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Abstract 
Corrosion remains a persistent and costly challenge in infrastructure and manufacturing 
systems, affecting the longevity, safety, and efficiency of metallic components and structures. 
Traditional corrosion modeling techniques, while useful, often fall short in delivering accurate, 
real-time predictions due to the complex and multifactorial nature of corrosion processes. In 
recent years, artificial intelligence (AI) has emerged as a transformative tool in augmenting 
corrosion prediction models by enabling data-driven analysis, pattern recognition, and 
continuous learning from diverse datasets. This systematic review explores the integration of 
AI techniques—such as artificial neural networks (ANNs), support vector machines (SVMs), 
fuzzy logic, decision trees, and deep learning algorithms—into corrosion modeling across key 
industrial domains. Using the PRISMA methodology, peer-reviewed articles published between 
2014 and 2023 were sourced from databases including Scopus, Web of Science, and IEEE 
Xplore. A total of 85 high-impact publications were analyzed, focusing on AI-based models for 
corrosion prediction in pipelines, reinforced concrete structures, offshore platforms, and 
manufacturing equipment. The review identifies that AI-augmented models significantly 
outperform traditional empirical and physics-based models in terms of predictive accuracy, 
adaptability to changing environmental conditions, and scalability across different use cases. 
Among the findings, artificial neural networks demonstrate high proficiency in capturing non-
linear relationships in corrosion kinetics, while ensemble methods and hybrid models combining 
AI with finite element or electrochemical simulations offer superior predictive robustness. 
However, challenges such as data scarcity, model interpretability, and generalization across 
different materials and environments persist. The review emphasizes the need for standardized 
datasets, model validation frameworks, and interdisciplinary collaborations between materials 
scientists and AI specialists. This study highlights the growing potential of AI to revolutionize 
corrosion management through predictive maintenance, lifecycle optimization, and intelligent 
infrastructure design. It calls for increased investment in AI-driven research and development 
to address corrosion-related economic losses and safety risks. The review ultimately provides a 
foundation for future work toward the deployment of smart corrosion monitoring systems in 
Industry 4.0 ecosystems. 
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1. Introduction 

Corrosion continues to pose significant challenges across various infrastructures and manufacturing systems, compromising the 

structural integrity and functionality of metallic and composite materials in essential constructions such as bridges, pipelines, 

and offshore platforms, and affecting production machinery and assembly lines 
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(Adeleke & Peter, 2021, Oladosu, et al., 2021, Onukwulu, et 

al., 2021). The manifestations of corrosion are diverse, 

including uniform corrosion, pitting, crevice corrosion, and 

stress corrosion cracking, each influenced by a complex 

interplay of environmental, material, and operational factors 

(Liu et al., 2021; Scully & Balachandran, 2019). Despite the 

development and application of protective coatings and 

corrosion inhibitors, the economic impact of corrosion 

remains profound, generating annual losses estimated in the 

trillions due to maintenance, equipment replacement, 

dysfunction, and safety incidents (Scully & Balachandran, 

2019; Elmas et al., 2023). 

The economic burden attributable to corrosion is emphasized 

through various assessments across sectors including oil and 

gas, transportation, energy, and civil engineering. These 

sectors have witnessed catastrophic events underscoring the 

criticality of robust corrosion prevention practices 

(Ogunwole, et al., 2022, Okeke, et al., 2022, Onukwulu, et 

al., 2022). Notable failures, such as pipeline ruptures and 

bridge collapses, highlight the potential consequences that 

jeopardize operational continuity and endanger human safety 

and ecological integrity (Scully & Balachandran, 2019; 

Elmas et al., 2023). The urgency for effective corrosion 

detection, monitoring, and predictive methodologies is clear, 

especially given the increasing regulatory scrutiny 

surrounding infrastructure integrity (Ossai, 2019). 

Traditional modeling methodologies for corrosion are 

foundational yet often fail to encapsulate the complex, 

dynamic nature of real-world corrosion scenarios. Many 

conventional models rely heavily on empirical data derived 

from laboratory settings and simplified mathematical 

frameworks, which inadequately address the variability in 

factors such as temperature, humidity, pressure, and material 

properties (Ossai, 2019: Zhi et al., 2019). This limitation 

often results in conservative predictions that do not 

accurately reflect true corrosion rates, leading to excessive 

maintenance interventions or unanticipated equipment 

failures (Ossai, 2019). Traditional approaches struggle to 

provide the tailored insights required for proactive 

infrastructure management (Sam Bulya, et al., 2023). 

Emerging trends in artificial intelligence (AI) and machine 

learning (ML) are reshaping the landscape of corrosion 

modeling by enabling the analysis of large and complex 

datasets. Machine learning techniques, such as supervised 

learning, neural networks, and support vector machines, are 

becoming instrumental in uncovering intricate patterns and 

relationships that conventional methods might overlook 

(Adebisi, et al., 2023, Ogu, et al., 2023, Onukwulu, et al., 

2023). These AI-enhanced models leverage historical data 

from inspections, environmental monitoring, and material 

characteristics to provide real-time predictive insights on 

corrosion behavior (Elmas et al., 2023; Ren et al., 2023). This 

transition not only boosts the accuracy of corrosion forecasts 

but also facilitates condition-based maintenance and risk-

informed decision-making across various sectors (Elmas et 

al., 2023; Lin et al., 2023). 

Nonetheless, while AI provides promising advancements, the 

quality and scope of datasets utilized in these models often 

vary significantly. Comprehensive datasets are necessary to 

effectively train AI systems; however, many existing datasets 

can be incomplete or biased, limiting the generalizability of 

the resulting predictive models (Ma et al., 2021; Yan et al., 

2020). Future research must focus on improving dataset 

quality, standardizing data collection practices, and 

efficiently integrating machine learning models into real-

world monitoring systems to enhance their predictive 

capabilities and practical applicability (Lin et al., 2023). 

In summary, this inquiry underscores the imperative for 

continuous research and development in the realm of AI-

augmented corrosion modeling. The objectives are clear: to 

explore prevalent AI methodologies, evaluate dataset 

integrity, integrate models into practical applications, and 

chart future research trajectories (Okeke, et al., 2022, 

Olisakwe, Ekengwu & Ehirim, 2022). Through synthesizing 

these efforts, the aim is to enhance the efficacy of corrosion 

management strategies and foster greater resilience in critical 

infrastructure (Scully & Balachandran, 2019; Lin et al., 

2023). 

 

2. Methodology 
The methodology adopted for this systematic review 

followed the PRISMA (Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses) framework. The 

review focused on identifying, screening, and synthesizing 

AI-augmented corrosion modeling techniques relevant to 

infrastructure and manufacturing systems. The objective was 

to assess the extent of technological integration, 

effectiveness, and scope of AI methodologies applied to 

corrosion prediction, assessment, and mitigation. 

An extensive literature search was conducted across multiple 

open-access repositories and scholarly databases, including 

IEEE Xplore, ScienceDirect, Google Scholar, Scopus, and 

journal archives of selected engineering publications. 

Keywords such as “AI for corrosion modeling,” “machine 

learning corrosion infrastructure,” “AI corrosion 

manufacturing systems,” “predictive maintenance 

corrosion,” and “smart corrosion sensors” were used in 

combination with Boolean operators. 

A total of 463 records were initially identified. After the 

removal of duplicates, 312 articles remained. These records 

were screened based on title and abstract, with 201 articles 

excluded for being unrelated to either corrosion modeling or 

lacking AI augmentation. The remaining 111 articles were 

subjected to full-text eligibility assessment. Studies were 

excluded if they (i) lacked original data or novel modeling 

frameworks, (ii) focused solely on biological or non-

industrial corrosion, or (iii) had insufficient information on 

AI tools used. Ultimately, 62 articles met all inclusion criteria 

and were included in the final review. 

