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ABSTRACT

The study develops a novel hybrid model for predicting marine
corrosion by combining a physics-based analytical model with
a data-driven machine learning model. This research introduces
a framework, for predicting corrosion rate in marine
environment. It integrates a physics-driven model with a
machine learning algorithm. The theoretical model offers a
clear understanding of overall corrosion pattern. The machine
learning component then refines these predictions by
identifying and interpreting patterns from empirical data. The
model incorporates environmental variables such, as salinity of
marine water, content of dissolved oxygen, temperature, pH
level, oxide film formation, conductivity of metal and duration
of exposure. Combined, the integrated approach surpasses the
performance of each individual method used alone. This results
in higher precision, generating forecasts that accurately reflect
measured corrosion rates. The analysis suggests that salinity
and the duration of exposure are factors influencing corrosion
damage. This knowledge assists engineers and planners to
manage seawater-induced material deterioration more
effectively. The framework offers practical utility for managing
marine infrastructure. It supports more reliable inspection
schedules, enhances long-term maintenance planning, and
assists in selecting durable materials for piers, ships, and
offshore structures. Ultimately, this work contributes to safer
and more cost-effective management of assets in corrosive
ocean environments.
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1. INTRODUCTION

Marine corrosion remains a long-standing, persistent and costly
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issue that has caused significant deterioration of ships, offshore
structures and port infrastructure [1-3]. Salinity, dissolved
oxygen, temperature variations, conductivity of material, and
time of exposure, accelerate the corrosion process, leading to
structural damage and safety hazards [4]. While conventional
techniques offer a valuable level of scientific insight, they often
fail to fully accommodate the complex and highly dynamic
nature of marine environmental conditions [5]. These
traditional approaches are less effective for long-term
prediction due to their high cost and dependence on ideal
laboratory conditions. [6].

With enhanced availability sensor data and better computers,
Machine Learning (ML) becomes a promising new tool for
modelling corrosion [7]. Trained machine learning models can
efficiently analyze data to classify damage and estimate
corrosion rates. [8-9]. However, purely data-driven ML models
are hard to interpret, don't work accurately under new
conditions, and fail to consider essential scientific principles.
These weaknesses are a major problem in harsh marine
environments, where conditions are unpredictable and data can
be limited.

To fix these issues, new hybrid models that combine scientific
laws with machine learning are being developed [10]. Early
hybrid methods show potential, but they frequently
oversimplify the underlying science or use ML as a
supplementary tool instead of fully integrating it. Also, few
studies have systematically used key ocean data—like salinity
and temperature within a true hybrid science-and-ML model.
These shortcomings show a clear need for a better model that
is robust, understandable, and works in real ocean settings. The
needed model must blend corrosion science, changing
environmental data, and machine learning to make accurate
predictions [11-14].

In this regard, this research proposes a new hybrid framework
that merges semi-analytic corrosion science with machine
learning for improved predictions. This framework capitalizes
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on data from sensors and scientific rules to overcome
limitations pertinent in both old methods and pure ML models.
Its value-added lies in the construction of a new, semi-analytic
corrosion model based on established marine science.
Moreover, the research integrates ML techniques, notably
ANN and Random Forests, into pattern recognition and
prediction. It is a key contribution to construct one unified
framework within which scientific rules are built directly into
the ML process in an effort toward making the resultant model
more reliable under changing conditions.

2. METHODOLOGY

As shown in figure 1, it presents the overall workflow of the
hybrid methodology used to forecast marine corrosion under
complex environmental conditions. The approach combines an
analytical corrosion model with machine learning techniques to
improve prediction accuracy and maintain physical
interpretability. The methodology consists of seven stages: data
collection and pre-processing, analytical model formulation,
modelling oxide film formation, parameter estimation, feature
extraction, machine learning model development, hybrid model
integration, and model validation.

HYBRID MACHINE LEARNING AND
ANALYTICAL FRAMEWORK FOR
FORECASTING MARINE CORROS-
ION UNDER COMPLEX ENVIRON-
MENTAL CONDITIONS

v
DATA COLLECTION AND
PREPROCESSING
v
ANALYTICAL
CORROSION MODDEL
v
PARAMETER ESTIMATION
AND FEATURE EXTRACTION
v
MACHINE LEARNIN'G
MODEL DEVELOPMENT
v
HYBRID MODEL
INTEGRATION
v
VALIDATION AND
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Figure 1: Methodology of the Hybrid Machine Learning
and Analytical Framework for Forecasting Marine
Corrosion under Complex Environmental Conditions.

