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Abstract

Corrosion remains a major challenge in industrial systems, leading to significant economic losses, material degradation, and
safety concerns. Corrosion inhibitors are widely employed to mitigate metal deterioration; however, the discovery and
optimization of efficient, environmentally friendly inhibitors through conventional experimental methods are often costly and
time-consuming. Consequently, theoretical and computational approaches have become indispensable tools for understanding
corrosion inhibition mechanisms and accelerating inhibitor development. This review aims to provide a comprehensive overview
of the theoretical and computational methods applied in corrosion inhibition studies between 2015 and 2025, with particular
emphasis on Density Functional Theory (DFT), Molecular Dynamics (MD) simulations, Quantitative Structure-Activity
Relationship (QSAR) modeling, and emerging Machine Learning (ML) techniques. Relevant literature was critically analyzed
to evaluate recent advances in predicting inhibitor efficiency, adsorption behavior, and structure-activity relationships for
metallic systems, particularly aluminium and steel.The review demonstrates that DFT remains a powerful approach for
identifying key electronic descriptors, including HOMO energy, LUMO energy, and energy gap, which strongly influence
inhibitor performance. Molecular dynamics simulations provide detailed insights into adsorption mechanisms and inhibitor
orientation at metal surfaces, while QSAR models establish quantitative relationships between molecular descriptors and
inhibition efficiency. Recent integration of machine learning algorithms with DFT and QSAR methodologies has significantly
improved predictive accuracy, enabled rapid screening of large molecular libraries, and facilitated the design of eco-friendly
corrosion inhibitors. Furthermore, hybrid computational workflows combining DFT, MD, QSAR, and ML have enhanced
mechanistic understanding while reducing experimental costs and development time. Theoretical and computational techniques
have transformed corrosion inhibitor research by providing reliable predictive frameworks for inhibitor design. Future progress
will depend on the integration of advanced artificial intelligence tools, standardized datasets, and rigorous experimental
validation to support sustainable and industrially applicable corrosion protection strategies.
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1.Introduction

Many studies have reported the effectiveness of some com-
poundsas corrosion inhibitors for a wide range of metals and
alloys such as aluminum, mild steel, and iron. Generally, these
inhibitors act by forming protective films on metal surfaces, re-
ducing the electrochemical reactions responsible for corrosion.
However, due to the environmental and health hazards associ-
ated with inorganic inhibitors, there has been a shift toward the
development of environmentally benign, biodegradable
(“green”) corrosion inhibitors [1]. VVarious electrochemical and
surface characterization technigues such as electrochemical im-
pedance spectroscopy (EIS), potentiodynamic polarization, and
surface analysis (SEM, XPS, FTIR) have been used to study
inhibitor performance and film formation [2]. The inhibition
mechanism and adsorption behavior of these compounds de-
pend on both the nature of the metal and the corrosive environ-
ment, often obeying different adsorption isotherms and exhibit-

ing anodic, cathodic, or mixed-type inhibition characteristics[3].

Several factors including cost, availability, and environmental
safety are essential when selecting a corrosion inhibitor [3]. Due
to the high expense and time-intensive nature of experimental
methods, theoretical and computational methods have become
increasingly important in corrosion science [4]. The Quantita-
tive Structure-Activity Relationship (QSAR) approach has be-
come widely used to predict corrosion inhibition efficiency
based on molecular descriptors such as dipole moments, molec-
ular surface area, EHOMO, ELUMO, and energy gap [5]. Re-
cent developments in computational chemistry, artificial intel-
ligence, and materials informatics have expanded the predictive
accuracy of these models[5, 6].

2. Theoretical Background

Quantum chemical calculations, molecular dynamics simu-
lations, and QSAR modeling form the theoretical foundation
for predicting corrosion inhibition efficiency. Density Func-
tional Theory (DFT) provides information about molecular or-
bitals and reactivity, while molecular dynamics (MD) simula-
tions reveal the adsorption mechanisms at the metal-solution
interface. QSAR methods relate these quantum descriptors to
inhibition performance using statistical or machine learning
models. Together, these approaches provide insight into the
mechanisms of inhibitor adsorption and electron transfer at
metal surfaces.

