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H I G H L I G H T S

• Developed a cellular automata-based uncertainty quantification framework for corrosion.

• Developed a hierarchical surrogate modeling approach for pit evolution.

• Sensitivity analysis identified sedimentation and ion diffusion as key drivers.

• Bayesian calibration using both pit depth and aspect ratio improved model reliability.
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A B S T R A C T

This study presents a Bayesian framework for calibrating cellular automata (CA) models of pitting corrosion. A 

high-fidelity two-dimensional CA model is used to simulate pit morphology evolution under coupled electrochem­

ical and mass transport processes, incorporating eight uncertain model parameters related to metal dissolution, 

hydrolysis, diffusion, and sedimentation. Key geometric indicators—maximum pit depth and pit aspect ratio—

are extracted from the simulation outputs and reduced to interpretable scalar features using power-law fitting. 

Correlation analysis is conducted to assess linear relationships between model parameters and power-law coef­

ficients. Gaussian Process Regression (GPR) surrogate models are constructed using Latin Hypercube Sampling 

(LHS) to emulate the high-fidelity CA model. Global sensitivity analysis (GSA) using Sobol’ indices is performed by 

utilizing the trained surrogate models; it identifies sedimentation and ionic diffusion as the dominant contributors 

to output feature variability, with significant nonlinear interactions. The trained surrogates are integrated into 

a Bayesian inference framework using Metropolis-Hastings Markov Chain Monte Carlo (MH-MCMC) sampling to 

infer posterior distributions of the uncertain model parameters. The posterior samples are further propagated 

through the surrogates to quantify the output uncertainty, and the prediction is evaluated using a distance-based 

probabilistic model validation metric. Two numerical examples related to API-5L X65 steel pipelines are pre­

sented, demonstrating that incorporating multiple geometric features—both pit depth and aspect ratio—improves 

predictive accuracy. The proposed framework supports uncertainty-aware modeling and decision-making for 

structural health assessment and maintenance planning in corrosion-critical infrastructure.

1 . Introduction

Pitting corrosion is a serious concern for metals used in aggressive 

environments, due to its localized and destructive nature. This form of 

corrosion leads to the formation of small cavities or pits on a metal 

surface, which can propagate over time, eventually weakening the un­

derlying material. Unlike uniform corrosion which affects an entire area 

of interest, pitting corrosion can occur in isolated spots, making it diffi­

cult to detect and predict. The initiation of pitting corrosion is primarily 

attributed to the breakdown of the passive oxide film that protects met­

als from corrosion. Once this protective layer is compromised, localized 

electrochemical reactions commence, leading to anodic and cathodic 

regions within the pits.
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\begin {equation}\label {ieq8} \hat {\mathbf {z}}_{\text {model}}(\Theta ^*) \mid \mathcal {D} \sim \mathcal {N}(\mu ^*, \sigma ^{*2}),\end {equation}


\begin {align}&\mu ^* = m(\Theta ^*) + \mathbf {k}^T {(K + \sigma _n^2 I)}^{-1} (\mathbf {z} - m(\Theta )),\label {autoeq:1}\\ &\sigma ^{*2} = k(\Theta ^*, \Theta ^*) - \mathbf {k}^T {(K + \sigma _n^2 I)}^{-1} \mathbf {k},\label {autoeq:2}\end {align}


\begin {align}&\mu ^* = m(\Theta ^*) + \mathbf {k}^T {(K + \sigma _n^2 I)}^{-1} (\mathbf {z} - m(\Theta )),\label {autoeq:1}\\ &\sigma ^{*2} = k(\Theta ^*, \Theta ^*) - \mathbf {k}^T {(K + \sigma _n^2 I)}^{-1} \mathbf {k},\label {autoeq:2}\end {align}


$N$


$\mathbf {\Theta } = {[\Theta _1, \ldots , \Theta _N]}^T$


$\mathbf {z} = {[z_1, \ldots , z_N]}^T$


$\mathbf {k} = {[k(\Theta ^*, \Theta _1), \ldots , k(\Theta ^*, \Theta _N)]}^T$


$\Theta ^*$


$K \in \mathbb {R}^{N \times N}$


$K_{ij} = k(\Theta _i, \Theta _j)$


$k(\cdot , \cdot )$


$m(\Theta )$


$\sigma _n^2$


$\sigma _n^2$


$\Theta \in \mathbb {R}^p$


$\delta \in \mathbb {R}^q$


$(\Theta , \delta )$


$\delta (\cdot )$


$\delta (\cdot )$


$\mathbf {z}_{\text {obs}} \in \mathbb {R}^m$


$\hat {\mathbf {z}}_{\text {model}}$


\begin {equation}\label {ieq9} p(\Theta ,\delta \mid \mathbf {z}_{\text {obs}}) = \frac {p(\mathbf {z}_{\text {obs}} \mid \Theta ,\delta )\,p(\Theta )\,p(\delta )} {p(\mathbf {z}_{\text {obs}})}.\end {equation}


\begin {align}P(\mathbf {z}_{\text {obs}} \mid \boldsymbol {\Theta },\boldsymbol {\delta }) &= \frac {1}{{(2\pi )}^{m/2}|\boldsymbol {\Sigma }_{\text {total}}|^{1/2}}\nonumber \\ &\quad \times \exp \!\left ( -\tfrac {1}{2} {(\mathbf {z}_{\text {obs}}-\hat {\mathbf {z}}_{\text {model}})}^{T} \boldsymbol {\Sigma }_{\text {total}}^{-1} (\mathbf {z}_{\text {obs}}-\hat {\mathbf {z}}_{\text {model}}) \right ),\label {ieq10}\end {align}


\begin {equation}\label {ieq11} \boldsymbol {\Sigma }_{\text {total}} = \boldsymbol {\Sigma }_{\text {obs}} + \boldsymbol {\Sigma }_{\text {surr}} + \boldsymbol {\Sigma }_{\delta }.\end {equation}


$\boldsymbol {\Sigma }_{\text {obs}}$


$\boldsymbol {\Sigma }_{\text {surr}}$


$\boldsymbol {\Sigma }_{\delta }$


$C_1$


$C_2$


$m_1$


$m_2$


$-0.86$


$C_1$


$m_1$


$p(\mathbf {z}_{\text {obs}})$


\begin {equation}\label {ieq12} p(\Theta ,\delta \mid \mathbf {z}_{\text {obs}}) \propto P(\mathbf {z}_{\text {obs}} \mid \Theta ,\delta )\, p(\Theta )\, p(\delta ).\end {equation}
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The presence of aggressive ions, particularly chloride ions, plays a 

crucial role in exacerbating pitting corrosion. Chloride ions can pene­

trate the protective oxide layer and induce localized dissolution of the 

metal, which further enhances the development of pits. This process 

is particularly evident in marine environments where deicing salts are 

used, as these conditions can drastically increase the susceptibility of 

metals to localized corrosion. Stress corrosion cracking (SCC) can also 

be a concerning consequence of pitting, as the pits can act as stress 

concentrators under mechanical loads, leading to premature failure of 

structural components.

Moreover, localized corrosion is also influenced by other environ­

mental and mechanical factors that can aggravate the degradation 

process. Factors such as temperature, pH variations, and microstruc­

tural differences within materials play significant roles in how pitting 

develops. Notably, the local pH can fluctuate significantly during the 

corrosion process, potentially reaching levels that favor further metal 

dissolution. This phenomenon has been observed during the corrosive 

challenges faced by various steel alloys, particularly in saline or acidic 

environments [29,48]. For instance, pitting corrosion dynamics are of­

ten linked with microstructural characteristics such as grain boundaries 

and alloy composition, which can dictate susceptibility to various forms 

of localized corrosion [20,36].

One of the complexities of pitting corrosion lies in the stochas­

tic nature of pit formation and growth. Each pit develops randomly, 

varying in shape, size, depth, and location, often creating a rugged 

profile that complicates modeling and understanding the corrosion pro­

cess [44]. Traditional prediction models tend to overlook the irregularity 

of pitting, leading to challenges in accurately assessing corrosion risk 

and creating effective prevention strategies. Current research is pursu­

ing novel computational models and advanced detection techniques to 

better predict the onset and progression of pitting corrosion [12,58].

Various modeling strategies have been developed to study pitting 

corrosion, ranging from empirical [5,43,44,65,67] and phenomenologi­

cal approaches [25,57] to advanced computational methods [3,4,10,15,

38,62,64] such as finite element methods (FEM) [28,56,70], extended 

finite element methods(XFEM)-level set methods (LSM) [15,64], finite 

volume methods (FVM) [52,53] cellular automata (CA) [4,11,16,17,32,

39,61], phase-field (PF) [7,37,38], and peridynamics (PD) [3,10,72]. 

These models differ in their ability to capture physical fidelity, compu­

tational efficiency, and the complexity of corrosion front evolution.

Among these computational frameworks, CA, PF, and PD are con­

sidered autonomous models as they have their own internal rules to 

propagate the corrosion front, without any external input. Among these 

autonomous modeling frameworks, CA, PF, and PD offer distinct trade-

offs. CA models are computationally efficient as they do not require 

solving partial differential equations (PDEs), instead relying on dis­

crete probabilistic rules to simulate pit nucleation and growth. This 

makes CA particularly suitable for simulations involving multiple pits 

and stochastic evolution. PF models capture interface dynamics through 

coupled PDEs and introduce a characteristic length scale via diffuse in­

terface thickness, allowing high morphological fidelity but at increased 

computational cost. PD models use a nonlocal formulation to simu­

late long-range material interactions, making them suitable for coupled 

corrosion-mechanical analysis but computationally intensive. While PF 

and PD are effective for resolving detailed interface evolution and 

stress-damage coupling, they involve significant numerical complexity.

In contrast, CA offers a favorable balance between efficiency and 

morphological flexibility. It can reproduce a variety of pit shapes con­

sistent with experimental observations, but its time and spatial units 

are not physically based—they are governed by model parameters that 

must be calibrated. This dependence on parameter tuning means CA 

models require rigorous validation to ensure accurate representation 

of pit growth behavior. Several CA models have been developed to 

simulate pitting corrosion under various conditions, each employing 

different calibration techniques. Lishchuk et al. [32] proposed a CA 

model for intergranular corrosion, capturing preferential propagation 

along grain boundaries. The model was calibrated using a differen­

tial evolution algorithm, optimizing grain, boundary, and surface layer 

corrosion probabilities by minimizing the mean squared error (MSE) be­

tween simulated and experimental data, ensuring agreement with the 

predicted time-dependent corrosion path length, which refers to the dis­

tance intergranular corrosion propagates along grain boundaries over 

time.

Stafiej et al. [61] developed a CA model to simulate corrosion–passi­

vation processes, capturing the spatial separation of anodic and cathodic 

reactions that drive cavity formation, and calibrated it through qualita­

tive tuning, by manually adjusting reaction probabilities, diffusion step 

sizes, and passivation breakdown criteria to replicate known corrosion 

behaviors. Fatoba et al. [17] proposed a cellular automata finite element 

(CAFE) model to simulate stress-assisted localized corrosion, integrating 

CA for corrosion evolution and finite element analysis (FEA) for mechan­

ical stress effects, and optimized its parameters using a grid search with 

a Sobol sequence, by minimizing MSE between simulated and experi­

mental pit depths under different environmental conditions. Cui et al. 

[11] introduced a 3D CA model to simulate the initiation and growth 

of corrosion pits on Q345 steel under a salt-spray environment, captur­

ing the randomness and time-dependent evolution of pitting corrosion. 

The model was calibrated by tuning corrosion reaction, passivation, 

and downward movement probabilities, ensuring alignment between 

simulated pit growth trends and experimental salt-spray corrosion test 

data.

Fan et al. [16] proposed a CA model to predict structural steel 

corrosion under atmospheric conditions, calibrating it using a Genetic 

Algorithm (GA) to optimize key parameters by minimizing errors be­

tween simulated and experimental corrosion depths. Babu et al. [4] 

developed a CA model coupled with XFEM to simulate fatigue-assisted 

pitting corrosion in pipeline steel, capturing pit propagation, pit-to-crack 

transition, and crack growth until fracture under cyclic loading. The 

model was calibrated using experimental data, where CA parameters 

governing pit growth were adopted as in Fatoba et al. [17].

These traditional calibration techniques, such as grid search [17], ge­

netic algorithms [16], and differential evolution [32], have been widely 

employed to optimize CA model parameters for simulating pitting and 

intergranular corrosion. However, these deterministic calibration meth­

ods present several limitations. They provide only point estimates of 

parameters without incorporating uncertainty quantification (UQ), mak­

ing them less robust when applied to varying environmental conditions. 

Moreover, they require extensive computational resources due to the 

high-dimensional parameter space needed to optimize the model param­

eters. Another drawback is their inability to incorporate prior knowledge 

or systematically refine parameters based on new experimental data, 

limiting their adaptability to different corrosion scenarios. Furthermore, 

most existing CA models focus primarily on pit depth while overlooking 

other geometric features, such as aspect ratio, which are important for 

evaluating pit morphology and assessing structural degradation.