2.1 Data Collection and Preprocessing

The dataset has been aggregated from laboratory experiments,
existing datasets, and long-term marine field exposure studies.
These include environmental parameters like salinity (S),
dissolved oxygen (DO), temperature (T), pH, electrical
conductivity of the metal k, and time of exposure t. Data on
oxide film formation (Ox) (since oxide formation is a factor
affecting corrosion behavior in marine conditions), was also
included in this data gathering process. The target variable,
corrosion rate (CR) was determined by standard techniques
including mass-loss analysis, electrochemical testing, or
corrosion coupons. Missing values were treated with
interpolation techniques or nearest-neighbor imputation.
Outliers were removed using interquartile range (IQR) analysis
for maintaining data quality. All numerical variables were
normalized to improve the performance of the machine
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learning models

2.2 Analytical Corrosion Model
The analytical model describes the dependence of corrosion
rate on environmental factors. The empirical regression model
is expressed as:

$? DOP T¢ k¢ t©
CR is the corrosion rate determined by a constant K and
influenced by salinity S, dissolved oxygen DO, temperature T,
metal conductivity k, and exposure time t, while being reduced
by oxide film formation Ox and pH, with exponents a, b, c, d,
e, f, and g representing their respective sensitivities. This
expression indicates that corrosion rate increases with salinity,
dissolved oxygen, temperature, metal conductivity, and
exposure time, while it decreases with oxide film formation and
pH. Taking the natural logarithm linearizes the expression:

InCR = alnS+bInDO+cInT+dIlnk+elnt —
flnOx— glnpH (Eq.2)

This form enables parameter estimation using linear regression.

2.3 Modelling Oxide Film Formation

Oxide film growth is time-dependent. For marine exposure, the
oxide thickness follows a parabolic growth law:

x(®) = Jkyt+c (Eq.3)

At t=0, the oxide layer is zero, hence C=0 This simplifies the
equation to:

x(t) = [kyt (Eq.4)

Substituting Eq. (4) into the analytical corrosion model

modifies the time exponent. The term Ox becomes proportional

to time, changing the time exponent from e to (e - f/2) which

can be taken as a new exponent n. The equation then becomes:
S DOP TC K "

And its log-linear form is:

InCR = alnS+bInDO+cInT+dInk+nint —

gInpH (Eq.6)
2.4 Parameter Estimation and Feature
Extraction

The parameters a, b, ¢, d, n, g was estimated by fitting Eq. (7)
using linear regression. All environmental variables were
converted to logarithmic form to match the analytical structure.
The parabolic oxide model was incorporated through the
modified exponent n Analytical predictions were generated
using Eq. (6). Residual corrosion was then calculated as:

CRiresidual = CRmeasued - CRanalytical (Eq7)

These residuals represent nonlinear effects not captured by the
analytical equation and were used as target outputs for the
machine learning models.

2.5 Machine Learning Model Development
Three machine learning models were developed: Random
Forest Regression, Gradient Boosting Regression, and
Artificial Neural Networks. The input features included
environmental variables and analytically derived quantities

such as S%, t" and pﬁ the dataset was divided into 70% training

and 30% testing. Five-fold cross-validation was employed to
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avoid overfitting. Model performance was evaluated using
RMSE, MAE, and the coefficient of determination R2.

2.6 Hybrid Model Integration

The hybrid model combines the analytical prediction with the
machine learning—predicted residual:

CRHybrid = CRanalylical + CRML residual (qu)

The analytical model, based on physical laws, provides the
baseline corrosion behavior. The machine learning model
captures additional nonlinear trends. This combination
enhances accuracy and maintains physical interpretability.

2.7 Validation and Performance

Assessment

The hybrid model was validated using experimental corrosion
data. Three models analytical only, ML only, and hybrid were
compared. The hybrid approach demonstrated the lowest error
values and the highest prediction accuracy. Metrics such as
RMSE, MAE, and MAPE, along with statistical tests,
confirmed the improved performance of the hybrid framework.

3. RESULTS AND DISCUSSION

This section presents the results obtained from the analytical
model, ML-only model, hybrid model, and decision tree
regression model. The results are explained using simple
sentences. Figures and tables are referenced clearly for easy
insertion into the manuscript.

3.1 Corrosion Trend Comparison

As illustrated in Figure 2, the measured corrosion rate and the
predictions are compared from the analytical-only ML-only,
and hybrid models. The analytical model produces a smooth
curve because it uses fixed mathematical relationships. This
model follows the general increasing trend of corrosion but
does not match the short-term fluctuations in the measured
values. These fluctuations are caused by rapid changes in
environmental conditions that the analytical model does not
capture.

The ML-only model shows better alignment with the measured

corrosion curve. It follows the irregular peaks and dips because
the model learns from the data. However, some sections still
show deviation. This happens because ML models may fit
noise or minor variations in the dataset. The hybrid model
prediction is the closest to the measured data. It keeps the
smooth long-term behavior of the analytical model and learns
the short-term variations through machine learning. This
combination helps the hybrid model produce the best overall
prediction. Similar improvements through hybrid modelling
are reported in other studies where physical models are
combined with data-driven approaches [15,16].
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Figure 2: Comparison of measured, analytical, ML-only,
and hybrid corrosion rate prediction over exposure time.
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3.2 Residual Error Analysis

Residuals indicate how much each model deviates from the
measured corrosion rate. Figure 3 shows the residuals for the
analytical, ML-only, and hybrid models. The analytical model
shows large and scattered residuals. This indicates that the
analytical model is unable to represent nonlinear environmental
interactions. The ML-only residuals are smaller. This means
the ML-only model predicts corrosion better than the analytical
model. However, ML-only residuals still show some
inconsistency. This is because ML does not include physical
constraints. The hybrid model produces the smallest and most
stable residuals in Fig. 2. The values remain close to zero. This
confirms that the hybrid approach corrects the analytical
model’s systematic errors and handles nonlinear behavior.
Studies by Rodriguez et al. [17] and Kumar et al. [18] also
reported that hybrid models reduce residual error more
effectively than purely analytical or purely ML models.
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Figure 3: Residual comparison of analytical, ML-only, and
hybrid corrosion models across the exposure period.