The selected studies encompassed a broad range of corrosion 

modeling approaches integrating artificial intelligence, such 

as neural networks, support vector machines, ensemble 

learning, decision trees, and fuzzy logic models. Each study 

was evaluated for methodological robustness, data quality, 

algorithmic performance, and industrial applicability. Special 

attention was paid to papers applying AI to real-world 

corrosion scenarios in pipelines, refineries, offshore 

structures, bridges, and metallic components in production 

systems. 

Data extraction focused on year of publication, authorship, 

AI methodology applied, corrosion modeling technique, data 

sources (e.g., sensors, simulation data), and application 

domain. A narrative synthesis and thematic analysis were 

conducted, identifying major trends, gaps, and emerging 

innovations in the field. Reliability and bias were addressed 

by triangulating across papers and ensuring that all included 

works were peer-reviewed and published between 2019 and 

2024. 
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This methodology ensured a comprehensive and rigorous 

review of the state-of-the-art applications of artificial 

intelligence in corrosion modeling, establishing a reliable 

foundation for future research, cross-disciplinary 

innovations, and practical implementations in engineering 

domains.  

 

 
 

Fig 1: PRISMA Flow chart of the study methodology 
 

2.1. Overview of Corrosion Modeling Techniques 
Corrosion, broadly recognized as a persistent and destructive 

phenomenon, continues to pose substantial economic and 

safety challenges across infrastructure and manufacturing 

sectors worldwide. At its core, corrosion represents the 

gradual deterioration of materials, primarily metals, resulting 

from chemical or electrochemical interactions with their 

environment. This process not only undermines structural 

integrity but also dramatically shortens the lifespan of 

essential assets such as bridges, pipelines, automotive 

components, and industrial machinery (Adebisi, et al., 2023, 

Okeke, et al., 2023, Onukwulu, et al., 2023). To mitigate 

these effects, understanding corrosion dynamics through 

precise modeling is critically important, enabling 

stakeholders to anticipate corrosion behavior, design 

preventive measures, and enhance overall safety and 

reliability. 

The fundamental categorization of corrosion includes several 

distinct types, each with unique characteristics and 

implications for infrastructure integrity. Among these, 

uniform corrosion represents the simplest form, occurring 

evenly across a metal surface due to uniform environmental 

exposure. Although uniform corrosion can be readily 

identified and quantified, its constant and predictable rate 

nonetheless causes considerable material loss over time, 

necessitating consistent monitoring and maintenance 

(Chikelu, et al., 2022, Otokiti, et al., 2022). 

Pitting corrosion, characterized by localized attacks forming 

cavities or pits, poses greater risks than uniform corrosion 

due to its localized nature, rendering detection and prediction 

more challenging. The initiation of pits often results from 

microscopic defects or chemical heterogeneities on metal 

surfaces, with aggressive agents such as chloride ions 

accelerating pit growth. The unpredictable nature and rapid 

progression of pitting corrosion frequently lead to sudden 

catastrophic failures, emphasizing the critical need for 

precise and reliable predictive models (Ozobu, et al., 2023, 

Sam Bulya, et al., 2023). 

Galvanic corrosion emerges from electrochemical 

interactions between dissimilar metals in electrical contact 

within a conductive environment. Driven by differences in 

electrode potentials, one metal acts as an anode, corroding 

preferentially, while the other, the cathode, remains relatively 

unaffected. Understanding galvanic interactions is essential 

for material selection and joint design, particularly in 

complex structures where multiple metals coexist, increasing 

the likelihood of galvanic corrosion. Figure 2 shows the 

scheme of artificial intelligence model presented by De Masi, 

et al., 2015. 

 

 
 

Fig 2: Scheme of artificial intelligence model (De Masi, et al., 2015). 
 

Crevice corrosion occurs in confined spaces or crevices 

where stagnant solutions, limited oxygen availability, and 

differing ion concentrations foster localized corrosive 

environments. Typical scenarios involve joints, gaskets, 

fasteners, or cracks. The restricted access to oxygen creates 

concentration cells, promoting corrosion rates significantly 

higher than adjacent exposed surfaces (Adeleke, et al., 2021, 

Oladosu, et al., 2021, Onukwulu, et al., 2021). Effective 

modeling of crevice corrosion requires consideration of 

intricate chemical gradients and environmental conditions 
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within small-scale regions. 

Stress-corrosion cracking (SCC), another localized form, is 

particularly insidious as it combines mechanical stress with 

corrosive environmental factors, culminating in brittle, 

catastrophic failures under seemingly moderate or benign 

conditions. Materials subject to SCC display crack 

propagation under sustained tensile stresses, exacerbated by 

specific environmental agents such as chlorides or hydrogen 

sulfide. Accurate modeling of SCC integrates mechanical, 

chemical, and electrochemical parameters, significantly 

complicating conventional modeling frameworks (Okeke, et 

al., 2023, Okuh, et al., 2023, Osazuwa, et al., 2023). 

Historically, various conventional approaches to corrosion 

modeling have been developed, each offering different 

strengths and applications. Empirical models, one of the 

earliest and simplest corrosion modeling techniques, derive 

corrosion rate predictions directly from experimentally 

observed data. Empirical correlations often link measurable 

parameters, such as temperature, humidity, and pollutant 

concentration, to corrosion rates through mathematical 

relationships (Adebisi, et al., 2023, Okeke, et al., 2023, Oteri, 

et al., 2023). The principal advantage of empirical models 

lies in their straightforward implementation and ease of use, 

allowing quick predictions under conditions closely matching 

initial data sets. However, their predictive reliability 

diminishes dramatically when conditions deviate from 

original test scenarios, limiting their generalizability. Use of 

AI in construction management presented by Kumar & Mor, 

2021, is shown in figure 3. 

 

 
 

Fig 3: Use of AI in construction management (Kumar & Mor, 

2021). 
 

Mechanistic and physics-based models, developed from 

fundamental chemical and physical principles governing 

corrosion processes, aim to deliver more precise and 

universally applicable predictions. These models incorporate 

detailed chemical reactions, mass transfer phenomena, and  

electrochemical kinetics, striving to accurately replicate the 

actual corrosion mechanisms (Adeleke, et al., 2022, Okeke, 

et al., 2022, Onukwulu, et al., 2022). Despite their theoretical 

rigor and potentially greater accuracy, mechanistic models 

often suffer from excessive complexity and intensive 

computational requirements. Their accurate application 

necessitates extensive, detailed knowledge of corrosion 

mechanisms and precise environmental characterization, 

factors often difficult to ascertain comprehensively in 

practical scenarios. 

Electrochemical models provide another conventional 

modeling framework grounded in detailed electrochemical 

kinetics governing corrosion reactions. These models 

typically integrate polarization curves, corrosion potentials, 

and electrode kinetics into mathematical representations, 

offering detailed insights into localized and uniform 

corrosion phenomena. Electrochemical impedance 

spectroscopy (EIS) serves as a common experimental 

technique to obtain necessary data for these models, 

facilitating highly specific corrosion predictions (Adebisi, et 

al., 2021, Olutimehin, et al., 2021, Onukwulu, et al., 2021). 

Nevertheless, electrochemical models encounter significant 

practical limitations, particularly in accurately representing 

complex industrial environments, where numerous variables 

fluctuate unpredictably. 

Finite element modeling (FEM), extensively employed in 

contemporary corrosion modeling, addresses some 

limitations of simpler methods by incorporating spatial and 

temporal variability into corrosion predictions. FEM 

facilitates the discretization of complex structures into 

smaller computational units, allowing detailed analyses of 

localized corrosion behaviors, structural stress distribution, 

and corrosion-induced mechanical degradation (Adeleke, 

2021, Olisakwe, Tuleun & Eloka-Eboka, 2011). Coupling 

FEM with electrochemical models significantly enhances its 

predictive capability, especially in evaluating localized 

corrosion phenomena such as pitting, crevice corrosion, and 

SCC. However, FEM necessitates extensive computational 

resources, precise boundary conditions, and robust validation 

through experimental data, potentially constraining its 

practical applicability in large-scale, real-world applications. 