While CA models are commonly implemented in two dimensions for 

pitting corrosion—for example, the 2D CA frameworks used by Fatoba 

et al. [17] and Babu et al. [4]—it is important to note that pitting corro­

sion is inherently a three-dimensional process. Several fully 3D models 

exist in the literature, including those by Van der Weeën et al. [66], Cui 

et al. [11], and the studies reviewed in Larrosa et al. [27], all of which 

capture more realistic pit shapes and growth behavior. Moving to a 3D 

representation would allow pit shapes, surface effects, and growth pat­

terns to be modeled more realistically, reduce biases introduced by 2D 

shape measures, and provide a more complete and accurate descrip­

tion of pitting corrosion, as also highlighted in pit-shape studies such 

as Gnefid and Akid [19], although with greater computational cost.

Given these limitations and the stochastic nature of pitting corro­

sion, a Bayesian framework is adopted in this work for calibrating CA 

model parameters in Babu et al. [4] by integrating prior knowledge with 

experimental observations. Recent advances in uncertainty quantifica­

tion and model calibration emphasize the importance of propagating 
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both parameter and model-form uncertainty when predicting complex 

material degradation processes. In particular, modern UQ frameworks 

integrate surrogate modeling, Bayesian inference, and sensitivity anal­

ysis to improve predictive robustness across engineering applications. 

Examples include UQ of architected materials for energy absorption [34] 

and physics-informed machine-learning-assisted UQ for corrosion pro­

cesses [6]. These studies highlight the need for UQ-focused calibration 

approaches capable of handling stochastic, nonlinear, and data-limited 

systems such as pitting corrosion.

The calibration process in this study is carried out by simultane­

ously comparing both the maximum pit depth and maximum aspect ratio 

against experimental measurements reported by Fatoba et al. [17]. Such 

a calibration approach considering both features is absent in previous 

models, such as Fatoba et al. [17] and Babu et al. [4], which considered 

only pit depth for calibration without accounting for other geometric 

features like aspect ratio. Maximum pit depth represents the vertical 

penetration of corrosion, indicating the extent of material loss, but does 

not fully characterize pit morphology or lateral expansion. The aspect 

ratio, defined as the ratio of pit depth to half of the pit width, accounts 

for both depth and width variations that are critical in determining the 

progression of localized corrosion damage. Model calibration consider­

ing both pit depth and pit width enhances the CA model’s reliability in 

predicting pitting corrosion by ensuring accurate reproduction of both 

pit depth progression and shape evolution.

The motivation for developing this framework is to enable 

uncertainty-aware prediction of pitting corrosion for engineering 

decision-making. In practical applications—such as pipeline integrity 

management, offshore structures, or industrial vessels—engineers re­

quire probabilistic predictions of pit depth and morphology to assess 

remaining life, schedule inspections, and plan maintenance activities. 

Because CA models are stochastic and contain several uncertain ki­

netic and transport parameters, a calibration framework capable of 

updating these parameters with new data is essential. The proposed 

Bayesian-surrogate framework provides this capability: it allows the 

model to be updated during operation when inspection or monitoring 

data become available, and it delivers calibrated, uncertainty-quantified 

predictions suitable for integration into structural reliability assessments 

and maintenance planning workflows.

The Bayesian uncertainty quantification framework developed here 

incorporates several advanced features to improve the accuracy and effi­

ciency of simulating pitting corrosion. (i) Correlation analysis (typically 

linear, e.g., Pearson correlation) is first used to identify relationships 

between different corrosion parameters. (ii) This is followed by global 

sensitivity analysis to determine the most influential factors affecting 

corrosion, such as sedimentation and ion diffusion. (iii) Gaussian pro­

cess regression surrogates are then trained using pit depth and aspect 

ratio data to significantly reduce the computational cost of the full 

simulations. (iv) Based on the results of the correlation and sensitiv­

ity analyses, the input space is reduced specifically for the Bayesian 

calibration step, ensuring that only the most impactful parameters are 

considered. (v) Combined with multi-feature calibration, this framework 

enhances the overall accuracy and reliability of the cellular automata 

model in capturing pitting corrosion behavior.

The remainder of the paper is organized as follows. Section 2 reviews 

the modeling methodology, beginning with the CA framework for local­

ized corrosion, developed following the approaches described in Fatoba 

et al. [17] and Babu et al. [4]. The framework includes a detailed rep­

resentation of the electrochemical system, rules governing corrosion 

mechanisms, and CA-based treatment of ionic and precipitate diffusion, 

along with an outline of the algorithmic implementation. Section 2.3 

introduces a reduced-dimension surrogate modeling framework, where 

time-series outputs of geometric features such as maximum pit depth 

and maximum aspect ratio are transformed into low-dimensional quan­

tities via power-law fitting. Section 2.1 describes correlation analysis for 

input screening, and Section 2.3.1 describes the construction of Gaussian 

Process Regression (GPR) models for efficient simulation of CA outputs. 

Section 2.2 describes the global sensitivity analysis (GSA) based on 

Sobol’ indices—both first-order and total effects—to identify key pa­

rameters that influence the variability of model predictions. Section 2.4 

presents a Bayesian inference framework for model calibration, where 

experimental observations are used to obtain the posterior distributions 

of uncertain model parameters. In addition, a probabilistic model valida­

tion metric is introduced in Section 2.5 to assess the predictive accuracy 

of the calibrated models by quantifying the probability that model out­

puts fall within an acceptable tolerance of experimental measurements 

over time. Section 3 presents the results and discussion, using two nu­

merical examples that assess the framework’s accuracy: one based solely 

on pit depth features and another incorporating both depth and aspect 

ratio. These examples demonstrate the added value of geometric detail 

in enhancing predictive accuracy and UQ. Finally, Section 4 summarizes 

the key findings and outlines recommendations for future research in UQ 

of corrosion modeling.

Overall, the intended use of the proposed framework is to serve 

as a predictive and updating tool for existing structures in service. By 

combining physics-based CA modeling with hierarchical surrogates and 

Bayesian inference, the framework enables life-cycle evaluation of cor­

rosion progression, supports risk-informed maintenance decisions, and 

can be updated whenever new observations are collected. This clarifies 

the engineering utility of the approach and its relevance to structural 

integrity management.

2 . Methodology

This section presents the models and analysis tools used in this 

study, including the CA model for simulating pitting corrosion and 

a Bayesian framework for model calibration, uncertainty quantifica­

tion, and propagation. The proposed methodology integrates surrogate 

model construction for computational efficiency, correlation analysis 

for initial screening of input–output relationships, GSA to quantify the 

relative influence of parameters, Bayesian inference to obtain updated 

(posterior) distributions of model parameters, and uncertainty propa­

gation (UP) to evaluate the impact of input parameter uncertainties 

on model predictions over time. To further assess model performance, 

a reliability-based model validation metric is employed to quantify 

the probability that model predictions remain within an acceptable 

tolerance of experimental data across different time instances.

In this study, we employ a two-dimensional CA model adapted 

from Lishchuk et al. [32] and Fatoba et al. [17] and further developed 

in Babu et al. [4] to simulate pitting corrosion at the mesoscopic scale. 

The model captures the key electrochemical mechanisms driving pit evo­

lution, including metal dissolution, ion hydrolysis, diffusion of species, 

and sedimentation of precipitates. The model parameters targeted for 

calibration in this study include those governing the electrochemical 

and diffusion processes that drive the evolution of corrosion pits. These 

parameters include the metal dissolution rate (𝑃corr), the oxidation rate 

(𝑃oxd), and the hydrolysis rates for Fe2+ and Fe3+ ions (𝑃hyd1 , 𝑃hyd2 ). 

Additionally, diffusion probabilities for ionic species (𝑃 ion
diff ) and cor­

rosion products such as Fe(OH)2 and Fe(OH)3 (𝑃 Fe(OH)2
diff , 𝑃 Fe(OH)3

diff ) are 

calibrated, along with the sedimentation factor (Sed) that governs the 

downward movement of precipitates. These parameters are calibrated 

using experimental data to ensure the model accurately reflects corro­

sion behavior and pit development. Detailed implementation of the CA 

framework, including electrochemical reaction mechanisms, diffusion 

rules, and the algorithmic procedure, is provided in Babu et al. [4].

The uncertainty quantification framework built in this paper around 

the traditional CA-based modeling approach consists of the following 

elements:

• Input screening and sensitivity analysis: Correlation analysis is 

used for initial input screening to identify inputs that significantly 

influence the output. This is followed by global sensitivity analysis 

(GSA) using Sobol’ indices to quantify the relative influence of model 
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parameters on pit depth and aspect ratio variability. These steps 

guide dimensionality reduction for efficient and targeted calibration.

• Surrogate modeling: To enable efficient uncertainty quantification 

and parameter sensitivity analyses, a surrogate model is needed 

to reduce the computational burden of repeatedly running the ex­

pensive cellular automata (CA) simulations—particularly within the 

Bayesian calibration framework, where Markov Chain Monte Carlo 

(MCMC) sampling requires thousands of model evaluations to in­

fer posterior distributions of the most influential input parameters. 

Performing these runs using the high-fidelity CA model would 

be prohibitively expensive, making surrogate modeling essential. 

A reduced-dimension, hierarchical surrogate modeling strategy is 

implemented to alleviate the computational cost associated with re­

peated CA simulations. First, (i) time-series outputs of pit depth and 

aspect ratio are fit using power-law functions to parameterize the 

output. Then, (ii) Gaussian Process Regression (GPR) surrogate mod­

els are constructed to relate the fitting coefficients of the power-law 

functions to the CA model parameters, enabling fast and accurate 

approximation of the CA model outputs.

• Bayesian calibration: Bayesian inference is applied to calibrate un­

certain CA model parameters using both maximum pit depth and 

maximum aspect ratio as calibration targets. This multi-feature cali­

bration strategy enhances the model’s ability to capture both vertical 

and lateral aspects of pit morphology, thereby improving predictive 

reliability over prior studies that used only depth-based metrics.

• Uncertainty propagation: Calibrated posterior distributions of CA 

model parameters are used to predict the corresponding distribu­

tions of power law coefficients using the GPR surrogate models. The 

predicted distributions of these power law coefficients are sampled 

and propagated through the power law relationships, thus producing 

probabilistic estimates of pit depth and aspect ratio over time.

• Model validation: The predictive performance of the calibrated 

CA model is assessed using a probabilistic model validation met­

ric by comparing the predicted pit depth and aspect ratio against 

experimental data not used in calibration.

This comprehensive uncertainty quantification (UQ) framework in­

corporates correlation analysis for input screening, global sensitivity 

analysis for identifying influential parameters, hierarchical surrogate 

modeling for computational efficiency, Bayesian inference for param­

eter calibration, uncertainty propagation for probabilistic prediction of 

pit morphology, and model validation to assess predictive performance 

against experimental observations. Together, these components enable 

the prediction of probabilistic model responses under varying input con­

ditions and quantify how parameter uncertainty influences the temporal 

evolution of output features such as pit depth and aspect ratio. The 

proposed UQ framework consists of both inverse analysis (Bayesian in­

ference) and forward analysis (uncertainty propagation in predicting the 

pit evolution), and the computations are made efficient by incorporating 

correlation and sensitivity analyses.

The following subsections describe each of these steps in detail.

2.1 . Preliminary correlation analysis for input screening

Before constructing the surrogate model, a preliminary correlation 

analysis was conducted to gain early insight into the relationships be­

tween uncertain physics model parameters and selected scalar quantities 

of interest (QoIs) [9,24]. This analysis was based on a small ensemble 

of simulation runs generated using a space-filling Design of Experiments 

(DoE) constructed via Latin Hypercube Sampling (LHS) [22,35]. The ob­

jective of this step was to identify dominant physics model parameters 

that have a noticeable influence on the model outputs and to support 

input screening prior to surrogate modeling. This is particularly use­

ful for reducing model complexity, improving computational efficiency, 

and guiding the selection of training points in the surrogate construction 

phase.

Since the model outputs multiple scalar QoIs—denoted as 𝑧(𝑗)model
for 𝑗 = 1,… , 𝑚 (e.g., pit depth, pit aspect ratio, etc.)—correlation co­

efficients were computed between each input parameter 𝜃𝑖 ∈ Θ =
{𝜃1, 𝜃2,… , 𝜃𝑝} and each QoI. The resulting correlation matrix 𝐑 ∈ R𝑝×𝑚

summarizes these pairwise relationships. The resulting correlation ma­

trix 𝐑 ∈ R𝑝×𝑚 summarizes the pairwise linear relationships between 

each of the 𝑝 uncertain model parameters and the 𝑚 scalar quantities of 

interest extracted from the model responses. Each element of the matrix 

is defined using the Pearson correlation coefficient: 

𝑅𝑖𝑗 =
Cov(𝜃𝑖, 𝑧

(𝑗)
model)

𝜎𝜃𝑖 𝜎𝑧(𝑗)model

, (1)

where Cov(⋅, ⋅) denotes the sample covariance, and 𝜎𝜃𝑖 , 𝜎𝑧(𝑗)model
 are the 

standard deviations of input 𝜃𝑖 and output 𝑧(𝑗)model, respectively. Values of 

𝑅𝑖𝑗  close to ±1 indicate a strong linear correlation (positive or negative), 

while values near zero suggest a weak or no linear relationship.

