corrosion-rate observations.

LIST OF ABBREVIATIONS

CNTs = Carbon Banotubes

EDA = Exploratory Data Analysis

EIS = Electrochemical Impedance Spectroscopy
ML = Machine Learning

MAE = Mean Absolute Error

RF = Random Forest

RGO = Reduced Graphene Oxide

RMSE = Root Mean Squared Error
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