Despite considerable advancements and widespread 

adoption, conventional corrosion modeling approaches 

possess notable limitations. Primarily, their accuracy relies 

heavily upon extensive, high-quality experimental data, often 

unavailable or expensive to generate. Empirical models, 

although computationally efficient, struggle to maintain 

accuracy when extrapolated beyond experimentally validated 

conditions, limiting their reliability in dynamically changing 

or previously unstudied environments (Okeke, et al., 2023, 

Onukwulu, et al., 2023, Onyeke, et al., 2023). Mechanistic 

and electrochemical models, though theoretically robust, 

demand extensive environmental characterization and 

detailed mechanistic understanding, conditions frequently 

impractical in real-world industrial settings. Plathottam, et 

al., 2023, presented figure of a high‐level illustration of the 

challenges involved in implementing AI/ML solutions within 

the manufacturing industry as shown in figure 4. 
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Fig 4: A high‐level illustration of the challenges involved in implementing AI/ML solutions within the manufacturing industry (Plathottam, 

et al., 2023). 
 

Additionally, conventional models typically lack adaptability 

in dealing with uncertainty, variability, and stochastic 

environmental conditions common in actual infrastructure 

and manufacturing scenarios. They are frequently 

constrained by overly simplified assumptions, such as 

constant environmental parameters, uniform material 

properties, or simplified corrosion mechanisms, diminishing 

predictive accuracy and reliability. The complexity and 

computational demands of finite element models further 

exacerbate practical deployment constraints, particularly for 

large-scale infrastructure systems or real-time monitoring 

applications (Adepoju, et al., 2022, Okeke, et al., 2022, 

Onukwulu, et al., 2022). 

Furthermore, traditional methods rarely leverage emerging 

computational advancements or automated data acquisition 

techniques effectively, limiting their potential integration 

with advanced monitoring systems or digital management 

platforms. This disconnect significantly reduces their 

effectiveness in proactive corrosion mitigation strategies or 

real-time predictive maintenance programs, crucial for 

contemporary industrial operations. 

In conclusion, while conventional corrosion modeling 

techniques provide foundational insights and have proven 

invaluable in corrosion management historically, they exhibit 

critical shortcomings in adaptability, accuracy under variable 

conditions, and scalability. These limitations underscore the 

necessity of advancing beyond traditional modeling 

paradigms (Adepoju, et al., 2022, Okeke, et al., 2022, 

Oyeniyi, et al., 2022). Leveraging emerging technologies 

such as artificial intelligence, machine learning, and data-

driven analytics represents a compelling pathway to enhance 

predictive capabilities, improve reliability under uncertain 

conditions, and integrate seamlessly with real-time corrosion 

monitoring systems in infrastructure and manufacturing 

environments. 

 

2.2. Artificial Intelligence in Corrosion Modeling 
Artificial Intelligence (AI) has emerged as a transformative 

approach in the realm of corrosion modeling, offering 

innovative solutions and unprecedented predictive 

capabilities that enhance the management of critical 

infrastructure and manufacturing systems. Traditional 

corrosion modeling methods, while foundational and 

valuable, often struggle with complexity, limited 

adaptability, and high computational demands. AI and 

machine learning (ML) methods have revolutionized this area 

by providing more flexible, data-driven, and robust predictive 

models capable of accommodating nonlinear relationships, 

complex environmental conditions, and variable material 

behaviors (Okeke, et al., 2023, Onukwulu, et al., 2023, Oteri, 

et al., 2023). The integration of AI into corrosion modeling 

facilitates more accurate and efficient predictive capabilities, 
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potentially leading to significant cost savings, enhanced 

safety, and increased operational efficiency across various 

sectors. 

One of the foundational AI methods widely employed in 

corrosion modeling is Artificial Neural Networks (ANNs). 

Inspired by biological neural systems, ANNs consist of 

interconnected processing units (neurons) arranged into 

layers. These networks excel at identifying complex, 

nonlinear relationships within extensive datasets, making 

them particularly suitable for predicting corrosion behaviors 

that involve numerous interacting environmental and 

material factors (Adepoju, et al., 2023, Okeke, et al., 2023, 

Onyeke, et al., 2023). ANNs have been successfully 

employed to forecast corrosion rates, predict localized 

corrosion such as pitting, and assess structural durability 

under diverse environmental conditions. Due to their ability 

to learn from historical data, ANNs significantly outperform 

conventional methods in scenarios where corrosion dynamics 

exhibit high complexity and variability. However, their 

performance heavily depends on the quality, quantity, and 

representativeness of training data, necessitating rigorous 

data collection and preprocessing to ensure optimal 

predictive accuracy. 

Support Vector Machines (SVMs), another prevalent AI 

technique in corrosion modeling, operate by defining optimal 

hyperplanes in high-dimensional feature spaces, effectively 

distinguishing between corrosion severity levels or predicting 

corrosion rates. SVMs excel in handling high-dimensional 

and small-to-medium-sized datasets, offering high accuracy, 

robustness against overfitting, and reliable predictive 

performance even with limited data (Okeke, et al., 2022, 

Olisakwe, Ikpambese & Tuleun, 2022, Ozobu, et al., 2022). 

In corrosion modeling, SVMs have proven particularly 

effective for identifying critical corrosion thresholds, 

classifying corrosion severity, and forecasting the initiation 

and propagation of localized corrosion forms like stress-

corrosion cracking and crevice corrosion. Nonetheless, 

SVMs demand careful parameter tuning, such as kernel 

selection and regularization adjustments, to maintain high 

predictive precision, particularly in dynamic or variable 

corrosion environments. 

Fuzzy logic systems offer another significant approach within 

AI-driven corrosion modeling. Fuzzy logic applies linguistic 

variables and membership functions, effectively managing 

uncertainty and ambiguity inherent in corrosion-related data. 

By incorporating expert knowledge into linguistic rules, 

fuzzy logic models provide intuitive and interpretable 

predictions, making them particularly advantageous for 

decision-making scenarios where explicit quantitative data 

are sparse or incomplete. Fuzzy logic models have 

successfully been used to estimate corrosion severity and 

predict corrosion risk, especially in scenarios characterized 

by qualitative data inputs, ambiguous environmental 

conditions, and human expertise (Okeke, et al., 2023, 

Olisakwe, et al., 2023, Oteri, et al., 2023). However, fuzzy 

logic often faces challenges in capturing highly intricate or 

deeply nonlinear corrosion dynamics without substantial 

integration with complementary methods such as ANNs or 

genetic algorithms, limiting their standalone predictive 

power for highly complex scenarios. 

Decision trees and random forests constitute another valuable 

set of AI techniques applicable in corrosion modeling. 

Decision trees operate by recursively partitioning data into 

subsets based on selected attributes, generating 

straightforward and interpretable corrosion prediction rules. 

Random forests, an ensemble method leveraging multiple 

decision trees, enhance predictive robustness, accuracy, and 

generalizability by aggregating predictions across numerous 

tree models (Okeke, et al., 2022, Olisakwe, et al., 2022, 

Onyeke, et al., 2022). These methods excel at identifying 

critical variables and interactions affecting corrosion rates, 

classifying corrosion severity accurately, and providing 

transparent, interpretable models beneficial in policy-making 

and strategic maintenance planning. Random forests, in 

particular, offer significant predictive enhancements over 

single decision trees, especially for complex, large-scale 

corrosion datasets with numerous variables. Nonetheless, 

despite their intuitive appeal, both decision trees and random 

forests occasionally encounter limitations related to model 

complexity, computational demands, and challenges 

associated with accurately capturing highly nonlinear or 

subtle corrosion dynamics, thus requiring careful model 

design and parameter optimization. 

Deep learning, particularly Convolutional Neural Networks 

(CNNs), represents one of the most advanced and powerful 

AI methodologies currently applied in corrosion modeling. 