Due to the limited number of samples in this preliminary stage, the 

correlation values are treated as qualitative indicators rather than defini­

tive metrics. Nonetheless, they provide initial screening for identifying 

parameters with negligible effect on the output, which may be fixed at 

chosen values (e.g., mean value) to reduce the dimensionality of the 

surrogate or Bayesian model parameters without compromising fidelity. 

A more comprehensive and quantitative sensitivity analysis was later 

carried out as described in Section 2.2.

2.2 . Global sensitivity analysis

In this study, GSA is performed using outputs from the high-fidelity 

CA model. The objective of GSA is to quantify the relative contribu­

tions of uncertain model inputs and parameters to the uncertainty in 

the output QoIs 𝐳model. This is particularly valuable for identifying dom­

inant inputs and model parameters, thus guiding experimental design 

and prioritizing further model refinement.

In this work, we adopt a variance-based GSA method using Sobol’ 

indices [59,60]. For each constructed surrogate model output feature 

𝐳̂model(Θ), the total output variance V[𝐳model] can be decomposed into 

contributions from individual parameters and their interactions as: 

V[𝑧model] =
𝑝
∑

𝑖=1
V𝑖 +

∑

𝑖<𝑗
V𝑖𝑗 +⋯ + V1,2,…,𝑝, (2)

where V𝑖 = V𝜃𝑖 [E[𝐳model ∣ 𝜃𝑖]] is the first-order contribution of model 

parameter 𝜃𝑖, and V𝑖𝑗 , V𝑖𝑗𝑘, etc., represent higher-order interaction 

terms.

The normalized first-order Sobol’ index for parameter 𝜃𝑖 is defined as:

𝑆𝑖 =
V𝑖

V[𝐳model]
, (3)

which measures the fractional contribution of 𝜃𝑖 to the total output 

variance, ignoring interaction effects.

Similarly, the total-effect index is given by: 

𝑆𝑇
𝑖 = 1 −

V∼𝑖
V[𝐳model]

, (4)

where V∼𝑖 denotes the variance of the output excluding all terms in­

volving 𝜃𝑖. The total-effect index captures the interaction effects of a 

parameter with other parameters in addition to its individual effect.

2.3 . Hierarchical surrogate modeling framework

High-fidelity computational models (e.g., finite element, cellular au­

tomata, phase-field, or peridynamics models) are often computationally 

expensive and produce high-dimensional or structured outputs, such 
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as time-series data, spatial fields, or multi-variate responses. This com­

plexity becomes particularly challenging in applications that require re­

peated evaluations, such as GSA, UQ, and design optimization, where the 

computational cost can quickly become prohibitive. A notable example 

is Bayesian model calibration, where the direct use of high-fidelity 

models remains impractical, since Markov Chain Monte Carlo (MCMC) 

sampling, in particular the Metropolis–Hastings algorithm [21,45], typ­

ically requires thousands of forward model evaluations in Bayesian 

calibration. When each single model run is computationally demanding, 

using the high-fidelity computational model makes Bayesian inference 

intractable.

Among the available surrogate modeling techniques, Gaussian 

Process Regression (GPR) is a powerful and flexible choice due to its 

non-parametric and Bayesian nature. Its ability to capture nonlinear 

input–output relationships and quantify prediction confidence makes 

it particularly suitable for scientific applications where data may be 

limited or expensive to generate [49,54].

GPR has found successful application in a variety of disciplines, in­

cluding materials modeling [8,13], geostatistics [47], and deep neural 

networks [14]. In multiscale simulations, for example, GPR has been 

used to simulate computationally intensive crystal plasticity models. 

Moreover, its probabilistic nature makes it well suited for integration 

within Bayesian calibration and UQ frameworks [2,73].

In this work, the dimension reduction-based surrogate modeling 

framework utilizes GPR as a statistical surrogate for the full compu­

tational model. Rather than approximating the entire output field, the 

GPR is trained on a reduced-order representation of the output, specif­

ically, scalar features extracted from the high-dimensional simulation 

response. The surrogate model reduces the computational cost of re­

peated evaluations required during MCMC while retaining the capacity 

to quantify uncertainty in both model outputs and parameter estimates. 

Furthermore, the probabilistic formulation of GPR integrates naturally 

with Bayesian inference and provides both the mean and variance of the 

predictions.

2.3.1 . Gaussian process regression

In the proposed framework, a hierarchical surrogate modeling strat­

egy is employed to approximate the behavior of a high-fidelity computa­

tional model that includes both a deterministic simulation and a model 

discrepancy term. The true system response 𝐲 ∈ R𝑞  is assumed to be 

governed by: 

𝐲 = 𝐺(Θ, 𝐱) + 𝛿(𝐱), (5)

where 𝐺(Θ, 𝐱) is a deterministic computational model, Θ ∈ R𝑝 are un­

certain model parameters, 𝐱 ∈ R𝑑  are controllable input variables, and 

𝛿(𝐱) ∈ R𝑞  captures the discrepancy between the computational model 

and the physical system, where 𝑞 denotes the number of discrepancy 

terms.

A set of scalar features is extracted from the full model response using 

a feature transformation operator F : 

𝐳model = F (𝐲) ∈ R𝑚, (6)

which defines the target quantities for the surrogate model.

This transformation serves two primary purposes. First, the output 

𝐲 of high-fidelity simulations is often high-dimensional or structured 

(e.g., time-dependent curves, spatial fields, or multivariate responses), 

making direct simulation with regression models inefficient or imprac­

tical. Typical examples include stress–strain response, pit growth as a 

function of time, pit aspect ratio evolution, or crack front propagation—

all of which involve temporally or spatially varying outputs. Second, 

many downstream tasks—such as calibration, optimization, or decision-

making—depend on specific quantities of interest (QoIs) derived from 

the raw model output, such as peak stress, yield strength, and strain en­

ergy in case of mechanical response, geometric descriptors such as pit 

depth, pit aspect ratio, etc. in case of pitting or other scalar performance 

metrics. By mapping the complex output 𝐲 to a reduced set of infor­

mative scalar features 𝐳model, the surrogate modeling problem becomes 

both computationally tractable and focused on predicting outputs that 

are most relevant to the application, such as pit depth and aspect ratio.

The transformation F  can be based on physical knowledge (e.g., 

stress–strain offsets, extrema, integration over domains, or geometric 

measurements) or mathematical dimension reduction techniques (e.g., 

principal component analysis), depending on the context and goals of 

the modeling task [23,33,55,68,69]. Instead of approximating the full-

field model response or time-series outputs, the surrogate focuses on 

the application-relevant output. In this paper, the controllable input 

variables 𝐱 are held fixed, and the surrogate is trained to model the 

dependence of the extracted QoIs 𝐳model on the uncertain model param­

eters Θ only. This is particularly relevant for forward UQ or GSA under 

fixed boundary, loading, or environmental conditions.

In this work, GPR is employed to build a probabilistic surrogate 

model, offering both predictive accuracy and quantified uncertainty. 

Although the simulator produces multiple outputs 𝐲 ∈ R𝑞 , we construct 

the surrogate model on the reduced feature set 𝐳model ∈ R𝑚. Each com­

ponent 𝑧(𝑗)model is treated separately and modeled using a separate GPR 

model, yielding a collection of 𝑚 scalar-valued Gaussian Processes (GPs). 

Each surrogate takes the form: 

𝐳̂model(Θ) = GP(𝑚(Θ), 𝑘(Θ,Θ′)) + 𝜖surr, (7)

where the mean function 𝑚(Θ) captures general trends or baseline be­

havior in the data and can take various forms, such as constant, linear, 

or nonlinear functions. The covariance function 𝑘(Θ,Θ′), also referred 

to as the kernel, describes the statistical correlation between the values 

of the GP at two input points (Θ,Θ′) in parameter space and governs the 

smoothness and flexibility of the learned function. The choice of ker­

nel depends on the problem characteristics and may include commonly 

used forms such as the squared exponential (SE), Matérn, or radial basis 

function (RBF) kernel, given by: 

𝑘SE(Θ,Θ′) = 𝜎2𝑓 exp
(

−1
2
(Θ − Θ′)⊤𝐋−2(Θ − Θ′)

)

, (8)

where:

• 𝜎2𝑓  is the signal variance, which controls the overall variability of the 

function,

• 𝐋 = diag(𝓁1,𝓁2,… ,𝓁𝑑 ) is a diagonal matrix of length-scale parame­

ters 𝓁𝑖, each governing the sensitivity of the function to variations in 

the 𝑖-th dimension of Θ.

This kernel assumes the underlying function is infinitely differen­

tiable, leading to smooth and flexible function approximations. The 

length-scales 𝓁𝑖 also serve as an automatic relevance determination 

(ARD) mechanism, and their values are typically inferred from data dur­

ing model training. Finally, the term 𝜖surr ∼ N (0, 𝜎2surr) accounts for the 

residual arising from fitting of the regression model to the training data.

Given training data d = {(Θ𝑖, 𝑧𝑖)}
𝑁
𝑖=1, where 𝑧𝑖 = F (𝐺(Θ𝑖, 𝐱) + 𝛿(𝐱)), 

the GPR posterior at a test input Θ∗ is a Gaussian distribution: 

𝐳̂model(Θ∗) ∣ d ∼ N (𝜇∗, 𝜎∗2), (9)

with predictive mean and variance:

𝜇∗ = 𝑚(Θ∗) + 𝐤𝑇 (𝐾 + 𝜎2𝑛𝐼)
−1(𝐳 − 𝑚(Θ)), (10)

𝜎∗2 = 𝑘(Θ∗,Θ∗) − 𝐤𝑇 (𝐾 + 𝜎2𝑛𝐼)
−1𝐤, (11)

In this formulation, 𝑁  denotes the number of training samples used to 

construct the surrogate model, 𝚯 = [Θ1,… ,Θ𝑁 ]𝑇  denotes the matrix 

of training values of physics model parameters, and 𝐳 = [𝑧1,… , 𝑧𝑁 ]𝑇

is the corresponding vector of extracted feature responses used to train 

the surrogate. The vector 𝐤 = [𝑘(Θ∗,Θ1),… , 𝑘(Θ∗,Θ𝑁 )]𝑇  represents the 
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covariance between a new test point Θ∗ and each of the training inputs. 

The kernel matrix 𝐾 ∈ R𝑁×𝑁  is constructed such that each entry is 

given by 𝐾𝑖𝑗 = 𝑘(Θ𝑖,Θ𝑗 ), where 𝑘(⋅, ⋅) is the covariance function. The 

mean vector 𝑚(Θ) is evaluated at the training physics model parameters 

and represents the baseline trend of the response before accounting for 

any correlation structure captured by the kernel. The term 𝜎2𝑛  accounts 

for the surrogate residual variance and any observational noise in the 

training data.

The hyperparameters of the GPR surrogate model, including kernel 

parameters and noise variance 𝜎2𝑛 , are typically learned by maximizing 

the marginal likelihood of the observed data. This results in a predictive 

model that provides both the mean and variance of the prediction, thus 

making GPR well-suited for uncertainty-aware modeling tasks.

2.4 . Bayesian model calibration

Following correlation analysis (in Section 2.1), GSA (in Section 2.2), 

and surrogate model construction (in Section 2.3.1), Bayesian inference 

is used to calibrate the uncertain model parameters Θ ∈ R𝑝 and the 

model discrepancy term 𝛿 ∈ R𝑞  using available observational data. The 

goal is to infer the posterior distribution of (Θ, 𝛿) given the observed QoIs 

while accounting for model discrepancy, data noise, and prior knowl­

edge. The Bayesian framework provides a unified probabilistic approach 

that assigns prior distributions to unknown parameters and computes 

their posterior distributions in light of the observed data [26,46,63]. 

Unlike deterministic or point-estimate methods [16,17,32], it is well 

suited for cases where both epistemic and aleatory uncertainty must be 

represented explicitly.

In Bayesian model calibration, the discrepancy function 𝛿(⋅) captures 

systematic bias between model predictions and experimental observa­

tions. Several functional forms of 𝛿(⋅) have been proposed, ranging 

from constant offsets to parametric expressions to Gaussian Process 

(GP) structures with correlation across the input domain [31]. These 

forms introduce an increasing number of hyperparameters that describe 

variance, correlation lengths, and smoothness. Because only a single ex­

perimental dataset is available in this study, a constant discrepancy is 

adopted to avoid overfitting and non-identifiability, while still allowing 

for the correction of structural bias in the CA model.