3. Computational Approaches to
Corrosion Inhibition

3.1. Density Functional Theory (DFT)

DFT has been widely applied to determine the relationship
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between molecular structure and corrosion inhibition effi-
ciency. [6] and [7] reported that EHOMO, ELUMO, and the
energy gap (AE) strongly correlate with inhibition perfor-
mance. [7] extended this approach by studying quinoline
Schiff bases on aluminium, showing that smaller AE and
higher EHOMO values enhance electron donation to the metal
surface. More recent works, such as [7] and [8], combine DFT
with machine learning to identify key descriptors governing
corrosion protection efficiency.

3.2. Molecular Dynamics Simulation

Molecular dynamics simulations provide atomic-level in-
sight into inhibitor adsorption on metallic surfaces. [9] and [10]
applied MD simulations to study alanine and organic inhibitors
on aluminium and steel, revealing parallel adsorption configu-
rations that maximize surface coverage. Recent MD studies by
[10] and [11] demonstrate that combining DFT with MD ena-
bles accurate prediction of adsorption strength and inhibitor ori-
entation, essential for optimizing inhibitor formulations.

3.3. QSAR and Machine Learning Approaches

QSAR modeling correlates experimental inhibition effi-
ciencies with molecular descriptors using statistical or ma-
chine learning techniques. [12] used the Genetic Function Ap-
proximation (GFA) method to model amino acid inhibition ef-
ficiencies, while [12] developed neural network-based QSAR
models for furan derivatives. More recently, [13] and [14]
have integrated deep learning algorithms to predict corrosion
inhibitor efficiency across diverse compound libraries, mark-
ing a major step toward automated inhibitor discovery. Early
pioneering work such as [15] explored the inhibition efficien-
cies of 23 organic compounds on steel (and separately on alu-
minium) surfaces in hydrochloric acid media. They used phys-
icochemical and topological descriptors to build QSAR (quan-
titative structure-acstivity relationship) models [15]. Their
findings indicated that quantum chemical descriptors - espe-
cially the lowest unoccupied molecular orbital energy
(E_LUMO) and molecular volume - were crucial predictive
parameters for inhibition efficiency. In the aluminium case,
they concluded similarly that quantum descriptors outperform
structural descriptors when prediction ability is the key goal.
Subsequently, other authors such as [16] emphasised that an
inhibitor’s performance is strongly influenced by molecular
features such as functional groups, electron-density at donor
atoms, p-orbital character, chain length, aromatic/conjugated
systems, bonding strength to substrate, cross-linking ability
and solubility [16]. Meanwhile, [17] pointed out that inhibi-
tors often act by forming one or more molecular layers on the
metal surface which prevent acid attack via physical and/or
chemical adsorption.
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In 2019, the work of [17] on quinoline derivatives for alu-
minium in 1 M HCI integrated DFT calculations and QSAR
analysis: descriptors such as E_ HOMO, softness (), electro-
philicity (), AN (electron transferred), and back-donation en-
ergy (AE_b-d) were found to have strong correlation with in-
hibition efficiency; interestingly, molecular weight and vol-
ume had negative correlation with IE whereas E_LUMO,
band gap (BG) and hardness (1) did not show correlation [18].
More recently (2019-2025), there has been a strong shift to-
ward machine-learning (ML) and hybrid workflows: A study
developed a data-driven QSPR model using gradient-boosting
decision trees combined with permutation feature importance
(PFI) to predict inhibition efficiency (IE) of organic inhibitors
on carbon steel; descriptors of topologi-
cal/BCUT2D/MOE-type featured strongly and the model
achieved R? =0.72, MAE = 4.80%, RMSE = 6.40% [18].

Another work applied ML (SVR, RF, MLP, XGBoost) to
predict corrosion inhibition of quinoxaline compounds via
QSPR; the best models achieved high predictive accuracy [19].