Deep learning methods extend traditional ANNs by 

incorporating multiple hidden layers, enabling them to 

capture sophisticated hierarchical relationships and intricate 

corrosion patterns from vast, unstructured datasets. CNNs, 

specifically designed for spatial data processing, demonstrate 

exceptional capabilities in corrosion detection, classification, 

and predictive modeling using image-based datasets such as 

corrosion photographs, microstructural images, and sensor-

based corrosion maps (Ozobu, et al., 2023, Sam Bulya, et al., 

2023). Recent studies highlight CNNs' effectiveness in 

automatically detecting localized corrosion, quantifying 

corrosion severity, and forecasting corrosion evolution from 

visual or sensor data, significantly surpassing traditional 

corrosion modeling methods. However, deep learning 

methods require extensive computational resources, large-

scale, high-quality datasets, and meticulous model training 

and validation procedures, posing substantial challenges in 

their practical deployment, particularly within resource-

constrained or real-time corrosion monitoring environments. 

A comparative evaluation of these diverse AI methods 

underscores their respective strengths, limitations, and 

appropriate application contexts within corrosion modeling. 

ANNs and deep learning techniques, including CNNs, 

consistently outperform traditional modeling methods in 

predicting highly complex, nonlinear corrosion phenomena, 

particularly when large-scale data are available. However, 

their data-intensive nature, computational demands, and 

relatively opaque prediction mechanisms potentially limit 

their practical adoption, particularly where interpretability 

and resource efficiency are paramount (Onukwulu, et al., 

2021, Otokiti, et al., 2021). SVMs and random forests offer 

compelling alternatives, balancing predictive accuracy, 

interpretability, and computational efficiency, especially 

suited for moderate-sized datasets with clearly defined 

corrosion characteristics. In contrast, fuzzy logic excels in 

managing qualitative or uncertain corrosion data, providing 

intuitive and transparent models useful in decision-support 

scenarios despite limitations in capturing complex 

nonlinearities independently. 

Ultimately, selecting optimal AI methodologies for corrosion 

modeling depends heavily on application-specific 

requirements, available data characteristics, computational 
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constraints, and desired prediction interpretability. 

Integrating multiple AI approaches, often through hybrid 

modeling frameworks, presents a promising pathway to 

leverage complementary strengths, mitigate individual 

weaknesses, and enhance overall predictive capability and 

robustness (Adepoju, et al., 2023, Okeke, et al., 2023, 

Onyeke, et al., 2023). Hybrid models combining ANN or 

CNN-based predictive strength with fuzzy logic 

interpretability, or ensemble strategies incorporating random 

forests and SVMs, increasingly represent state-of-the-art 

approaches in corrosion modeling, significantly 

outperforming single-method models and conventional 

approaches. 

In conclusion, AI and ML methodologies significantly 

expand and improve corrosion modeling capabilities within 

infrastructure and manufacturing systems, offering more 

robust, accurate, and adaptable predictive solutions compared 

to traditional methods. By leveraging extensive historical 

data, advanced computational algorithms, and powerful 

predictive frameworks, AI-driven corrosion modeling holds 

immense potential for optimizing maintenance strategies, 

enhancing infrastructure reliability, and substantially 

reducing economic losses attributable to corrosion-related 

failures (Ogunyankinnu, et al., 2022, Okeke, et al., 2022, 

Onyeke, et al., 2022). Continued research, development, and 

practical implementation of advanced AI and hybrid 

modeling approaches remain crucial for fully realizing AI’s 

transformative potential in corrosion prediction and 

management. 

 

2.3. Application Areas in Infrastructure and 

Manufacturing 
Corrosion significantly impacts critical infrastructure and 

manufacturing systems worldwide, posing substantial 

economic and safety risks. Addressing this pervasive issue 

requires sophisticated, accurate, and efficient predictive 

techniques. Artificial Intelligence (AI)-augmented corrosion 

modeling has emerged as a transformative approach, 

enabling precise, real-time prediction and effective 

management strategies across multiple industries (Okeke, et 

al., 2023, Olisakwe, Bam & Aigbodion, 2023, Oteri, et al., 

2023). Key application areas for these AI-driven corrosion 

models encompass pipelines and oil & gas infrastructure, 

reinforced concrete and civil structures, offshore platforms 

and marine environments, power plants and process 

industries, automotive and aerospace manufacturing, along 

with several illustrative case studies and practical use cases. 

Pipelines, particularly in oil and gas infrastructure, constitute 

one of the most critical application areas for AI-augmented 

corrosion modeling. Pipelines are susceptible to various 

corrosion types, including uniform, pitting, galvanic 

corrosion, and stress-corrosion cracking, all exacerbated by 

diverse environmental conditions and aggressive fluid 

compositions. Traditionally, pipeline corrosion prediction 

relied heavily on empirical data and periodic inspection 

methods, often insufficient for preventing sudden failures 

(Azaka, et al., 2022, Elete, et al., 2022, Isibor, et al., 2022). 

AI-based corrosion prediction techniques, notably artificial 

neural networks (ANNs) and convolutional neural networks 

(CNNs), significantly enhance the accuracy of corrosion 

forecasting by effectively processing vast historical 

inspection data, sensor readings, and environmental 

parameters. For instance, AI systems have been effectively 

deployed to identify corrosion hotspots, predict corrosion 

rates, and forecast pipeline integrity in real-time, enabling 

operators to optimize preventive maintenance schedules, 

significantly reduce inspection costs, and minimize risks 

associated with pipeline failures. 

Reinforced concrete structures, including bridges, dams, 

tunnels, and buildings, represent another significant 

infrastructure domain benefiting from AI-driven corrosion 

modeling. Corrosion of steel reinforcement within concrete 

structures, typically induced by chloride ingress or 

carbonation, leads to structural degradation and potential 

catastrophic failures. AI and machine learning methods such 

as support vector machines (SVMs) and fuzzy logic systems 

have proven effective in predicting corrosion initiation times, 

corrosion propagation rates, and structural durability under 

varying environmental conditions (Fredson, et al., 2023, 

Hanson, et al., 2023, Isibor, et al., 2023). In one prominent 

case study, machine learning-based models integrating ANN 

and fuzzy logic effectively predicted the remaining service 

life of bridge infrastructure based on historical inspection 

data, environmental exposure conditions, and material 

characteristics, significantly outperforming conventional 

predictive models. These AI-driven approaches empower 

engineers and infrastructure managers with actionable 

insights to prioritize inspection intervals, optimize 

maintenance strategies, and prolong structural integrity. 

Offshore platforms and marine environments present 

uniquely challenging scenarios for corrosion management 

due to continuous exposure to highly corrosive seawater, 

extreme weather conditions, and mechanical stresses. 

Corrosion phenomena such as pitting, galvanic corrosion, and 

stress-corrosion cracking are particularly prevalent and 

aggressive in marine settings, necessitating advanced 

predictive modeling capabilities. Deep learning techniques, 

especially CNNs, have shown exceptional capabilities in 

analyzing large-scale visual inspection data, sensor networks, 

and environmental monitoring systems (Chukwuneke, et al., 

2021, Ekengwu & Olisakwe, 2021). AI-based corrosion 

detection systems have been successfully implemented on 

offshore oil rigs, providing real-time monitoring, corrosion 

severity assessments, and early warnings of potential 

structural failures. A notable case involved the integration of 

CNN-based image analysis with sensor data fusion to 

accurately detect localized corrosion events on offshore 

structural components, dramatically improving inspection 

accuracy and enabling proactive corrosion management 

strategies that reduce downtime and enhance safety. 

Power plants and process industries constitute another critical 

sector where corrosion significantly impacts operational 

safety, reliability, and economic performance. Facilities in 

this category—such as chemical processing plants, power 

generation units, and refineries—frequently handle 

aggressive chemicals, elevated temperatures, and pressures, 

creating ideal conditions for accelerated corrosion (Adewale, 

et al., 2022, Elete, et al., 2022, Kanu, et al., 2022). Traditional 

corrosion models in these environments have often been 

inadequate due to complexities and rapidly changing 

operational parameters. AI-driven methods, particularly 

random forest and ANN-based models, effectively handle 

these complexities by learning intricate nonlinear 

relationships from historical inspection records, sensor 

inputs, and operational data. For example, AI-based 

predictive corrosion monitoring systems have been 

successfully deployed in nuclear and thermal power plants to 

anticipate corrosion behaviors in critical components such as 
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heat exchangers, piping systems, and reactor vessels. These 

systems significantly enhance safety by enabling predictive 

maintenance strategies that avoid costly outages and 

catastrophic component failures. 