The overall workflow consists of surrogate-based prediction, prior 

specification, and posterior sampling via the Metropolis–Hastings 

MCMC algorithm, as summarized in Fig. 1.

Let 𝐳obs ∈ R𝑚 denote the experimental feature vector and 𝐳̂model the 

surrogate-based model prediction. Bayes’ theorem yields 

𝑝(Θ, 𝛿 ∣ 𝐳obs) =
𝑝(𝐳obs ∣ Θ, 𝛿) 𝑝(Θ) 𝑝(𝛿)

𝑝(𝐳obs)
. (12)

The likelihood is modeled as a multivariate Gaussian:

𝑃 (𝐳obs ∣ 𝚯, 𝜹) = 1
(2𝜋)𝑚∕2|𝚺total|

1∕2

× exp
(

− 1
2 (𝐳obs − 𝐳̂model)

𝑇𝚺−1
total(𝐳obs − 𝐳̂model)

)

, (13)

where 

𝚺total = 𝚺obs + 𝚺surr + 𝚺𝛿 . (14)

• 𝚺obs represents measurement uncertainty,

• 𝚺surr is the posterior predictive covariance from the GP surrogate, 

and

• 𝚺𝛿  represents uncertainty associated with the constant discrepancy.

Strong empirical correlations among the features (e.g., 0.97 between 

𝐶1–𝐶2, 0.99 between 𝑚1–𝑚2, and −0.86 between 𝐶1–𝑚1) motivated the 

use of a full covariance structure. All three covariance components are 

specified a priori and are not inferred during MCMC; their values are 

fixed based on experimental uncertainty quantification and GP surrogate 

outputs. This ensures reproducibility of the likelihood specification and 

avoids mixing covariance estimation with parameter calibration.

Because the marginal likelihood 𝑝(𝐳obs) is intractable, the posterior 

is sampled using a Metropolis–Hastings MCMC scheme based on the 

unnormalized density 

𝑝(Θ, 𝛿 ∣ 𝐳obs) ∝ 𝑃 (𝐳obs ∣ Θ, 𝛿) 𝑝(Θ) 𝑝(𝛿). (15)

At iteration 𝑡, a proposal is generated via Gaussian random-walk:

Θ∗ = Θ(𝑡) + 𝜎Θ N (0, 𝐼),

𝛿∗ = 𝛿(𝑡) + 𝜎𝛿 N (0, 𝐼),

where the proposal variances 𝜎Θ and 𝜎𝛿  control mixing. The acceptance 

probability is 

𝛼 = min

(

1,
𝑃 (Θ∗, 𝛿∗ ∣ 𝐳exp)
𝑃 (Θ(𝑡), 𝛿(𝑡) ∣ 𝐳exp)

)

(16)

The chain is updated according to

(Θ(𝑡+1), 𝛿(𝑡+1)) =

{

(Θ∗, 𝛿∗), with prob. 𝛼,
(Θ(𝑡), 𝛿(𝑡)), otherwise.

After burn-in removal and autocorrelation diagnostics [18], the 

remaining samples form an empirical approximation of the joint pos­

terior. These samples are subsequently used for parameter inference, 

uncertainty propagation, and validation analysis.

2.5 . Model validation

Model validation evaluates how well model predictions agree with 

experimental measurements while accounting for observation uncer­

tainty. To achieve this, a quantitative validation metric is employed to 

provide a statistically grounded assessment of model fidelity, especially 

in complex applications such as corrosion prediction. Among existing 

quantitative validation approaches reviewed by Ling and Mahadevan 

[30], probabilistic distance-based metrics are particularly suitable for 

cases with limited data and nonlinear model responses, and this moti­

vates their use in the present work.

In this work, the probabilistic distance-based metric—referred to as 

the model reliability metric—is employed to quantify the probability 

that model predictions fall within a specified tolerance band around the 

experimental observations. This metric, denoted as 𝑃 (𝐻0)(𝑡), quantifies 

the probability that the predicted QoIs at time 𝑡 fall within an acceptable 

tolerance 𝛿𝑡𝑜𝑙 from the corresponding experimental values [1,30,50,71]:

𝑃 (𝐻0)(𝑡) = P
(

|

|

|

𝜌model(𝑡) − 𝜌exp(𝑡)
|

|

|

≤ 𝛿𝑡𝑜𝑙
)

, (17)

where:

• 𝜌model(𝑡) is the model-predicted value of the quantity of interest at 

time 𝑡,
• 𝜌exp(𝑡) is the experimentally measured value at time 𝑡,
• 𝛿𝑡𝑜𝑙 is the specified tolerance threshold accounting for experimental 

uncertainty,

• 𝑃 (𝐻0)(𝑡) is the probability that the model prediction is within 𝛿𝑡𝑜𝑙 of 

the experimental observation.

Numerically, this metric is computed using a sample-based indicator 

function approach [1]: 

𝑃 (𝐻0)(𝑡) =
1
𝑁

𝑁
∑

𝑖=1
𝟙
(

|

|

|

𝜌(𝑖)model(𝑡) − 𝜌exp(𝑡)
|

|

|

≤ 𝛿𝑡𝑜𝑙
)

, (18)

where 𝟙(⋅) is the binary indicator function used to count how many 

model predictions fall within a tolerance band around the experimental 

value.:

𝟙
(

|

|

|

𝜌(𝑖)model(𝑡) − 𝜌exp(𝑡)
|

|

|

≤ 𝛿𝑡𝑜𝑙
)

=

{

1, if ||
|

𝜌(𝑖)model(𝑡) − 𝜌exp(𝑡)
|

|

|

≤ 𝛿𝑡𝑜𝑙 ,

0, otherwise,

and 𝑁  is the total number of posterior samples.
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Fig. 1. Bayesian calibration framework with CA model simulation, feature extraction, surrogate modeling, likelihood evaluation, and Metropolis–Hastings MCMC 

sampling.

This metric provides a probabilistic measure of model accuracy over 

time and can be used to compare competing models or assess the cali­

brated model  [1]. The choice of 𝛿𝑡𝑜𝑙 should reflect realistic measurement 

uncertainty to avoid penalizing models for noise-driven deviations.

3 . Numerical example

This section presents the results of the Bayesian parameter estima­

tion and UQ framework applied to a CA model for pitting corrosion. The 

overall methodology, summarized in the flowchart in Fig. 1 earlier, in­

cludes extraction of scalar QoIs, preliminary correlation analysis, GSA 

to assess parameter importance, construction of a GPR surrogate model, 

Bayesian inference via MH-MCMC sampling for model calibration, and 

computation of a reliability-based validation metric to compare model 

predictions with experimental data. The methodology accounts for var­

ious sources of uncertainty, including measurement noise, surrogate 

prediction error, and physics model parameters and discrepancies.

Two cases are presented to demonstrate the application of the pro­

posed framework under different levels of geometric detail. The first 

focuses on scalar features extracted from the evolution of maximum 

pit depth. The second incorporates both maximum pit depth and max­

imum pit aspect ratio (i.e., ratio of depth to half width), enabling 

simultaneous assessment of depth and lateral growth. This multi-feature 

representation supports the comprehensive calibration of model param­

eters that govern both the extent and morphology of corrosion, thereby 

improving predictive performance. The study highlights how physically 

meaningful, time-dependent feature selection—coupled with UQ—can 

improve the accuracy of model calibration in complex corrosion simu­

lations.

3.1 . CA model setup

The CA model simulates iron corrosion in an aerated aqueous en­

vironment at ambient temperature, replicating experimental pitting 

conditions reported in Fatoba et al. [17]. A two-dimensional lattice space 

consisting of 𝑁𝑥 = 500 elements in the 𝑥-direction and 𝑁𝑦 = 1000 ele­

ments in the 𝑦-direction was employed in the simulations, as shown in 

Fig. 2(a). The domain is vertically divided into two equal halves, with 

the upper half representing the aqueous electrolyte and the lower half 

corresponding to the metallic iron (Fe) substrate. To simulate the labora­

tory electrolyte chemistry, 0.6 moles of NaCl at pH 6.2 were introduced 

into the water phase to promote stable pitting under the assumption that 

the lacy cover had already broken down to allow pit propagation. The 

salt concentration and pH typically reflect that of a seawater environ­

ment. Although NaCl is a neutral salt, its dissociation provides Na+ and 

Cl− ions that increase the ionic strength and indirectly promote H+ for­

mation through hydrolysis and local charge balance, thereby mimicking 

the acidic microenvironment often observed during pit propagation. A 

Moore neighborhood configuration was used to simulate electrochemi­

cal interactions by considering all eight neighboring cells around a given 

lattice site, providing a more realistic representation of mass transport 

and reaction pathways.
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Fig. 2. Cellular automata grid representation of corrosion modeling, where dif­

ferent species (e.g., water, protons, iron ions, hydroxides) are spatially mapped 

in electrolyte and metal regions.

Capillary wall sites C were introduced at the metal–electrolyte in­

terface to regulate electrolyte access and spatially restrict water–iron 

interaction. Acting as a semi-permeable barrier, these sites enable lo­

calized transport and reaction, allowing the model to define an initial 

single pit geometry with a prescribed width 𝜌𝑤,ini. To replicate the cap­

illary tip size used in experiments by Fatoba et al. [17], the initial pit 

width was set to 500 𝜇m (see Fig. 2). Each CA lattice site was scaled 

accordingly, resulting in a spatial resolution of 2.5𝜇m × 2.5𝜇m per cell, 

which was fixed for all simulations. Boundary cells along the left and 

right edges of the metallic domain were excluded from electrochem­

ical reactions to prevent edge effects and ensure proper enforcement 

of electrochemical boundary conditions. This setup maintains localized, 

physically realistic pit formation and ensures numerical stability con­

sistent with experimental conditions. Together, the water chemistry, 

domain structure, and capillary wall configuration establish the initial 

conditions for simulating localized corrosion.

Eight uncertain model parameters Θ ∈ R8 are considered in this 

study; these relate to key physical processes involved in the pitting cor­

rosion simulation. These include the corrosion probability 𝑃corr, which 

governs the transformation of metallic iron (Fe) into ferrous ions (Fe2+), 
and the oxidation probability 𝑃dis, which controls the subsequent con­

version of Fe2+ to Fe3+. The hydrolysis behavior is captured by two 

probabilities, 𝑃hyd1 and 𝑃hyd2, associated with the formation of Fe(OH)2
and Fe(OH)3, respectively. Ion mobility is governed by a shared diffusion 

probability 𝑃 ion
diff  for 𝐻+, Fe2+, and Fe3+, while the transport of hydrol­

ysis products is described separately via 𝑃 Fe(OH)2
diff  and 𝑃 Fe(OH)3

diff . Finally, 

the sedimentation factor Sed introduces a gravity-like bias that influ­

ences the directional diffusion of heavier species within the simulation 

domain. Different subsets of these eight model parameters will be con­

sidered in this numerical example, based on correlation and sensitivity 

analyses, as discussed later.

LHS was employed to generate 1000 high-fidelity CA model runs 

across the uncertain model parameter space. The simulations are 

executed on a high-performance workstation equipped with a 13th Gen 

Intel® Core™ i9-13900K CPU (24 cores, 32 threads) and 128 GB of RAM. 

Each individual simulation requires approximately 2.5 hours to com­

plete. Given a batch of 1000 simulations, the total computational time 

amounts to around 2500 hours, which corresponds to approximately 

3.5 months of continuous processing time if run sequentially. The model 

Table 1 

Parameter ranges for uncertain CA model parameters used in 

LHS.

Group CA Model Parameter Range

Corrosion 𝑃corr (corrosion probability) 0.1 – 0.9

𝑃oxd (oxidation probability) 0.1 – 0.9

𝑃hyd1 (hydrolysis of Fe2+) 0.1 – 0.6

𝑃hyd2 (hydrolysis of Fe3+) 0.1 – 0.6

Diffusion 𝑃 ion
diff  (for H+, Fe2+, Fe3+) 0.1 – 0.9

𝑃 Fe(OH)2
diff  (diffusion of Fe(OH)2) 0.02 – 0.09

𝑃 Fe(OH)3
diff  (diffusion of Fe(OH)3) 0.02 – 0.09

Sed (sedimentation factor) 1 – 8

parameters are sampled (for training the surrogate model) from indepen­

dent uniform distributions, as summarized in Table 1. These parameters 

are grouped into corrosion kinetics (e.g., metal dissolution and hydrol­

ysis), ionic and precipitate diffusion, and sedimentation effects. The 

selected ranges reflect physically plausible regimes informed by prior 

modeling studies [4,17]. Each simulation produced evolving pit mor­

phologies, from which time-dependent quantities of interest, such as 

maximum pit depth, maximum pit width, and maximum aspect ratio, 

were extracted. These geometric features, paired with the corresponding 

LHS-sampled model parameters, were then used to train GPR surrogate 

models and support subsequent tasks such as GSA and Bayesian calibra­

tion. To demonstrate the effectiveness of the proposed framework, two 

cases are presented in the following sections: one considering pit depth 

features alone and the other incorporating both pit depth and aspect 

ratio to capture more detailed pit morphology.