4. Discussion of Recent Findings

A comprehensive review of computational methods in cor-
rosion inhibition highlighted the integration of DFT, MC/MD
simulations, and ML/AI workflows to accelerate inhibitor dis-
covery [20]. A 2024 study of chitosan-modified quaternary
ammonium salts for carbon steel used quantum chemical cal-
culations, surface analysis and electrochemical tests to link
molecular structure and inhibitor performance in real
wastewater environments [21]. A 2025 review by Riyaz et al.
described the rise of ML-driven prediction of inhibitor effi-
ciency and its role in sustainable corrosion control [22]. Syn-
thesis of Results: From earlier QSAR/DFT/MC studies, key
molecular descriptors suchas E HOMO 1, E LUMO |, AE |,
larger molecular volume/area (for better coverage), dipole
moment 1, and electron donating heteroatoms (N, O, S) were
consistently correlated with better inhibitor performance. Ad-
sorption models (Langmuir, Temkin, Freundlich) described
how molecules interact with metal surfaces both physically
and chemically. From recent ML-driven studies, several
trends have emerged:

1. Descriptor sets are richer: beyond frontier orbitals, they
include BCUT2D, topological indices, molecular electrostatic
potential descriptors, and solvent-interaction energies.

2. Feature-selection techniques (PFI, SHAP) identify the
most predictive descriptors, enabling smaller descriptor sets
and better interpretability.

3. ML models provide rapid screening of large libraries of
compounds and can suggest new inhibitor molecules with pre-
dicted high IE.

4. Hybrid pipelines (DFT — MD/MC — ML — experiment)
reduce experimental burden and cost while retaining mecha-
nistic insight.

5. Real-world applications increasingly combine computa-
tional prediction with electrochemical validation.
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Implications for Future Research:

i. Integrating QSAR/ML with adsorption modelling
(MD/MC) and electronic structure (DFT) offers a holistic
framework for corrosion inhibitor design.

ii. Descriptor development remains critical: inclusion of ad-
sorption energy, solvent interactions, film formation parame-
ters, and machine-learned embeddings may further improve
predictive accuracy.

iii. Building larger and standardized datasets (with con-
sistent experimental conditions) is essential to improve model
generalisability.

iv. Experimental validation remains necessary to confirm
predictions with electrochemical and surface characterization
data.

v. Emphasis on sustainability and eco-friendliness contin-
ues to grow: computationalworkflows can prioritize less toxic,
biodegradable inhibitors.

Recent studies (2019-2025) reveal a trend toward combin-
ing DFT and MD simulations with data-driven QSAR and ML
models. Zhang et al. (2021) showed how hybrid DFT-ML
models improve prediction accuracy for new eco-friendly in-
hibitors. Molecular dynamics simulations confirm the stability
of inhibitor adsorption at elevated temperatures, providing
thermodynamic and kinetic validation of theoretical models
[22]. Emerging work by Lin et al. (2023) focuses on polymer-
metal interfaces, showing how hybrid organic inhibitors form
nanostructured protective films. Overall, these advancements
demonstrate that theoretical and computational methods are
essential complements to experimental corrosion research, of-
fering cost-effective and environmentally sustainable solu-
tions.

5. Conclusion

Computational and theoretical techniques such as DFT, MD,
and QSAR/ML modeling have transformed the field of corro-
sion science by enabling predictive understanding of inhibitor
efficiency. The integration of classical quantum descriptors
with machine learning is a significant leap toward data-driven
corrosion prevention. Future studies should focus on expand-
ing experimental validation and developing standardized com-
putational protocols for industrial application of green inhibi-
tors.

Abbreviation

DFT Density Functional Theory
MD Molecular Dynamic

HOMO Highest Occupied Molecular Orbital

LUMO  Lowest Unoccupied Molecular Orbital

Enomo  Energy of Highest Occupied Molecular Orbital

ELumo  Energy of Lowest Unoccupied Molecular
Orbital

QSAR  Quantitative Structure Activity Relationship
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