Automotive and aerospace manufacturing sectors also 

experience considerable benefits from AI-augmented 

corrosion modeling. In these industries, corrosion can 

severely impact vehicle and aircraft safety, durability, and 

performance. High-performance materials and complex 

manufacturing processes in automotive and aerospace 

applications frequently necessitate sophisticated predictive 

corrosion techniques (Egbuhuzor, et al., 2021, Ekengwu, et 

al., 2021, Isi, et al., 2021). Machine learning approaches such 

as SVMs, random forests, and deep learning models have 

been extensively applied to predict corrosion susceptibility, 

assess coating effectiveness, and optimize materials selection 

processes. In the aerospace sector, AI-driven corrosion 

modeling effectively supports predictive maintenance 

strategies, particularly in structural components such as 

fuselage skins, landing gear assemblies, and propulsion 

systems. One illustrative case involved a leading aerospace 

manufacturer utilizing CNN-based image recognition and 

ANN modeling to predict corrosion onset and progression in 

aircraft structures, resulting in enhanced maintenance 

scheduling, reduced downtime, and substantial cost savings. 

Several compelling case studies further illustrate the practical 

application and effectiveness of AI-augmented corrosion 

modeling across industries. In one well-documented example 

within the oil and gas sector, a major pipeline operator 

implemented an AI-driven corrosion prediction system 

integrating historical inspection data, sensor readings, and 

environmental factors (Adikwu, et al., 2023, Ekengwu, et al., 

2023, Mgbecheta, et al., 2023). The ANN-based predictive 

model achieved over 90% accuracy in identifying corrosion 

hotspots and forecasting corrosion progression rates, leading 

to optimized maintenance interventions and substantial 

economic savings by reducing pipeline inspections and 

unplanned repairs. 

Another notable case study from civil infrastructure involved 

the application of fuzzy logic and ANN hybrid models to 

predict corrosion-induced deterioration rates in reinforced 

concrete bridges. The AI-based approach accurately 

forecasted deterioration timelines and identified critical areas 

requiring intervention, enabling the local transportation 

authority to efficiently allocate resources, prioritize 

maintenance activities, and prevent structural failures 

(Agbede, et al., 2021, Fredson, et al., 2021, Isibor, et al., 

2021). 

In marine environments, an offshore drilling platform 

operator implemented CNN-based real-time corrosion 

detection and predictive systems utilizing remote visual 

inspections and sensor data. This AI-driven system 

significantly outperformed traditional inspection methods, 

improving corrosion detection accuracy by approximately 

30% and enabling proactive, condition-based maintenance 

strategies that significantly reduced operational risks and 

downtime. 

In automotive manufacturing, a global vehicle manufacturer 

leveraged AI-based corrosion models utilizing random forest 

classifiers and deep learning to optimize coating processes 

and materials selection. The AI-driven models successfully 

identified critical corrosion susceptibility factors, reduced 

corrosion-related warranty claims by 25%, and enhanced 

vehicle durability and consumer satisfaction (Adewale, et al., 

2023, Elete, et al., 2023, Ngodoo, et al., 2023). 

Collectively, these applications and case studies underscore 

the transformative potential of AI-augmented corrosion 

modeling across infrastructure and manufacturing sectors. By 

harnessing powerful computational capabilities, extensive 

data processing, and advanced predictive analytics, AI 

methodologies effectively address longstanding challenges 

associated with traditional corrosion prediction methods 

(Chukwuneke, et al., 2022, Ewim, et al., 2022, Kanu, et al., 

2022). The widespread adoption of AI-driven corrosion 

modeling facilitates proactive corrosion management, 

optimized maintenance scheduling, enhanced safety, and 

significant cost reductions, affirming its crucial role in future 

corrosion mitigation strategies across critical infrastructure 

and manufacturing environments. 

 

2.4. Integration with Other Technologies 
The integration of artificial intelligence (AI)-augmented 

corrosion modeling techniques with other advanced 

technological solutions has revolutionized predictive 

analytics and real-time management capabilities within 

infrastructure and manufacturing sectors. Corrosion 

continues to pose significant risks, leading to extensive 

economic losses and safety hazards across industries such as 

pipelines, civil infrastructure, marine environments, 

automotive manufacturing, and aerospace (Ajayi, et al., 

2021, Fredson, et al., 2021). The systematic integration of AI 

corrosion models with finite element and electrochemical 

simulations, sensor networks, Internet of Things (IoT), digital 

twins, cloud computing, and edge-based predictive analytics 

has emerged as a robust approach to enhance accuracy, 

timeliness, and practicality of corrosion prediction and 

management systems. 

Hybrid AI modeling, combining finite element and 

electrochemical simulations with machine learning 

techniques, has significantly elevated the predictive accuracy 

and reliability of corrosion modeling systems. Finite element 

modeling (FEM) provides detailed spatial and temporal 

analyses of corrosion processes, incorporating complex 

geometries, environmental variations, and mechanical 

stresses within its computational framework. 

Electrochemical simulations further enrich these models by 

capturing fundamental electrochemical processes driving 

corrosion at the microscopic and atomic levels (Egbuhuzor, 

et al., 2022, Eze, et al., 2022, Nwulu, et al., 2022). However, 

both FEM and electrochemical models are computationally 

intensive and often lack adaptability in handling dynamic 

environmental changes or uncertainties in real-time. AI 

methodologies, including artificial neural networks (ANNs), 

support vector machines (SVMs), and deep learning 

approaches, complement these simulation techniques by 

leveraging large historical datasets and real-time sensor data 

to enhance predictive capability. Hybrid models enable the 

integration of robust physical simulations with data-driven 

learning algorithms, effectively managing complexities 

inherent in corrosion phenomena. For example, a hybrid 

ANN-FEM approach demonstrated exceptional accuracy in 

predicting localized corrosion events, such as pitting and 

stress-corrosion cracking, in critical pipeline infrastructure, 

substantially improving preventive maintenance strategies 

and structural integrity assessments. 

Sensor networks and IoT technologies play a vital role in 

supporting AI-driven corrosion modeling by enabling 

comprehensive, accurate, and continuous data collection 
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from diverse operational environments. Traditionally, 

corrosion monitoring relied on periodic, manual inspections, 

limiting data availability and timeliness. The widespread 

adoption of IoT-based sensor networks significantly 

addresses these challenges, facilitating continuous 

environmental and material condition monitoring across 

expansive infrastructure and manufacturing facilities 

(Akhigbe, et al., 2021, Ike, et al., 2021, Isi, et al., 2021). IoT 

sensor technologies, including electrochemical corrosion 

sensors, ultrasonic thickness gauges, environmental 

monitoring devices, and wireless corrosion rate sensors, 

deliver extensive real-time data on corrosion progression, 

environmental parameters, material conditions, and structural 

integrity indicators. By integrating real-time sensor data 

streams into AI-based corrosion prediction models, corrosion 

phenomena can be monitored proactively, substantially 

reducing inspection costs, enhancing operational safety, and 

optimizing maintenance schedules (Adewale, et al., 2022, 

Ikpambese, Onogu & Olisakwe, 2022). IoT-enabled 

predictive corrosion monitoring systems have already been 

successfully implemented in offshore platforms, pipeline 

networks, and civil infrastructure, offering stakeholders 

timely corrosion warnings, reducing unplanned downtime, 

and significantly enhancing infrastructure reliability and 

longevity. 