3.1.1 . Feature extraction

To facilitate surrogate modeling, global sensitivity analysis (GSA), 

and uncertainty quantification (UQ), scalar features were extracted from 

the time-dependent outputs of 1000 high-fidelity cellular automata (CA) 

simulations. These simulations were executed on a workstation equipped 

with an Intel® Core™ i9-13900K CPU (24 cores, 32 threads) and 128 GB 

of RAM. On average, each simulation required approximately 2.5 hours 

to complete. Two cases were considered to examine different levels of 

geometric detail in pit evolution.

In Case 1, the analysis focused solely on the temporal evolution 

of maximum pit depth. This approach is motivated by the fact that 

pit depth is one of the most commonly reported and experimentally 

accessible indicators of localized corrosion severity. From each of the 

1000 high-fidelity CA simulations, the temporal evolution of maxi­

mum pit depth was recorded. To convert these time-series outputs into 

low-dimensional, interpretable QoIs, each time series was fit with a 

power-law relation of the form: 

𝜌𝑑max
(𝑡) = 𝐶1𝑡

𝑚1 , (19)

where 𝜌𝑑max
(𝑡) is the maximum pit depth at time 𝑡, and 𝐶1 and 𝑚1

are fitting parameters that serve as scalar features describing the cor­

rosion rate and growth kinetics. The feature 𝐶1 reflects the initial 

corrosion intensity, while 𝑚1 captures the time exponent that governs 

the pit propagation behavior. The use of power-law representations fol­

lows established practice in localized corrosion modeling (e.g.,  Fatoba 

et al. [17], Babu et al. [4]), where both experimental pit-growth mea­

surements and CA-based simulations consistently exhibit power-law 

behavior over time. Because the experimental dataset in this study dis­

plays the same trend, fitting a power-law model does not impose an 

artificial structure but instead captures the intrinsic geometric evolution 

of pitting.

The fitting procedure was applied across all simulation outputs to 

ensure consistency in feature extraction.

The output of each simulation was thus reduced to a feature vector: 

𝐳model = (𝐶1, 𝑚1), (20)
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Fig. 3. Statistical distributions of four power-law coefficients from 1000 high-fidelity CA simulations. Subplots (a) and (b) show the distributions of maximum pit 

depth features (𝐶1, 𝑚1), while (c) and (d) correspond to pit aspect ratio features (𝐶2, 𝑚2) [17].

which serves as the output QoI for surrogate modeling and subsequent 

inference.

In Case 2, the framework was extended to include the evolution of 

the maximum pit aspect ratio, which characterizes the shape of the pit 

as it grows. Similar to depth, the aspect ratio was observed as a function 

of time and fitted with a power-law relation: 

𝐴𝑅max(𝑡) = 𝐶2 𝑡
𝑚2 , (21)

where 𝐴𝑅max(𝑡) denotes the maximum pit aspect ratio over time, and 𝐶2, 

𝑚2 represent the scaling and growth exponent parameters, respectively. 

The reduced output for each simulation in this case was: 

𝐳model = (𝐶1, 𝑚1, 𝐶2, 𝑚2), (22)

enabling simultaneous modeling of both the extent and morphology of 

corrosion evolution.

Fig. 3(a)–(d) illustrates the extraction of four geometric features—𝐶1, 

𝑚1, 𝐶2, and 𝑚2—from 1000 cellular automata (CA) simulations by fitting 

power-law curves to time-series pit morphology data. To evaluate sur­

rogate accuracy in the physical output space, the surrogate-predicted 

power-law coefficients (𝐶1, 𝑚1, 𝐶2, 𝑚2) were inserted into the cor­

responding power-law relations to reconstruct the full pit-depth and 

aspect-ratio trajectories. These reconstructed profiles were then com­

pared against those obtained from the high-fidelity CA simulations 

across a large ensemble of test inputs. The resulting error distributions 

demonstrate that the surrogate models retain high predictive fidelity 

after reconstruction: the mean absolute percentage error (MAPE) ex­

hibits a narrow distribution with a mean value of approximately 6.75%, 

while the coefficient of determination shows a strong skew toward 

unity with a mean of 𝑅2 = 0.8477. Together, these metrics confirm 

that surrogate-induced errors remain small when propagated into the 

physical quantities of interest, and that the surrogate models accu­

rately preserve the high-fidelity CA model behavior in both pit-depth 

and aspect-ratio evolution. The blue, green, cyan, and magenta markers 

denote CA-predicted feature values across different realizations. Each 

feature is compared against a single experimental data point, shown 

respectively as a red, black, yellow, or orange marker.

These experimental values were obtained from an electrochemical–

mechanical pit-growth experiment on API 5L X65 steel, in which pits 

were generated using a three-electrode micro-capillary setup containing 

0.6 M NaCl electrolyte. A 500 𝜇m capillary tip delivered localized expo­

sure to the specimen surface, while a Pt counter electrode and Ag/AgCl 

reference electrode controlled the electrochemical environment. Cyclic 

loading (𝜎max = 200 MPa, R = 0.1, 2 Hz) was applied simultaneously 

to replicate pipeline operating conditions. Under these coupled condi­

tions, a single pit was allowed to evolve over time. Pit morphology was 

captured at selected intervals using a Keyence VK-X200K 3D confocal 

laser microscope, and pit depth and pit aspect ratio were extracted from 

the resulting surface profiles. These two geometric descriptors form the 

experimental dataset used as calibration targets for the power-law fea­

tures shown in Fig. 3, based on measurements reported by Fatoba et al. 

[17].

This approach enables the reduction of time-series output into scalar 

features, which are essential for efficient surrogate modeling, global 

sensitivity analysis, and Bayesian calibration.

3.1.2 . Correlation analysis

Prior to surrogate modeling, Pearson correlation analysis was per­

formed (as detailed in Section 2.1) to investigate linear trends between 

Computers and Structures 321 (2026) 108103 

9 



J.R. Babu, P.M. Karve and S. Mahadevan

Fig. 4. Correlation matrix showing Pearson correlation coefficients between 

physics model parameters and power-law coefficients(𝐶1, 𝑚1, 𝐶2, 𝑚2).

the uncertain model parameters and the extracted scalar features 𝐶1, 𝑚1
(from maximum pit depth) and 𝐶2, 𝑚2 (from maximum pit aspect ra­

tio). The full correlation matrix summarizes all pairwise correlations in 

a compact form in Fig. 4.

Pit depth features (𝐶1, 𝑚1). The initial corrosion intensity coefficient 𝐶1
shows strong positive correlation with the sedimentation factor (Sed =
0.62) and moderate correlations with the hydrolysis probability of 𝐹𝑒3+

(𝑃hyd2 = 0.34) and diffusion probability of 𝐹𝑒(𝑂𝐻)3 (𝑃
𝐹𝑒(𝑂𝐻)3
diff = 0.28). 

These results indicate that increased downward mass transport and pre­

cipitate mobility are associated with faster pit initiation. In contrast, 𝐶1
is negatively correlated with ionic diffusion (𝑃 ion

diff = −0.19), suggesting 

that rapid dispersion of ions from the pit may slow down the initial 

corrosion rate; however, this correlation is weak.

The exponent 𝑚1, which governs the time-dependent pit growth rate, 

exhibits a strong negative correlation with Sed = −0.63, a moderate neg­

ative correlation with 𝑃hyd2 = −0.35, and a moderate positive correlation 

with 𝑃 ion
diff = 0.53. These trends imply that faster ion mobility supports 

sustained pit growth over time, while sedimentation and hydrolysis may 

inhibit long-term propagation.

Pit aspect ratio features (𝐶2, 𝑚2). : The coefficient 𝐶2, which character­

izes the initial rate of aspect ratio change, exhibits moderate correlation 

with Sed = 0.59 and weak positive correlations with 𝑃hyd2 = 0.28, and 

𝑃 𝐹𝑒(𝑂𝐻)3
diff = 0.27. These findings suggest that the early geometry of the 

pit is sensitive to vertical transport effects, which enhance the formation 

of deep, narrow features in the initial stages.

For the exponent 𝑚2, which describes the evolution of the pit shape 

over time, the trends closely mirror those of 𝑚1. The strongest nega­

tive correlation is again observed with Sed = −0.59, while the strongest 

positive correlation is with 𝑃 ion
diff = 0.60. This reaffirms the importance 

of balanced ionic mobility over gravitational settling to maintain pit 

geometry evolution and lateral growth.

Across all four features, sedimentation (Sed) emerges as the most in­

fluential parameter, positively affecting early-stage growth rates (𝐶1, 𝐶2)
while negatively impacting the long-term growth exponents (𝑚1, 𝑚2). 
This dual role reflects its physical interpretation: while gravity-driven 

species transport initially enhances localized attack, it can hinder sus­

tained transport and growth by causing stagnation or clogging near 

the pit base. Ionic diffusion (𝑃 ion
diff ) consistently shows a positive influ­

ence on time-dependent exponents 𝑚1 and 𝑚2, highlighting its role in 

facilitating continued corrosion propagation through efficient species

exchange.

3.1.3 . Global sensitivity analysis

The GSA, detailed in Section 2.2, was conducted using the variance-

based Sobol’ method to evaluate the relative contributions of uncertain 

CA model inputs to the variability observed in the extracted feature set 

𝐳model = (𝐶1, 𝑚1, 𝐶2, 𝑚2).
The prior distributions of model parameters (as listed in Table 1) are 

modeled as statistically independent uniform distributions across their 

defined ranges (see Section 3.1.5). A set of 1000 high-fidelity CA simu­

lations, previously generated using Latin Hypercube Sampling (LHS) for 

surrogate model training, was also employed to perform the Sobol’s sen­

sitivity analysis. The UQLab toolbox [40,41] was employed to compute 

the first-order and total-effect Sobol’ indices using this dataset.

Results and interpretation. : Fig. 5(a)-(d) presents the Sobol’ indices for 

all four features. For each, both first-order (blue bars) and total-effect 

(red bars) indices are shown, highlighting direct effects and higher-order 

interactions, respectively.

The results for 𝐶1 and 𝑚1 are presented in Fig. 5(a) and (b), respec­

tively. For 𝐶1, the Sed was found to be the most dominant contributor, 

with a total Sobol’ index of approximately 0.90 and a first-order in­

dex of 0.55, indicating both strong main effects and interaction effects. 

This confirms the dominant role of the diffusion-controlled dissolution 

process, influencing both the onset and sustained progression of pitting 

corrosion. Moderate total contributions were also observed from 𝑃hyd2

and 𝑃 Fe(OH)3
diff , suggesting the role of hydrolysis and precipitate diffusion 

in early-stage corrosion behavior. Interestingly, ionic diffusion (𝑃 ion
diff ) ex­

hibited a moderate total effect (0.34) but a lower first-order effect (0.02), 

indicating significant interactions with other parameters.

For 𝑚1, which governs the time-dependent pit growth rate, the sedi­

mentation factor remained the most influential input (total index: 0.76; 

first-order: 0.47). Ionic diffusion again showed strong influence, with a 

total Sobol’ index of 0.43, followed by 𝑃hyd2 and 𝑃corr with smaller but 

non-negligible contributions, suggesting that rapid ionic mobility and 

hydrolysis play critical roles in sustaining corrosion propagation.

For 𝐶2, which reflects the initial lateral corrosion intensity (aspect 

ratio growth), the Sed again emerged as the most dominant contribu­

tor, with a total Sobol’ index of approximately 0.93 and a first-order 

index of 0.50. This highlights the importance of a diffusion-controlled 

dissolution process in shaping not only vertical but also lateral corro­

sion features. Additionally, 𝑃 ion
diff  contributed significantly (total index: 

0.46; negligible first-order), suggesting that mass transport effects play 

a critical role in the formation and expansion of lateral pit structures. 

Moderate influence was also observed from the 𝑃hyd2, 𝑃corr, and 𝑃oxd, 

indicating that local chemistry and oxidation processes also modulate 

geometric pit morphology.

For 𝑚2, which governs the time-dependent growth rate of pit aspect 

ratio, Sed, and 𝑃 ion
diff  were again the dominant parameters, with total 

Sobol’ indices of 0.71 and 0.52, respectively, and corresponding first-

order indices of 0.41 and 0.27. This indicates strong main effects from 

both parameters. The relatively narrow gap between total and first-order 

indices for 𝑚2 (compared to 𝑚1) suggests more additive, less interactive 

behavior in the lateral propagation mechanism. Nonetheless, secondary 

contributions from 𝑃hyd2 imply hydrolysis processes also influence the 

geometric evolution over time.

The GSA reveals that Sed and 𝑃 ion
diff  are consistently dominant contrib­

utors to the variability in all four extracted features—𝐶1, 𝑚1, 𝐶2, and 𝑚2. 