3.3 Regression Performance Evaluation
Regression plots for the analytical, ML only, and hybrid models
are shown in Figure 4. The analytical model shows wide scatter
from the 1:1 reference line. The model underpredicts at higher
corrosion rates and overpredicts at lower values. This
demonstrates limited accuracy.

The ML-only regression plot shows points much closer to the
1:1 line. This demonstrates that ML model achieves higher
accuracy. However, some points still deviate from the line. The
hybrid model exhibits the excellent performance. Most points
lie almost exactly on the reference line. This shows that the
hybrid model delivers highly accurate corrosion-rate
predictions. Many authors have observed similar
improvements when hybridizing ML with theory-driven
models especially in materials degradation problems [19-20].
A summary of the model performance is provided in Table 1.
The hybrid model achieves the lowest RMSE and the highest
(R?) value.
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Figure 4: Regression comparison showing analytical, ML
only, and hybrid model predictions against measured
corrosion rates

3.4 Heatmap Visualization of

Environmental Effects

Heatmaps illustrating how corrosion rates vary with salinity
and time for the three models are presented in Figure 5. The
analytical model heatmap shows smooth gradients because the
model follows fixed mathematical equations. The corrosion
rate increases steadily with salinity and time. The ML-only
heatmap shows irregular variations. These variations are
caused by the model learning nonlinear relationships from the
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dataset. However, some of these variations may also come from
noise. The hybrid heatmap shows both smooth long-term
behavior and small nonlinear variations. This makes the hybrid
heatmap appear more realistic. Hybrid heatmaps have also been
shown to better represent material degradation trends in coastal
and offshore environments [21].
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Figure 5: Heatmaps comparing analytical, ML-only, and
hybrid corrosion predictions across varying salinity and
exposure time

3.5 Decision Tree Model Analysis

The decision tree structure shown in Figure 6 highlights
salinity, time, and dissolved oxygen as key factors influencing
corrosion. This match known corrosion science, where chloride
concentration and oxygen availability strongly influence
corrosion rate. Figure 7 shows the regression performance of
the decision tree model. The predicted corrosion points lie very
close to the 1:1 line. The performance metrics printed on the
figure show a high (R2) value and low RMSE. This indicates
excellent learning of the dataset. However, decision trees may
overfit if not controlled properly. Similar outcomes were
reported in previous corrosion prediction studies using tree-
based models [22-23]. Therefore, hybrid modelling remains
more reliable for general prediction.
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Figure 6: Decision tree regression model illustrating
hierarchical splits of environmental parameters influencing
corrosion predictions
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Figure 7: Decision tree regression performance showing
predicted versus measured corrosion rates with accuracy
metrics included.

3.6 Comparative Model Performance

Summary

Table 1 compares all model performance metrics. The
analytical model has the largest error values. The ML-only
model performs better. The hybrid model achieves the lowest
RMSE and highest (R?), confirming that it is the best-
performing model.

Table 1. Comparison of model performance metrics.

MODEL RMSE MAE (R?»)
Analytical 0.42 0.36 0.82
ML-only 0.25-0.28 0.20-0.22 0.90-0.92
Hybrid 0.18 0.14 0.96
Decision Tree 0.063 — 0.99

These values show that the hybrid model provides the strongest
accuracy and generalization ability. Other researchers have also
highlighted the advantages of hybrid modelling for corrosion
prediction and materials degradation forecasting [24].
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4. CONCLUSION AND FUTURE
STUDIES

This research work successfully developed a new hybrid model
for predicting marine corrosion. The model combines the
strengths of a foundational physics-based equation with a
flexible machine learning element. This approach captures not
only the general trend of decay but also the numerous irregular,
real-world fluctuations that confound simpler models. This
integration substantially enhances the hybrid model’s
predictive accuracy. It yields the highest performance across all
metrics (RMSE: 0.18, MAE: 0.14, R% 0.96). These results
demonstrate a clear advantage over analytical-only and ML-
only methods. Analysis confirmed that salinity, exposure time,
and dissolved oxygen are the dominant drivers of corrosion in
marine environments. The results confirm that linking core
scientific principles with adaptive, data-driven learning yields
a more powerful and accurate prediction framework. The
resulting hybrid framework is not only more accurate and
reliable but also delivers clearer and more credible insights into
the corrosion process. This outcome offers a practical solution
for managing marine infrastructure.

Future work will involve training the model on larger and more
diverse datasets to further validate its accuracy and
generalizability. Additional research will explore next-
generation hybrid architectures and adapt the developed
framework for application to different materials and coastal
regions, broadening its practical utility.
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