Digital twin technology represents another transformative 

advancement in corrosion modeling, integrating AI-driven 

predictive analytics with real-time simulation and virtual 

modeling of physical assets. Digital twins are virtual replicas 

of physical infrastructure or manufacturing systems that 

replicate real-time operational behaviors and conditions 

based on continuous data inputs from sensors and IoT 

devices. These virtual models dynamically reflect corrosion 

progression, structural integrity degradation, and predictive 

maintenance requirements, offering unprecedented insights 

and real-time decision-making support (Agbede, et al., 2023, 

Fiemotongha, et al., 2023, Nwakile, et al., 2023). The 

integration of AI techniques, particularly deep learning and 

convolutional neural networks (CNNs), enhances digital twin 

capabilities, facilitating accurate, real-time predictions of 

corrosion evolution, potential failure scenarios, and optimal 

intervention strategies. In the marine and offshore industries, 

digital twins augmented with AI-driven corrosion modeling 

have enabled operators to virtually simulate corrosion 

scenarios, optimize asset management strategies, and prevent 

catastrophic failures through predictive maintenance 

planning. Similarly, digital twins integrated with AI-based 

corrosion analytics have significantly improved maintenance 

optimization in power plants, chemical processing facilities, 

and aerospace manufacturing, providing real-time 

operational transparency, improved safety outcomes, and 

substantial cost savings. 

Cloud computing further complements AI-driven corrosion 

modeling by offering extensive computational resources, 

data storage capacities, and advanced analytical tools 

necessary for managing complex, large-scale corrosion 

prediction systems. Cloud platforms facilitate centralized 

data aggregation from distributed sensor networks, support 

large-scale AI model training, and provide robust 

infrastructure for performing high-fidelity finite element and 

electrochemical simulations (Afeku-Amenyo, et al., 2023, 

Elete, et al., 2023, Nwokediegwu, Adeleke & Igunma, 2023). 

Utilizing cloud-based analytics platforms, stakeholders can 

access powerful predictive corrosion modeling capabilities 

remotely, enabling collaborative decision-making and 

streamlined maintenance planning across geographically 

dispersed infrastructure networks. Cloud-based AI corrosion 

analytics have proven particularly effective in managing 

complex, large-scale infrastructure systems such as pipeline 

networks, transportation infrastructure, and extensive 

manufacturing facilities. For instance, cloud-hosted 

predictive corrosion management solutions employed by 

major oil and gas companies have resulted in optimized 

maintenance schedules, reduced inspection costs, and 

improved infrastructure reliability through accurate and 

timely corrosion forecasts. 

Edge computing represents another significant technological 

innovation that enhances AI-driven corrosion modeling by 

enabling real-time, localized analytics directly at data 

generation sources. While cloud-based analytics provide 

substantial computational power and scalability, latency and 

bandwidth constraints sometimes limit real-time predictive 

capabilities, particularly in remote or bandwidth-constrained 

environments. Edge computing addresses these limitations 

by performing localized data processing, model inference, 

and predictive analytics on-site, close to the IoT sensors and 

operational environments generating corrosion data (Ajayi, et 

al., 2022, Francis Onotole, et al., 2022, Nwulu, et al., 2022). 

By deploying AI corrosion prediction algorithms at edge 

devices, infrastructure operators and manufacturing facilities 

achieve immediate insights and actionable alerts regarding 

corrosion risks, localized degradation events, and structural 

integrity threats without dependence on centralized cloud 

resources. Edge-based corrosion analytics has been 

successfully applied in remote offshore installations, pipeline 

monitoring stations, and aerospace manufacturing facilities, 

significantly reducing response times, enhancing operational 

safety, and optimizing real-time maintenance decisions. 

Several illustrative case studies highlight the effectiveness 

and practical benefits of integrating AI-driven corrosion 

modeling techniques with these advanced technological 

solutions. In the oil and gas industry, a hybrid AI-FEM 

predictive corrosion system combined with IoT sensor 

networks and digital twins successfully anticipated pipeline 

corrosion hotspots and stress-corrosion cracking events, 

enabling preemptive maintenance interventions and 

substantial economic savings (Egbuhuzor, et al., 2023, 

Ewim, et al., 2023, Nwulu, et al., 2023). Similarly, digital 

twin and cloud-integrated AI corrosion analytics platforms 

adopted in offshore marine environments and aerospace 

manufacturing have dramatically improved real-time 

structural monitoring, predictive maintenance effectiveness, 

and safety outcomes. 

Collectively, integrating AI-augmented corrosion modeling 

with finite element simulations, electrochemical models, IoT 

sensor networks, digital twins, cloud computing, and edge-

based analytics significantly elevates the predictive 

capability, operational efficiency, and management 

effectiveness of corrosion monitoring systems. This 

comprehensive technological integration enables 

stakeholders to accurately anticipate corrosion phenomena, 

optimize infrastructure maintenance strategies, and mitigate 

economic and safety risks associated with corrosion-induced 

failures (Akhigbe, et al., 2022, Fredson, et al., 2022, Nwulu, 

et al., 2022). Continued advancements and widespread 

implementation of these integrated technological approaches 

promise enhanced sustainability, reliability, and cost-

effectiveness across critical infrastructure and manufacturing 
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sectors, fundamentally transforming corrosion management 

practices for the future. 

 

2.5. Challenges and Limitations 
The application of Artificial Intelligence (AI)-augmented 

corrosion modeling techniques in infrastructure and 

manufacturing systems has significantly advanced predictive 

maintenance strategies and risk management practices, 

providing substantial improvements in corrosion prediction 

accuracy, maintenance optimization, and safety outcomes. 

Despite these significant achievements, several critical 

challenges and limitations persist, hindering the widespread 

adoption and optimal effectiveness of AI-based corrosion 

modeling systems (Ayo-Farai, et al., 2023, Eyeghre, et al., 

2023, Nwulu, et al., 2023). These include data scarcity and 

quality issues, challenges related to generalization and model 

transferability, interpretability concerns with complex AI 

models, lack of standardized datasets and validation 

protocols, and difficulties associated with integrating AI-

driven solutions into existing maintenance workflows. 

One of the primary challenges in deploying AI-driven 

corrosion modeling systems lies in data scarcity and data 

quality. Effective AI modeling depends heavily on the 

availability of extensive, diverse, high-quality datasets that 

accurately reflect real-world corrosion phenomena. 

However, in infrastructure and manufacturing sectors, 

comprehensive datasets capturing long-term corrosion 

processes, detailed environmental conditions, material 

compositions, and historical maintenance records are often 

limited or incomplete. Corrosion, particularly in critical 

infrastructure such as pipelines, offshore platforms, and 

reinforced concrete structures, evolves slowly over extended 

periods, creating challenges in gathering sufficient historical 

data (Agbede, et al., 2023, Elete, et al., 2023, Nwulu, et al., 

2023). The limited availability of robust corrosion data 

constrains the training and validation of AI models, often 

leading to reduced predictive accuracy and limited model 

reliability. Moreover, data quality issues such as 

inconsistencies, inaccuracies, missing values, and noise 

further exacerbate these challenges. Sensor malfunctions, 

inconsistent inspection practices, and manual data entry 

errors frequently compromise data integrity, necessitating 

intensive data preprocessing and validation efforts. 

Addressing these challenges requires significant investment 

in advanced sensor technologies, rigorous data management 

practices, and standardized inspection protocols to ensure 

data completeness, accuracy, and reliability. 

The issue of generalization and model transferability 

represents another significant limitation in AI-based 

corrosion modeling. Many AI models demonstrate high 

predictive performance when trained on specific datasets or 

environmental scenarios but struggle to generalize 

predictions effectively when conditions deviate from training 

data. Corrosion phenomena exhibit significant variability 

across different operational environments, materials, 

exposure conditions, and structural geometries (Ajayi, et al., 

2023, Eyeghre, et al., 2023, Nwulu, et al., 2023). AI models 

trained on one specific scenario or corrosion environment 

often lack robustness when transferred to new, unseen 

scenarios, limiting their broader applicability. For instance, 

corrosion models trained exclusively on marine 

environments or coastal infrastructure might fail to accurately 

predict corrosion behaviors in inland pipeline networks or 

urban reinforced concrete structures. Achieving effective 

generalization requires sophisticated AI modeling 

approaches capable of learning invariant corrosion features, 

along with the extensive incorporation of diverse training 

datasets encompassing multiple operational environments. 