For 𝐶1 and 𝐶2, which reflect the intensity of pit depth and aspect ratio 

growth, respectively, Sed exhibits the highest total Sobol’ indices (ap­

proximately 0.90 and 0.93), with corresponding first-order effects also 

being substantial. This suggests that the diffusion-controlled dissolution 

process plays a central role in the onset and development of both vertical 

and lateral pit geometries. Moderate contributions from 𝑃hyd2 highlight 

the role of chemical speciation in shaping early-stage corrosion. For the 

time exponents 𝑚1 and 𝑚2, which control the growth kinetics, both Sed
and 𝑃diffion again show strong influence, indicating that ion mobility 

and vertical mass flux significantly govern the sustained propagation of 
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Fig. 5. First-order (blue) and total-effect (red) Sobol’ sensitivity indices for all four power-law coefficients: (a) 𝐶1, (b) 𝑚1, (c) 𝐶2, and (d) 𝑚2.

pits. Notably, in all cases, the differences between total and first-order 

indices—particularly for Sed and 𝑃 ion
diff —underscore the importance of 

higher-order, nonlinear interactions among inputs. This highlights the 

complexity of the underlying corrosion process, where the effects of 

physics model parameters are not purely additive but coupled through 

interdependent transport and reaction pathways.

The GSA results are broadly consistent with the findings from the 

earlier Pearson correlation analysis. In both analyses, the sedimentation 

factor (Sed) and ionic diffusion probability (𝑃 ion
diff ) consistently emerged 

as the most influential parameters affecting all four extracted features 

(𝐶1, 𝑚1, 𝐶2, 𝑚2). Similarly, 𝑃 ion
diff , which showed moderate positive corre­

lations with the exponents 𝑚1 and 𝑚2, was also identified in the GSA as 

a dominant contributor to their variability. Secondary parameters such 

as 𝑃hyd2 and 𝑃 Fe(OH)3
diff , which showed weak to moderate correlations in 

the Pearson analysis, also appeared with modest influence in the Sobol’ 

indices. This consistency reinforces confidence in the physical interpre­

tations drawn from both analyses, while also validating the GSA as a 

robust tool for understanding parameter influence. Table 2 summarizes 

the selection of physics model parameters for use in Bayesian calibration 

and uncertainty quantification, based on a combination of correla­

tion analysis and Sobol’ sensitivity indices. The inputs are categorized 

by physical processes—corrosion, diffusion, and other—and evaluated 

according to their maximum absolute correlation and their highest total-

effect Sobol’ indices across all the power-law coefficients. Parameters 

such as Sed, 𝑃 ion
diff , and 𝑃hyd2  were chosen for calibration due to their con­

sistently high influence across both metrics, indicating their significant 

contribution to output variability and morphological evolution. In con­

trast, parameters like 𝑃hyd1  and 𝑃 Fe(OH)2
diff , which exhibited low correlation 

and negligible sensitivity, were excluded from the calibration process 

and held fixed at nominal values. Moderately influential inputs—such 

as 𝑃corr, 𝑃oxd, and 𝑃 Fe(OH)3
diff —were marked as optional, depending on 

the desired trade-off between model simplicity and accuracy. This com­

bined use of correlation and global sensitivity analyses ensures that the 

Bayesian calibration focuses on the most influential parameters, im­

proving computational tractability while preserving the precision of the 

calibration results [31,51].

3.1.4 . Surrogate model construction

In this section, GPR surrogate models were constructed (as described 

in Section 2.3) to simulate the relationship between the uncertain 

model parameters Θ and the extracted geometric features 𝐳model =
(𝐶1, 𝑚1, 𝐶2, 𝑚2) from the high-fidelity CA simulations. These surrogate 

models serve as computationally efficient approximations of the CA 

simulator under fixed input variables 𝐱 and specified boundary and 

environmental conditions.

Separate GPR models were trained for each scalar feature—𝐶1 and 

𝑚1 from maximum pit depth evolution, and 𝐶2 and 𝑚2 from maximum 

aspect ratio evolution—using data from 1000 LHS runs. The input to 

each model was the eight-dimensional vector of uncertain model pa­

rameters Θ ∈ R8, and the corresponding output was each one of the 

extracted power-law features. To ensure generalization and avoid over­

fitting, the dataset was randomly split: 80% of samples were used for 

training and 20% for testing, based on MATLAB’s cvpartition function. 

Each GPR model employed a linear basis function to represent global 

trends, and an automatic relevance determination squared exponential 

(ARD-SE) kernel to capture smooth nonlinear interactions among inputs. 

Specifically, the kernel function was set to ardsquaredexponential, 

and the basis function was set to linear. Model construction and 
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Table 2 

Parameter selection for Bayesian calibration using correlation and Sobol’ sensitivity measures.

Group Input Parameter Corr (max |𝑅|) Sobol Max Total Index Recommended for calibration Reason for Inclusion

Corrosion 𝑃corr 0.2130 0.27378 Optional Moderate correlation and sensitivity; captures some variation.

𝑃oxd 0.0683 0.25876 Optional Low correlation, modest Sobol index; possible nonlinear 

effects.

𝑃hyd1 0.0070 0.19743 No Negligible influence across outputs.

𝑃hyd2 0.3520 0.29485 Yes Moderate influence across outputs; consistent effect.

Diffusion 𝑃 ion
diff 0.5955 0.52843 Yes Strongest combined influence; dominant across all outputs.

𝑃 Fe(OH)2
diff 0.0450 0.00887 No Minimal contribution; both metrics near zero.

𝑃 Fe(OH)3
diff 0.2791 0.00769 Optional Moderate correlation but negligible sensitivity; mostly linear 

effect.

Other Sed 0.6290 0.93167 Yes Highest influence across all metrics; essential for calibration.

Fig. 6. GPR surrogate model predictions versus CA simulation outputs for extracted features: (a) 𝐶1, (b) 𝑚1, (c) 𝐶2, and (d) 𝑚2. The mean fit line is shown in black 

for all plots. Blue circles represent training data, and red circles represent testing data.

training were implemented using the fitrgp function from MATLAB’s 

Statistics and Machine Learning Toolbox [42].

Model testing and performance evaluation. The predictive performance 

of the trained GPR surrogate models was evaluated using both training 

and testing datasets. Fig. 6(a)–(d) presents scatter plots comparing the 

predicted versus actual values for 𝐶1, 𝑚1, 𝐶2, and 𝑚2, respectively, on 

both training and testing datasets. The predictive accuracy of each GPR 

model was quantified using the coefficient of determination (𝑅2) and 

the mean absolute percentage error (MAPE) for both training and test­

ing datasets. Fig. 7 summarizes the performance metrics across all four 

power-law coefficients.

The trained surrogate models were verified using the testing dataset. 

The results show that all models achieve strong predictive capabilities, 

particularly for the power law model exponents 𝑚1 and 𝑚2, which yield 

testing 𝑅2 values of 0.98 and 0.97, respectively, and MAPE values un­

der 7.5%. The power law model coefficients 𝐶1 and 𝐶2 exhibit slightly 

lower but still satisfactory predictive performance, with 𝑅2 values of 

0.90 and 0.87 and MAPE values of 15.02% and 14.20%, respectively. For 

completeness, surrogate accuracy was also quantified directly against 

high-fidelity CA simulations. Using surrogate-reconstructed trajectories, 

the pit-depth model attains 𝑅2 = 0.8934 with MAPE = 9.93%, while the 

aspect-ratio model attains 𝑅2 = 0.8997 with MAPE = 8.35%, indicating 

strong agreement with the corresponding CA-predicted physical out­

puts. These outcomes confirm that the surrogate models are sufficiently 

accurate to support subsequent GSA and Bayesian inference tasks.

3.1.5 . Bayesian calibration: setup and results

The mathematical formulation and implementation details of 

the Bayesian calibration framework have been described earlier 
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Fig. 7. Performance metrics for GPR models across all four power-law coeffi­

cients (𝐶1, 𝑚1, 𝐶2, 𝑚2). Bar plots represent training and testing values for 𝑅2 and 

MAPE. Blue and orange bars correspond to 𝑅2 for training and testing, while 

yellow and purple bars denote MAPE for training and testing, respectively.

in Section 2.4. In this section, we present the numerical results of the 

Bayesian calibration for the two cases introduced previously.

The goal is to infer the posterior distributions of the uncertain physics 

model parameters 𝚯 ∈ R8 by comparing the surrogate model predictions 

of extracted geometric features against experimentally observed values. 

Case 1 uses (𝐶1, 𝑚1) as calibration targets derived from maximum pit 

depth evolution, while Case 2 extends the analysis to the full feature set 

(𝐶1, 𝑚1, 𝐶2, 𝑚2) by including pit aspect ratio dynamics.

The MH-MCMC algorithm was employed to construct the poste­

rior distribution, using the trained GPR surrogate models (presented 

in Section 3.1.4) to evaluate the likelihood at each iteration. All prior 

distributions were assumed to be uniform over the ranges in Table 1, and 

the total number of MCMC iterations was set to 5 million across all cases 

discussed below. Convergence of the MCMC chains was assessed using 

autocorrelation diagnostics and visual inspection of trace plots, follow­

ing the guidelines in [18]. Chains showed decay in autocorrelation and 

reached stable regions after initial transients, supporting the decision to 

discard the first half of the samples as burn-in to ensure reliable pos­

terior estimation. This allowed for the estimation of the joint posterior 

distribution of both the uncertain model parameters (Θ) and the discrep­

ancy terms (𝛿) introduced to account for the structural limitations of the 

computational model.

3.1.6 . Case 1: Calibration using pit depth alone

In Case 1, Bayesian calibration was performed using only pit depth 

evolution time series; from this time series data, two features are 

extracted—𝐶1 and 𝑚1—which quantify the initial magnitude and tem­

poral evolution of the maximum pit depth. These outputs are physically 

meaningful and readily extractable from experiments, making them 

ideal targets for calibration.

To investigate the effect of physics model parameter dimensionality 

on identifiability and predictive accuracy, three calibration cases were 

defined:

• Case 1a (8 parameters): All eight uncertain model parameters were 

calibrated simultaneously. While this setup allows for comprehensive 

exploration of parameter interactions, it also presents challenges 

related to overparameterization and reduced identifiability.

• Case 1b (6 parameters): This reduced case excluded 𝑃hyd1 and 

𝑃 Fe(OH)2
diff , which were previously shown to have negligible influence 

on 𝐶1 and 𝑚1 through Sobol’ and Pearson correlation analyses. The 

reduced parameter space aimed to improve inference quality and 

computational efficiency.

• Case 1c (3 parameters): This minimalist setup included only the 

three most influential parameters: 𝑃hyd2, 𝑃 ion
diff  and Sed. It served as a 

test of whether reliable calibration could be achieved with the benefit 

of an efficient, reduced-parameter calibration approach.

In all cases, samples from the prior distribution were generated using 

LHS. Posterior inference was performed using MCMC, and kernel density 

estimation (KDE) was used to visualize posterior contraction and central 

tendency. An acceptance rate of approximately 45.01% was achieved for 

Case 1a. For Case 1b, the acceptance rate improved to 53.58%, and for 

Case 1c, it reached 67.70%. This improvement is attributed to the pro­

gressive reduction in the number of calibrated parameters—from 8 in 

Case 1a to 6 in Case 1b and 3 in Case 1c—which reduces the dimension­

ality of the parameter space and simplifies the posterior distribution, 

allowing the sampler to explore it more efficiently and accept proposed 

samples more frequently.

Formulation of the discrepancy term

To enhance the reliability of Bayesian inference and acknowledge 

potential model-form inadequacies, additive discrepancy terms were in­

troduced into the calibration framework. The decision to include specific 

discrepancy terms was guided by comparing the predicted distributions 

(from 1000 high-fidelity CA simulations) of the power-law coefficients 

𝐶1 and 𝑚1 against experimentally observed values of 𝐶1 and 𝑚1.

As shown in Fig. 3(a)–(b), the distribution of 𝐶1 is positively skewed, 

with a large proportion of simulated outcomes underpredicting the 

experimental reference value. This asymmetry suggests a persistent 

structural bias in the surrogate model’s prediction of 𝐶1, which cannot 

be resolved through parameter adjustment alone. To account for this, 

a mean discrepancy term 𝜇𝛿𝐶1  was introduced to absorb this systematic 

offset. Additionally, to reflect uncertainty in the magnitude of 𝐶1 across 

the design space, especially given its widespread nature, an independent 

variance term 𝜎𝛿𝐶1  was also introduced. This allows the inference pro­

cess to recognize not only bias (via 𝜇𝛿𝐶1 ) but also stochastic variability 

in the observed response.

In contrast, the distribution of 𝑚1 appears approximately symmet­

ric and centered near the experimental observation, indicating that the 

surrogate model captures its central tendency reasonably well. However, 

noticeable spread and tail behavior suggest the presence of residual vari­

ability not captured by the model. To account for this uncertainty, a 

variance discrepancy term 𝜎𝛿𝑚1  was included. The discrepancy terms 

function like regularization terms that prevent overfitting, i.e., avoid 

ascribing all of the difference between prediction and observation to the 

model parameters.

Posterior distributions and parameter insights

Posterior distributions revealed clear trends in parameter identifia­

bility across the calibrated cases, as shown in Fig. 8. The Sed consistently 

exhibited sharp contraction from the prior across all three cases, under­

scoring its dominant role in controlling the rate of pit deepening. The 

posterior mean shifted significantly away from the prior center, sug­

gesting strong data influence. A similar trend was observed for the ionic 

diffusion probability (𝑃 ion
diff ), particularly in Cases 1b and 1c, where its 

posterior became sharply peaked.

In contrast, 𝑃hyd1  and 𝑃 Fe(OH)2
diff  showed little to no posterior update in 

Case 1a, validating their exclusion in reduced-dimensional Cases 1b and 

1c. Their posteriors remained nearly uniform, indicating weak sensitiv­

ity to the selected power-law coefficients and poor identifiability under 

the given data.

Intermediate behaviors were seen for 𝑃hyd2 and 𝑃 Fe(OH)3
diff , which ex­

hibited broader posterior contraction in Case 1b than in Case 1a. These 
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Fig. 8. Posterior distributions of all physics model parameters across the three cases of two-feature calibration. Each subplot corresponds to one model parameter: 

(a) 𝑃corr, (b) 𝑃oxd, (c) 𝑃hyd1 , (d) 𝑃hyd2 , (e) 𝑃 ion
diff , (f) 𝑃 Fe(OH)2

diff , (g) 𝑃 Fe(OH)3
diff , and (h) Sed.

parameters, though not dominant individually, were more identifiable 

when the confounding influence of low-sensitivity parameters was 

removed.

Model discrepancy terms

Discrepancy modeling provided additional insight into the struc­

tural limitations of the model. The mean discrepancy for 𝐶1 (𝜇𝛿𝐶1 ) was 
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Fig. 9. Posterior distributions of model discrepancy hyperparameters inferred during two-feature calibration. Each subplot corresponds to a different hyperparameter: 

(a) 𝜇𝛿𝐶1
, (b) 𝜎𝛿𝐶1 , and (c) 𝜎𝛿𝑚1 .

significantly updated across all three cases, consistently indicating the 

presence of a systematic underprediction by the computational model. 

This finding supports the inclusion of additive discrepancy terms to 

account for structural bias in the simulator.

The variance components of the discrepancy terms exhibited dis­

tinct behaviors across the two calibrated power-law coefficients. The 

posterior distribution of 𝜎𝛿𝐶1  remained broadly similar to its uniform 

prior, indicating that this term was weakly constrained by the calibra­

tion data. This suggests that while the model exhibited a systematic bias 

in predicting 𝐶1—captured effectively by the mean discrepancy term 

𝜇𝛿𝐶1 —the available observations provided limited information to resolve 

the extent of its residual variability.

In contrast, the posterior of 𝜎𝛿𝑚1  showed pronounced contraction 

from the prior across all three calibration cases, with consistent and 

well-defined peaks. This reflects that the data were sufficiently informa­

tive to constrain the residual uncertainty in the growth exponent 𝑚1. 

The inclusion of 𝜎𝛿𝑚1  therefore plays a key role in quantifying epis­

temic uncertainty, enabling the model to represent the spread in 𝑚1
predictions without attributing it to structural bias. Together, these re­

sults underscore the benefit of selectively incorporating feature-specific 

discrepancy terms based on empirical evidence of residual behavior.

3.1.7 . Case 2: Calibration using both pit depth and aspect ratio

In Case 2, Bayesian calibration was implemented to incorporate not 

only pit depth but also pit aspect ratio. Four experimentally derived 

features—𝐶1, 𝑚1, 𝐶2, and 𝑚2—which jointly characterize both the initial 

magnitude and temporal evolution of the maximum pit depth and maxi­

mum pit aspect ratio were utilized in this calibration. It was investigated 

whether this expanded set of outputs allows for a more comprehensive 

calibration and enables improved predictive performance of the model.

To systematically evaluate the effect of parameter dimensionality 

on calibration quality, the same three calibration configurations de­

scribed in the two-feature case were reused: the full 8-parameter model 

(Case 2a), a reduced 6-parameter model (Case 2b) excluding parameters 

with minimal influence, and a 3-parameter model (Case 2c) focused on 

the most influential factors based on global sensitivity and correlation 

analyses.

All Bayesian inference components—prior samples using LHS, dis­

crepancy modeling, likelihood formulation, and posterior estimation via 

Metropolis-Hastings MCMC—were implemented consistently with the 

approach used for the two-feature case. KDE was employed to visualize 

posterior distributions and assess contraction around plausible parame­

ter regions. An acceptance rate of approximately 40.08% was achieved 

for Case 2a. For Case 2b, the acceptance rate increased to 47.43%, and 

for Case 2c, it further improved to 61.03%. These trends closely mirror 

those observed in the two-feature calibration (Case 1), where accep­

tance rates increased from 45.01% in Case 1a to 67.70% in Case 1c. 

The slightly lower acceptance rates observed in Case 2 are likely due to 

the additional constraint introduced by incorporating aspect ratio as a 

calibration target, which tightens the posterior distribution and reduces 

the probability of accepting proposed samples.

Formulation of the discrepancy term

To prevent the overfitting in Bayesian calibration and account for 

potential structural inadequacies, the discrepancy term adopted in the 

two-feature calibration—comprising 𝜇𝛿𝐶1 , 𝜎𝛿𝐶1 , and 𝜎𝛿𝑚1 —is again pur­

sued here to include additional terms targeting the newly introduced 

power-law coefficients, 𝐶2 and 𝑚2.

• For 𝐶2, a similarly skewed distribution was observed (as with 𝐶1, 

shown in Fig. 3(c)), necessitating both a mean discrepancy term 

𝜇𝛿𝐶2  to capture systematic bias and a variance term 𝜎𝛿𝐶2  to model 

variability in prediction uncertainty.

• For 𝑚2, while the distribution remained centered near the exper­

imental value (shown in Fig. 3(d)), its visible spread justified the 

inclusion of a variance discrepancy term 𝜎𝛿𝑚2 , analogous to the 

approach used for 𝑚1.

Posterior distributions and parameter insights

Posterior distributions obtained from the 4-feature calibration (𝐶1, 

𝑚1, 𝐶2, 𝑚2) further illuminate trends in parameter identifiability under 

increased observational features, as shown in Fig. 10. Note that the ad­

ditional consideration of aspect ratio serves as a constraint on the pit 

geometry and makes the calibration information more realistic; not con­

sidering the aspect ratio will make the calibrated model unrealistic in 

predicting the pit geometry evolution.

Across all three calibration cases, the Sed parameter continued to 

exhibit strong posterior contraction, with even sharper peaks and fur­

ther shifts in the posterior mean compared to the 2-feature model. This 

reaffirms its critical role in governing both pit depth and pit aspect ra­

tio dynamics. A similar pattern was observed for 𝑃 ion
diff , whose posteriors 

remained tightly concentrated, particularly in Cases 2 and 3, where di­

mensionality was reduced. The consistency in sharp contraction across 

both models emphasizes the parameter’s dominant influence.

Notably, with the inclusion of 𝐶2 and 𝑚2 as calibration output QoIs, 

𝑃 Fe(OH)3
diff  and 𝑃hyd2 exhibited clearer identifiability than in the 2-feature 

case. Their posterior distributions showed greater narrowing and shifted 

means, especially in Case 2, indicating enhanced sensitivity under richer 

observational data.

In contrast, 𝑃hyd1 and 𝑃 Fe(OH)2
diff  continued to show minimal contraction 

from their priors in Case 1, confirming their limited influence on all four 

power-law coefficients. Their exclusion in reduced Cases 2 and 3 remains 

well-justified.

Interestingly, 𝑃corr and 𝑃oxd, which had limited identifiability un­

der the 2-feature model, showed improved but modest contraction in 

the 4-feature setup, particularly in Case 2. This suggests a weak but 

non-negligible correlation with the additional outputs, though their role 

Computers and Structures 321 (2026) 108103 

15 



J.R. Babu, P.M. Karve and S. Mahadevan

Fig. 10. Posterior distributions of all physics model parameters across the three cases of four-feature calibration. Each subplot corresponds to one model parameter: 

(a) 𝑃corr, (b) 𝑃oxd, (c) 𝑃hyd1 , (d) 𝑃hyd2 , (e) 𝑃 ion
diff , (f) 𝑃 Fe(OH)2

diff , (g) 𝑃 Fe(OH)3
diff , and (h) Sed.

remains secondary to the more influential transport and sedimentation 

parameters.

Overall, the 4-feature calibration not only reinforced conclusions 

drawn from the 2-feature case but also sharpened inference on 

a broader subset of parameters. The added observational richness 

led to clearer posterior contraction and improved distinction be­

tween influential and non-influential parameters across all calibration

cases.
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Fig. 11. Posterior distributions of model discrepancy hyperparameters inferred during four-feature calibration. Each subplot corresponds to a different hyperparameter: 

(a) 𝜇𝛿𝐶1
, (b) 𝜎𝛿𝐶1 , (c) 𝜎𝛿𝑚1 , (d) 𝜇𝛿𝐶2

, (e) 𝜎𝛿𝐶2 , and (f) 𝜎𝛿𝑚2 .

Model discrepancy terms

As in the 2-feature model, the mean discrepancy for 𝐶1 (𝜇𝛿𝐶1 ) 

showed substantial posterior contraction in all three calibration cases, 

reinforcing the earlier finding of systematic underprediction in maxi­

mum pit depth by the surrogate. For 𝐶1, the variance component 𝜎𝛿𝐶1
again displayed weak identifiability, with posteriors closely resembling 

the uniform prior. In contrast, the discrepancy variance for 𝑚1 (𝜎𝛿𝑚1 ) 

continued to exhibit small posterior contraction and shift toward the 

left, indicating that the calibration data were sufficient to resolve its 

stochastic uncertainty.

For the additional power-law coefficients, new discrepancy terms 

were introduced, but these exhibited limited posterior updates (shown 

in Fig. 11):

• The mean discrepancy for 𝐶2 (𝜇𝛿𝐶2 ) remained nearly uniform across 

all cases, suggesting that the posterior distribution was not much 

different from the prior. This indicates a lack of significant evidence 

for systematic bias in the surrogate prediction of 𝐶2. There was no 

significant evidence of systematic bias in the surrogate prediction of 

𝐶2.

• Similarly, the variance discrepancy term 𝜎𝛿𝐶2  showed minimal depar­

ture from the prior, indicating that the observed spread in 𝐶2 could 

not be strongly constrained by the available data.

• The variance discrepancy for 𝑚2 (𝜎𝛿𝑚2 ) showed modest posterior 

contraction, reflecting some sensitivity to the observed variability, 

though less than that observed for 𝑚1.

These results suggest that while discrepancy terms for 𝐶1 and 𝑚1
were critical and well-informed by the data, the added discrepancy terms 

for 𝐶2 and 𝑚2 contributed less to model refinement. Nonetheless, their 

inclusion is necessary to prevent overfitting as discussed earlier.

3.1.8 . Posterior prediction of pit geometry evolution

The posterior samples of model parameters from the Bayesian cali­

bration are used to predict the pit morphology under two configurations: 

(i) the 2-feature model, calibrated solely using maximum pit depth 

evolution (𝐶1, 𝑚1), and (ii) the 4-feature model, which incorporates both 

maximum pit depth and maximum pit aspect ratio evolution (𝐶1, 𝑚1, 𝐶2, 

𝑚2). The posterior samples were propagated through the GPR surrogates 

to generate forward predictions, capturing the impact of parameter un­

certainty on the model’s output. In the following, we first present the 

posterior predictive distributions for these two configurations before re­

constructing how the maximum pit depth and maximum pit aspect ratio 

propagate.

Posterior predictions for two power-law coefficients

To better understand the model’s performance, we examine the pos­

terior predictive distributions for the two power-law coefficients, 𝐶1
and 𝑚1. These distributions are analyzed across three calibration cases, 

each corresponding to different parameter dimensionalities. The objec­

tive is to assess how the inclusion of additional parameters influences 

the model’s ability to predict these two power-law coefficients. Case 1, 

which involves 8 parameters, provides a broad perspective, while Cases 

2 (6 parameters) and 3 (3 parameters) progressively reduce dimension­

ality, enabling a more focused evaluation of the parameter interactions 

and their impact on predictive accuracy.

The posterior predictive distributions for the two power-law coeffi­

cients, 𝐶1 and 𝑚1, reveal distinct sensitivities to parameter dimensional­

ity. For 𝐶1, the predictive distributions across all three calibration cases 

exhibit near-identical shapes, widths, and alignment with the experi­

mental value, as shown in the Fig. 12. All posteriors consistently peak 

around the observed data, and show a rightward shift from the prior 

distribution, regardless of whether 8, 6, or 3 parameters are inferred. 