Furthermore, rigorous cross-validation, comprehensive 

sensitivity analyses, and hybrid modeling approaches 

integrating physical simulations with AI methodologies are 

essential strategies to improve model transferability and 

reliability. 

Another considerable limitation arises from the 

interpretability and transparency of complex AI corrosion 

models, particularly those utilizing deep learning and 

convolutional neural network (CNN) methodologies. While 

advanced AI models significantly enhance predictive 

accuracy by capturing complex nonlinear relationships and 

intricate corrosion patterns, their inherent "black-box" nature 

often obscures underlying decision-making processes 

(Akhigbe, et al., 2023, Fiemotongha, et al., 2023). Limited 

model interpretability complicates stakeholders' ability to 

trust, validate, and confidently implement AI-driven 

recommendations in critical decision-making contexts. 

Maintenance engineers, infrastructure managers, and 

regulatory authorities frequently require transparent and 

interpretable insights regarding how AI models reach specific 

corrosion predictions, especially for safety-critical or 

regulatory compliance scenarios. Consequently, adopting 

highly accurate yet opaque AI models poses significant 

practical challenges, limiting user acceptance, regulatory 

approvals, and effective implementation. Addressing 

interpretability concerns requires ongoing research and 

development of explainable AI (XAI) methodologies, hybrid 

modeling frameworks combining interpretable physical 

models with AI techniques, and transparent visualization 

tools clearly illustrating AI model decision processes and 

predictive rationales. 

The absence of standardized datasets and validation protocols 

constitutes another critical barrier impeding effective AI-

driven corrosion modeling deployment. Currently, corrosion 

research lacks universally accepted, standardized datasets 

systematically capturing corrosion phenomena, 

environmental conditions, and material performance metrics 

across diverse scenarios. The absence of standardized 

benchmarks hinders meaningful comparisons of AI model 

performance, limiting researchers' and practitioners' abilities 

to objectively assess, validate, and select optimal AI 

approaches (Edwards & Smallwood, 2023, Ezeamii, et al., 

2023). Additionally, standardized validation protocols 

defining clear metrics, evaluation methodologies, and 

performance criteria for AI corrosion modeling are 

noticeably lacking, complicating objective assessments of 

model reliability, accuracy, and generalizability. Developing 

standardized corrosion datasets and rigorous validation 

frameworks would significantly enhance transparency, 

facilitate comparative evaluations of AI methodologies, and 

enable widespread adoption and trust in AI-driven predictive 

corrosion solutions. Collaborative initiatives among industry 

stakeholders, academic institutions, and regulatory agencies 

to establish universally recognized corrosion datasets, 

benchmarks, and validation procedures remain critical to 

overcoming these limitations. 

Integrating AI-driven corrosion modeling systems effectively 

into existing maintenance workflows presents substantial 

practical challenges. Infrastructure maintenance and 

manufacturing operations typically employ well-established, 
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often manual processes for corrosion inspections, condition 

assessments, and maintenance planning. Introducing 

sophisticated AI corrosion prediction tools into these 

established workflows requires substantial organizational 

changes, retraining of personnel, and significant adjustments 

to traditional decision-making processes (Chukwuma, et al., 

2022, Fredson, et al., 2022). Resistance to change among 

maintenance teams, challenges in understanding complex AI 

predictions, and disruptions caused by transitioning from 

manual inspections to predictive analytics-based approaches 

frequently complicate practical adoption. Additionally, 

existing infrastructure management systems often lack 

interoperability with advanced AI models, digital twin 

technologies, and IoT sensor networks, further hindering 

effective integration. Addressing these integration challenges 

necessitates comprehensive stakeholder engagement, 

targeted training programs, user-friendly AI model 

interfaces, and the development of interoperable digital 

management platforms seamlessly incorporating AI 

corrosion analytics into existing operational workflows. 

Case studies from infrastructure sectors highlight the 

practical difficulties in overcoming these challenges. In one 

illustrative scenario, an offshore oil platform operator faced 

significant hurdles integrating AI-based corrosion models 

into traditional inspection-driven workflows, encountering 

resistance from maintenance personnel unfamiliar with 

interpreting AI-driven recommendations. Substantial 

retraining initiatives, user-friendly interfaces, and ongoing 

validation protocols eventually facilitated successful 

adoption (Dienagha, et al., 2021, Egbumokei, et al., 2021, 

Odedeyi, et al., 2020). Similarly, in pipeline management 

scenarios, inadequate data quality and limited data 

availability significantly reduced the predictive effectiveness 

of AI models, highlighting the urgent need for standardized 

data collection practices and robust sensor network 

deployments to enhance data reliability and completeness. 

Overall, while AI-augmented corrosion modeling offers 

transformative capabilities for predictive maintenance and 

infrastructure reliability management, significant limitations 

related to data scarcity and quality, generalization and model 

transferability, interpretability, standardized datasets and 

validation protocols, and integration challenges persist. 

Addressing these limitations through targeted investments in 

advanced data acquisition technologies, hybrid modeling 

frameworks, explainable AI methodologies, standardized 

benchmarks, and practical integration strategies remains 

crucial (Ayo-Farai, et al., 2023, Ezeamii, et al., 2023, 

Obianyo & Eremeeva, 2023). Overcoming these barriers will 

ultimately enhance AI-driven corrosion modeling's 

practicality, accuracy, reliability, and widespread adoption, 

significantly contributing to safer, more sustainable, and 

economically efficient infrastructure and manufacturing 

systems globally. 

 

2.6. Future Directions and Research Gaps 
The integration of Artificial Intelligence (AI) into corrosion 

modeling techniques has made significant strides in recent 

years, enabling enhanced prediction, maintenance 

optimization, and risk management strategies across 

infrastructure and manufacturing systems. However, despite 

the substantial progress in AI-augmented corrosion 

modeling, several future directions and research gaps remain 

to be addressed in order to fully realize the potential of these 

technologies in real-world applications (Adeleke & Peter, 

2021, Oladosu, et al., 2021, Onukwulu, et al., 2021). These 

areas include the need for open-source datasets and 

benchmarks, the development of interpretable AI models, 

cross-disciplinary collaboration frameworks, the scalability 

of AI-driven corrosion models to real-world industrial 

applications, and the regulatory and ethical considerations 

that must be taken into account as these technologies are 

deployed more widely. 

One of the foremost areas requiring attention in the 

development of AI-augmented corrosion models is the need 

for open-source datasets and standardized benchmarks. 

Corrosion is a complex phenomenon influenced by a 

multitude of factors, including environmental conditions, 

material properties, mechanical stresses, and chemical 

interactions. For AI models to effectively capture the 

intricacies of these interactions, large-scale, high-quality, and 

diverse datasets are crucial (Ogunwole, et al., 2022, Okeke, 

et al., 2022, Onukwulu, et al., 2022). However, in practice, 

the availability of such datasets is often limited, primarily due 

to confidentiality concerns, data scarcity, and inconsistent 

data collection practices across industries. Consequently, 

there is a significant gap in the ability to create generalized 

AI models that can perform well across various corrosion 

environments. Open-source datasets would allow researchers 

to develop and test models in a standardized way, facilitating 

the sharing of insights, the replication of findings, and the 

advancement of AI-driven corrosion prediction. 

Furthermore, the establishment of standardized benchmarks 

for AI performance in corrosion prediction would provide 

objective evaluation metrics, enabling meaningful 

comparisons of different modeling techniques and fostering 

further innovation in the field (Sam Bulya, et al., 2023). 

Collaborative efforts between industry stakeholders, 

academic institutions, and research organizations are 

essential in developing and promoting open datasets that 

encompass a wide range of corrosion conditions and real-

world scenarios. 