This consistency indicates that 𝐶1 is robustly identifiable even in higher-

dimensional spaces, and its predictive behavior is largely insensitive to 

the inclusion of low-influence parameters.

In contrast, the predictive distributions for 𝑚1 show a marked 

improvement in sharpness and accuracy with progressive parameter 

reduction. In all cases, the distribution is slightly offset from the exper­

imental data, with Case 3 (3 parameters) producing a sharply peaked 

distribution. This trend suggests that 𝑚1 is more sensitive to parameter 

interaction and benefits from a reduced-dimensional calibration setup. 

These findings highlight the value of sensitivity-informed dimensional­

ity reduction: while it preserves the predictive fidelity of well-identified 
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Fig. 12. Posterior predictions for the two power-law coefficients: (a) 𝐶1, and (b) 𝑚1, across the three calibration cases.

Fig. 13. Posterior predictive distributions for the four power-law coefficients, (a) 𝐶1, (b) 𝑚1, (c) 𝐶1, (d) 𝑚1, across the three calibration cases.

features like 𝐶1, it significantly enhances the precision and identifiability 

of features like 𝑚1 (Fig. 12).

Posterior predictions for four power-law coefficients

Here, we expand the analysis to the four power-law coefficients—𝐶1, 

𝑚1, 𝐶2, and 𝑚2—to explore how the inclusion of 𝐶2 and 𝑚2 influences the 

predictive distributions and model uncertainty. The posterior predictive 

distributions provide insight into the model’s predictive capabilities un­

der varying parameter dimensionalities across all three calibration cases 

(see Fig. 13).

As discussed in the 2-feature model, the predictive distribution for 𝐶1
showed strong contraction and close alignment with the experimental 

value. In the 4-feature model, this behavior is retained and further 

sharpened—posteriors across all three cases remain consistent and even 

more concentrated. This indicates that incorporating additional outputs 

in the calibration enhances the precision of predictions for 𝐶1 without 

degrading robustness, reinforcing its reliability as a model output.

Across both the two-feature and four-feature calibration settings, 

the posterior predictive distributions for 𝑚1 show consistent narrow­

ing relative to the prior, indicating effective constraint by the data. 

In all three calibration cases, the posteriors are slightly to the right 

of the experimental value, with progressively sharper peaks observed 

from Case 1 through Case 3. Comparing models, the four-feature cali­

bration achieves even more pronounced posterior contraction than the 
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two-feature setup, particularly in Cases 2 and 3. This improvement 

suggests that incorporating additional outputs (such as 𝐶2 and 𝑚2) en­

hances the overall information content available to constrain 𝑚1, thereby 

refining its predictive resolution.

The posterior predictions for 𝐶2—evaluated only in the four-feature 

calibration model—exhibit a noticeable shift toward the experimen­

tal value, indicating successful bias correction through calibration. 

However, unlike the prior, which is sharply peaked and underpre­

dicts the experimental observation, the posteriors are broader and less 

peaked, suggesting that while calibration improves accuracy, it also ac­

knowledges greater epistemic uncertainty in this output. This behavior 

highlights that 𝐶2 is moderately identifiable: informative enough to shift 

the prediction toward experimental reality, yet not sharply constrained 

across the parameter space. The consistency of the posterior shapes 

across Cases 1, 2, and 3 further suggests robustness of the inference, 

albeit with limited precision.

The posterior predictive distributions for the output feature 𝑚2 ex­

hibit clear narrowing compared to the broad prior, indicating improved 

precision due to calibration. However, the posterior modes remain 

closely aligned with the prior mean rather than shifting toward the ex­

perimental value. This suggests that, despite sharper predictions, the 

model has limited ability to adjust 𝑚2 toward the observed data. The 

mean of the posterior distribution remains nearly unchanged from the 

prior mean, highlighting a persistent mismatch that calibration fails to 

resolve. This behavior implies that 𝑚2 is only weakly sensitive to the 

calibrated parameters, and that further improvements may require en­

hancing model structure or introducing additional influential inputs. 

The feature’s predictive spread is reduced, but its central tendency still 

deviates from experimental observations.

Fig. 14(a) compares the maximum pit-depth prediction intervals 

from the 2-feature and 4-feature calibrations, while Fig. 14(b) presents 

the corresponding uncertainty bounds for the aspect ratio from the 

4-feature model.

The 2-feature calibration leads to noticeably wide prediction inter­

vals and consistent overestimation of pit depth, indicating that the model 

remains weakly constrained when only vertical growth kinetics (𝐶1, 𝑚1) 

are used. These broad intervals reflect insufficient information about 

lateral pit evolution, limiting the model’s reliability for applications 

such as structural integrity assessment, where overly conservative depth 

predictions may distort risk estimates.

In contrast, the 4-feature calibration produces substantially narrower 

uncertainty bounds and mean predictions that closely follow the exper­

imental trajectory. By jointly constraining both depth and aspect ratio 

kinetics, the posterior distributions become more concentrated, reduc­

ing overall predictive uncertainty. As shown in Fig. 14(b), the 4-feature 

model also captures lateral spreading behavior—an essential aspect of 

pit severity that the 2-feature model cannot represent.

Overall, these results demonstrate that incorporating multiple ge­

ometric descriptors leads to more realistic and practically usable un­

certainty bounds. The 4-feature calibration provides a more reliable 

foundation for downstream tasks such as remaining-life estimation, 

inspection planning, and quantifying the likelihood of extreme pit mor­

phologies, whereas the 2-feature calibration is underspecified for such 

applications.

3.1.9 . Model validation

As mentioned in Section 2.5, a probabilistic model validation metric, 

namely the model reliability metric, was computed using the pre­

dicted maximum pit depth 𝜌𝑑max
(𝑡) as the QoI, and measurements were 

taken using a Keyence VK-X200K 3D Confocal Microscope [17], with a 

measurement error of approximately 5–10 µm. To account for both mea­

surement and modeling uncertainty, the tolerance was conservatively 

set to at least 3 times the measurement error (𝛿𝑡𝑜𝑙 =≥ 30 𝜇m). The com­

puted 𝑃 (𝐻0)(𝑡) (presented in Section 2.5) values over time were then 

averaged to obtain the reliability score for each model. To validate the 

predictive consistency of the calibrated models, the model reliability 

Fig. 14. UQ results using posterior distributions from Bayesian calibration. (a) 

Maximum pit-depth predictions comparing 2-feature and 4-feature models. (b) 

Maximum aspect ratio predictions with ±1𝜎 and ±2𝜎 bands from the 4-feature 

model. Experimental data are shown as black dots; shaded regions indicate 

predictive uncertainty.

metric 𝑃 (𝐻0)(𝑡) was computed for both the 2-feature and 4-feature

models.

Fig. 15(a) compares the computed model reliability 𝑃 (𝐻0)(𝑡) for 

two surrogate models—one constructed using only pit depth features 

(2-feature model) and the other using both pit depth and aspect ra­

tio features (4-feature model)—at two representative time instances, 

𝑡 = 7200 s and 𝑡 = 25200 s. The metric 𝑃 (𝐻0) quantifies the likelihood 

that a model prediction lies within a predefined tolerance 𝛿𝑡𝑜𝑙 = 30𝜇m 

of the experimental observations. The results show that, at both time 

points, the 4-feature model consistently exhibits higher reliability than 

the 2-feature model. Specifically, the 2-feature model yields a mean re­

liability of 𝑃𝐻0
= 0.39, whereas the 4-feature model achieves a higher 

average of 𝑃𝐻0
= 0.45.

In the case of aspect ratio prediction (Fig. 15(b)), the reliability met­

ric 𝑃 (𝐻0) was computed using a relative tolerance defined as 𝛿𝑡𝑜𝑙 =
0.1 × max(Aspect Ratio), corresponding to 10% of the maximum exper­

imental aspect ratio value. Under this criterion, the difference between 

the two models is even more pronounced. The 2-feature model, which 

does not include aspect ratio in its calibration, shows near-zero relia­

bility across both time points. This is visually evident from the absence 

of blue bars in the plot. In contrast, the 4-feature model demonstrates 
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Fig. 15. Model reliability metric 𝑃 (𝐻0) computed at two time instants (𝑡 = 7200 s 
and 𝑡 = 25200 s). (a) Reliability for pit depth prediction. (b) Reliability for pit 

aspect ratio prediction. In both cases, results are shown for models calibrated 

using 2 features (blue bars: pit depth only) and 4 features (red bars: both pit 

depth and aspect ratio). Note: In (b), the blue bars are barely visible due to 

near-zero values. For clarity, the actual 𝑃 (𝐻0) values for Model 1 are 0.0001 at 

𝑡 = 7200 s and 0.005 at 𝑡 = 25200 s.

substantial reliability, highlighting the importance of incorporating as­

pect ratio in the calibration process when aspect ratio prediction is of 

interest.

This improvement demonstrates that incorporating multiple geo­

metric features—namely, both maximum pit depth and aspect ratio—

enhances the predictive accuracy of the model when calibrated against 

experimental data. As time advances, both models show a decline in 

𝑃 (𝐻0), highlighting the increased challenge of maintaining predictive 

accuracy during later stages of corrosion where morphological com­

plexity becomes more pronounced. This trend also suggests that more 

extensive experimental datasets may be necessary for improving long-

term reliability, as the present analysis is limited to a single set of 

reference data.

4 . Conclusion

This study developed a Bayesian framework for calibrating a high-

fidelity cellular automata (CA) model of pitting corrosion in API-5L 

X65 steel and quantifying uncertainty in its predictions. To address the 

computational cost of repeated CA simulations, a feature-based surro­

gate modeling approach was employed in which the time evolution of 

pit depth and aspect ratio was reduced to four power-law coefficients 

(𝐶1, 𝑚1, 𝐶2, 𝑚2), enabling efficient correlation analysis, global sensitiv­

ity analysis, surrogate construction, Bayesian inference, and uncertainty 

propagation.

Pearson correlation and Sobol’ sensitivity analyses identified sedi­

mentation (Sed) and ionic diffusion (𝑃 ion
diff ) as the dominant parameters 

influencing pit morphology, with differences between total and first-

order indices revealing significant nonlinear interaction effects among 

dissolution, hydrolysis, diffusion, and sedimentation. Gaussian Process 

Regression (GPR) surrogate models achieved strong predictive perfor­

mance across all four power-law coefficients (𝑅2 > 0.87; MAPE < 8%), 

effectively eliminating the need for repeated high-fidelity simulations 

during calibration and uncertainty propagation. Sensitivity-informed pa­

rameter reduction further improved calibration efficiency, as low-impact 

inputs such as 𝑃hyd1 and 𝑃 Fe(OH)2
diff  were excluded from Cases 1b and 1c 

without degrading predictive accuracy.

Influential parameters including Sed, 𝑃 ion
diff , and 𝑃hyd2  exhibited the 

strongest updates in calibrated values, with the most compact posteri­

ors obtained for Case 1c. Acceptance rates in the Metropolis–Hastings 

sampler increased as the number of calibrated parameters decreased 

(8→6→3), consistent with a lower-dimensional posterior space, while 

slightly lower acceptance rates in Case 2 reflected constraints intro­

duced by aspect-ratio features. Incorporating all four features (𝐶1, 

𝑚1, 𝐶2, 𝑚2) produced narrower posterior distributions, improved bias 

correction for 𝐶2, and yielded more consistent pit-morphology predic­

tions; intermediate-sensitivity parameters such as 𝑃hyd2 and 𝑃 Fe(OH)3
diff

also exhibited increased contraction, although 𝑚2 remained weakly con­

strained. Bayesian calibration and subsequent uncertainty propagation 

demonstrated improved predictive behavior in the four-feature case, 

and reliability-based validation using the metric 𝑃 (𝐻0) confirmed this 

improvement, with the four-feature model achieving a higher average 

reliability score (𝑃 (𝐻0) = 0.4481) than the two-feature model (0.3966).

A key limitation of the study is the reliance on a single exper­

imental dataset, which restricts the diversity of observable pit mor­

phologies and limits generalizability across environmental conditions; 

future work should incorporate multiple datasets or time-resolved mea­

surements to enhance parameter identifiability and predictive robust­

ness. Additionally, the current framework employs a two-dimensional 

CA model, whereas pitting corrosion is inherently three-dimensional. 

Extending the framework to a fully 3D representation would enable 

more realistic pit geometries and evolution patterns while necessitat­

ing revised sensitivity analysis and surrogate-modeling strategies due to 

increased geometric complexity.

In summary, the proposed methodology provides an integrated un­

certainty quantification framework for localized corrosion modeling. 

The approach is generalizable and can be extended to stress-assisted [17] 

and fatigue-assisted pitting corrosion [4], supporting quantitative assess­

ment of pit-to-crack transition and full corrosion-life estimation. By com­

bining physics-based modeling, surrogate construction, and Bayesian in­

ference, the framework offers a structured basis for reliability assessment 

and maintenance planning in corrosion-critical infrastructure.
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