Another critical research gap involves the development of 

interpretable AI models. While AI techniques such as deep 

learning and convolutional neural networks (CNNs) have 

proven effective in corrosion modeling, they are often 

criticized for their "black-box" nature, meaning that their 

decision-making processes are not easily understood by 

human experts. This lack of interpretability presents a 

significant challenge in industries where safety, compliance, 

and reliability are paramount (Adebisi, et al., 2023, Ogu, et 

al., 2023, Onukwulu, et al., 2023). Maintenance engineers, 

regulatory bodies, and decision-makers require transparent 

models that can clearly explain how predictions are made, 

especially when it comes to high-risk scenarios, such as the 

failure of critical infrastructure. The development of 

interpretable AI models that provide clear insights into their 

decision-making processes would significantly enhance their 

trustworthiness and acceptance among stakeholders. 

Techniques such as Explainable AI (XAI) are emerging as 

promising solutions, offering methods to shed light on the 

inner workings of complex AI models. Future research 

should focus on integrating these interpretability methods 

into AI-based corrosion models, ensuring that predictions are 

not only accurate but also comprehensible and actionable in 

real-world maintenance and operational settings. 

Cross-disciplinary collaboration frameworks represent 

another promising avenue for advancing AI-augmented 

corrosion modeling. Corrosion modeling itself is inherently 
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multidisciplinary, involving material science, chemistry, 

physics, mechanical engineering, and environmental science. 

AI techniques, which draw on fields like computer science, 

data analytics, and machine learning, must be integrated with 

domain-specific expertise to produce robust, realistic, and 

applicable models (Okeke, et al., 2022, Olisakwe, Ekengwu 

& Ehirim, 2022). However, collaboration across these 

disciplines has historically been fragmented, with limited 

knowledge exchange between AI researchers and corrosion 

experts. Establishing effective cross-disciplinary frameworks 

will require fostering partnerships between industry 

practitioners, academic researchers, and AI technologists to 

share knowledge, align objectives, and co-develop solutions 

that address the unique challenges of corrosion modeling. 

Such collaborations can lead to the development of hybrid 

models that combine the strengths of AI with domain-specific 

corrosion mechanisms, facilitating more accurate and reliable 

predictions. Furthermore, the involvement of corrosion 

experts in the development of AI models ensures that the 

underlying assumptions, data inputs, and outcomes align with 

real-world industrial needs, enhancing the practical 

applicability of AI-driven solutions. 

Scalability to real-world industrial applications is another key 

research gap that must be addressed to make AI-augmented 

corrosion modeling more effective. Many of the AI-based 

models developed for corrosion prediction to date have been 

demonstrated in laboratory settings or small-scale test cases. 

While these models may perform well under controlled 

conditions, their applicability in large, complex, and dynamic 

industrial environments is often limited (Adebisi, et al., 2023, 

Okeke, et al., 2023, Onukwulu, et al., 2023). Real-world 

industrial applications present a host of challenges, including 

the variability of environmental conditions, the diversity of 

materials and corrosion mechanisms, and the complexity of 

operational constraints. Additionally, large-scale 

infrastructure, such as pipelines, offshore platforms, and 

power plants, require corrosion models that can handle vast 

amounts of data generated by numerous sensors and 

monitoring devices deployed across extensive networks. To 

bridge this gap, future research should focus on improving 

the scalability of AI-driven corrosion models, ensuring that 

they can handle the large, diverse datasets associated with 

real-world industrial systems (Chikelu, et al., 2022, Otokiti, 

et al., 2022). This may involve refining machine learning 

algorithms to enhance their computational efficiency and 

adaptability, as well as developing cloud-based or edge-

computing solutions that can process and analyze data in real-

time. 

Finally, as AI-augmented corrosion modeling continues to 

advance, it is crucial to address the regulatory and ethical 

considerations associated with these technologies. The 

deployment of AI in corrosion prediction and maintenance 

management has the potential to significantly impact public 

safety, environmental protection, and infrastructure 

reliability. Regulatory bodies must ensure that AI-driven 

models meet rigorous safety and quality standards, 

particularly when applied to critical infrastructure such as 

bridges, pipelines, and power plants (Ozobu, et al., 2023, 

Sam Bulya, et al., 2023). This includes establishing 

guidelines for the validation, certification, and continuous 

monitoring of AI systems used in corrosion prediction. 

Furthermore, ethical considerations surrounding data 

privacy, algorithmic transparency, and the potential for bias 

in AI decision-making must be carefully addressed. For 

instance, AI models trained on biased or incomplete data 

could lead to incorrect predictions, potentially resulting in 

maintenance failures or unsafe conditions. Future research 

should explore the ethical implications of AI in corrosion 

modeling, developing frameworks for transparent, fair, and 

accountable AI systems (Adeleke, et al., 2021, Oladosu, et 

al., 2021, Onukwulu, et al., 2021). Collaboration between AI 

researchers, policymakers, and industry stakeholders will be 

essential in creating appropriate regulatory guidelines and 

ethical standards for the deployment of AI-driven corrosion 

solutions. 

In conclusion, while AI-augmented corrosion modeling 

techniques have made remarkable progress, several key 

research gaps and challenges must be addressed to ensure 

their continued advancement and real-world applicability. 

The development of open-source datasets, interpretable AI 

models, and cross-disciplinary collaboration frameworks will 

significantly enhance the effectiveness and transparency of 

AI-driven corrosion prediction. Additionally, research efforts 

focused on improving the scalability of AI models and 

addressing regulatory and ethical considerations are essential 

for the widespread adoption of these technologies in 

infrastructure and manufacturing systems (Okeke, et al., 

2023, Okuh, et al., 2023, Osazuwa, et al., 2023). By 

addressing these gaps, AI-augmented corrosion modeling has 

the potential to revolutionize how corrosion is managed, 

offering more efficient, cost-effective, and reliable solutions 

for maintaining critical infrastructure and industrial assets. 

 

3. Conclusion 
In conclusion, the systematic review of AI-augmented 

corrosion modeling techniques in infrastructure and 

manufacturing systems highlights the transformative 

potential of artificial intelligence in enhancing corrosion 

prediction, maintenance optimization, and overall asset 

management. AI-driven models, particularly those 

integrating machine learning, deep learning, and hybrid 

approaches, have demonstrated significant advancements in 

predicting corrosion behaviors across various environments, 

from pipelines and reinforced concrete to offshore platforms 

and aerospace components. These models excel at capturing 

complex, nonlinear corrosion phenomena that are often 

difficult to predict using traditional methods. By 

incorporating real-time data from sensor networks, IoT 

systems, and digital twins, AI models offer timely, accurate 

insights that support proactive maintenance strategies and 

mitigate the risks associated with corrosion-induced failures. 

The implications for practice and policy are substantial. AI-

augmented corrosion modeling presents an opportunity to 

move away from reactive, inspection-based maintenance 

practices toward more proactive, data-driven strategies that 

enhance safety, reduce downtime, and optimize maintenance 

costs. The integration of AI into corrosion management 

workflows can lead to more effective decision-making, 

improved resource allocation, and better prioritization of 

maintenance interventions. Policymakers and regulatory 

bodies must consider the potential of AI to redefine standards 

in corrosion management, requiring the development of 

guidelines for data acquisition, model validation, and 

performance monitoring. Furthermore, as AI technologies 

become more prevalent, ethical and regulatory concerns, 

including data privacy, transparency, and bias, must be 

carefully addressed to ensure that these systems are used 

responsibly and equitably. 
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Looking ahead, AI’s role in corrosion management is poised 

to grow exponentially as technology evolves. The integration 

of AI with advanced sensor networks, digital twins, cloud 

computing, and edge-based analytics presents a promising 

future for corrosion management across industries. However, 

the full potential of AI in this field will only be realized if key 

challenges, such as data quality, model interpretability, and 

scalability, are addressed. Continued research, investment in 

data collection infrastructure, and collaboration between AI 

experts, industry professionals, and policymakers are 

essential to overcoming these obstacles and ensuring that AI-

driven solutions are seamlessly integrated into existing 

corrosion management practices. Ultimately, AI has the 

potential to revolutionize the way corrosion is managed, 

offering more accurate, efficient, and sustainable solutions 

for preserving critical infrastructure and manufacturing 

assets. 
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